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Abstract. The assumption is made that the formulation
of relations as independent components (IC) is a main
feature of computations accomplished by the brain.
Further, it is assumed that memory traces made of nonorthonormal ICs make use of feedback architectures to
form internal representations. Feedback then leads to
delays, and delays in cortical processing form an
obstacle to this relational processing. The problem of
delay compensation is formulated as a speed-®eld
tracking task and is solved by a novel control architecture. It is shown that in addition to delay compensation
the control architecture can also shape long-term memories to hold independent components if a two-phase
operation mode is assumed. Features such as a trisynaptic loop and a recurrent collateral structure at the
second stage of that loop emerge in a natural fashion.
Based on these properties a functional model of the
hippocampal loop is constructed.

1. Introduction
The hippocampal formation consists of three main
sub®elds: the dentate gyrus and the CA3 and CA1
regions. The functional role of these areas is currently
the subject of extensive research. The `top-down approach' deals with the deterioriation of learning capabilities in hippocampal subjects. These investigations
cover a broad range that includes behavioural studies
after lesions to the brain of animals (Zola-Morgan and
Squire 1991; Otto and Eichenbaum 1992; Zola-Morgan
1992 et al.) as well as studies related to human amnesia
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(Squire 1992; Squire and Knowlton 1995). The `bottomup approach' deals with hippocampal tissues in vitro
and in vivo and targets the long-term potentiation
(LTP) and long-term depression (LTD) learning features in these areas (Bliss and Lomo 1973; Abraham et
al. 1986; Harris and Cotman 1986; Bliss and Collingridge 1993). There are studies in between that deal with
both behavioural and in vivo electrophysiological data
(see, e.g., BuzsaÂki 1989; Freund and BuzsaÂki 1996;
Skaggs et al. 1996; O'Keefe and Burgess 1996 and
references therein).
Over the years a variety of models of the hippocampus have been developed. A few representative examples
will be mentioned below. The interested reader is referred to the literature for further information (see, e.g.,
Ono et al. 1996 and references therein). Models starting
from detailed cell-level biophysical and physiological
properties have strong predictive power, e.g., regarding
synchronized bursts (Traub and Dingledine 1990). Another approach explains the phase precession properties
of hippocampal cells by means of an asymmetric
spreading activation model (Tsodyks et al. 1996). Based
on electrophysiological data a statistical population
model has also been constructed that reproduces
epileptiform and non-epileptic rhythms in the CA3 slice
(EÂrdi et al. 1997).
Computational models are fewer in number. For a
review see, e.g., Gluck (1996). According to Rolls (1989,
1996), the hippocampus acts as an intermediate memory
store with modi®able recurrent interconnections at the
CA3 level that perform attractor dynamics. McClelland
(1996) argues that it is computationally advantageous to
form an intermediate store of episodic memories, and
this store is the origin of the hippocampus. Carpenter
and Grossberg (1993) suggest that the adaptive resonance theory (ART) models the interplay between the
cortex and the hippocampus with the internal representation of the ART network describing the hippocampus, while the input stage of the network represents
the neocortex.
The model detailed here is based on two prominent
functional features of the hippocampus. (1) There is
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evidence that the hippocampal formation is involved in
relational processing (Eichenbaum et al. 1994; Young
and Eichenbaum 1996)1 the hippocampus encodes information about speci®c items and combinations of
items if these items of information are to be held in the
long-term memory. (2) The hippocampus encodes place
®elds and is responsible for spatial memory (see, e.g.,
O'Keefe and Nadel 1978; Burgess et al. 1995; Skaggs
et al. 1996 and references therein). There is compelling
evidence in favour of this twofold function of the hippocampus in the mammalian brain; the intriguing
question is whether there is an unifying computational
role that could include both.
Studies on adaptive goal-oriented systems utilizing
episodic memories and reinforcement learning (KalmaÂr
et al. 1995) led to the conclusion that generalizing concepts may be formed by means of an appropriate representation. Concepts were formed by peeling o
(neglecting) those components of the representation that
had no information about whether a given episode can
happen or not. That is, a representation that minimizes
mutual information between its components is preferable for generalization. Algorithms that minimize mutual
information between representation components perform `independent component analysis' and attempt to
develop `independent components'.
The present model makes use of the following assumption: long-term memory formation attempts do
develop statistically independent memory traces, or independent components (IC). This assumption has two
important consequences. (i) Independent components are
not orthonormal and form a poor internal representation
in feedforward networks. (ii) Independent components
should be formed by some particular structure.
Independent component analysis, or blind source separation, has been the subject of extensive research
starting with the original work of Jutten and Herault
(1991). A basic algorithmic derivation was given by Comon (1994), and a connectionist solution was found by
Bell and Sejnowski (1995). These developments gave rise
to novel algorithms (Amari et al. 1996; Karhunen et al.
1997 and others). Here, architectures and learning rules
developed by Oja and co-workers will be utilized because
they ®t the constraints of the model in a smooth fashion.
The model makes extensive use of a novel control
architecture called the static and dynamic state (SDS)
feedback control scheme (SzepesvaÂri and L}
orincz 1996,
1997; SzepesvaÂri et al. 1997). The model is made explicit
by using a derivative of this control scheme, the data
compression and reconstruction (DCR) architecture
that utilizes relaxation dynamics (Fomin et al. 1997;
L}
orincz 1997b). DCR architecture is closely related to
the relaxation equations of Olshausen and Field (1996)
that optimize information transfer. The Kalman ®lter
approach of Rao and Ballard (1997) can be seen as a
DCR architecture extended by predictive connections.
At ®rst sight, reconstruction dynamics is disadvanta-

