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Autoregressive model of the hippocampal representation of events
András Lőrincz and Gábor Szirtes
Abstract—The hippocampal formation is believed to play a
central role in forming long lasting representation of events.
However, in contrast to the continuous nature of sensory signal
flow, events are spatially and temporally bounded processes.
In this paper we are interested in the kind of representation
that allows for detecting and/or predicting events. Based on
new results on the identification problem of linear hidden
processes, we propose a general signal encoding model that
can represent causal relationships used to define events. We
translate the model into a connectionist structure in which
parameter learning follows biologically plausible rules. We also
speculate on the resemblance of the resulting structure to the
connection system of the hippocampal formation. When our
signal encoding model is applied on spatially anchored inputs,
its different parts feature spatially localized and periodic neural
activity similar to those found in the hippocampus and in the
entorhinal cortex, respectively. These emergent forms of spatial
activity differentiates our model from other computational
models of (spatial) memory as the model has not been explicitly
designed to deal with spatial information. We speculate that our
model may describe the core function of the hippocampal region
in forming episodic memory and supporting spatial navigation.

I. I NTRODUCTION
NE of the spectacular functions of the brain is to detect
and predict events which may intuitively be deﬁned
as spatially and temporally limited change of a given state
or condition of the observed environment (which may also
include internal state variables of the observer). While events
may or may not be in a causal relation (since end state of one
event may be the start state of another one), it makes sense to
learn causality of signals that trigger a switch between states
and the resulting events. For example, an animal may be still
or moving fast and a switch between these states (the event)
can be triggered by different causes (detecting a predator
or a potential mating partner). By learning this causality,
it becomes possible to predict succeeding states from the
detection of a particular trigger. However, in contrast to the
widely used coding mechanisms where codewords can easily
be distinguished, we receive a continuous ﬂow of sensory
signals from which we should ﬁrst decode the triggers. These
triggers then can be used to segment the sensory signals
into ﬁnite chunks that allow for efﬁcient representation of
events (where efﬁciency may, for example, regard memory
capacity). In Section II we formalize our assumptions on
the sensory signals and show how the resulting model can
be used for segmentation in which the notion of statistical
independence plays a key role. In Section III we translate the
algorithms into a connectionist network in which parameter
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tuning can only be realized via biologically plausible local
interactions. In Section IV we parallel some interesting
properties of the architecture with the features unique to the
hippocampal region (HR), the brain area centrally involved
in forming the so called episodic memory [1], [2], [3]. We
also show some simulation results on the dynamics of the
model. Finally, in Section V we shortly discuss a few open
questions and formalize predictions on the functioning and
dynamics of HR.
II. I DENTIFICATION OF THE SENSORY INPUT
It is natural to interpret the observations (x(t) ∈ Rd ) as
mixed signals emitted by a hidden (not directly observable)
state variable (s(t) ∈ Rd ) that evolves in time thus forming
a process. The simplest case is if linearity is assumed both
for the mixing and the dynamics of the process. Accordingly,
the observations and the hidden process may be written as:
x(t)

