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In this paper we argue that computational issues like complexity, memory requirements
and training time impose strong constraints on learning in any goal-oriented system.
Along these constraints we derive a particular architecture that learns representations for
optimizing plans e.g., trajectory planning. To comply with biological constraints as well,
the resulting encoding mechanism is translated into a connectionist network. We argue
that the goal-oriented framework implies distinct representations of place and direction
in the hippocampal formation responsible for spatial navigation in mammals.

1. Introduction
Ample clinical evidence demonstrates the central role of the hippocampal region
(HR) in forming long-term memories see, e.g. [1]. The complex structure of this
brain region has inspired a plethora of models aiming to correlate its functioning
with the peculiarities of the structure. One common view [2] in many models is
that memory systems maintain representations (that is models) shaped to help
executive control, because associative mapping of immediate stimuli to
responses is insufficient to reflect the reward structure of the environment.
Granted this assumption, computational constraints regarding speed and
complexity on forming representations for control and desired goals should be
applied on any model of memory. In this paper we focus on how these
constraints may restrict potential models. In a general goal-oriented system
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learning has two stages; (i) the adaptation of the internal model, i.e., shaping of
the representations and (ii) the optimization of sequential decision making, i.e.,
the statedesired state plans, to maximize the expectation value of discounted
and cumulated long-term rewards. Sequential decision making may be treated
within the framework of reinforcement learning (RL) and Markov decision
process (MDP) can be used as its mathematical model motivated by psychology
and neuroscience as well [3]. While the original MDP scales badly with the
number of variables, its factored version (fMDP) [4] can avoid such complexity
issues by assuming that dependencies among variables can be factored – under
certain circumstances – to several components (see e.g. [5]). However, these
factors should first be appropriately extracted and represented.
In what follows, we review the central notion of factors and how it implies the
concept of independent process analysis (Section 2). The theoretical results are
translated into a neural network architecture featuring Hebbian learning (Section
3). In Section 4 we show the close similarity between the derived architecture
and the hippocampal region (HR). We shortly discuss how our model has
evolved since the proposal of [17] in Section 5.
2. Factors and Independent Processes
We take navigation as an example to illustrate our ideas. The state of the animal
is characterized by two independent factors, position and speed, according to
Newton’s second law. Acceleration depends on the net force g and the mass (m).
Newton’s equation md2s/dt2 =g –where d2s/dt2 denotes the second temporal
derivative of position s– can be discretized and for short time steps we get
s(t+1)=g(t)/m – 2s(t)+ s(t–1)

(1)

This equation may be interpreted as an autoregressive process driven by g(t)/m.
What makes this problem hard is that this simple form is typically hidden as
observations are filtered through, for example, visual, olfactory or
proprioceptive sensors thus providing a distorted function of the original
process. Distortions may be caused by delays or by including differently
transformed echoes (called moving averages, MA) of the same driving forces.
The recovery of the hidden factors then includes the following steps: (i)
translation of the problem into hidden autoregressive moving average (ARMA)
processes, (ii) removal of both the AR and MA contributions, (iii) extraction of
the hidden driving noises (or causes, e.g., the forces, or their immediate
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consequences; the changes of the trajectory) and (iv) identification of their
relation. Recent advances on hidden ARMA models enable the recovery of the
hidden processes as well as the hidden causes from the observations up to certain
forms of invariance provided that multi-dimensional components of the hidden
driving noise can be assumed independent (see [6] and the cited references).
Loosely speaking, in contrast to simple decorrelation, independence implies that
second and higher order correlations between the multi-dimensional components
can be neglected.
We restrict our considerations to first order AR processes that assume the
following form
h(t+1) = Gh(t) + f(t+1)
x(t) = Ah(t).

