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a b s t r a c t
The ﬁeld of neuroscience is experiencing rapid growth in the complexity and quantity of the recorded
neural activity allowing us unprecedented access to its dynamics in different brain areas. The objective
of this work is to discover directly from the experimental data rich and comprehensible models for brain
function that will be concurrently robust to noise. Considering this task from the perspective of dimensionality reduction, we develop an innovative, robust to noise dictionary learning framework based on
adversarial training methods for the identiﬁcation of patterns of synchronous ﬁring activity as well as
within a time lag. We employ real-world binary datasets describing the spontaneous neuronal activity of
laboratory mice over time, and we aim to their eﬃcient low-dimensional representation. The results on
the classiﬁcation accuracy for the discrimination between the clean and the adversarial-noisy activation
patterns obtained by an SVM classiﬁer highlight the eﬃcacy of the proposed scheme compared to other
methods, and the visualization of the dictionary’s distribution demonstrates the multifarious information
that we obtain from it.
© 2020 Elsevier B.V. All rights reserved.

1. Introduction
The advances of imaging and monitoring technologies, such
as in vivo 2-photon calcium imaging at the mesoscopic regime
as well as the massive increases in computational power and
algorithmic development have enabled advanced multivariate
analyses of neural population activity, recorded either sequentially
or simultaneously.
More speciﬁcally, high resolution optical imaging methods have
recently revealed the dynamic patterns of neural activity across the
layers of the primary visual cortex (V1) leading to this important
question: Neuronal groups that ﬁre in synchrony may be more eﬃcient at relaying shared information and are more likely to belong
to networks of neurons subserving the same function. By using 2photon imaging, we monitored the spontaneous population bursts
of activity in pyramidal cells and interneurons of mouse in L2/3
V1. We found that the sizes of spontaneous population bursts and
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the degree of connectivity of the neurons in speciﬁc ﬁelds of view
(FOVs) formed scale-free distributions, suggestive of a hierarchical
small-world net architecture [1]. The existence of such groups of
“linked” units inevitably shapes the proﬁle of spontaneous events
observed in V1 networks [2–4]. Thus, the analysis of the spontaneous activity patterns provides an opportunity for identifying
groups of neurons that ﬁre with increased levels of synchrony
(have signiﬁcant “functional connectivity” between each other).
In order to analyze these populations and to ﬁnd features that
are not apparent at the level of individual neurons, we adopt
dictionary learning (DL) methods, which provide a parsimonious
description of statistical features of interest via the output dictionary, discarding at the same time some aspects of the data as
noise. Moreover, dictionaries are a natural approach for performing
exploratory data analysis as well as visualization. Given the fact
that the dictionary is the new space of reduced dimensionality,
the computational complexity of its management is much smaller
compared to the initial raw data and thus, for all these advantages,
DL has been applied in various domains.
In brain signaling speciﬁcally, the K-SVD algorithm [5], has
been used for capturing the behavior of neuronal responses into
a dictionary, which was evaluated with real-world data for its
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Fig. 1. Temporal patterns: Synchronous (W = 1) and within larger time windows (W > 1).

generalization capacity as well as for its sensitivity with respect
to noise [6]. DL has been also suggested for the EEG (electroencephalography) inverse problem. Speciﬁcally, Liu et al. [7] proposed
a supervised formulation of source reconstruction and supervised
source classiﬁcation to address the estimation of brain sources
and to distinguish the various sources associated with different
status of the brain. Moreover, accurate EEG signal classiﬁcation
plays an important role in the performance of BCI (Brain Computer
Interface) applications. Ameri et al. [29] adapted the projective
dictionary pair learning method (DPL) for EEG signal classiﬁcation.
They learned a synthetic as well as an analysis dictionary, which
were used in the classiﬁcation step to increase the speed and
accuracy of the classiﬁer. Morioka et al. [8] proposed a dictionary
learning, sparse coding method to address the issue of the inherent variability existing in brain signals caused by different physical
and mental conditions among multiple subjects and sessions. Such
variability complicates the analysis of data from multiple subjects
and sessions in a consistent way, and degrades the performance of
neural decoding in BCI applications.
In this work, we propose the Adversarial Dictionary Learning
(ADL) algorithm, which captures the synchronicity patterns among
neurons, and its extended version, the Relaxed Adversarial Dictionary Learning (RADL) for coﬁring patterns within a time lag. Adversarial training is the process of explicitly training a model on
adversarial examples, in order to increase its robustness to noisy
inputs. Thus, we create an adversarial learning environment by using clean and adversarial-noisy activation patterns. The main objectives are the construction of a dictionary that will be robust to
the measurement noise (i.e. calcium ﬂuctuations) as well as to the
identiﬁcation of ﬁring events emerging by chance. Both ADL and
RADL construct the output dictionary by selecting only those patterns of the input data that contribute to a better reconstructed
representation of the clean input signal than the adversarial-noisy
one. After obtaining our trained dictionary, we quantify its quality
and robustness by training a supervised classiﬁer with the reconstructed clean and noisy signals as well as with the raw ones, and
examine when the classiﬁer exhibits the smallest testing error. To
assess whether the trained dictionary has captured the underlying
statistics of the input data, we employ the classiﬁcation accuracy
(i.e. the extent to which the classiﬁer can discriminate the clean
from the noisy signal).
To validate the proposed algorithms, we employed two realworld binary datasets that depict the neuronal activity of a 9-day
old and a 36-day old C57BL/6 laboratory mouse. Data was collected
using 2-photon calcium imaging in the V1, L2/3 area of the neocortex of the animals. Fig. 1 illustrates the format of our data, where
each column represents an example-activation pattern that consists of 0s for the non-ﬁring events, while 1s represent the ﬁring
events.
While DL has delivered impressive results in various domains
(such as pattern recognition, and data mining), the construction of

