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Abstract— Sequence learning is a complex capability shown
by living beings, able to extract information from the environ-
ment. Looking into the insect world, there are several examples
where the presentation time of specific stimuli is considered
to select the proper behavioural response. On the basis of
previously developed neural models for sequence learning,
inspired by the Drosophila melanogaster, a new formalization
of key brain structures involved in the process is here provided.
The input classification is performed through resonant neurons,
stimulated by the complex dynamics generated in a lattice
of recurrent spiking neurons modelling the Mushroom Bodies
neuropile in the insect brain. The network devoted to the
context formation is able to reconstruct the learned sequence
and also to trace the subsequences present in the provided input.
Simulation results were reported to show the capabilities of the
architecture.

I. INTRODUCTION

The insect world is an interesting field of inspiration
to develop autonomous robotic systems able to deal with
complex dynamically changing environments [1], [2], [3].
The fruit fly is a perfect candidate due to the relative low
number of neurons in the brain (about 10 5) that, however,
are sufficient to show a multitude of interesting behaviours
[4]. Furthermore, the possibility to create mutants, using
genetic tools, allows to discriminate which neural centers and
learning mechanisms are responsible for each behavioural
response [5], [6], [7]. In previous works [8], [9], [10]
we developed an insect brain architecture mainly based on
spiking networks that is centered on the role of Mushroom
Bodies (MBs) and Central Complex (CX). The CX is a
neural center responsible for the initiation of behaviours
and is mainly involved in processing visual stimuli: both
rewarding and punishing inputs are learned and spatial maps
of the elements of interest in the area are developed. MBs
are devoted to the adaptive termination of behaviours and
are responsible for olfactory learning. Moreover MBs are a
well-known center for multimodal integration, involved in a
multitude of behavioural response not limited to olfactory
input.

With the aim to develop an insect brain model, we unrav-
elled the functionalities of the insect MBs trying to extend the
neural model basic capabilities, mainly devoted to olfactory
learning [11], to perform more complex tasks. The idea is
to create a unique neural structure able to show multiple
functionalities as demonstrated in several experiments in
which the MBs are involved [12], [13].
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The authors proposed a previous MB-inspired architecture
able to functionally reproduce several behaviours shown by
insects: attention, expectation, delayed match-to-sample and
others [14], [15], [16]. The architecture is characterized by
different layers dedicated to: feature extraction and noise
filtering (Antennal lobe/input layer), a competing layer for
classification (alpha/beta-lobes layer), a memory structure
(Context layer) and several additional elements used for the
interconnection with the motor system. Winnerless competi-
tion networks were also implemented to model sequences of
firing activities in olfactory networks [17] and later used in
[18] for perceptual purposes.

While trying to enrich the architecture with other capabil-
ities ascribed to the MBs, we encountered some difficulties
in including functionalities like motor learning where the
classification aspects are not particularly relevant whereas
the time evolution of reference signals is a key aspect [19].
Therefore we decided to reformulate the neural structure
of some layers of the previous MB model to allow the
generation of more complex dynamics within the MB-lobes
to be used not only for classification purpose but also to
generate general reference signals that could be needed by
the system for instance to guide the adaptation process at the
motor level.

The Kenyon Cells (KCs) in the MBs that are responsible
for olfactory learning [20], are able to generate a complex
spatio-temporal activity limited by the inhibitory effect pro-
vided by the Lateral Horn (LH). These characteristics were
used in previous works to analyze pattern formation [21],
[22] and to formulate non-elemental learning mechanisms
[23]. When complex neural activities are involved, it is
possible either to enslave the dynamical evolution using
a control system or to extract the needed dynamics using
read-out maps [24], following the philosophy at the basis
of reservoir computing [25], [26]. Basically our idea is to
handle the spatio-temporal activity of the MBs acquiring
the relevant dynamics needed depending on the behavioural
response using multiple read-out maps that mimic the role of
extrinsic neurons in the biological system and can be learned
to fulfil the assigned tasks. Therefore we can model the
KCs activity as a liquid state network that modulates several
sensory information creating maps both for classification as
well as for motor learning purpose. In the latter case, by
trial and error the system can adapt the motor parameters to
the assigned task. Moreover, the time evolution needed, for
instance to perform a climbing action (e.g. generated through
a series of trials), can be extracted from the KCs dynamics.

