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Abstract. Semantic memory representations have often be modeled in
terms of a collection of semantic features. Although feature-based models show a great explanatory power with respect to cognitive and neuropsychological phenomena, they appear to be underspeciﬁed if interpreted from a neuro-computational perspective. Here we investigate the
retrieval dynamics in a feature-based semantic memory model, in which
the features are represented by neurons of the Hindmarsh-Rose type in
the chaotic regime. We study the state of synchronization among features coding for the same or diﬀerent representations and compare the
correlation patterns obtained by analyzing the whole neural signal and a
manipulated signal in which the sub-threshold component is ruled out.
In all cases we ﬁnd stronger correlations among features belonging to the
same representations. We apply a formal method in order to represent
the state of synchronization of features which are simultaneously coding
for diﬀerent representations. In this case, the synchronization and desynchronization pattern that allows for a shared feature to participate in
multiple memory representations appears to be better deﬁned when the
whole signal is considered. We interpret the simulation results as suggestive of a role for chaotic dynamics in allowing for ﬂexible composition of
elementary meaningful units in memory representations.

1

Introduction

Semantic memory can be deﬁned as our relatively permanent memory store
for world knowledge: it comprises information about words meaning and allows
for the recognition of meaningful perceptual stimuli. The featural description
of memory representations produced accounts for a large part of the experimental phenomena described in semantic memory literature, such as basic level
naming [1], typicality eﬀects [2], context eﬀects [3], priming [4] and category
structure [5]. The existence of subgroups of shared features is at the base of
the explanatory account of the models in both cases. The main problem with
the feature-based account is that it appears to have a great deal of explanatory
power at a general level, but it is extremely underspeciﬁed in the details. There
is a remarkable lack of consensus about what could be reasonably conceived as
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a semantic feature for diﬀerent classes of stimuli [6], such as percepts and words
belonging to diﬀerent semantic and morpho-syntactic classes (concrete words,
abstract words, verbs etc.), although recent explicit proposals in this sense have
appeared in the literature [7]. Here we will approach the problem of modeling
semantic memory representations with shared features starting from some assumptions on the dynamic process of memory retrieval. First of all we assume
that a semantic feature is a cognitive component of the semantic representation
that is encoded in the collective activity of a segregated population of neurons
[8] with chaotic dynamics. In fact, although memory processes and their neural
correlates have been extensively modeled in terms of Attractor Neural Networks
[9] and recent approaches emphasize the role that dynamic ”latching” between
attractors might have in unleashing the computational capabilities of ﬁxed point
dynamics [10], simultaneous retrieval of overlapping patterns still remain very
diﬃcult to implement with more ”sedate” dynamical systems. Second, recent
approaches have emphasized the need to shift to dynamic paradigms in which
memory representations are built ’on the ﬂy’ according to the speciﬁcity of the
task demands and of the behavioral goals the subject is engaged in [11]. Chaotic
dynamics might be a preferential tool in this framework due to low cost and fast
transition between attractor states.
Building on some ideas that were ﬁrst proposed in the case of perceptual
features [12] [13] [14], we explore the possibility to resort to chaotic dynamics in
order to implement a toy model of a multimodular semantic memory system in
which shared features can be dynamically allocated to diﬀerent semantic representations in order to allow for the co-occurring retrieval of two or more related
patterns, as it is possibly needed for the memorization and retrieval of complex
scenes or concepts. Taking as a starting point the multimodular structure deﬁned in [15], we propose a richer quantitative analysis of the network behavior
by applying diﬀerent types of synchronicity measures. We also contrast the results obtained by the diﬀerent signal manipulations in an attempt to disclose
the characteristics of the neural signal that appears to be more relevant for the
emergency of the hierarchical structure of memory representations.

2

The Model

We study an associative neural network characterized by a multimodular architecture, which represents the functional segregation observed in some cortical
areas (V1 and beyond [16]). The modular architecture of the network, depicted
in Fig.1, is given by a set of M feature modules, each representing a speciﬁc dimension, or domain, in the memory pattern (e.g. color, dimension, shape, etc.).
Each module includes F neurons coding for diﬀerent features of the pattern
(features are encoded by a single neuron), along the dimension speciﬁed by the
module (e.g. red in color module, sphere in shape module, etc.). For the sake
of computational simplicity we choose to substitute the population dynamics
at the featural level with single unit dynamics. Although this is clearly a limit
of the present simulations it is nevertheless known that single neuron spiking
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Fig. 1. Representation of the multimodular architecture. The network includes M
(M=16) feature modules, represented here as boxes. Each module contains F (F=8)
neurons, depicted as squares. Each single neuron i is connected to all neurons j in the
other modules, through excitatory coupling (wij ).