the appropriate dictionary depending on the application still remains challenging. A common drawback in DL algorithms is the
generation of real-numbered dictionaries, which in our domain
have no physical meaning, and thus they cannot be directly used
for extracting useful information from the data nor for visualizations. Thus, an innovative aspect of our work is shaped by the
requirement of constructing binary dictionaries (given the binary
activation patterns). Additionally, while the majority of the algorithms require a dictionary size parameter, often there is no priorknowledge on the number of patterns that should be used. To
overcome these limitations, ADL constructs a dictionary, using the
most representative and robust patterns of the input data and automatically estimates the dictionary size, as the algorithm does
this itself during the dictionary construction. RADL offers the same
beneﬁts and is extended to discover temporal patterns within a lag
(i.e. temporal patterns in larger time windows). The contributions
of this work are summarized as follows:
• Adversarial DL outputs robust to noise dictionaries by excluding
those patterns from the input data, which could be a result of
noise, caused mainly from calcium ﬂuctuations or other sources
of imaging noise.
• Acquisition of an interpretable dictionary, as the dictionary elements are selected from the input data and thus, the dictionary
construction is not a result of a mathematical transformation,
as opposed to other methods, such as K-SVD [5] or PCA [9].
• In contrast to other methods that require a choice of dimensionality K (dictionary size), here this is not a parameter that
has to be determined by the user, or be estimated (e.g. based
on the choice of arbitrary cutoff values or cross-validation
methods [10]).
• Detection of statistically signiﬁcant synchronous and within a
lag temporal patterns of activity, which can be distinguished
from shuﬄed data (adversarial-noisy examples), whose temporal correlations are destroyed.
The remainder of the paper is organized as follows: In
Section 2, we describe the proposed approaches. Evaluation
methodology and experimental results are presented in Section 3.
Related work is discussed in Section 4 while conclusions are drawn
in Section 5.
2. Proposed Dictionary Learning Framework
In this section we present the proposed DL methods:
• Adversarial Dictionary Learning Algorithm (ADL) identiﬁes the
synchronicity patterns, i.e. patterns where the neurons ﬁre
within the same time bin (W = 1). For example, in Fig. 1
Neurons 2, 4 and 6 (yellow boxes) ﬁre simultaneously.
• Relaxed Adversarial Dictionary Learning Algorithm (RADL) is
the extension of ADL, which gives the potential to detect ﬁring
activity within a temporal window of length that is determined
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by the user. For example, in Fig. 1 Neurons 4 and 5 (green
boxes) are not activated simultaneously but within a time window interval W = 2.
We also employ a supervised machine learning framework to
quantify the learning capacity of the dictionaries that are produced
by the two methods as well as their robustness to adversarial
noise.
2.1. Adversarial Dictionary Learning Algorithm
ADL aims to identify synchronous activation patterns existing in
the input data and outputs them to a dictionary. It is an iterative
algorithm, which in every iteration selects randomly an exampleactivation pattern from the data and examines if it will be included
in the dictionary or not. Every iteration consists of two stages. In
the ﬁrst stage, the algorithm examines the contribution of the selected example in the representation of the input data via two representation errors. In the second stage, it examines the contribution of the example in the representation of the noisy data (i.e.
data that we have artiﬁcially added noise) based also on two other
representation errors. When these two stages are completed, they
are combined in order to determine if the selected example will be
included in the dictionary or not.
Given a training set Yclean ∈ BM × N , where B is the binary set
consisting of 0 and 1, M is the number of neurons, N the number
of clean examples (y j )Nj=1 , where each one represents an activation pattern (i.e. the activity of all neurons within one time bin
as shown in Fig. 1), we aim to construct a dictionary D ∈ BM × K ,
which at the end of the algorithm will have K dictionary elements
that capture the activity among those neurons. Zero columns and
those with only one 1-entry (ﬁring of only one neuron within one
time bin) have been removed from the training set Yclean , as we are
interested only in synchronicity patterns (i.e. when two or more
neurons ﬁre simultaneously within the same time bin).
ADL constructs the dictionary D incrementally, as in every iteration of the algorithm one example yi of the set Yclean is examined
as to whether it will be included in the dictionary or not. The algorithm iterates N times (i.e. for each one of the examples yj that are
in the set Yclean and stops when all of them are examined. Apart
from the output dictionary D the algorithm also uses an auxiliary
dictionary D , which in every iteration of the algorithm has all the
elements of D as well as an extra example yi , which at the current iteration is the example that is examined whether it will be
included in the dictionary D or not. Namely, if at the iteration i,
D ∈ BM × k then D ∈ BM×(k+1 ) . D is initialized randomly with an
example yj of the set Yclean and at the ﬁrst iteration of the algorithm when the ﬁrst yi is to be examined, dictionaries D and D
have the following form Eq. (1):

D = y j and D = [D, yi ] = [y j , yi ]

(1)

At the ﬁrst stage of the algorithm, in order to validate and decide if the example yi should be included in the dictionary or not,
we also use a set of clean validation examples Vclean ∈ BM×(N−1 ) ,
which consists of all the examples of set Yclean , except the current
example yi under consideration, namely Vclean = {(y j )N−1
, j = i}.
j=1
According to the sparse representation framework, given the dictionaries D and D , we search respectively for the coeﬃcient matrices X ∈ Rk × N and X ∈ R(k+1 )×N . An approach to this problem is
the minimization of the following l0 norm problems:

min||Vclean − DX||22 , subject to

||x j ||0 ≤ T0

sparse coeﬃcient matrices X and X , respectively. The sparsity level
T0 denotes the maximal number of non-zero elements for every
column j of X and X . Namely each column can have at most T0
elements. These minimization problems are solved using the OMP
Algorithm [11].
Based on Eqs. (2) and (3), we examine whether DX or D X ,
which represent the sets Vclean_reconstructed and V clean_reconstructed respectively, better approach the validation set of examples Vclean .
Thus, the question under discussion is if the example yi , which
is included in D , contributes to a better representation of the set
Vclean . The metric we used to answer this question is:

Eclean = {RMSE(Vclean , Vclean_reconstructed )}





Eclean = RMSE Vclean , Vclean_reconstructed

(4)



(5)

where RMSE is the root mean squared error. In case of

E clean < Eclean

(6)
D

this means that the example yi , which was only included in
had
indeed an effective result in the representation of the validation set
Vclean .
We will keep up with the description of the second stage of
our algorithm, which is partially inspired from adversarial learning methods [12,13], justifying the characterism adversarial that we
have given to it. The combination of the ﬁrst and second stage will
determine if the example yi will be ultimately added in dictionary
D. More speciﬁcally, in order to include the example yi in dictionary D, besides its good contribution to the representation of the
validation set Vclean , it should be simultaneously a non-helpful factor for the representation of an adversarial noisy signal. This aims
to the creation of a dictionary that will be robust to noise. In order to achieve this, we create a set of adversarial-noisy examples
Ynoisy ∈ BM × N by circularly shuﬄing the spike train of each neuron of the initial set Yclean by a random number, different for each
neuron. Fig. 2 depicts a simple example with ﬁve neurons spiking at various time bins showing how the adversarial-noisy signal is created. In order to create the noisy signal, we perform circular shifting to each neuron of the initial signal independently.
For example, the spike train of the ﬁrst neuron is circularly shifted
by 2 positions-time units. Accordingly, the spike train of the second neuron is circularly shifted by 5 positions-time units etc. From
both the initial and the noisy signal, zero columns and those with
one single active neuron are removed (ﬁltering). This type of noise
is much more realistic compared to other types, such as random
ﬂipping of events, gaussian noise etc., as it preserves the spike distribution of each neuron (ﬁring rate), while it destroys the synchronicity patterns between individual neurons. We also create a
validation set of noisy examples Vnoisy ∈ BM×(N−1 ) , which consists
of all the examples included in set Ynoisy except from a random
one that is removed so that Vclean and Vnoisy have the same number of examples.
In order to evaluate the contribution of the example yi to the
representation of the set Vnoisy , the following minimization problems are solved using again the OMP algorithm:

min||Vnoisy − DXnoisy ||22 , s.t.
Xnoisy

min ||Vnoisy − D X noisy ||22 , s.t.

X noisy

||x j,noisy ||0 ≤ T0
||xj,noisy ||0 ≤ T0

(7)
(8)

(2)

Using the same metric as that in Eqs. (4) and (5), we get the
following representation errors:

(3)

Enoisy = RMSE Vnoisy , Vnoisy_reconstructed

where ||xj ||0 and ||x j ||0 are the l0 pseudo-norms, which correspond
to the number of non-zero elements for every column j of the

Enoisy = RMSE Vnoisy , Vnoisy_reconstructed

X

min
||Vclean − D X ||22 , subject to

X

||xj ||0 ≤ T0













(9)

(10)
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Fig. 2. Creation of noisy dataset with circular shift and removal of zero columns and those where only one neuron is active from the initial and the noisy signal (ﬁltering).