=

s(t + 1) =

As(t),
(1)
I
J


Fi s(t − i) +
Hj e(t + 1 − j), (2)
i=1

j=0

that is the observations are instantaneous mixtures of the
state components whose evolution follows an autoregressive
moving average process (ARMA) of order (I, J) with driving
noise (or innovation process) e(t) ∈ Rd . In general the
driving noise components are assumed to be temporally
independent and identically distributed (i.i.d.) stochastic variables. However, in accord with our causal deﬁnition of
events we also assume that noise components (or at least
their subgroups) are spatially (i.e., index-wise) independent.
We assume that matrix H0 ∈ Rd×d is the identity matrix
Id ∈ Rd×d . The ARMA(I, J) model comprises the contributions of previous states transferred by the predictive
matrices Fi (i = 1, . . . , I) and the different echoes of the
driving noise transferred by matrices Hj (j = 1, . . . , J).
The goal is to ﬁnd the F̂i ∈ Rd×d (i = 1, . . . , I) and
Ĥj ∈ Rd×d (j = 1, . . . , J) estimations of the hidden
dynamics and the echo structure, respectively, and to learn to
separately represent the estimated hidden state, ŝ(t), and the
independent subgroups of the estimated driving noise ê(t).
Regarding the structure of Fi , i = (1, . . . , I), a special
case seems relevant: joint block-diagonal structure implies
dynamical sub-processes that do not mix. These hidden
processes are independent in a dynamical sense so their
identiﬁcation could reduce the representational complexity.
Below, for the sake of conceptual simplicity, we assume a
hidden ARMA(1, 0)=AR(1) process and the issue of delays
will be discussed later. Theoretical details of higher order
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hidden ARMA processes and post-nonlinear extensions can
be found in [4], [5], [6] and in [7], respectively.
The key step to solve the identiﬁcation problem is to
recognize that the observation process is also an AR(1)
process, if matrix A can be inverted [6]:
x(t + 1) = M x(t) + n(t),

(3)

where the observation noise is n(t + 1) = Ae(t + 1). According to the d-central limit theorem [8] n(t + 1) is approximately Gaussian so the predictive matrix (M = AF A−1 )
may be estimated by least-mean square approximations and
then the wanted independent driving noise components can
be extracted by applying Independent Component/Subspace
Analysis (ICA/ISA) [9], [10], [11] on the observation noise.
An important result [12], [13] is that – for a large class of
source distributions – separation of independent subspaces
(i.e., the ISA problem) can be solved in two steps. First,
traditional ICA methods yield one dimensional components
and second, the resulting components should be grouped to
form independent subspaces. In turn, ISA of the estimated
noise can simultaneously recover the estimated mixing matrix Â, the hidden state ŝ(t) = Â−1 x(t) as well as the assumed independent subspaces of the multidimensional driving source components ê(t) = Â−1 n̂(t). If Â is recovered,
then the hidden predictive matrix can also be approximated
(F̂ = Â−1 M̂ Â).
III. A CONNECTIONIST NETWORK IMPLEMENTATION
In this section we provide local learning rules for parameter estimation of the identiﬁcation task described above. The
resulting algorithms can be translated into a neural network
in which ‘activity’ of a ‘neuronal layer’ is represented by
a vector, connection weights between layers or within layer
components (i.e., recurrent connections) are represented by
matrices and neurons may realize non-linear transformations
of their inputs.
A. Assumptions and simplifications
For simplicity, rate coding (manifesting analogue values)
and mixed, i.e., positive and negative weights (which realization contradicts Dale’s Principle) are assumed throughout the
derivations, but the proposed functioning can in principle be
also realized by using either positive coding [14] or homogenous connection systems [15]. Inhibitions (or subtractions)
are manifested by separate inhibitory populations within a
layer using feedback or feed-forward inhibition.
We also assume that after each transformation the resulting
entities (represented by a given layer) get decorrelated and
normalized (i.e. they are subject to whitening). Whitening
helps compressed encoding [16] and it speeds up ICA [17],
[18] as a preprocessing step. Whitening may take place
within a layer with the help of inhibitory recurrent connections for which biologically feasible learning rules can also
be given [19]. Interestingly, whitening can also be realized
by utilizing inter-layer feed-back connections. The so called
forward-inverse model [20] or reconstruction network [21]
assumes a loopy structure with a bottom-up (BU) and a