(2)
(3)

where matrix GRkxk represents the dynamics of the system, vector h(t)Rk is
the hidden state or hidden process at time t, f(t)Rk is the hidden driving noise
process, ARkxk is the mixing matrix that prohibits direct observation, and
x(t)Rk is the observation at time t (from now on, capital letters denote matrices,
lower case letters denote vectors). We also assume that matrix A is invertible.
The goal is to compute the estimations, ĥ(t) for h(t), e(t) for f(t), and the so
called separation matrix W for A-1. Within this setup it also makes sense to
distinguish independent processes (time series) hi(t) in the sense that they do not
mix: F may assume block structure. ARMA process with independence
assumption on the noise will be referred to as ARMA-IPA model, where IPA
stands for Independent Process Analysis.
3. A connectionist network for identifying ARMA-IPA models
Let us remark first that the observation of Eq. (3) is also an AR process, as
substituting (2) in (3) yields:
x(t+1) = M x(t) + n(t+1)

(4)

According to the central limit theorem, n(t+1)=Af(t+1) is approximately
Gaussian and thus matrix M = AFA-1 and noise n(t+1) can be estimated by leastmean square methods, i.e. the cost function can be read as:
J(M) = ½ t |x(t+1) – M x(t)|2,

(5)
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where M is the estimation of M yielding the following estimation of the observation noise: (t)= x(t+1)-Mx(t). Because of the independence assumption on
f(t), term (t) can now be analyzed by Independent Subspace Analysis (ISA,
[7,8]) techniques to estimate W, which then leads to the estimations of the hidden
causes f(t), the hidden state h(t), and hidden dynamics G. (On the peculiarities
of the special combination of ISA and ARMA models, see [6, 9].) ISA is a
generalization of the Independent Component Analysis (ICA) methods in that it
assumes multi-dimensional hidden sources and its solution can be decomposed
into two subtasks: 1, on an ICA separation step (yielding more or less
independent one-dimensional components) and then 2, a clustering of these
components into independent subspaces. ISA, alike other ICA derivatives, is
speeded up considerably if data is decorrelated (whitened) before the actual
separation. ISA also inherits ambiguities of the ICA methods: components are
not ordered, and their sign and scale may also vary. Furthermore, the ISA
solution is ambiguous up to orthogonal transformations within the recovered
subspaces.
Having identified the most important algorithmic components (namely,
identification of an AR process, whitening, ICA separation, and clustering) now
we are in the position to derive a connectionist network featuring local (i.e.
Hebbian) interactions only. Inter- and intralayer synaptic weights or connections
are denoted by matrices, while activity of a given layer is defined by a vector.
The derived architecture will be mapped onto the neural substrate in the next
section, but fine details like temporal characteristics, spike generation sparse
coding and others will be omitted. For simplicity, rate coding (manifesting
analogue values) and mixed weights (that contradict Dale’s Principle) are
assumed throughout the derivations, but the proposed functioning can in
principle be also realized by using either positive coding [10] or homogenous
connection systems [11]. Inhibitions (or subtractions) are manifested by separate
inhibitory populations within a layer using feedback or feed-forward inhibition.
3.1. Identification of the AR predictive matrix
The following online and local learning rule for matrix M can be derived from
the cost function of Eq. (5) by computing its negative gradient according to
matrix M:
ΔM(t+1)~ (t+1)x(t)T
This rule already has an effect on the construction of the network.