This time we should have

E

noisy

> Enoisy

(11)

A bigger error in E noisy suggests that the presence of the
example yi in dictionary D does not contribute to the good
representation of the noisy set of examples Vnoisy . That would be
exactly the prerequisite for the inclusion of the example yi in D, if
we took into account only the second part of our algorithm. Note
that the dictionary D consists only of examples from the set Yclean .
The set Vnoisy , which results from the set Ynoisy is used by the algorithm during the training procedure only in order to determine
the appropriateness of the example yi in the dictionary D.
Eventually, to determine whether or not to include yi in
dictionary D, (6) and (11) are combined in the following way:

E clean
Eclean
<
E noisy + 
Enoisy + 

(12)

where  is a very small positive quantity, so as zero denominators
are avoided.
If (12) holds, then yi will be also added in dictionary D. Dictionaries D and D would then temporarily be exactly the same, until
the next iteration, where another example yi would be added in
dictionary D , in order to be examined as to whether it should be
eventually included in D or not. Otherwise, if

Eclean
E clean
≥
E noisy + 
Enoisy + 

(13)

then yi is removed from dictionary D and it is obviously never included in D. The algorithm keeps up with selecting randomly the
next example yi and iterates until all of the examples are examined and a desirable dictionary D is formed. The procedure that
we have described so far is depicted in steps 1–6 of Fig. 3. In step
1 a random example yi is selected and the representation errors
Eclean , E clean , Enoisy and E noisy of stages one and two of the algorithm are computed. Fig. 3 is a snapshot of our algorithm at some
iteration j, as D and D are initialized with the example y4 , and
the example y2 was already examined and included in dictionary
D, while some other examples may have also been examined but
were not included in D. So, at the jth iteration another example yi
(in blue color) is examined as to whether it will be included in D

or not. Step 2 of Fig. 3 is the combination of stages one and two
of our algorithm, i.e. it is the step, where the inclusion of the example yi in dictionary D is determined. In step 3, after we have
ﬁnished with the example yi , we keep up by selecting randomly
the next example yi+1 and steps 1-2 are repeated again for this
example too. Step 3 is repeated for all the examples yj s. In step 4
we obtain the dictionary D, and in step 5 we move on to the next
epoch, where D will be used to initialize D and D (step 6).
In order to report the ﬁnal dictionary D, the steps 1–6 of
Fig. 3 are repeated 4 times-epochs in exactly the same mode that
was described previously (we use 4 epochs because as shown and
discussed later in Fig. 14, after the third epoch the performance of
the algorithm is stabilized). In every epoch of the algorithm the
examples in set Yclean are randomly selected and examined as to
whether they will be included in the dictionary or not. Moreover,
from the second epoch onward the dictionaries D and D are not
initialized with one random example as in the ﬁrst epoch. Instead,
the algorithm initializes both dictionaries D and D with the dictionary D that was formed in step 5 of the previous epoch, which
is essentially used as a baseline for the construction of the next
dictionaries.
The reason for introducing the idea of epochs in our algorithm
is that in every epoch new examples can be added, which in
previous epochs were kept out of the dictionary, because at the
time they were selected and examined, some other examples with
which they could make a good combination were not examined
yet, and as a result at that epoch they remained out of the
dictionary. After the completion of these 4 epochs the algorithm
terminates and as shown in Fig. 3 we report our ﬁnal dictionary D.
We emphasize once more that the dictionary size does not have
to be predeﬁned by the user, as the algorithm decides itself for
the number of the dictionary elements-patterns that are suﬃcient
for the effective representation of the data.
2.2. Relaxed Adversarial Dictionary Learning Algorithm
In this section we describe the RADL algorithm, which is the
extension of the ADL algorithm that was described in the previous
part. In addition to the synchronous activity (i.e. ﬁring activity
within the same time bin), RADL can identify temporal patterns
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Fig. 3. Proposed approach: ADL selects all the appropriate examples of set Yclean (steps 1–5) and obtains a dictionary D. Steps 1–5 are repeated 4 times-epochs and in every
epoch dictionaries D and D are initialized with the dictionary obtained from the previous epoch (step 6). After the 4 epochs we report the ﬁnal D.

within bigger time window intervals and outputs them to a
dictionary.
We deﬁne a time-window parameter W, which determines the
number of time bins that will be used, in order to search for patterns with some temporal correlation within that interval. Thus,
by deﬁning the length of the time-window to be W time bins, we
add the content of every W columns-time bins in an overlapping
mode. Namely, we sum the columns y1 + y2 + ... + yW , y2 + y3 +
... + yW +1 , y3 + y4 + ... + yW +2 etc. We also normalize all the values
that come out from this summation by dividing with the length of
the time-window (i.e. by W), so that the values are normalized in
the scale {0 1}. The procedure and the idea behind this approach,
i.e. the reason why the summing of the columns gives us the possibility to identify temporal patterns within bigger time window intervals is explained with the following example, which is depicted
in Fig. 4. If we deﬁne the time window for example to be W = 2
time bins, we add the content of every 2 columns-time bins in
an overlapping mode as shown in Fig. 4. Namely, we sum up the
columns y1 + y2 , y2 + y3 , y3 + y4 etc. and the values that come out
from this summation are 0, 1 and 2 (highlighted in blue). The ﬁrst
column of the matrix after the summations indicates that neurons
1, 2 and 3 have some temporal correlation, which is indeed true,
as neurons 1, 2 and 3 in the initial signal are activated in consecutive time bins. More speciﬁcally, neuron 1 is activated exactly one
time bin before neurons 2 and 3, while 2 and 3 are synchronous
in the same time bin. In this mode we check temporal correlations
among other neurons too. Then, at the normalization step, all values are normalized in the scale {0 1} by dividing with W so that
the and thus, values 0, 0.5, and 1 for W = 2 time bins represent:
• 0: Neuron did not ﬁre at all within W = 2 time bins
• 0.5: Neuron ﬁred in one of the two time bins
• 1: Neuron ﬁred consecutively at each time bin
Then, at the ﬁltering step, zero columns and those with only
one non-zero entry are removed. The same procedure as it is
depicted in Fig. 4 is obviously repeated for the noisy signal too.
The summing of the columns in the initial signal results to a

Table 1
Sizes of the Sets Y, T1 and T2 for all Ws.
Size

W =1

W =2

W =3

W =4

Training Set (Y)
Testing Set (T1 )
Testing Set (T2 )

2276
–
2324

2964
1866
2744

3648
2270
3336

4156
2578
3770

signal that has less zero columns and columns where only one
neuron is active. We can also observe this in Fig. 4, where the
initial signal included three zero columns and one column where
only the ﬁrst neuron was active, while after the summing of the
columns the signal remained with only one zero column. Thus,
during the ﬁltering procedure the amount of columns that are
removed is much smaller than before (i.e. when we applied the
ADL algorithm and there was no column summing), which results
to a training set Yclean with more examples. Thus, as we increase
the time window, the number of columns that have to be removed
during the ﬁltering is much smaller, which results to an increase
in the number of the examples of each set as shown in Table 1.
The increase in the number of the training examples brings also
an increase in the size of the dictionary that RADL outputs, and
in order to compress it, apart from the sets Yclean , Vclean and the
corresponding noisy sets Ynoisy and Vnoisy , we also use during
the training procedure a testing set T1 ∈ FM × S of S clean and
adversarial-noisy examples, where F is the set of normalized
values in scale {0 1}. T1 is independent from the testing set
T2 ∈ FM × Q , where Q is the number of clean and adversarial-noisy
examples that will be used in the ﬁnal step of the algorithm, in
order to obtain the ﬁnal performance of our model.
For the compression of the dictionaries that are produced in
every epoch, we use only the clean examples of the set T1 (the
noisy examples of set T1 are used only after the compression to
evaluate the performance of our algorithm in every single epoch).
More speciﬁcally, in order to compress the dictionary formed in
each epoch we remove all the dictionary elements that are not
used signiﬁcantly in the representation of the clean testing exam-
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Fig. 4. Searching for patterns with temporal correlation within a time window W = 2. We sum the signal every 2 columns in an overlapping mode (step 1), we normalize
the values (step 2) and we remove zero columns and those where only one neuron is active (step 3), for both initial and noisy signal.