top-down (TD) transformations in which representation of
the input is used to regenerate an estimate of the input
and different constraints can be put on the transformations.
It can be shown that in a reconstruction network the two
branches can learn to invert each other – at least in the
pseudo-inverse sense – applying simple Hebbian rules that
we introduce later. Both whitening and ICA can be realized in
a reconstruction network for which the mathematical details
and a possible implementation scheme will soon be provided.
The different algorithmic tasks and the related learning
rules will be described in separate subsections below.
B. Innovation
The ﬁrst algorithmic step is the estimation of the innovation: n̂(t + 1) = x(t +
1) − M̂ x(t). The corresponding cost
function J(M̂ ) = 12 t |x(t + 1) − M̂ x(t)|2 leads to the
following Hebbian learning rule: ∆M̂ (t+1) ∝ n̂(t+1)x(t) ,
where  denotes transpose. Since this rule requires simultaneous access to the error and the observation, the realization
of this rule assumes two separate layers representing the observation and the innovation, respectively. As we see, while
the learning rule is based on positive correlations, but the
transformation itself is a subtraction, M̂ is supposed to act
through feed-forward inhibition. It also implies that observation is projected onto both layers. To fulﬁll the whitening
requirement on the represented entities, both the architecture
and the learning rule need to be modiﬁed. Let z(t) and m̂(t)
denote the whitened observation and the whitened estimated
innovation, respectively. Distinct whitening procedures are
needed for the two signals. Observation can be made white
by intra-layer inhibitory collaterals. Innovation, however,
may also get whitened by integrating the two layers into
a loop structure. The effect of the loop is represented by an
auxiliary term in the cost function:
1
J(M̂ ) =
|x(t + 1) − M̂ z(t) + Q ν(t + 1)|2
(4)
2 t
The exact role of Q ∈ Rd×d and ν(t + 1) ∈ Rd will
be given later. For now it is enough to conceive ν(t + 1)
as an internal representation of the innovation created by a
reconstruction network (see, Fig. 1). The advantage of the
auxiliary connection system Q is that learning rule for Q
∆Q ∝ [Q ]−1 − m̂(t + 1)ν(t + 1)

(5)

can make the activity at the innovation layer white [17]. This
learning rule can be strictly Hebbian by means of effective
coincidences [22] (see later). In addition, the online learning
rule of M̂ still assumes a pure Hebbian form:
∆M̂ (t + 1) ∝ m̂(t + 1)z  (t),

(6)

C. Separation
The next module extracts the independent noise components from the innovation: ê(t) = W m̂(t). Among several
solutions that can estimate demixing matrix W , the so called
Infomax online rule [23] suits our architecture:


−1
∆W (t + 1) ∝ [W (t) ] − f ê(t) m̂(t) ,
(7)
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Q0

1

Although computationally such rule is feasible, the neuronal
implementation is not straightforward as we will discuss.

(t + 1)
Q

IV. F UNCTIONAL MAPPING
M̂

As an interesting motivation to our work, the gross
connection system of the mammalian hippocampal region
(comprising the entorhinal cortex (EC), subﬁelds CA3 and
CA1, dentate gyrus (DG), para- and presubiculum and the
subiculum [24]) is depicted in Fig. 2(a).

z(t + 1)

m̂(t + 1)

decorrelation

x(t + 1)

Figure 1. Connectionist architecture that learns AR dynamics by Hebbian
learning and computes whitened innovation.
  

Here, f (.) denotes tangent hyperbolic component-wise nonlinearity. This rule is actually a nonlinear version of Eq. (5)
and locality can also be ensured by the loopy structure.
Let us remark that pre-whitening signiﬁcantly accelerates
Eq. (7) [17], [18]. In order to couple the hidden states
with the corresponding driving noise, a transformation that
matches indices and compensates for differences of preprocessing steps should be learnt on the white observation:
ŝ(t) = W̃ z(t). The trivial solution is if m̂ and an estimation
of z are channeled through the same connection system.
Another solution is if the learnt transformation is ‘mirrored’
onto a parallel BU channel thus transmitting the two signals
separately. The second choice ﬁts the innovation module that
yielded a separate representation of the white innovation
and the state. We will argue in Subsection IV-E that both
solutions may be realized in a neurally plausible way and
that HR may indeed use both types of processing, offering a
robust solution to this delicate problem.
The excitatory predictive matrix of the hidden process (F̂ )
can be learnt with the help of the recovered independent
driving noise components and the estimated hidden states.
To comply with the whitening requirement, the internal
predictive model is supposed to work on white signals. The
resulting model could be used to predict future hidden states
even if detection of the sensory stimuli is perturbed (for
example, by occlusion or noise). We propose a separate
layer with a recurrent network that receives two inputs; the
estimated driving noise (ê) and the estimated hidden state
(ŝ) channeled through the same connection system, but in a
temporally multiplexed two-phase manner. Let h denote the
(intra-layer) whitened hidden states. The prediction of future
hidden states assumes the following dynamics:
(8)