It is important to underline that, in contrast with the
previous model discussed in [15], [27], in the architecture



here formulated, the KCs are no longer connected to gen-
erate activity clusters directly related to the inputs. The
classification is now performed using multiple read-out maps
that are learned to stimulate resonant neurons associated to
each class. When all the class neurons are silent, a growing
mechanism allows the formation of a new class represented
by a new resonant neuron. The role of resonant neurons in
classification of auditory stimuli were already demonstrated
in several works for cricket [28], [29], [30]. There are
also example of applications related to the classification of
mechanical data acquired by a bio-inspired antenna system
[31]. To include sequence learning capabilities within the
structure, a Context layer was introduced in the form of a
network of spiking neurons. An input given to the network
has an effect on the Context layer that is propagated in time
like the waves produced by a tear drop on the water. The
Context is shaped as a concentric ring structure that contains
a reduced number of neurons in the inner rings that grows
radially. The paper is organized as follows: in Section II
the key elements of the MB-inspired computational model
are reported, Section III contains a series of simulations
performed to demonstrate the architecture capabilities and
in Section IV we draw the remarks and conclusions.

II. MB-INSPIRED COMPUTATIONAL MODEL

A scheme of the developed computational model of the
MBs structure is reported in Fig. 1. The external input
acquired in terms of general features of the relevant objects
present in the scene is processed using the Antennal Lobes
(ALs). This is realized through a 4x4 network of spiking
neurons connected with learnable synapses, used to filter
out noise and to reconstruct missing features [16]. The
neural activity of the AL is then projected through random
connections with probability of 25% to the liquid network
that contains mainly local synaptic connections [19]. The
Lateral Horn (LH) is activated by the external input and, after
a delay (i.e. 80 ms in the following simulations), providing
an inhibition to the AL and the liquid network to reset the
neural activity making the system able to process the new
sensorial stimuli. The sparse spiking activity in the liquid
lattice is collected by some linear Sum neurons. Each neuron
of the lattice is connected through trainable synapses to the
Sum neurons creating a read-out map of the system internal
activity. The presence of massive parallel connections with
the output could be relaxed creating analogously to the
input, a random connection scheme if the dimension of the
neural lattice is enough to generate the dynamics needed for
the considered behaviour (in the current release the lattice
dimension is 8x8). The Sum neurons can therefore be used
for different purposes: to provide time varying signals to
control relevant parameters of the locomotion system in case
of motor learning, as well as to classify the input. The motor
learning mechanisms is not treated in this paper, further
information can be found in [19]. The classification process
is performed using a growing mechanism that allows the
creation of new classes if needed. Each class is represented
by a resonate neuron realized through a Morris-Lecar (ML)

model [32]. A training procedure, described in the next
section allows to associate to the first input provided a new
class neuron (i.e. a resonate neuron) and the read-out-map is
trained to generate periodical signals (e.g. a sinusoidal wave)
able to stimulate the corresponding resonator. A minimum
number of spikes (e.g. larger than 50% of the maximum
allowable depending on the frequency) is needed to consider
the neuron as active. The output signal is shaped by a
Heaviside function before entering into the resonator to filter-
out noise.

The target signals, used in the following simulation for
input classification, are sinusoidal waveforms. The first read-
out map is tuned to generate a sine wave with a frequency
of 62.5Hz when the first provided input is given. When no
resonant neurons are excited by the input, a new Sum neuron
is enrolled and a new frequency is associated.

The frequency range here used spreads from about 50Hz
to 250Hz. This interval was chosen to allow the coexistence
of about 5 classes. We cannot use lower frequencies because
we need at least five periods to have a sufficient number of
spikes for the resonators. To improve the number of classes
that can be learned, the time window defined for the target
signal (i.e. 1000 samples with a time sampling of dt=0.08ms)
should be increased to have enough sample for each period,
moreover in this case the time constant used in the liquid
network should be tuned to generate the frequencies needed.