ples of the set T1 . So, after the formation of each dictionary D (step
4 in Fig. 3), and before we use it in the next epoch, we examine
how much each dictionary element is used for the representation
of the clean examples of set T1 . The contribution of each dictionary
element is measured in the following way: Given the dictionary D
that is formed in the current epoch, we obtain the Coeﬃcient Matrix X, whose columns refer to the clean testing examples of set T1
described above. For every row-vector i of the Coeﬃcient Matrix X,
namely for every xi that refers to the speciﬁc column-vector dictionary element di , we calculate its l2 -norm. Then, we sum all the
elements of the row-vector xi and if the summation is smaller or
equal with the l2 -norm, then we remove the element di from the

dictionary. The intuition behind this technique is that we remove
all dictionary elements that are used negatively for the representation of most of the examples (i.e. when row-vector xi has many
negative values). Eventually, in the last epoch of the algorithm (i.e.
the 4th epoch) we obtain the ﬁnal dictionary D, which is used with
the testing set T2 that we have available for the testing procedure,
in order to evaluate the performance of our algorithm.
So, what essentially changes from ADL is the input data that
we give to the system, where every column-time bin in the new
data represents patterns that have a temporal correlation within W
time bins. Obviously, this information but in a compressed format
is also encoded in the dictionary, providing an insight into tempo-
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ral correlations. Additionally, during the training procedure of the
RADL algorithm, we compress the dictionary of each epoch by removing the dictionary elements that have small contribution in the
representation of the clean examples in T1 .

must be deﬁned by the user, in our method, it is automatically
inferred.
• Sparsity level (SL), i.e., the maximal number of dictionary
elements that are used for representation of the examples.

2.3. Evaluation of the dictionary quality

We also present some more qualitative results of the dictionary
that are produced from our proposed method.

In order to evaluate the quality of the output dictionaries in
terms of learning capacity and robustness to noise, we employ
a supervised machine learning framework by training an SVMclassiﬁer with the clean and noisy raw data as well as with the
reconstructed ones (i.e. the output of DX). We aim to examine the
extent to which the classiﬁer can discriminate the clean from the
noisy activation patterns, and whether its training with the reconstructed data results to a better classiﬁcation performance, rather
than when we use the raw data. Thus, the classiﬁcation performance is the quantitative metric offering an insight about the extent to which the output dictionary has captured the underlying
statistics of the data.

3.2.1. Parameter setup
After the completion of the ﬁltering that is described in Fig. 2,
we select 50% of the examples of the clean ﬁltered signal, namely
1138 examples to train K-SVD. Regarding our proposed method,
in order to train the dictionary we select the same 50% examples
from the clean ﬁltered signal, as well as 50% of the examples from
the noisy ﬁltered signal. Subsequently, the other half of the clean
and noisy ﬁltered signal sets will serve as the testing set for each
one of the two methods. Namely, they will be used for the training and testing of an SVM-classiﬁer with gaussian kernel and scale
σ = 0.01. The classiﬁer is trained and tested with the:

3. Performance analysis
3.1. Dataset collection
To evalute the merits of the proposed modeling approach,
we employed two real-world datasets that were collected using
two-photon calcium imaging in the neocortex of a 9-day old
mouse and a 36-day old one (C57BL/6). The ﬁrst dataset of the
9-day old mouse includes 183 neurons of the layer 2/3 of the V1,
and neurons were imaged using calcium indicator OGB-1 (imaging
depth 130 microns from pia). The dataset of the 36-day old mouse
includes 126 neurons of the layer 2/3 of the V1 area. Additionaly,
for the 9-day old mouse 29 min of spontaneous activity were
recorded, comprised of 11,970 frames, each of 0.1451 s duration,
while for the older one the total movie length was 30 min
comprised of 11,972 frames, each of 0.15 s duration. The raw
ﬂuorescence movie was motion-corrected to remove slow xy-plane
drift. After motion correction, we used ImageJ software [14] to
draw the ROIs of cells around cell body centers, staying 1-2 pixels
from the margin of a cell in the case of the 9-day old mouse, in
order to avoid contamination with neuropil signals and 1-2 pixels
for the 36-day old mouse. We then averaged the signals of cell ROI
pixels and converted them to dF/F [15]. To determine the onsets
of spontaneous calcium responses, the dF/F timecourse for each
cell was thresholded, using the noise portion of the data, to 3
standard deviations above noise. To make a binary eventogram of
the responses, for each cell the frames containing the onsets for
this particular cell were assigned the value 1, and all other frames
were assigned the value 0. The resulting binary eventogram of all
cells was used in subsequent analysis.
3.2. Adversarial Dictionary Learning (ADL)
In this section, we illustrate the performance of our proposed
algorithm ADL for the case of one time bin window interval
(W = 1), with respect to other methods, such as K-SVD [5], Analysis K-SVD [16], LC-KSVD [17] and ODL [18]. More speciﬁcally,
we examine which of the trained dictionaries produced from
these methods are more robust to adversarial noise. In order to
quantify this information, we examine the extent to which each
trained dictionary can discriminate the clean from the adversarialnoisy activation patterns. Through this analysis the impact of the
following parameters is also explored:
• Dictionary size (DS), which is the number of elements considered in the dictionary. While in all examined methods, DS

(i) Raw clean and noisy data
(ii) Reconstructed clean and noisy data, which are binarized by
considering all values greater than 0.5 as activations (1s),
while the rest as zeros.
The number of the testing examples in set T2 as well as the
number of the training examples in set Y, where Y consists of
the clean examples Yclean and the adversarial-noisy examples
Ynoisy for the case of one time bin window interval (W = 1) are
depicted in Table 1. Note that all sets described in Table 1 (Y, T1
and T2 ) include the number of both the clean and the adversarialnoisy examples (i.e. half of the size of each set described in
Table 1 refers to the clean examples and the other half refers to
the adversarial-noisy examples).
Fig. 5 shows the distribution of the original clean (5(a)) and of
the noisy signal (5(b)), as it results from the circular shifting procedure. The distributions refer to the activity of the 9-day old mouse
before the process of the ﬁltering. Namely, in both ﬁgures axis x
indicates the size of co-ﬁring neurons (i.e. the number of neurons
that co-activate within one time bin) and the log-scaled axis y indicates the number of these patterns that exist in the data. We
observe that for the noisy signal, circular shifting has caused a reduction in zero columns-patterns and a simultaneous increase in
doublets (i.e. patterns where 2 neurons co-activate within a time
bin) as well as in patterns where only one neuron is active within
a time bin. Finally, more complex patterns with more than seven
neurons ﬁring simultaneously are completely destroyed.
3.2.2. Evaluation results
Fig. 7 illustrates the performance of the SVM-classiﬁer regarding the discrimination between the clean and the noisy signals
for the 9-day old mouse, as a function of the sparsity level when
the classiﬁer is trained and tested with the raw data, the reconstructed data produced by our proposed method ADL and the
reconstructed data produced by the K-SVD algorithm. Each point
in the errorbar plots corresponds to the mean accuracy of 4 runs
and in every run the examples in the training set are given with a
different sequence in terms of the columns (i.e the second column
of the training set in the ﬁrst run may be the ﬁfth column of
the training set in the second run). These 4 runs are executed
in order to examine the sensitivity of our algorithm with respect
to the different sequence that the examples are selected. Thus,
the K-SVD algorithm is initialized with a different dictionary in
every run, as the columns are presented with a different sequence.
Regarding our algorithm, the different sequence in the columns
of the training set in every run, results to the selection and as a
consequence to the examination of the examples with a different
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Fig. 5. (a) Clean signal distribution (b) Noisy signal distribution

Table 2
Mean accuracy performance when the classiﬁer is trained with the reconstructed
data produced by ODL, LC-KSVD1, LC-KSVD2, Analysis K-SVD and ADL.
Methods

DS

SL=2

SL=3

SL=4

SL=5

ODL

150
200
300
150
200
300
150
200
300
150
200
300
–

0.508
0.5105
0.5077
0.5077
0.5041
0.5069
0.5267
0.5284
0.5297
0.5553
0.5688
0.5658
0.6059