Since the transformed driving source, ν(t+1), acts as an error
signal, a supervised Hebbian learning rule can be given:
∆F̂ (t + 1) ∝ ν(t + 1)h(t)
which minimizes the cost function
1
|h(t + 1) − F̂ h(t)|2 .
J(F̂ ) =
2 t

    










(9)

(10)
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D. Learning to predict

h(t + 1) = F̂ h(t) + ν(t + 1).

 



separation
(ICA)
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M̂
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z(t)

x(t + 1)

(b)
Figure 2. (a) The main wiring diagram of the hippocampal region. For
the sake of completeness, loops between the dentate gyrus (DG) and CA3
are also depicted. In our model, the putative role of these loops is to
remove large delays (moving averages). (b) Connectionist architecture for
representing the independent noise and state recovered from the observation
signals. Dashed lined denote connections tuned in a supervised manner.
Arrowhead lines denote mostly excitatory, circle head denotes inhibitory
ˆ respectively.
connections. Note the two ICAs giving rise to ŝ and ŝ,

Here we argue that our proposed learning model may
describe an important aspect of episodic memory learning in
the HR. First we highlight some relevant and unique features
of the neural substrate, which may also support other models,
but their absence would probably falsify ours. Experimental
data mainly come from rat studies, but believed to be similar
for other mammalian brains, too. Also we combine data from
anatomical, episodic memory and spatial navigation studies,
including the particular place and grid like activity in CA1
(CA3) and in the EC, respectively.
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A. Direction of information flow
First, there is a dominantly unidirectional ([25], but see
[26]), and parallel connection system among all parts: superﬁcial layers of EC receive input from adjacent cortical
regions and transmit the signals toward CA1 and also toward
the subiculum. Signal transmission to CA1 takes place in two
parallel routes: the so-called tri-synaptic connection system
(EC II–DG–CA3–CA1) and the direct route from EC III to
CA1. They presumably transmit different information, yet
they can control each other in driving CA1 [27]. Another
interaction is the so called cooperative learning of the
proximal and the distal synapses on CA1 [28] when local
dendritic spikes can induce learning in other synapses even
without postsynaptic activity. As the exact nature of the input
received by EC II and EC III is not known, so we assume
that the superﬁcial layers share the same cortical input. We
also assume that differences in the activity of these layers
stem from their differing intrinsic physiology (e.g. the ratio of
interneurons that enables strong feedforward inhibition in EC
II), anatomy (role of recurrent collaterals) and the received
feedback (EC layers V/VI project back to both layers).
CA1 projects to the subiculum, which receives information
directly from EC III, too. CA1 as well as the subiculum
in turn project back to the deep layers of EC. The parallel
systems in part preserve topographical arrangement [29] but
there exists a separation along the lateral to medial direction.
The lateral and medial parts of the entorhinal cortex (LEC
and MEC, respectively) receive input from different cortical
areas and, in turn, project to non-overlapping portions of
CA1 and the subiculum. In contrast, DG and CA3 receive
convergent input from both LEC and MEC. The functional
consequence is that the fusion of spatial and non-spatial
information may be strictly controlled within the HR [30],
[31].
EC deep layers, which presumably also receive modulatory
signals from different cortical areas, close the loop: they send
mostly excitatory [32] feedback to the superﬁcial layers.
B. Unique intra-regional interactions
Although place cells (that is cells with spatially localized
unimodal activity distribution, [33]) can be found in DG,
CA3 and CA1, their coding mechanism may be quite different, as the underlying connection systems have signiﬁcantly
distinct features. DG is unique for its temporally tunable
connections [34]. CA3 has a dense collateral system which
has a particular role in memory replay [35], [36], [37], [38],
[39]. CA1, as a single exception in the whole circuitry, has
no recurrent collaterals and the activity of the principal cells
seems to be independent[40].
C. Temporal synchrony
In addition to the intricate anatomy, the physiology of
the separate modules is also striking. The prominent synchronized membrane potential oscillations (theta: 4–10Hz,
gamma: 40–100 Hz) can be generated within (EC II or
EC III) and outside the HR (septum) and have differential