(6)
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Figure 1. See page 6 for the Caption.
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Caption for Figure 1. Hebbian network of the hippocampal region. (a): a
network that can extract the noise of the observed input: t time index, x input, 
estimated noise, M: estimeted AR matrix. Open (circle) arrows: excitatory
(inhibitory) connections. (b) Computational architecture. Qx, Q, Qĥ: whitening
transformations targeting x, , ĥ, respectively. Wstate, Winno: separation matrices
extracting state and innovation, respectively, s estimated independent
components of the state, e estimated hidden independent components. w and xw
whitened estimation of innovation and input, respectively. Estimated hidden
dynamics: F, corresponding estimated state and noise ĥ and nh, respectively.
Phase I and II refer to positive and negative phases of the theta oscillation,
respetively. Straight lines: mainly proximal projections, dotted lines: mainly
distal projections. (c): Most important connections in the hippocampal
formation. CA3 subfield and dentate gyrus eliminate moving averages, or
echoes, detailed in [16,17,18]. For more details, see text.
First, two distinct layers are required to sustain a term analogue to the estimated
noise and the observed signal. The simplest construction depicted on Fig. 1(a)
assumes two layers with a delayed feed-forward and mostly inhibitory
connection system representing predictive matrix M.
If the predictive
connections are properly tuned, then activity of one layer represents the observed
process, whereas activity of the other layer represents the observation noise.
3.2. Whitening
As we already noted, decorrelation is a necessary step prior to extracting the
wanted independent components. Due to the special form (see below) of the
remarkable online learning rule of [12], we need to introduce an additional layer
whose activity is denoted by ĥ(t) (and will be referred to as the ‘internal model’),
see Fig 1(b). Its role is quite central in our discussion, but for now it is enough to
assume that it is already decorrelated and is projected through the linear
connections Qx and Q onto layers holding x(t) and (t), respectively. Let us
denote the modified observed signal by xw(t)=Qxĥ(t)+x(t), implying that xw(t) is
still a linear function of x(t). Decorrelation of xw(t) may be accomplished if
tuning of Qx is as follows:
ΔQx(t+1) ~ Qx(t) – xw(t)xw(t)TQx(t) = Qx (t) –xw(t)ĥ(t)T

(7)

The second form is clearly Hebbian and it follows from the decorrelation
assumption on ĥ(t) and the fact that Qx=QxT. Whitening of the observation noise
may follow similar principles in that the modified noise is w(t)= Qnh(t)+ x(t+1)
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–Mxw(t), where nh(t) is the noise of the internal ‘model’. Tuning of Q is also
Hebbian:
ΔQ(t+1) ~ Q(t) – w(t)nh(t)T

(8)

In turn, transformation M extracts the deterministic part from , whereas Q
decorrelates it yielding w.
3.3. Separation
Whitening allows for separation of the hidden, independent sources from the
observation noise. An additional layer needs to be introduced to represent the
emerging independent components. Along the logic presented so far, we are
looking for an online learning rule that complies with Hebbian constraints and
yields the proper components. Interestingly, as it was shown in [13], a rule very
similar to those defined by Eqs. (7-8) can be used to tune the transformation
matrix between the layers representing the decorrelated and the independent
components:
ΔWinno(t+1) ~ Winno(t) –f(e(t))e(t)TWinno(t) =Winno(t) –f(e(t)) (Winno T ew(t))T

(9)