0.5161
0.5062
0.5056
0.4976
0.5011
0.5032
0.5077
0.542
0.5374
0.5577
0.5749
0.5617
0.6185

0.5157
0.5065
0.506
0.5063
0.5006
0.5018
0.5188
0.5388
0.5138
0.5639
0.5747
0.559
0.5436

0.5155
0.5065
0.506
0.4996
0.5025
0.5037
0.51
0.5267
0.5211
0.5678
0.5818
0.5663
0.5436

LC-KSVD1

LC-KSVD2
Fig. 6. Size of the ﬁnal dictionary D for every run and Sparsity Level (SL).
Analysis K-SVD

sequence as to whether they will be included in the dictionary D
or not. The testing set remains the same in all runs. The vertical
error bar demonstrates the standard deviation of these four runs
(i.e. how much the accuracy of each run differs from the mean
accuracy of the four runs). More speciﬁcally, as it is illustrated in
each subﬁgure of Fig. 7, we give as input to the K-SVD algorithm a
different dictionary size, and we evaluate the performance of the
algorithm compared to our proposed method. Fig. 6 depicts the
corresponding dictionary sizes that are produced from our method
for the case of W = 1. More speciﬁcally, for every sparsity level
(SL), Fig. 6 demonstrates the size of the ﬁnal dictionary D that is
obtained from the 4th epoch for each one of the 4 runs.
We observe in Fig. 7 that when the classiﬁer is trained and
tested with the raw data, the accuracy that it achieves is almost
51%. This percentage is quite low and indicates the diﬃculty of the
problem that we are supposed to solve. By using the reconstructed
data that are produced by the K-SVD algorithm, we observe that
the classiﬁer achieves a better performance with an accuracy of
56% for DS=150 elements and for SL=2. In all of the subﬁgures we
observe that as the SL increases, the accuracy of the classiﬁer decreases, which can be attributed to overﬁtting of the system. Moreover, the three different dictionary sizes, which were tried as input
to the K-SVD algorithm do not affect signiﬁcantly the performance
of the classiﬁer. When we use the reconstructed data that are produced from our method and as depicted in Fig. 7, the classiﬁer
achieves better performance results compared to the performance
of the K-SVD algorithm. More speciﬁcally, we obtain an accuracy
of 62% for SL=3 and mean dictionary size (of the 4 runs) equal to
418. We observe that for values of sparsity level greater than 3 the
performance deteriorates due to overﬁtting. Nevertheless, our proposed method gives better performance results for every value of
sparsity level.
In Table 2, we report the mean accuracy performance of 4 runs
for several DL methods and for various values of DS and SL. The

ADL

parameters that we used for each method were selected after exhaustive search, so that they give the best possible accuracy performance. Regarding ODL and Analysis K-SVD, the SL parameter is
only used with the OMP algorithm to obtain the coeﬃcient matrix
corresponding to the testing data (for their reconstruction) and not
during the training procedure (i.e to obtain the output dictionary).
We observe that Analysis K-SVD outperforms all the other methods
for all the examined parameters, but still gives a worse accuracy
performance compared to ADL. The corresponding DSs of ADL for
each SL are reported in Fig. 12.
We also applied the PCA method, which is a dimensionality reduction algorithm, not dictionary learning based, on both the clean
and the noisy test data. We obtained the corresponding coeﬃcients
and used them in order to train and test the classiﬁer, which gave
an accuracy performance of 51.55%
As it is already stated, our algorithm executes 4 runs, where
in every run the examples of the training set are selected and
examined with a different sequence as to whether they will be
included in the dictionary or not. Thus, we want to ensure that
neurons’ ﬁring activity captured by the dictionaries of each run
will be similar and not with intense variations. To that end, we
demonstrate Fig. 8, which depicts the variation in the number of
ﬁring events that neurons have across the 4 dictionaries formed
in each run, under the consideration of W = 1 and SL = 2. We observe that for most of the neurons (almost 50 neurons) the maximum variation across the 4 dictionaries is only 2 ﬁring events,
while only one neuron has a variation of 8 ﬁring events. Thus, we
end up with 4 dictionaries that have almost the same number of
ﬁring events for each neuron, indicating the robustness of our algo-
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Fig. 7. Mean accuracy classiﬁcation performance when the classiﬁer is trained with the raw data, the reconstructed data produced by our method ADL and the reconstructed
data produced by the K-SVD.

Fig. 8. Neurons grouped in the same bin have the same variation in the number of ﬁring events across the 4 dictionaries formed in every run (W = 1, Sparsity
Level=2).

rithm with respect to the different sequence in the selection of the
examples.
Unlike all the methods that we compared, which produce realnumbered dictionaries with no physical meaning for our application, our proposed method ADL produces dictionaries that provides
us with quantitative as well as with qualitative information, giving us an insight about the synchronicity patterns existing in the
data. So, Fig. 9 demonstrates the distribution of two dictionaries
(we used the dictionaries that were produced from the 4th run of
our algorithm, for SL = 3) that refer to the spontaneous neuronal
activity of a 9-day old and a 36-day old mouse. Namely, axis x indicates the size of the co-ﬁring neurons that exist in the dictionary,
i.e. the number of neurons that co-activate within one time bin,
such as doublets (when 2 neurons co-activate within one time bin)
or triplets (when 3 neurons co-activate within one time bin), etc
and axis y indicates the number of these patterns (doublets etc.)
that exist in the dictionary. The dataset that refers to the 9-day
old mouse, ﬁring events occupy the 0.487% of the data, while for
the 36-day old mouse ﬁring activity occupies only the 0.364% of
the dataset. These percentages show the sparseness of our datasets
and by extension indicate the low frequency of the neurons’ ﬁring
activity for both laboratory animals. Moreover, these percentages
reveal that the 9-day old mouse has a more intense ﬁring activity,

Fig. 9. Distribution of the two dictionaries (W=1, Sparsity Level=3).

which can be attributed to its young age. All this information is depicted in the distribution of the two trained dictionaries Fig. 9, as
we observe that the number of the various synchronicity patterns
for the 9-day old mouse is greater than the number of patterns
for the 36-day old mouse. Additionally, the dictionary that refers
to the activity of the 9-day old mouse includes more complex patterns with more than six neurons ﬁring simultaneously, while for
the 36-day old mouse such patterns tend to be zero. Eventually,
the size of each dictionary also reveals information about the data
that we summarize. Namely, the dictionary that refers to the activity of the 9-day old mouse has a size of 411 elements as depicted
in Fig. 6, while the dictionary that refers to the older mouse has a
size of 51 dictionary elements, which correctly veriﬁes that it ﬁres
less.

3.3. Relaxed Adversarial Dictionary Learning (RADL)
This section demonstrates the analysis for temporal correlation
patterns within larger time window intervals (W > 1). The analysis
assesses the impact of the following parameters:
• Time window interval (W), from which we can extract information about temporal correlations.
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Fig. 10. Processing the values of the reconstructed events.

Accuracy

0.7

• Sparsity level (SL), i.e., the maximal number of dictionary elements that are used for representation.