effects on the different modules. The oscillations have been
proposed to control synchrony throughout the circuitry [41]
or to provide an internal reference clock [42], [43].
Interestingly, while EC III is phase locked to the main theta
and can maintain persistent activity [44], EC II is very close
to EC III and can also initiate theta activity yet it shows phase
precession, similarly to the place cells in the hippocampus
[45].
Deep layers of the EC show peculiar functioning as well.
In contrast to the superﬁcial layers, EC V can generate input
speciﬁc graded persistent activity in individual neurons [46]
which is generally considered the underlying neural mechanism of working memory [47]. Furthermore, the relative
homogeneity of the CA1 response to changing inputs as compared to that seen in the deep EC may suggest [48] that active
CA1 neurons are engaged in representing one environment,
while deep EC may contain multiple sub-populations, some
tied to CA1 output while others are more independent of
CA1. Interestingly, separate modules or ‘cell islands’ can be
found in EC II as well [31]. As a consequence, if deep layers
can represent several likely models concerning the world,
there should be a switching mechanism that can help select
the one that best serves the correct predictive coding. It is
intriguing that layer III of the EC has been found to receive
such switching signals [44].
D. Space related activity
During spatial navigation tasks, signals carrying different
aspects of spatial information, such as position (DG, CA3
and CA1), head-direction (mainly subiculum) or speed (all
subﬁelds), seem to interfere at several stages. While activity
in most CA3 and CA1 cells does not show correlation with
directional information, postsubicular head-direction cells
directly innervate the deep layers of EC, which in turn
send this information to the superﬁcial layers. According
to this scenario, grid cells in EC III show clear conjunctive
correlation representing mixed information[49]. However, the
activity of neurons in EC layer II is free of directional
modulation.
E. Mapping of the architecture
The proposed connectionist architecture is shown in
Fig. 2(b) to help the comparison with the gross anatomy
of HR, depicted on Figs. 2(a). The superﬁcial entorhinal
layers are supposed to receive inputs (highly processed
sensory stimuli and motion related activity) from the cortex.
Due to the proximity of EC layers II and III, they may
share the same input thus providing the parallel pathways
required by the innovation step. As EC II has an extensive
inhibitory network, we speculate that connections from EC
III mainly act through feed-forward inhibition and EC II
represents innovation. The recurrent connections in both
layers may take part in whitening, because the diversity
of inhibitory populations may enable concurrent functions
without interference. In addition, projections from EC deep
layers may also contribute to whitening of EC II activity.
Due to lack of space connections between EC II and CA3
1888
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Another critical issue about the separation is that the
necessary synaptic enhancement of separation (regarding the
term [W  ]−1 in Eq. (7)) cannot be realized by a recurrent connection system as it is absent in CA1. Our proposal is built on
the reconstruction network idea utilizing loopy connections.
As Eq. (7) shows, the second Hebbian term directly depends
on the pre- and postsynaptic activity. However, the ﬁrst term
is proportional to the inverse transpose of the transformation
matrix (‘top-down’ (TD) connections) which is basically
equals the rest of the loop. Since the reconstruction network
is aiming to regenerate the input, the reconstruction error
decreases as parameter tuning advances. In turn, this TD term
will transmit mostly noise for which the so called effective
coincidences [22] can maintain locality. This proposal is in
accord with the anatomy of HR, because CA1 projects onto
the deep layers of EC, which in turn project onto the input
(superﬁcial) layers of EC.