activity shares many relevant properties with network activity in terms of temporal statistics [17]. A memory pattern is deﬁned by a vector of M features, each
from a diﬀerent module. In order to obtain all possible patterns, every neuron is
connected via excitatory coupling to all neurons of the other modules (cooperation). Since neurons belonging to the same module code for mutually exclusive
features (e.g. either red or yellow), we also introduce a competitive mechanism
between them which take into account the average intra-modular activity. We
use Hindmarsh-Rose model-neurons, which exhibit realistic response properties
such as the presence of long interspike intervals between action potentials. Those
models are characterize by a periodic or chaotic (irregular bursting) dynamic
behavior, depending on a single parameter [18]. The network consists of N HR
neurons (N = 128), belonging to M diﬀerent modules (M = 16). In each module
we have F feature neurons (F = 8)(i is the index for neurons in the network, j
is the index identifying neurons belonging to diﬀerent modules from the module
of i, k identiﬁes neurons inside the same module as i). Each HR neuron in the
network is described by the ﬁrst-order diﬀerential equations
F (M−1)

Ẋi = Yi −

aXi3

+

bXi2

− Zi + Ii +


j=1

Ẏi = c −
− Yi
Żi = r[s(Xi − x0 ) − Zi ].
dXi2

F −1
1  (i)
wij Sj (t) −
Sk (t) (1)
F −1
k=1

(2)
(3)

The state of neuron i is described by three time-dependent variables, namely, the
membrane potential Xi , the recovery variable Yi , and a slow adaptation current
Zi . The external input Ii , for the standard choice of parameters (a = 1.0, b = 3.0,
c = 1.0, d = 5.0, s = 4.0, r = 0.006, and x0 = −1.6), is set such that the single
neuron dynamics is chaotic. The synaptic input given by the ﬁring activity of the
j-th neuron on the i-th neuron is modeled in Eq.(1) by the impulse current to
the i-th neuron, proportional to the synaptic strength wij , generated when the
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j-th neuron is active. A neuron is here considered active whenever its membrane
potential exceeds a threshold value X ∗ (X ∗ = 0 in our study) and its activity
is coded by the variable Sj = Θ(Xj (t) − X ∗ ), where Θ(x) = 1 if x ≥ 0 and
Θ(x) = 0 if x < 0. A local inhibition mechanism, active on the i-th neuron, is
modeled in Eq.(1) by a negative impulse current to the i-th neuron, generated
when the k-th neuron, belonging to the same module as i, is active. Si here
represents the activity variables of the neurons in the module (i).
Our memory patterns are deﬁned by sets of 16 features, coded by 16 active
neurons. Given two memory patterns, we distinguish between Patterns which do
not share features (NSF) and Patterns which share features (SF). In the ﬁrst
case, vectors coding for the two patterns are orthogonal: they do not share any
features. In this case, all active neurons are coding for a pattern only. In the
second case, vectors are not orthogonal, so some neurons are coding for more
than one pattern. We implement a learning stage, during which input memory
patterns are stored, and a retrieval stage, in which the network activates some
memory patterns out of the stored ones. A variable number of memory patterns is
randomly generated and stored in long-term memory via updating of connection
weights by a one-shot Hebbian mechanism: if two connected neurons i and j
(belonging to diﬀerent modules) are active at the same time, the synaptic eﬃcacy
of their connection (wij ) is increased. In this work wij is deﬁned as
P
1 
1 1
(1 − exp (−(
wij =
Si (p)Sj (p)))),
MF
P p=1

(4)

where Sl (p)=1 if neuron l is active for pattern p, Sl (p)=0 otherwise; P is the
number of stored patterns. The learned connection weights are kept costant
during memory retrieval and successive simulations. In the later section, we
report results concerning the multiple retrieval dynamics of the network. We are
interested on the retrieval of patterns which share features and which do not.
The numerical integration was done by using a ﬁxed-step fourth-order RungeKutta method. The integration step-size was chosen equal to 0.05 ms to compare
our results with experiments.