(i) Raw clean and noisy data
(ii) Reconstructed clean and noisy data whose values are
processed as we describe in the following example
As it was described in section II, for the cases of time window
intervals, where W > 1, activation patterns are not represented by
the values 0 and 1 due to the summing of the columns and the
normalization step. For example in the case of W = 3, if one neuron has not ﬁred at all within 3 consecutive time bins, we get a
0-event. If it has ﬁred once, we obtain the normalized value of 13 ,
which are the most prevalent values with the 0 value. Additionally,
if the neuron has ﬁred twice, we obtain the value 23 and if it has
ﬁred consecutively in all of the 3 time bins, we obtain a 1-event,
which is not very common due to the refractory period. Because of
the fact that we deal with a reconstruction problem, reconstructed
values other than those described before may appear. Thus, without loss of generality we make the simpliﬁcation, which is depicted
in Fig. 10. Namely, for W = 3 all reconstructed values which
 are
smaller than 16 are turned into zero. Values in space 16 , 12 are





turned into 31 and values in space 12 , 56 are turned into 23 . Any
other value is turned into 1. Accordingly, we work for any time
window W.
3.3.2. Evaluation results
Fig. 11 illustrates the performance of the SVM-classiﬁer regarding the discrimination between the clean and the noisy signals for
the 9-day old mouse, as a function of the SL when the classiﬁer is
trained and tested with the raw data and the reconstructed data
produced by the RADL algorithm. Each point in the errorbar plots
corresponds to the mean performance of the 4 runs of the algorithm, where in every run the examples in the training set are
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3.3.1. Parameter setup
After the completion of the procedure that is described in
Fig. 4 we select 40% of the examples of the clean ﬁltered signal,
as well as 40% of the examples of the noisy ﬁltered signal for the
set Y, which will be used for the training of the dictionary. Then,
we select 25% of the examples of the clean ﬁltered signal for the
set T1 , which will be used for the compression of the dictionaries
that are produced in every epoch as well as 25% of the examples
of the noisy ﬁltered signal in order to evaluate the performance
of our algorithm at every epoch of each run. Eventually, the other
35% of the clean and noisy ﬁltered examples will be used by the
set T2 and will serve as the testing set, whose half of the examples will be used for the training of an SVM-classiﬁer with gaussian kernel and scale σ = 0.01 and the other half will be used for
the testing of the classiﬁer. The number of the training examples
in set Y, as well as the number of the testing examples in sets T1
and T2 for all the time window intervals are depicted in Table 1.
As it was also stated in the parameter setup section of ADL, all
sets described in Table 1 (Y, T1 and T2 ) include the number of the
clean and the adversarial-noisy examples. The classiﬁer is trained
and tested with the:

0.6
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0.5
2
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4

5

Sparsity Level

(b) W=3,W=4
Fig. 11. Classiﬁcation performance when the classiﬁer is trained with the raw data
and the reconstructed data produced by RADL with respect to different time window intervals.

selected and examined with a different sequence as to whether
they will be included in the dictionary D or not. The vertical error bar demonstrates the standard deviation of these 4 runs. More
speciﬁcally, as it is illustrated in Fig. 11, each subﬁgure refers to
the performance of the classiﬁer for different time window intervals. When the classiﬁer is trained and tested with the raw data,
the highest accuracy that it achieves, taking into account all the
time windows is 51%, which is a quite low percentage. When we
use the reconstructed data that are produced from our proposed
method, we observe that as we increase the time window interval,
we obtain a better classiﬁcation performance. More speciﬁcally, for
SL = 5 and W = 3 as well as W = 4, we obtain the highest accuracy
performance equal to 65%. Moreover, we notice that for time window intervals W > 1, when the SL is increased, the classiﬁcation
performance is increased too. This happens because the patterns
for time windows W > 1 are greater in number (Table 1) and more
complex (more ﬁring events per signal) compared to the patterns
of W = 1. Thus, by increasing the SL, the algorithm obtains greater
ﬂexibility, as it can use more dictionary elements to represent the
data. Consequently, the algorithm can better generalize and does
not overﬁt as in the case of W = 1.
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Fig. 12. Size of the ﬁnal dictionary D for every run and Sparsity Level (SL).

with more than 20 neurons having a temporal correlation within
3 time bins, while such patterns appear in much smaller numbers
for the 36-day old mouse. Finally, the size of each dictionary also
reveals information about the data that we summarize. The dictionary that refers to the activity of the 9-day old mouse has greater
size than the dictionary that refers to the activity of the 36-day old
mouse, which correctly indicates and veriﬁes that it ﬁres less.
3.4. Time complexity and convergence analysis

Fig. 13. Distribution of the two dictionaries (W=3, Sparsity Level=3).

Fig. 14 illustrates the classiﬁcation performance that is obtained
in every epoch of the algorithm for all the runs and for SL=3. We
observe that for all the cases of time windows the classiﬁcation
performance is either improved or it remains the same in every
epoch of the algorithm. Thus, as it is depicted in Fig. 14 the dictionary that is obtained in the 4th epoch of each run, ensures the
best possible accuracy performance for the speciﬁc run compared
to the dictionaries that are formed in the previous epochs.
Fig. 13 demonstrates the distribution of two dictionaries (we
used the dictionaries that were produced from the 4th run of our
algorithm) that refer to the spontaneous neuronal activity of the
9-day old and the 36-day old mouse under the consideration of
W = 3 and SL = 3. The ﬁgure demonstrates the number of various patterns (doublets, triplets etc.) co-activating within a temporal window of 3 time bins. As in the case of W = 1, we observe
that the number of the various synchronicity patterns for the 9day old mouse is greater than the number of the patterns for the
36-day old mouse. Additionally, the dictionary that refers to the
activity of the 9-day old mouse includes more complex patterns

The main computational burden of ADL lies in the calculations
of the coeﬃcient matrices. ADL performs 4 epochs, and each epoch
executes a number of iterations equal to the number of training examples (Section II, Fig. 3). To compute the reconstructed
signals Vclean_reconstructed , V clean_reconstructed , Vnoisy_reconstructed and
V noisy_reconstructed at each iteration, so that they are used in the calculation of the representation errors Eclean , E clean , Enoisy and E noisy
respectively, our algorithm calculates 4 coeﬃcient matrices using
the OMP method. The time complexity of OMP at a given iteration T0 is O(kM2 + k + T0 M + T0 2 ) [19], where k is the number of
dictionary atoms, M is the dimension of the signal and T0 indicates the number of atoms that have been selected (i.e. the sparsity level). Thus, given the fact that in every iteration of our algorithm, OMP is calculated 4 times and our algorithm executes 4
epochs, the cost of our method is O(16N1 (kM2 + k + T0 M + T0 2 )),
where N1 is the number of iterations of ADL. Regarding the time
complexity of the RADL algorithm, after we obtain the dictionary
D and before the beginning of a new epoch, RADL uses the set T1
to keep only those dictionary elements, which are mostly used for
the representation of this set (Section II). Thus, the time complexity of the RADL is O(16N2 (kM2 + k + T0 M + T0 2 ) + 4k ), where N2 is
the number of iterations of RADL. Notice that in the case of the
RADL algorithm, it has a larger set of training examples (N2 > N1 ),
which results to more iterations, and thus to a higher time
complexity.
Concerning the convergence nature of the algorithms, we
report in Fig. 15 the objective function values of ADL as well as
of RADL (W=2) with respect to the number of iterations of the
algorithms, when they execute 8 epochs. We observe that the
objective function values of both algorithms are non-increasing
during the iterations, and they both converge to a small value.
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Fig. 14. Classiﬁcation performance with respect to the epochs of the algorithm for each run (Sparsity Level=3).
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Fig. 15. Convergence curves of the objective function values versus iterations for (a) ADL (W=1) and (b) RADL (W=2).