Where f(∙) denotes an almost arbitrary component-wise nonlinear transformation.
Although Winno is not symmetric, the second form of Eq. (9) is again Hebbian if
signal backpropagation (WinnoT e(t)) controls learning [14,15]. Note that
whitening may also be promoted by signal backpropagation.
The correctly tuned Winno (as it approximates the inverse of the hidden mixing
matrix, A) yields the estimation of the hidden driving sources, e(t). However, as
Eqs. (4) and (3) show, the very same transformation should be carried on to yield
the hidden states s(t) from the decorrelated observation (xw(t)). In turn, an
additional layer targeted by the layer of xw(t) seems to be in need to be
introduced to represent s(t) (see Fig. 1(b)). While the mathematics requiring the
double application of separation is simple, a truly connectionist or neuronal
implementation is not straightforward and impose strong architectural and
functioning constraints besides the Hebbian nature of the interactions. Some
consequences and putative mechanisms of such ‘transformation adjustments’ for
different pathways will be discussed later.
3.4. Remark on ARMA processes of higher order
Although we assumed first order dynamics in the derivations above (Eqs. (2-5)),
many real problems are prevailed by higher order dynamics. Sensory stimuli, for
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example, become higher order due to echoes (reflections) and delays (multimodal integration, synaptic delays, etc.). As recent results show, even for hidden
integrated [6] as well as non-linear hidden ARMA processes [16] can be
recovered using ideas similar to what has been presented. Canceling the
distortions should take place before attempting separation, so the network
derived so far should be extended with a separate subsystem that handles delays
prior to the actual separation process. As delays are ignored in the present study,
we do not discuss the implementation nor the mapping of this subsystem. For
more details on the implementation and the mapping, see our supplementary
material [17] and [18], respectively.
4. Mapping the network onto the hippocampal region
Due to the space limit we only sketch a possible functional mapping onto the
hippocampal region and highlight some relevant supporting physiological and
anatomical properties (for terminology, see [19] and for a detailed enumeration
of the supporting anatomical findings, see [18]). Despite some differences in the
connectivity structure, the common view is that mammalian HR-s share the same
gross anatomy as well as functionality, so we refer to findings on rats as well as
monkeys. The resulting mapping is depicted on Fig. 1(b)-(c). First, it is known
that the superficial layers of the entorhinal cortex (denoted by EC II and EC III)
are the main recipients of the cortical inputs. Since the exact nature of these
incoming signals is not known we assume they share the same input. While they
both have excitatory recurrent connections, an important difference is that EC II
has a widespread inhibitory circuitry, too. Excitatory projections from EC III to
EC II in part form a unique feed-forward inhibitory system interpreted here as
the operation of ‘subtraction’. This special connection may allow for the
comparison needed to represent the observation noise. The emerging activity in
EC II is then assumed to represent the observation noise and is projected onto
sub-region CA3 and the dentate gyrus. The latter part of HR is known to have
tunable recurrent connections with extreme long time delays thus being able to
diminish the distorting effects caused by larger order delays and reflections (see
Subsection 3.4). CA3, on the other hand, is known to develop the so called
‘place cells’ (cells which are active only if the animal is at a given location
(‘place field’ of the cell), like near the feeding place in the maze or at the center).
It also has a very extensive recurrent collateral system, which, however, is
mostly active only at one phase of the characteristic theta oscillation of the
hippocampal formation [20, 21]. What it implies is that if approximate
independence of the place cells is the end result of a separation process then
separation can only take place when these recurrent connections are turned off so
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interference can be avoided. CA3 projects onto CA1 which also features place
cells showing even stronger independence. However, place field activity in CA1
can also be seen when only the direct connections from EC III are present,
implying that these connections should also be able to form independent
components. Subiculum shares many similarities with CA1, but instead of having
place cells, it features the so called head direction cells which are active when
the animal’s head assumes a given relative direction. It is the major projection
area of CA1, but it also receives input directly from EC III. An important finding
[22] is that information flows from EC III and CA1 are specially crossed in the
subiculum, that is, distinct loops are maintained carrying different bits of the
flow of the same origin. Following the logic that requires separate representation
of the factors, we conjecture that subicular activity represents the ongoing
independent processes in synchrony with the independent driving sources
represented by CA1. Intuitively, directional information would be such an
independent process for navigational tasks. In order to be able to recombine the
factors, an additional layer is needed, which is targeted by both components.
The wiring diagram suggests that the wanted area should be the deep layers of
EC which are also connected to the input layers of EC. As we noted earlier,
separation can be greatly facilitated if decorrelation takes place first. To get a
properly decorrelated estimated noise, activity at both EC II and EC III should
be decorrelated. If the cortical input is not decorrelated, connections from the
deep layers of EC should carry on this transformation. Furthermore the
algorithmic derivations show that activity at EC V should also be decorrelated.
To meet this requirement, we conjecture that projections from both CA1 and
subiculum are tuned to help decorrelate the activity at the ‘model’ layer EC V. In