As depicted in Fig. 1, neurons in the Context layer are
organised in concentric rings. These are developed using a
growing mechanism. The first ring contains a number of
neurons equal to the number of the resonant neurons (i.e.
ML neurons) in the output layer, so in this ring there is
one neuron for each class. In the second ring, for each
neuron in the first ring, there is a number of neurons equal
to the number of classes. This scheme is repeated in the
successive concentric rings. The large number of potential
neurons available in the Context layer is needed to include
into the network the capability to contemporary learn not
only sequences but also subsequences in the system as will
be detailed in the next sections.

The number of rings considered matches the maximum
length of the sequences that can be learned. The presence of
lateral inhibition among neurons within the same ring is used
to generate a competition filtering out potential disturbances
[33]. This competition leads to select a winner neuron for
the current epoch. Learning takes place between the winner
of the current epoch present in the outermost ring, and the
previous winner neuron located in the adjacent ring. The
synapse between these two neurons is increased following a
Spike-Timing-dependent-Plasticity (STDP) with a large time
scale that is common in living beings as well as in Drosophila
melanogaster [34].

Each neuron in the Context layer is also linked to an
End Sequence Neuron with STDP synapses, details about the
model can be found in [35], [36]. When an End sequence
input is given to the net this neuron will be active and a
learning process will directly link it with the winner neuron



Fig. 1. Block scheme of the developed architecture. The external input is processed by the Antennal Lobes that randomly excite the liquid network, the
Lateral Horn suppresses the lattice activity after a given time window (i.e. 80ms). the liquid activity is modulated with multiple read-out maps that are
learned in order to excite specific resonant neurons. The active class neuron (i.e. a resonant ML neuron) stimulates neurons in the Context layer generating
a trace of activities that can successively guides the classification of the next stimulus. The feedback comes from a series of interneurons that connect
the Context layer with the resonant neurons. A pool of End sequence neurons is also employed to reset the Context activity. The Output layer selects the
correct behaviour for the system depending on the winning class and could influence the activity of the input layer if other behaviors would like to be
included.

of the last active ring of the Context layer. Each End sequence
neuron is connected to all the neurons of the ring in the
Context Layer, corresponding to its position in the array. So
for example the first neuron of the End Sequence vector is
connected with all the neurons of the first ring and so on.
Upon activation, the End sequence neuron will inhibit all the
neurons in the Context Layer.

A. Liquid state network

The liquid lattice is composed of a percentage of about
75% excitatory and 25% inhibitory neurons in the pool.
The connections within the lattice present a synaptic weight
randomly distributed between -0.5 and 0.5 whereas the input
weights are fixed to 1. Finally the output weights representing
the read-out map are subject to learning. The generation of
the synaptic connections within the liquid lattice is based on
a probability that is a function of the distance d i,j between
the presynaptic (i) and postsynaptic (j) neurons.

Pij = k ∗ Ci,j (1)

where Cinh,inh = 0.2, Cinh,exc = 0.8, Cexc,inh =
0.4, Cexc,exc = 0.6 (chosen according to [37]).

and

k = 1 if di,j ≤ 1
k = 0.5 if 1 < di,j ≤ 2
k = 0 if di,j > 2

(2)

The distance is calculated considering the neurons dis-
tributed on a regular grid with toroidal boundary conditions.
The distance di,j = 1 is considered for either horizontal or
vertical adjacent neurons.

The time constant of the synaptic model was randomly
chosen among the value τ= 2.5, 5, 15 and 25ms. This
variability improves the potential dynamics that the network
can express.

B. Neural models

The MB model proposed in this work is realized through a
multi-layer structure composed by spiking neurons. Different
models were used in the architecture to generate the suitable
dynamics needed in the subsystem: the Izhikevich spiking
neurons proposed in [38] and the ML model used as resonant
neuron for classification of the sensory input mapped through
spatio-temporal neural activity in the Kenyon Cells.