Compared to ADL, RADL converges faster and to a lower value
than ADL. It also needs only one epoch for that, while ADL reaches
its lowest value in the 4th epoch.
4. Related work
The past several years have witnessed the rapid development of the theory and algorithms of DL methods. DL has been
successfully applied in various domains, such as image classiﬁcation and denoising, remote sensing, face recognition, digit
and texture classiﬁcation etc. The success of these methods lie
in the fact that high-dimensional data can be represented or
coded by a few representative samples in a low-dimensional
manifold.
In remote sensing, Li et al. [20] addressed the problem of cloud
cover and accompanying shadows, which are two of the most common noise sources for the majority of remote sensing data in the
range of the visible and infrared spectra. For the recovery of surﬁcial information, which is very important for target recognition,
classiﬁcation, segmentation etc, they proposed two multitemporal
DL algorithms, expanding on their K-SVD and Bayesian counterparts. Li et al. [21] also addressed the problem that remote sensing
images are easily subjected to information loss, due to sensor failure and poor observation conditions. Thus, they proposed an analysis model for reconstructing the missing information in remote
sensing images, so that more effective analysis of the earth can be
accomplished.
In image and video processing, where it is common to learn
dictionaries adapted to small patches, with training data that may
include several millions of these patches, Mairal et al. [18] pro-

posed an online dictionary learning (ODL) algorithm based on
stochastic approximations, which scales up to large datasets with
millions of training samples handling also dynamic training data
changing over time, such as video sequences. In the same context
of image processing, Iqbal et al. [22] proposed a DL algorithm,
which minimizes the assumption on the noise by using a function
derived from the α -divergence, which is used in the data ﬁdelity
term of the objective function instead of the quadratic loss or
the Frobenius norm. The algorithm is applied on various image
processing applications, such as digit recognition, background
removal, and grayscale image denoising.
For the task of face as well as object recognition, Li et al.
[23] proposed a discriminative Fisher embedding DL algorithm
to concurrently preserve both interclass variances and intraclass
similarities of the learned dictionary and coding coeﬃcients in
the embedding space. One of the ﬁrst successful attempts in discriminative DL was the Discriminative K-SVD (D-KSVD) algorithm
[24] for face recognition. They extended K-SVD by incorporating
the classiﬁcation error into the objective function, thus allowing
the performance of a linear classiﬁer and the representational
power of the dictionary to be considered at the same time in the
same optimization procedure, while in our work these are considered two seperate steps (i.e. classiﬁcation error is not incorporated
in the objective function). In several variants of discriminative DL
methods are proposed to improve the data representation and
classiﬁcation abilities by encoding the locality and reconstruction
error into the DL procedures, while some of them aim to concurrently improve the scalability of the algorithms by getting rid
of costly norms [25–27]. Recently, DL has also been extended to
deep learning frameworks [28], which seek multiple dictionaries
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at different image scales capturing also complementary coherent
characteristics.
5. Conclusions and future work
In this work we proposed the Adversarial Dictionary Learning
algorithm (ADL) that was applied on real-world data that refer
to the spontaneous neuronal activity of a 9-day old and a 36-day
old mouse over time. In order to examine the extent to which
the trained dictionary had captured the underlying statistics of
the data, we trained and tested an SVM-classiﬁer with the reconstructed clean and noisy signals that were produced from our
method as well as with the reconstructed signals produced from
other dictionary learning methods. The results on the classiﬁcation
accuracy showed that our method can better discriminate the true
from the noisy activation patterns, indicating the robustness of
our method. Moreover, in contrast to other dictionary learning
methods, our framework also produces an interpretable dictionary,
consisting only with the most robust activation patterns of the
input data and not with real-numbered values, which have no
physical meaning. We also extended the idea of ADL to a more
relaxed approach, proposing thus the RADL algorithm, which
produces a dictionary that captures patterns within bigger time
window intervals and is not restricted to the synchronous activity
of neurons within the same time bin. Experimental results demonstrate that increasing the activation patterns time window, has a
positive effect on the classiﬁcation performance.
Future work will focus on the extension of our algorithm with
graph signal processing methods, which could provide insights related to the temporal dynamics of the network as well as its functional network activities. We also plan to explore the potential
of the proposed method in characterizing normal brain organizations as well as alterations due to various brain-disorders, such as
schizophrenia, autism, and Alzheimer’s disease.
Declaration of Competing Interest
None.
CRediT authorship contribution statement
Eirini Troullinou: Conceptualization, Methodology, Software,
Writing - original draft, Validation. Grigorios Tsagkatakis: Conceptualization, Methodology, Software, Writing - original draft, Validation. Ganna Palagina: Data curation. Maria Papadopouli: Supervision, Writing - review & editing. Stelios Manolis Smirnakis:
Data curation, Supervision, Writing - review & editing. Panagiotis
Tsakalides: Supervision, Writing - review & editing.
Acknowledgment
This research is co-ﬁnanced by Greece and the European Union
(European Social Fund-ESF) through the Operational Programme
“Human Resources Development, Education and Lifelong Learning” in the context of the project “Strengthening Human Resources Research Potential via Doctorate Research” (MIS-50 0 0432),
implemented by the State Scholarships Foundation (IKY). S.M.S.
received support from the Simons Foundation SFARI Research
Award No. 402047, NEI Grant RO1-EY-109272, and NINDS R21
NS096640. This work is also supported from the Hellenic Foundation for Research and Innovation (HFRI) and the General Secretariat for Research and Technology under grant agreement
No. 2285, Erasmus+ International Mobility between University of
Crete and Harvard Medical School 2017-1-EL01-KA107-035639, and
the Marie Curie RISE NHQWAVE project under grant agreement
No. 4500.