2
1.5
[cm]

through DG are collapsed and the tri-synaptic pathway is
treated as one transformation (but see [21], [50], where
compensation of long delays was assigned to this pathway).
In turn, the superﬁcial layers communicate with CA1 through
two parallel channels that we identify as the separation and
mirrored separation that transmit the estimated independent
noise and the transformed states, respectively. The supervised
training of the hidden model requires the matching between
the noise and state components. In turn, separation matrices
between EC II to CA1 and EC III to CA1 should be
tightly coupled in spite of the potential differences of the
whitening transformations acting on EC II and EC III and
the permutation invariance of ICA. We speculate that this
index matching of the two learning processes can be realized
by ‘cooperative learning’ between the distal and proximal
synapses of CA1 [28], [51]. We also speculate that CA3
is able to transmit different signals in different phases of
theta. When its recurrent connections are suppressed, it
transmits the innovation and tuning may be governed by
Eq. (7) yielding the separation transformation. However,
when the collaterals are active, CA3 can integrate the previous and current innovations to signal an estimate of the
observation. In this phase, CA3 to CA1 transformation yields
the estimated hidden state which serves as a supervisory
output of the other channel thus substituting the role of the
postsynaptic activity in Hebbian learning. Nevertheless the
direct route shares common properties with the tri-synaptic
route and may also learn to separate via learning rule (7)
unless supervisory CA3 signals override it. This proposal
is in accord with the ﬁndings [52] that approximate place
ﬁelds emerge ﬁrst in CA1, but place ﬁelds of CA3 cells get
stabilized faster. When the parallel channels are correctly
tuned, then their transformed inputs are adjusted to each
other. We also conjecture that in one phase of the theta wave
CA1 transmits the estimated hidden driving sources and in
the other phase it transmits the estimated hidden states. Since
the components of the latter term may not be independent
it implies that CA1 output collected during the two phases
should show different statistics.

1
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Figure 3. (a): Circular maze, diameter: 2m, with a short sample trajectory.
Step size varies between 11 and 55 cm. (b): Sample input to the loop in the
form of an activity map within the maze. Activity map is shown in arbitrary
units.

EC deep layer to superﬁcial layer transformations may also
take part in the whitening of the activity at the superﬁcial
layers. In turn, the auxiliary term Qν(t + 1) of Eq. (4) may
augment intra-layer whitening through recurrent collaterals
at the superﬁcial layers, provided that noise of the model
network is transmitted top-down in one of the theta phases.
The subiculum as one of the chief projection areas of
CA1 is not modeled now, although we hypothesize that the
special cross connections found in CA1 and subiculum [30]
are used to create a second separation loop in order to have
a distinct place for representing hidden states ŝ denoted by
ŝˆ in Fig. 2(b), because – in the absence of another index
matching process – they may differ. Information from CA1
and subiculum are optimized for grouping them into independent subspaces for the hidden causes and into independent
deterministic processes for the hidden states. Such grouping
may occur at the deep layers of EC as well as at other parts
of the brain including the frontal lobe.
F. Simulation results
In our simulations1 , the ‘rat’ ‘runs’ in a 2m wide, openﬁeld circular arena on a linear path at a constant speed and
makes a random turn at each step with a given chance. It
makes a random turn also, if possible collision with the wall
is detected. Input sampling has been ﬁxed to 55cm (Fig. 3).
The most restrictive approximation in our simulations is that
the inputs to the HR do not contain information about distant
cues. It implies that distortions of spatial activity distributions
as a function of maze distortions [53] cannot be modeled
this way. On the other hand, this simpliﬁcation enabled
us to avoid the arbitrariness in modeling low-level sensory
processing, because we could simply mimic postrhinal [54]
inputs.
Information was cumulated on the trajectories and was
analyzed by Auto-Regressive Independent Process Analysis
methods [12], [13]. The following two types of inputs have
been used: 1, 1000 mixed local cues similar to the one
shown in the right hand side of Fig. 3 and 2, conjunctive
inputs, where the same patches have directional tuning with
randomly chosen directions.
As opposed to real spiking data, linear transformations
may give rise to negative signals. In turn, the correspondence
between the unit activity values after each transformation and
the neurons’s response is not straightforward. For generating
the activity maps of the input units, ﬁrst we discretized the
1 For a detailed description of the simulations see the online supplementary
material [50].
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Figure 4. Position dependent input. (a-d): each column shows the output of
different decorrelating units (whitening). First row: half-wave rectiﬁed and
scaled activity maps (0: black, 1: white). Second row: 2D autocorrelation
function of the activity maps and the ﬁtted grids. Third row: vertex angle
histogram for the ﬁtted grids. (e-f): cumulative statistics over all grids. (e):
histogram of the mean edge length of the grids for the input set and the
whitening units. (f): histogram of the standard deviation of the vertex angles
for the input set and the whitening units. (g-i): sign corrected activity maps
of three separating (ICA) units. Response is localized. (j): superimposed
map of all ICA units demonstrating that the localized units cover the full
maze. For more details, see, [50]