geous since it gives rise to delays. Realistic models of
reconstruction dynamics should also take losses, i.e., the
leaky nature of neural processing, into account, and this
makes the possibility of reconstruction questionable.
Reconstruction dynamics may have an advantage
over feedforward architectures. It oers a procedure to
reach simultaneity at all levels since compensating the
delays of the reconstructed input (locking the reconstructed input to the actual input) will simply eliminate
all the delays of the internal representation. The suggested tool is the SDS control architecture. It will be
shown that the composite DCR and SDS architecture
develops new independent components, promotes simultaneity with the developing new components and
also trains the architecture to hold the new independent
components. The overall simultaneity of the computational units and the independent components allow the
discoveries of causal relations, i.e., the discoveries of
temporally ordered, higher order correlations that could
be temporally connected via delayed associations. The
higher order correlations can be made independent
again, and the system can keep growing.
In short, the model assumes an SDS-like control architecture made of DCR-like layers with the control
architecture playing a dual role: it performs temporal
compensation, or locking, and it forms independent
components. It will be shown that these assumptions
smoothly ®t the architectural constraints of the trisynaptic pathway of the hippocampus. The resulting
framework justi®es both concepts, i.e., the formation of
place ®elds and the concept of relational processing.
I present here a functional model of the hippocampalentorhinal loop. The model describes the activities of the
biological substrates and the synaptic properties in arti®cial neural network terms such as activity vectors and
memory matrices, respectively.
The paper is organized as follows. First (Sect. 2), a
short description of the trisynaptic loop of the hippocampus is presented together with a description of some
of the features of synaptic modi®cations in these areas.
Then the two main building blocks, viz. the SDS control
architecture (Sect. 3.2) and the DCR reconstruction architecture (Sect. 3.4), are reviewed. Section 4 derives a
model that has two phases; the ®rst phase corresponds
to exploration when the architecture temporally compensates, while the second phase corresponds to memory
consolidation when the architecture trains the long-term
memory structures. In Sect. 5 a functional model of the
hippocampal loop is formulated. Discussions about
special aspects of hippocampal computations are provided in Sect. 6. Conclusions regarding the functions of
the hippocampus are drawn in the last section. A short
version of some of the ideas presented here has already
been published (L}
orincz 1997a).

1
The importance of relational processing has been stressed by
Taylor (1991 and manuscript submitted).

The super®cial layers of the entorhinal cortex receive
sensory information from the cortex. The same layers

2 Some properties of the trisynaptic loop
of the hippocampal formation
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provide input to the hippocampal formation comprising
three main sub®elds, the dentate gyrus and the CA3 and
CA1 regions. The hippocampus processes this information and returns it to the deep layers of the entorhinal
cortex. The same deep layers give rise to the eerents of
the entorhinal cortex that return information to cortical
targets where long-term memory traces are formed.
These deep layers also provide inputs to the super®cial
layers of the entorhinal cortex (see, e.g., Iijima et al.
1996, and references therein). Figure 1 depicts the
connection structure.
The trisynaptic loop of the hippocampus comprises
three types of excitatory synapses. (1) The majority of
entorhinal aerents form the perforant path and synapse
onto granule cells of the dentate gyrus. (2) The main
axons of the granule cells are the mossy ®bre axons that
form the characteristic mossy terminals on the thorny
excrescences of the pyramidal cells of the CA3 sub®eld.