The Izhikevich’s model is represented by the following
differential equations:

v̇ = 0.04v2 + 5v + 140− u+ I
u̇ = a(bv − u)

(3)

with the spike-resetting

if v ≥ 0.03, then

{
v ← c
u← u+ d

(4)

where v is the membrane potential of the neuron, u is a
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Fig. 2. (a) Neural dynamics (i.e. action potential) of the Kenyon cells
inspired structure realized through a 8x8 lattice of spiking neurons when
excited by an input. Excitatory and inhibitory neurons are outlined in blue
and red respectively. (b) Dynamics of the sum neurons associated to the
62.5-125 and 187.5Hz resonators. (c) Behaviour of the three ML neurons
up-to-now created. Only thecontemporary third class neuron is correctly
excited by the input coming from the sum neuron.

recovery variable and I is the synaptic current. The values
used for the parameters are different depending on the type of
neuron used as shown in Fig. 1. For the tonic spiking neural
model used in the ALs the parameters are a = 0.02, b =
0.2, c = −65, d = 1.5; for the Class I model used in the
liquid network the parameter are a = 0.02, b = −0.1, c =
−55, d = 6; finally for the Alternative neuron model, that
represents a simplified first order neuron used in the Context
layer and for the End sequence neurons, the parameters are
a = 0, b = −0.1, c = −55, d = 0.

The classification is performed using the ML neuron
model that behaves as a tunable resonate neuron. The equa-

tions of the model are the following [32]:
⎧⎨
⎩

V̇ = kf [I + gl(Vt − V ) + gkw(Vk − V )+
+gCam∞(V )(VCa − V )]
ω̇ = kf [λ(V )(ω∞(V )− ω)]

(5)

where

m∞(V ) =
1

2
(1 + tanh

V − V1

V2
)

ω∞(V ) =
1

2
(1 + tanh

V − V3

V4
)

λ(V ) =
1

3
cosh

V − V3

2V4

V and ω are the state variables of the system, I is the input
and Vi, Vt, gl, gk, gCa and kf are parameters of the model
(see Table I).

TABLE I

PARAMETERS OF THE MORRIS-LECAR NEURONS.

V1 V2 V3 V4 Vt Vk

-1.2 18 2 30 -60 -84

gl gk VCa gCa I kf

2 8 120 4.4 [60.5 61.5] [0.687 2.5]

The ML neuron emits spikes only if stimulated with a
periodic input showing a particular frequency; the neuron
characteristic frequency can be tuned acting on the parameter
kf . The membrane potential (V) shows damped oscillations
around the stable equilibrium point, when the frequency of
the external stimulus corresponds to the neuron characteristic
frequency, the system is forced toward a limit cycle and emits
spikes.

The synaptic model transforms the spiking dynamics of
the pre-synaptic neuron into a current that excites the post-
synaptic one. The mathematical response of the synapses to
a pre-synaptic spike is ruled by the following equation:

ε(t) =

{
GWt/τsyn exp (−t/τsyn), if t > 0
0 , if t < 0

(6)

where t is the time lasted from the emitted spike, τsyn
is the time constant sets to 1ms, W is the efficiency of the
synapse and G is a gain factor sets to 2 for the connections
inside the AL and to 10 elsewhere. The synaptic weights are
modulated through experience using STDP.

Finally the lattice of spiking neurons used to model the
lobes in the MBs are connected to the Sum neurons using
plastic synapses creating a read-out map whose weights are
subject to learning. A simple method that can be used to learn
the target time series is the pseudo-inverse algorithm [39]
that has been used in the following simulations. However
incremental learning mechanisms could be adopted for a
more biological plausible strategy [40].