3
3.1

Results and Discussion
Retrieval Dynamics: Results and Discussion

In order to investigate the retrieval dynamics of the network, we study the temporal ﬁring state of the neurons which are activated by input patterns (workingmemory [19]). We activate those neurons coding for the 16 features of a given
pattern, by setting the external input current Ii in a chaotic regime, randomly
between 3.0 and 3.1 (Ii is equal to 0 for inactive neurons). We are interested
on what happens when the retrieved patterns are more than one, and when
they share some features (SF) or not (NSF). Simulations were run with a variable number of stored patterns, retrieved patterns and shared features. Here,
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for the sake of simplicity, we report the results concerning two simulation conditions: the retrieval of two NSF patterns and that of two SF patterns with
three shared features. In both conditions the number of stored patterns P is
equal to 15. In order to characterize the degree of correlation within and between patterns, we analyze the normalized correlation functions with variable
lag τ , between the time series x(t), y(t) generated by the membrane potential
X of the active neurons. In Figs.2-3 the maxima of correlation functions deﬁned
t −xy
} are plotted, where . and σ denote time
as Cxy = max(τ ) { x(t−τ )y(t)
σx σy
averages and standard deviations respectively. As the binarization is a standard
type of manipulation of the neural signals, we use the same correlation analysis
with the binarized time series of the membrane potential. We deﬁne a threshold
(taken here as thr = 0) to encode the membrane potential X(t) of the neurons
as a string of 0’s and 1’s (X(t) = 1 when X(t) > thr and X(t) = 0 otherwise). This analysis is done in order to determine if this diﬀerent format encodes
the same information as non binarized signals, and if this information is suﬃcient to describe the correlation structure of the retrieved patterns. We expect
that this structure does not change dramatically for the binarized time series,
due to the fact that the temporal informations about the spikes (their temporal
position, length and separation from other spikes) are maintained in binarized
time series.

Fig. 2. Retrieval of two patterns with Not Shared Features. Maxima of correlation
functions between time series (left) and binarized time series (right) of the membrane
potential of active neurons (16 for Pattern I and 16 for Pattern II). Within each matrix:
the maxima values for the 16 pairs of neurons belonging to Pattern I and Pattern I
(top-left), Pattern I and Pattern II (top-right), Pattern II and Pattern I (bottom-left),
Pattern II and Pattern II (bottom-right). Values are represented using grayscales, from
0 (black) to 1 (white).
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Retrieval of Patterns with Not Shared Features (NSF). In this simulation condition, we activate two NSF patterns (Pattern I and Pattern II) out of
the P stored patterns. We have 32 active neurons, each one coding for one pattern only. By analyzing the structure of correlation functions for the binarized
and non binarized time series, we ﬁnd stronger correlations between neurons
coding for the same pattern, and weaker correlations between neurons coding
for diﬀerent patterns (Fig.2). The maxima of correlation functions are greater
for non binarized time series compared to binarized time series, but the structure
of the matrix is similar.
Retrieval of Patterns with Shared Features (SF). In this second condition, the network retrieves two SF patterns which share three features (there are
three neurons which are coding for both Pattern I and Pattern II). By evaluating maxima of correlation functions for the binarized and non binarized time
series (Fig.3), we observe stronger correlations between neurons coding for the
same pattern and weaker correlations between neurons coding for diﬀerent patterns, except for those neurons coding for shared features: they are correlated
with neurons coding for both Pattern I and Pattern II. As in NSF condition,
the maxima of correlation functions are greater for non binarized time series
compared to binarized time series, but the structure of the matrix is similar.
The neuronscoding for shared features are correlated with neurons coding for

Fig. 3. Retrieval of two patterns with three Shared Features. Maxima of correlation
functions between time series (left) and binarized time series (right) of the membrane
potential of active neurons (16 for Pattern I and 16 for Pattern II). Within each matrix:
the maxima values for the 16 pairs of neurons belonging to Pattern I and Pattern I
(top-left), Pattern I and Pattern II (top-right), Pattern II and Pattern I (bottom-left),
Pattern II and Pattern II (bottom-right). Values are represented using grayscales, from
0 (black) to 1 (white).
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Fig. 4. Left: from top, the ﬁrst time series is the membrane potential of a neuron coding
for Pattern I only (PI), second one for Pattern I and Pattern II (S), and the third one
for Pattern II only (PII). Over the time series the mobile window (w = 100 msec) for
MWC is depicted. Right: the MWC between the shared neuron S and the two neurons
coding for one pattern only (PI and PII), are plotted, as a function of time shift.