Direct entorhinal aerents also reach the CA3 sub®eld.
(3) A branch of the axons of the pyramidal neurons of
the CA3 sub®eld that form the Schaer collaterals innervate the apical dendrites of the principal cells of the
CA1 sub®eld. The CA1 sub®eld represents the last stage
of the intrahippocampal trisynaptic loop and is considered as the major output of the hippocampus. The CA1
sub®eld projects back to the entorhinal cortex both directly and via the subiculum.
As far as the intralayer connectivity is concerned, the
CA3 sub®eld exhibits extensive commissural and associational collaterals, called recurrent collaterals. In
contrast, the CA1 sub®eld exhibits limited interconnectivity (Christian and Dudek 1988).
The learning properties of the hippocampal formation are further complicated as can be seen from studies
related to the dierent electroencephalogram (EEG)
patterns of this area. Two of the EEG patterns are the
theta waves (4±8 Hz) and the sharp waves of high-frequency (200 Hz) oscillations. In the CA1 sub®eld of the
hippocampus of rats, sharp EEG waves can replace the
regular 4±8 Hz theta waves during eating, drinking, sitting quietly, or slow-wave sleep (Freund and BuzsaÂki
1996 and references therein). According to the two-stage
learning model of BuzsaÂki (1989), the sharp waves
consolidate learning at synapses that were activated
during exploratory behaviour, i.e. during the time of
theta rhythm.
3 Building blocks of the model
Two related algorithms, a control algorithm based on
speed-®eld tracking and a data compression and reconstruction architecture, are reviewed here.
3.1 Terminology

Fig. 1. Architecture of the temporal locking control scheme is made
up of four networks. The ®rst one, the entorhinal cortex (EC), is a
reconstruction network receiving inputs from the cortex. The
temporal locking architecture receives inputs computed at the input
layer of this reconstruction network, while the output of the control
scheme targets the output layer of the reconstruction network. The
controller's input propagates via two independent channels, the ®rst of
which directly excites the CA3 sub®eld, whereas the other channel is
temporally integrated at the dentate gyrus (DG) and then excites the
CA3 sub®eld. The CA3 sub®eld is a whitening stage that decorrelates
the inputs and gives rise to outputs of equal variances by means of the
recurrent collaterals. The output of the CA3 sub®eld is the input of
the CA1 sub®eld, which is a separation stage. (The CA3 and the CA1
networks also form reconstruction networks.) The output of the CA3
sub®eld serves a double purpose: it locks the input and the
reconstructed input of the reconstruction network of the entorhinal
cortex together and also trains the entorhinal cortex (and possibly
other cortical areas) to hold the estimates of the independent
components