An example of the response of the classification system
that can produce a growing mechanism to increase the
number of Sum neurons, depending on the available classes,
is shown in Fig. 2. The input provided to the network
produces an activity in the liquid layer (Fig. 2 (a)). This
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Fig. 3. Neural activity of the different layers of the architecture during the learning phase. The first row contains the activity of the ALs for the input A,
B and C respectively. The second row represents the raster plot of the liquid activity, the third row contains the dynamics of the Sum neurons and the forth
row the ML activity. In the fifth row the behaviour of the Context layer is depicted: the spots represent the neurons in the various rings and the colours
indicate their membrane potential. The End sequence neuron spiking activities are reported in the last row.

is projected, through a series of read-out maps into different
Sum neurons (Fig. 2 (b)); in this example only three different
classes were formed so far. Each Sum neuron is connected
to a resonator with a specific frequency (Fig. 2 (c)): this
emits spikes if correctly stimulated. If the number of emitted
spikes is above a given threshold, the input is considered
to belong to the active class as in this case for the third
neuron. If the spiking activity of the available classes is not
large enough (at least 50 % of the maximum number of
spikes allowable), a new resonator is added with a different
resonance frequency and the current input is associated to
this new class by learning the corresponding read-out map.

III. SIMULATION RESULTS

For each object presentation, the network is simulated
for 1100 integration steps. The first 100 steps represent a
feedforward phase used to recognize the fresh input provided
to the system without the influence of the other feedback
loops present in the network. These are activated during the
last 1000 simulation steps. The model is mainly input driven;
therefore the time passed between two consecutive inputs

is not taken into account. Current efforts are being focused
to add a fading activity in the Context neurons in order to
create a window of interest: here the successive input can
be considered as part of the same sequence. Moreover we
are using an external input that works as a dopaminergic
stimulus acting on the End sequence neuron to reward the
sequence and reset the activity in the Context layer to start
a new sequence [41].

To evaluate the capabilities of the developed structure, a
series of simulations were performed. A simple trial used to
show the activities emerging in the different layers consists
in learning the sequence ABC. The activity of all the
important elements of the network is shown in Fig. 3 where
the learning phase is analysed. The presented objects are
identified through a set of features used to excite the AL
layer (fist row in Fig. 3). Here the objects are discriminated
by four different features each one with four different val-
ues: A(1, 1, 1, 1);B(0, 1, 2, 3);C(3, 2, 1, 0). The AL layer is
directly connected to the liquid network that is characterized
by a sparse spiking activity (Fig. 3, second row). When
the first input is provided, due to the absence of already
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Fig. 4. Neural activity of the different layers (AL input, Liquid network, Sum neurons, Morris-Lecar resonators, Context layer and End sequence neurons)
of the architecture during the testing phase when the input provided is A Null Null.

established classes, a first read-out map is created and trained
to generate a sinusoidal signal able to stimulate the associated
ML neuron created to resonate at 62.5Hz. Between the Sum
neuron and the ML a Heaviside function is used to avoid
classification problems normalizing the amplitude of the
stimulus through a pulse train (Fig. 3 third and fourth row).
The active class neuron is therefore linked to the Context
layer. This now contains a single neuron placed in the inner
circle (i.e.fifth row). When the second input is presented, the
class neuron previously created is not correctly excited and
a new read-out map is learned and associated to a new ML
neuron tuned to resonate at 125Hz. At the same time new
neurons are enrolled in the Context layer because a new class
has been created and connections between these neurons and
the ML neurons are established. The Context neuron of the
first ring diffuses in the second ring in the outer direction: the
interaction with the active class (ML) neuron determines the
new winner in this second ring of the Context layer. Finally,
to reinforce the link between the previous element of the
Context and the actual active resonant neuron, their synaptic
connection is strengthened. The same process is repeated for
the third input that is associated to a new class neuron; in

this case a rewarding signal is provided, the End Sequence
neuron associated to the third ring of the Context layer is
excited and the connection between the active Context neuron
in the third ring and the End neuron is reinforced through
STDP. The End Neuron finally resets the Context activity.
The same sequence is represented at least twice to increase
the strength of the learned synapses that contribute to the
memory formation.

In Fig. 4 the behaviour of the architecture during the
testing phase is reported. Now we provide to the architecture
only the first input (object A). The activity generated into
the Context layer is able to stimulate, using the synaptic
connections as schematized in Fig. 1, the correct class
neurons to reproduce the stored sequence ABC.