space (the resolution was 30 so a bin is 6.67 cm × 6.67 cm,
which is comparable of [55], and for each bin we summed
up the activity measured in those steps that ended in the given
bin. This spatial averaging smoothes out the artifacts caused
by unattended spots. The activity after, e.g., decorrelation
may assume negative values so the data were clipped below
zero and was scaled to the [0, 1] range. Separation is invariant
for the change of sign [10]. In turn, we chose to set the sign
as follows: we collected the 10 highest absolute value bins,
took the sign of the majority of these 10 values, multiplied
the activity map with this sign, clipped all negative bins
afterwards, and scaled the data to the [0, 1] range. We also
computed the 2 dimensional normalized autocorrelation for
each activity map. For the spatial analysis of the peak activity
regions of the autocorrelation image we ﬁtted a grid on the
locally maximal points using Delaunay-triangulation [56],
[57].
For the case of local cues we found reasonable hexagonal
grid structure upon whitening (Fig. 4(a-d)). Mean edge
lengths of all grids covered a large domain upon decorrelation, because individual grids had different characteristic
length (Fig. 4(e)). Angles between the vertices of the hexag-

Figure 5.
ICA of conjunctive inputs and ICA of the innovation of
conjunctive inputs. Upper and middle rows: ICA on conjunctive inputs.
Bottom row: ICA on innovation of the conjunctive inputs. Each column
corresponds to 3 sample output units of the separation (a-c). First row:
clipped and scaled activity maps of conjunctive inputs. Maximal activity
values are: 2.9, 4.4, 4.3. Middle row: overall direction selectivity depicted
on a polar plot. Bottom row: overall direction selectivity depicted on a polar
plot. Learning the innovations considerably decreases direction sensitivity
and yet the responses remain localized (not shown).