this way the loop is closed and the information may go around till the right
representations of the two factors, namely the position and the direction, are
formed. For more information, see the supplementary material [17].
4.1. Dynamics of the network
Functional mapping would consist of description of the dynamics at two time
scales: tuning (learning) of the synaptic weights and the working (information
processing) of the whole system. Space limitations allow for discussing only
some of the most intriguing characteristics but see [17].
4.1.1. Co-learning in the parallel systems
We have seen that the very same transformation (denoted by Winno) is needed to
recover the hidden driving sources, e(t) and the hidden processes, s(t). Due to
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ambiguities of the ICA solution, like the undetermined order of components (see,
e.g., [8]), the emerging components of the different factors should be put in
register, otherwise the integrating model (h(t)) would result in distorted
estimation of the incoming inputs. While it is easy to realize two identical
matrices on a computer, neuronal implementation of such ‘transformation
adjustments’ should be explicitly treated.
In our model, CA1 is the focal area that sub-serves the matching of indices in the
whole network. This area is unique from the point of view of the anatomy as it
has no excitatory recurrent collateral system and so intra-areal mixing is limited.
Accordingly, CA1 is also central to our model; the ‘transformation adjustments’
of the matrices should be arranged by its activity. Although network level
synchronizations unique to the HR and the parallel routes described above may
allow for different schemes, experimental evidences about the exact nature of
information flow through the two pathways are insufficient or controversial. In
turn, we only propose some potential mechanism by which the required
registration may be implemented.
It is likely [26] that the pace maker theta oscillation can differentiate the inputs
projected onto CA1. We speculate that transformation along both pathways
could be driven by the input statistics. In our scheme, however, ICA learning
depends on output activity and the backpropagated signals it gives rise to.
Learning may be coupled in turn, because signal backpropagation may effect
both pathways. However, there is another condition for learning: synapses
should be activated by the proper bottom-up signals that (could have)
produce(d) the outputs. By assuming an interlaced signaling mechanism, it may
be possible that at one pace the trisynaptic pathway is tuned in an unsupervised
manner driven by the observation noise. At the next pace both channels may
transmit signals proportional to the observed input and the resulting activity at
CA1 constrained by the trisynaptic signals reshapes the direct pathway via signal
backpropagation. An additional option is that the recurrent connection system
of CA3 may in principle be able to integrate the observation noise represented
by EC II and thus its output is proportional to the observation. This scenario
implies that 1, the observation noise should be sustained long enough to be the
input to CA1 at one pace and drive the activity in CA3 at the next one; 2, the
recurrent connections of CA3 should be turned off when integration is not
needed and 3, pair pulsed facilitation is required at CA1 so the corresponding
components of s(t) and e(t) can be put in register. Interestingly, there are findings
indicating that all these requirements are actually met [26, 27, 28].
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4.1.2. The subiculum
The intriguing ‘cross-wired’ topographical projections from CA1 and EC to the
subiculum, i.e., that proximal parts of CA1 project onto the distal side of
subiculum [23], may allow for separate channelling of noise and state related
information. On the ground of the similarities between the wiring diagrams of
the CA1 and the subiculum [22] we may conjecture that subiculum also realizes
a double encoding mechanism carrying representations of the moving averages
of the independent processes and the related innovations, i.e., the changes
between these processes, respectively. In navigational tasks, running in different
directions may appear as an averaged process while a change of this process
occurs when the animal stops, so positional information may be seen as the
related innovation. In turn, CA1 is responsible to transfer the estimated
independent driving sources while subiculum maintains the representations of
the independent processes. These signals may then be integrated in the internal
model maintained by the deep layers of EC. The mechanism of this integration
remains to be answered.
5. Discussion
Lack of space only allows for a short account on how our model has evolved
since an early proposal of [18]. Excellent reviews on other computational models
can, for example, be found in [24,25] and [17] discusses how our models fares
against some of the main ideas found in other models.
In the work of [18], (i) subiculum was not modeled, (ii) decorrelation or
whitening was the putative role of CA3. Since 2000, considerable amount of
information has emerged about the HR, including the time sharing mode of CA1
during the positive and the negative theta phases [23]. In addition, theoretical
advances [6,18] extended independent component analysis to independent
process analysis and it has also been shown that Hebbian learning is potentially
feasible [9]. In the present work we have built on these results and derived a
more detailed model of the hippocampal region.
There are three particular points of our work: (i) on the ground of computational
considerations on goal-oriented systems we argued that forming representations
is linked to the problem of independent process analysis (ii) we speculate that
supervised aspects of signal backpropagation guided training ‘adjusting the
transformations’ of two parallel pathways may indeed be realized in the
hippocampal region through the activity of CA1 (iii) our construction may shed
light on the role of the subiculum in forming representations for navigation.
Supporting numerical simulations can be found in [17].
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