References
[1] G. Palagina, J.F. Meyer, S.M. Smirnakis, Inhibitory units: an organizing nidus for
feature-selective sub-networks in area v1, J. Neurosci. 39 (2019) 4931–4944.
[2] J.-e.K. Miller, I. Ayzenshtat, L. Carrillo-Reid, R. Yuste, Visual stimuli recruit intrinsically generated cortical ensembles, Proc. Natl. Acad. Sci. 111 (38) (2014)
4053–4061.
[3] T. Kenet, D. Bibitchkov, M. Tsodyks, A. Grinvald, A. Arieli, Spontaneously
emerging cortical representations of visual attributes, Nature 425 (6961)
(2003) 954.
[4] A. Luczak, P. Barthó, K.D. Harris, Spontaneous events outline the realm of
possible sensory responses in neocortical populations, Neuron 62 (3) (2009)
413–425.
[5] M. Aharon, M. Elad, A. Bruckstein, K-SVD: an algorithm for designing overcomplete dictionaries for sparse representation, IEEE Trans. Signal Process. 54 (11)
(2006) 4311–4322.
[6] E. Troullinou, G. Tsagkatakis, G. Palagina, M. Papadopouli, S.M. Smirnakis,
P. Tsakalides, Dictionary learning for spontaneous neural activity modeling,
in: Proceedings of the 25th European Signal Processing Conf. (EUSIPCO), IEEE,
2017, pp. 1579–1583.
[7] F. Liu, S. Wang, J. Rosenberger, J. Su, H. Liu, A sparse dictionary learning framework to discover discriminative source activations in EEG brain mapping, in:
Proceedings of the Thirty-First AAAI Conference on Artiﬁcial Intelligence, 2017.
[8] H. Morioka, A. Kanemura, J.-i. Hirayama, M. Shikauchi, T. Ogawa, S. Ikeda,
M. Kawanabe, S. Ishii, Learning a common dictionary for subject-transfer decoding with resting calibration, NeuroImage 111 (2015) 167–178.
[9] I.T. Jolliffe, Principal component analysis and factor analysis, in: Principal Component Analysis, Springer, 1986, pp. 115–128.
[10] J.P. Cunningham, M.Y. Byron, Dimensionality reduction for large-scale neural
recordings, Nat. Neurosci. 17 (11) (2014) 1500.
[11] J.A. Tropp, A.C. Gilbert, Signal recovery from random measurements via orthogonal matching pursuit, IEEE Trans. Inf. Theory 53 (12) (2007) 4655–4666.
[12] L. Huang, A.D. Joseph, B. Nelson, B.I.P. Rubinstein, J.D. Tygar, Adversarial machine learning, in: Proceedings of the 4th ACM Workshop on Security and Artiﬁcial Intelligence, ACM, 2011, pp. 43–58.
[13] P. Stone, M. Veloso, Towards collaborative and adversarial learning: a case
study in robotic soccer, Int. J. Hum.-Comput. Stud. 48 (1) (1998) 83–104.
[14] M.D. Abramoff, P.J. Magalhaes, S.J. Ram, Image Processing with imagej, Biophotonics int. Google Scholar 11 (7) (2004) 36–42.
[15] C. Stosiek, O. Garaschuk, K. Holthoff, A. Konnerth, In vivo two-photon calcium imaging of neuronal networks, Proc. Natl. Acad. Sci. 100 (12) (2003)
7319–7324.
[16] R. Rubinstein, T. Peleg, M. Elad, Analysis k-SVD: a dictionary-learning algorithm for the analysis sparse model, IEEE Trans. Signal Process. 61 (3) (2012)
661–677.
[17] Z. Jiang, Z. Lin, L.S. Davis, Label consistent k-SVD: learning a discriminative
dictionary for recognition, IEEE Trans. Pattern Anal. Mach. Intell. 35 (11) (2013)
2651–2664.
[18] J. Mairal, F. Bach, J. Ponce, G. Sapiro, Online dictionary learning for sparse coding, in: Proceedings of the 26th Annual International Conference on Machine
Learning, ACM, 2009, pp. 689–696.
[19] B. Mailhé, R. Gribonval, F. Bimbot, P. Vandergheynst, A low complexity orthogonal matching pursuit for sparse signal approximation with shift-invariant dictionaries, in: Proceedings of IEEE International Conference on Acoustics,
Speech and Signal Processing, IEEE, 2009, pp. 3445–3448.
[20] X. Li, H. Shen, L. Zhang, H. Zhang, Q. Yuan, G. Yang, Recovering quantitative remote sensing products contaminated by thick clouds and shadows using multitemporal dictionary learning, IEEE Trans. Geosci. Remote Sens. 52 (11) (2014)
7086–7098.
[21] X. Li, H. Shen, L. Zhang, H. Li, Sparse-based reconstruction of missing information in remote sensing images from spectral/temporal complementary information, ISPRS J. Photogramm. Remote Sens. 106 (2015) 1–15.
[22] A. Iqbal, A.-K. Seghouane, An α -divergence-based approach for robust dictionary learning, IEEE Trans. Image Process. 28 (11) (2019) 5729–5739.
[23] Z. Li, Z. Zhang, J. Qin, Z. Zhang, L. Shao, Discriminative ﬁsher embedding dictionary learning algorithm for object recognition, IEEE Trans. Neural Netw. Learn.
Syst. (2019).
[24] Q. Zhang, B. Li, Discriminative k-SVD for dictionary learning in face recognition,
in: Proceedings of IEEE Computer Society Conference on Computer Vision and
Pattern Recognition, IEEE, 2010, pp. 2691–2698.
[25] Z. Zhang, J. Ren, W. Jiang, Z. Zhang, R. Hong, S. Yan, M. Wang, Joint Subspace Recovery and Enhanced Locality Driven Robust Flexible Discriminative Dictionary Learning, IEEE T. Circ. Syst. Vid. Tech. (2019) arXiv preprint
arXiv:1906.04598.
[26] Z. Zhang, W. Jiang, J. Qin, L. Zhang, F. Li, M. Zhang, S. Yan, Jointly learning
structured analysis discriminative dictionary and analysis multiclass classiﬁer,
IEEE Trans. Neural Netw. Learn. Syst. 29 (8) (2017) 3798–3814.
[27] Z. Zhang, W. Jiang, Z. Zhang, S. Li, G. Liu, J. Qin, Scalable Block-diagonal Locality-constrained Projective Dictionary Learning, in: Proceedings of the 28th
International Joint Conference on Artiﬁcial Intelligence, 2019, pp. 4376–4382.
[28] S. Mahdizadehaghdam, A. Panahi, H. Krim, L. Dai, Deep dictionary learning: a parametric network approach, IEEE Trans. Image Process. 28 (2019)
4790–4802.
[29] R. Ameri, et al., “Projective dictionary pair learning for EEG signal classiﬁcation
in brain computer interface applications”, Neurocomputing (2016).

E. Troullinou, G. Tsagkatakis and G. Palagina et al. / Neurocomputing 388 (2020) 188–201
Eirini Troullinou received her B.Sc. (2014) from the Math
Department and her M.Sc. (2018) from the Computer Science Department both from University of Crete. She is
currently pursuing the Ph.D. degree in the Computer Science Department of University of Crete and is funded
by the State Scholarships Foundation (IKY). Since 2015,
she has been aﬃliated with the Signal Processing Lab at
FORTH-ICS as a graduate researcher. Her main research
interests include signal processing, time-series analysis,
machine and deep learning.

Grigorios Tsagkatakis was awarded for his Ph.D. from the
Center of Imaging Science, Rochester Institute of Technology, NY, USA in 2011. He received his B.Sc. (2005) and
M.Sc. (2007) from the School of Electrical and Electronics Engineering, Technical University of Crete, Greece. He
is currently an associate researcher at the Signal Processing Lab at FORTH-ICS. He also serves as a visiting professor at the Computer Science Department of the University of Crete. His research interests include signal and
image processing, machine learning, compressed sensing,
remote sensing and astrophysics.

Ganna Palagina has completed her Ph.D. in Neuroscience
at Ruhr-University Bochum, Germany, where she studied
visual cortical plasticity driven by peripheral lesions in
the lab of Prof. Ulf Eysel. She then joined Prof. Stelios
Smirnakis’ group at Baylor College of Medicine, to explore
population coding underlying bi-stable visual perception.
Currently, she is an instructor at Harvard Medical School
(Brigham and Women’s Hospital), where she uses optogenetics and large scale 2-photon imaging with calcium
and voltage-sensitive indicators to decipher the organization of cortical circuits of visual perception in normal animals and canonical computations in MeCP2 duplication
syndrome of autism.

201

Maria Papadopouli (Ph.D. Columbia University) is a
Professor in the Department of Computer Science at the
University of Crete and Research Associate at FORTH. She
has been a Fulbright Scholar at the Massachusetts Institute of Technology and Visiting Faculty at the KTH Royal
Institute of Technology in Stockholm. Before that, she
was a tenure-track Assistant Professor at the University
of North Carolina at Chapel Hill. Her research is in the
area of network measurement analysis and modeling and
has been supported by IBM Faculty Awards, a Google
Faculty Award, a Comcast Innovation Fund, and various
other research grants.

Stelios Manolis Smirnakis received an M.D. from Harvard Medical School and a Ph.D. in Physics from Harvard
GSAS in 1997. He is Associate Professor of Neurology at
Harvard Medical School, practicing Vascular Neurology
and Neurological Critical Care at Brigham and Women’s
Hospital and at Jamaica Plain Boston VA Hospital. His research focuses on understanding the principles of neural
circuit function and malfunction in neurological disease
states, such as epilepsy, autism and following strokes
of the visual system. He has received funding support
from: NEI, NINDS, Simmons Foundation (SFARI), DoD, VA
Merit Award System, HHMI, and Dana Foundation among
others.

Panagiotis Tsakalides received the Diploma in Electrical Engineering (1990) from the Aristotle University of
Thessaloniki, the M.Sc. in Computer Engineering (1991)
and the Ph.D. in Electrical Engineering (1995) both from
the University of Southern California. He is a Professor
in Computer Science, the Rector of University of Crete
and the Head of the Signal Processing Laboratory at FORTHICS. He has coordinated 8 European Commission and
13 national projects totaling over 5M € in actual funding
for FORTH-ICS and the University of Crete. His research
interests include signal processing, detection theory and
sparse representations coauthoring over 200 publications
in these areas.