1
0.8
0.6
0.4
0.2
0
0
1
0.8
0.6
0.4
0.2
0
0
1
0.8
0.6
0.4
0.2
0
0

500

1000

1500

500

1000

1500

1000

1500

500
time (msec)

Fig. 5. Left: from top, the ﬁrst time series is the binarized membrane potential of a
neuron coding for Pattern I only (PI), second one for Pattern I and Pattern II (S),
and the third one for Pattern II only (PII). Over the time series the mobile window
(w = 100 msec) for MWC is depicted. Right: the MWC between the shared neuron
S and the two neurons coding for one pattern only (PI and PII), are plotted, as a
function of time shift.

Pattern I and Pattern II in a nonstationary way. In order to investigate this
non-stationarity, we introduce the Mobile Window Correlation (MWC) (see next
section).
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Fig. 6. The maximum of correlation functions between time series of neurons coding
for the three shared features in SF simulation condition (neurons 3, 13 and 15 from
Fig.3)

Mobile Window Correlation (MWC). The Mobile Window Correlation is
, where the averages and the standard deviadeﬁned as MWC(θ) = xy−xy
σx σy
tions are evaluated in the mobile (synchronous) window [θ − w/2, θ + w/2]. We
analyze the MWC, as a function of the time shift, for the time series of a neuron coding for both patterns (indicated with ’S’, in Fig.4 for non binarized time
series and in Fig.5 for binarized) and two neurons, the ﬁrst coding for Pattern
I (MWC(PI,S)) and the second for Pattern II (MWC(PII,S)) only. As shown in
Fig.4 and Fig.5, the shared neuron S is alternatively correlated with the neurons
coding for the two patterns (PI and PII).
3.2

Hierarchical Organization in Neural Representation

Overall, the results of the correlation analysis show that units that are coding
for shared features tend to be more strongly correlated among them than units
that are coding for item speciﬁc features belonging to the same pattern (Fig.6).
In the model it is therefore possible to disclose the emergence of pools of units
coding for shared features. We suggest that these pools of units are representative of super-ordinate information with respect to what is coded at the level
of Shared Features. In the semantic memory system, the stronger correlation
between shared features could be at the base of the hierarchical structure of the
memory representations.

4

Discussion

Previous connectionist models of semantic memory assuming feature-based representations [5] and point attractor dynamics [20] have proven to be a suitable
tools to investigate and explain a great deal of cognitive and neuropshychological
data. What is therefore the main advantage obtained by shifting to a chaotic
dynamic regime? Our results enhance the role of chaotic dynamics in allowing
much greater ﬂexibility of semantic representations during memory retrieval.
In fact, in our model the same semantic features can be dynamically allocated
to diﬀerent memory representations by alternating their synchronization state
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with diﬀerent pools of units. Furthermore the same mechanism is able to sustain
the separation and concurrent retrieval of partially overlapping memory representations, and avoids spurious synchronization of unrelated semantic features.
Neither attractor networks with Hopﬁeld dynamics [20] nor models resorting to
static synchronization of neural activities [21] are able to solve this computational problem. We would like to speculate that this mechanisms could play a
relevant role in other cognitive domains, possibly linked to frontal lobes functions, such as conﬂict resolution and coherence assessment [11]. In an attempt
to provide a formal description of dynamic synchronicity, we introduce the Mobile Window Correlation Analysis. In the present set of simulations dynamic
synchronization shows up even when we take into account the spiking signals
alone and leave out the contribution of sub-threshold neural activity (Fig.5).
Nevertheless, it appears that the alternate synchronization to diﬀerent pools of
features is more neatly deﬁned when the whole signal is considered (Fig.4), e.g.
when the sub-threshold activity of the units is also taken into account.

5

Conclusions

In the present work we presented a toy model of the semantic memory system
in which semantic features are coded by Hindmarsh-Rose neurons in the chaotic
regime. We devised a formal method to quantify the level of synchronous and
asynchronous activity among units coding for Shared and Not Shared Features,
and we applied it to the whole signal and to diﬀerent manipulated neural signals,
in which the contribution of sub-threshold activity was ruled out. Although the
emergence of a hierarchical structure is evident in all cases, the synchronization
shifts that allow for the same feature to participate in the retrieval of multiple
semantic memory representations appears to be better deﬁned when the subthreshold activity is also taken into account. Based on our results, we suggest
that the structure of correlations typical of groups of Shared Features would be
more robust with respect to damage when compared to the one of Not Shared
Features. Further simulations will empirically address this issue. Overall, our
results suggest that chaotic dynamics might play a relevant role in allowing for
ﬂexible composition of elementary representational states in cognition.
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