IV. REMARKS

This novel architecture allows multiple sequences to be
concurrently stored and retrieved if stimulated. It is also
possible to provide information about the fitness of the
sequence quantifying the rewarding signal assigned at the
end of the sequence. In fact the number of spikes of the End
neuron is directly related to the level of reward associated to
the generated sequence due to the different levels of synaptic



Fig. 5. Internal simulation of the system while recalling the sequence ABBA and BDDC in the first and second row respectively. The AL input layer
for the first element of each sequence is reported and followed by the Context activity internally generated by the system until one of the End Sequence
Neurons is excited. The number of emitted spikes is used to select the most rewarding sequence that in this case is BDDC.

weights learned. This can be used to perform a decision
making process. An example is reported in Fig. 5 where
the system, after learning both the sequences ABBA and
BDDC, is requested to make a choice between A and B
in order to follow either one or the other sequence (e.g.
landmark related actions to reach a food source). The system
can internally simulate one and then the other sequence and
compare the number of spikes of the End Sequence neuron
in both cases. In the reported example the sequence BDDC
is the most rewarding one and then the behaviours related to
this sequence will be performed by the system.

Another interesting possibility naturally allowed by the
architecture is to retain not only the sequence of the ele-
ments presented but also the sub-sequences included into the
main stream. The idea is to allow each element presented
to activate a neuron in every ring of the Context layer.
Therefore multiple chains of context activity are generated
and stored in the architecture. This capability is important
to extract relevant sequences of elements even in presence
of very noisy and complex conditions. In fact it is now
less important which is the first element of the sequence
because each element can be considered as the starting
point. Moreover, depending on the number of times the sub-
sequence is contained in the stream of elements, it can be
reinforced more than others and considered as more reliable
to be generated when the initial element is presented. Fig. 6
shows the activity of the Context layer when the sequence
ABCD is presented and sub-sequences are also created.
It can be noticed how multiple branches extend from the
inner ring to concurrently memorize all the parts of the
sequence presented. A final remark is that our efforts are
concentrated into modelling architectures taking inspiration,
both structurally and functionally, from the insect brain. The
main theme is that in a so tiny brain a unique architecture can
handle with a number of different behaviors concurrently, so
that the idea of having dedicated optimised structures able to
solve the related subtask in an optimal way leaves the place
to a holistic view, in which the emergent overall, redundant
dynamics is able to satisfy concurrent and different needs.
A natural consequence of this concept, directly derived by
the Neural reuse theory, is that a comparison with AI based
structures, specifically designed for sequence learning, is

Fig. 6. Activity of the Context layer when the sequence ABCD is provided
and the sub-sequences are considered. The red circles represent the active
neurons; multiple chains are generated also to trace the subsequences BCD
and CD in the Context.

currently out of our scope.

V. CONCLUSIONS

The Mushroom bodies are an important center of the insect
brain that has been used to inspire the implementation of
neural models able to deal with multiple tasks concurrently.
In the presented work an architecture based on spiking
neurons was developed to handle classification problems
together with sequence learning processes.

The idea is to enslave the complex dynamics present inside
the MBs, here in part modelled using a liquid state network,
through extrinsic neurons working as read-out maps. These
neurons, through learning, can determine the recognition of
specific classes of elements inducing the activity of resonant
neurons.

The key points that guided the new design process, com-
paring with the previous developed structures, include: the
presence of sparse spatial activity inside the liquid state
network instead of cluster formation, the introduction of a
growing mechanism for classification and the inclusion of
multiple ways to handle the internal dynamics using several
read-out maps mimicking the role of extrinsic neurons. More-
over the presence of a Context layer allows the learning and
retrieving of multiple sequences including also the possibility
to extract sub-sequences from larger streams of events.



Decision making processes can also be reproduced con-
sidering the End Sequence stimuli as rewarding signals that
can be modulated. In this way the architecture can internally
retrieve different sequences depending on the initial stimuli
and select the most performing one on the basis of the spiking
activity of the End Neuron that contains information about
the cumulative level of rewards obtained, for that sequence,
during the learning process.
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