onal grids were close to 60 degrees (Fig. 4(a-d)) and their
standard deviation was less than 20 degrees, much sharper
than for random grids (Fig. 4(f)). ICA provided place cells
(Fig. 4(g-i)). The size of the cells depended on the number
of ICA components; but for all cases, they covered the arena
uniformly (Fig. 4(j)).
For the case of conjunctive inputs, whitening and ICA
were both direction dependent (we show the results for
ICA in Fig. 5). We computed the innovation along the
straight lines of the trajectories that decreased the directional
dependence considerably. (Compare the two sets of polar
plots in Fig. 5). At the same time we have experienced a
slight degradation of the place ﬁelds [50]. In another set of
experiments (not shown, but see [50]) directional information
was mixed with local cues giving rise to apparent conjunctive
representation upon whitening. Separation led to rotationally
invariant place cells and global directional cells in this case.
V. D ISCUSSION
Episodic memory has been identiﬁed as one of the key
components of the memory system, yet the term ‘episode’
or ‘event’ is usually deﬁned by arbitrary examples. In this
paper we argued that events should be identiﬁed as spatially
and temporally bounded changes in the hidden state behind
the observations about the environment. This interpretation
of events, however, poses a problem as the wanted events
should be detected from the continuous ﬂow of sensory
signals. Our solution to this issue is based on modeling
the sensory signals as a hidden ARMA process driven by
independent sources. For continuous signals, independence
usually is coupled with sparse activity, so the sources can
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naturally act as time stamps for events. In addition, extraction
of multidimensional independent sources requires extraction
and grouping of the one dimensional components (cf. ISA).
We hypothesize that CA1’s unique function is to recover
the simple sources which then are grouped (second step of
Independent Subspace Analysis, [6], [13]) and integrated by
EC as well as the neocortex. This grouping is then an integral
part of memory consolidation (on systems consolidation, see
[58]). Furthermore, once this integration is fully learnt, it may
function even without HR’s separating ability. The proposed
signal encoding model is able to extract the hidden driving
sources (triggers or causes), represent separately the hidden
states and learn a transformed form of the hidden dynamics
that allows for prediction of relevant changes (events) in the
environment even if full access to the observation cannot
be granted. In addition, the resulting internal model for
predicting the dynamics of the hidden states is a natural place
for path-integration which is thought to be a fundamental part
of any biologically realistic spatial navigation model (see,
e.g. [59]).
Description of events, however, is not complete without
deﬁning a corresponding time scale. Changes at a given time
scale may trigger other changes at different time scales, thus
deﬁning a hierarchy of events. In our simulations signals
interpreted as triggers have shown place cell like activity. Due
to the coarse sampling and the lack of distal cues, place ﬁelds
are always traversed in one time step. In real experiments,
however, place cells are active for several theta periods. In
turn, our model corresponds to dynamics with slow triggers
present for a time span compatible with the animal’s speed
instead of the sampling rate.
Next, we translated the proposed algorithmic model into
a connectionist framework in which biologically appealing
(Hebbian or local) interactions are allowed for parameter
learning. Based on the apparent similarity between the resulting network and the gross anatomy of the hippocampal
region we mapped each functional module onto a given part
of HR guided by computational and biological constraints
as well. When our signal encoding model is applied on
spatially deﬁned inputs, the emergent (that is not designed)
spatial behavior of the different modules resemble the corresponding parts of the HR thus giving additional support
to our functional mapping. This resemblance may give rise
to a different interpretation of the place cells. They may not
describe space per se, but they represent a set of observations
that can trigger given changes of the hidden state described
by the learnt internal model, so sequences of events without
spatial information should activate similarly these cells.
Although our computational assumptions may seem overly
simpliﬁed, they resulted in a consistent computational model
of event representation in HR. In spite of its mathematical
simplicity, Hebbian constraint on learning gives rise to a sophisticated architecture. The model provides several testable
predictions regarding properties at synapse and network level
of HR. The ﬁrst prediction is about the importance of the
loopy structure generally overlooked by other models. We

predict if no output of CA1 is allowed (but the cells’
functioning is left intact) than formation of place ﬁelds in
new environments will be impaired. The second prediction
is about the particular coupling of the tuning mechanism by
CA1 (index matching of the separation transformation). We
predict if this system is perturbed then the representation
of head directions in the subiculum will be impaired. The
last prediction is that if the tight control over the two
phase processing is perturbed then learning of the predictive
internal model represented by the deep layers of EC will be
impaired.
The current model does not provide a full description
of HR yet as the integration with the tri-synaptic pathway
is missing, but see [21]. Also, the issue of multiple environments and goals/contexts (learning and switching of
separate representations)[60] need to be treated. In addition,
several questions remained open. One of the most important
problems is the learning of invariance of the input space.
In our simulation we used local cues only thus avoiding
this problem. Some models have already been proposed to
overcome this difﬁculty [61], [62], [63].
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