In this section the terms of the modeling are de®ned. Our
arti®cial neural network model is built from distinct
computational layers. Each computational layer performs one or more computational steps on all of the
inputs it receives. The input of the layer can be the
aerent input, which is typically some processed input of
another computational layer. The output of the computational layer can serve as its own input, i.e., return
loops can exist within the layered structure. The
computation in each layer is performed in parallel by
computational units, which make up the layer.
Let us try to connect arti®cial neural networks to real
neurons by relating the ®ring rates of the neurons and
activities of the arti®cial computational units. We consider that the average ®ring rate of a real neuron corresponds to zero activity for the arti®cial computational
unit. Firing rates that are higher and lower than average
correspond to positive and negative activities, respectively. The activity of a computational unit depends on
the sum of the ®ltered inputs received through its input
connections. In mathematical terms, such constructs can
be described as follows. Assume that we have an input
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vector x and that x has N components, x  x1 ; . . . ; xN 
that is, x 2 RN . There are n computational units and the
jth unit is denoted by uj . In most cases it is assumed that
the number of computational units is smaller or equal to
the number of inputs, i.e., n  N . For the sake of notational simplicity, unit uj has connections to each
component of the input vector, but connections may
have zero connection strengths. Let us denote the
strength of the (feedforward) connection between the ith
component of the input vector and unit uj by qij . If qij is
non-zero, then the input component i and computational unit uj are connected synaptically. The components of the connection strength, belonging to the jth
unit, can be arranged in vector form qTj  q1j ; . . . ; qNj 
where superscript T denotes transposition. This vector is
called the memory vector or connection strength vector
to unit uj . The memory vectors can be arranged in
memory matrices. For example, memory vectors qi ,
i  1; . . . ; n can be arranged to form memory matrix Q:
the ith element of memory vector qj , i.e., qij is the ijth
element of matrix Q. The activity of the jth unit is denoted by aj . The activities of the computational units
form the activity vector a (a 2 Rn ). The activity vector is
sometimes called the internal representation of input x.
The activity vectors can form (part of) the inputs of
computational layers. In what follows, vectors represent
neural activities of layers, while matrices represent
memory matrices between neural vectors.
3.2 Control architecture utilizing static
and dynamic feedback
The control architecture performs speed-®eld tracking.
Let D  RN denote the domain of the plant's state with
the equation of motion given by
u  A x_
x  b x

1

where x is the state vector of the plant, the dot denotes
temporal derivation, u 2 Rn is the control. Let us now
assume that we have an estimate of the true inverse_  A xx_  b x, given by
dynamics function U x; x
^ x; x
_  A^ xx_  ^
U
b x. The SDS feedback control
equations can then be written as
_ v x  w
u  uf x; x;
ÿ

^ x; v x ÿ U
^ x; x
_
w_  K U

2
3

_ v x is the so-called feedforward controlwhere uf x; x;
ler, w is the so-called feedback controller, K > 0 is the
gain of feedback, and the desired motion is determined
by a speed-®eld tracking task that prescribes the desired
speed vector x_ of the plant as a function of the state
vector:
x_  v x

4

We assume that
^ x; v x
_ v x  U
uf x; x;

5

It can be shown that under suitable conditions the
scheme is uniformly ultimately bounded, that is, for all
 > 0 there exists a gain K and absorption time T > 0
such that for bounded initial error (jje 0jj < KK) it
holds that jje tjj < , provided t > T , and the solution
can be extended up to time t. Here K is a ®xed positive
constant and e 0 denotes the initial value of
e t  v x t ÿ x_ t, the state error. The proof is based
on an extension of Liapunov's second method (SzepesvaÂri et al. 1997). It can be seen that the `feedforward
controller' is actually a static state feedback controller in
this scheme, justifying the shorthand, SDS scheme. The
term `feedforward' is nevertheless kept, since it describes
a natural route of further generalizations.
Speed-®eld tracking is not typical in the control literature, but arises naturally if we consider stationary
optimal-control problems such as path planning tasks
(Hwang and Ahuja 1992). Conventional control tasks,
such as point-to-point control and trajectory tracking
cannot be exactly rewritten in the form of speed-®eld
tracking and vice versa. The speed-®eld tracking task
has the advantage that the designer can incorporate
several objectives into the form of the speed-®eld to be
tracked and hence extend the model's range of possibilities. This property will be exploited when locking the
input and the reconstructed input.
This scheme can be interpreted as follows. We have
an actual state (x) and a desired speed (v). We are
equipped with the estimate of the inverse dynamics that
provides us with a crude estimate of the true control
^ x; v) that we term `desired control vector'.
vector (U
We cannot use the desired control vector directly, since
it is well-known that imprecise models of the inverse
dynamics lead to instabilities. We utilize this control
vector together with a correcting control vector. The
correcting control vector is derived by measuring the
actual speed and `asking' the inverse dynamics `What if
the actual speed were the speed that we desire?' The
estimate of the inverse dynamics provides us with the
^ x; x)
_ when input with
`experienced control vector' (U
_ The difthe actual state (x) and the actual speed (x).
ference between the desired and actual control vectors is
then time integrated and used as the correcting means.
The full scheme becomes a precise model of the inverse
dynamics.
This control scheme is important as its working is
almost identical to the reconstruction scheme to be developed later. The scheme can deal with ®rst-order
plants. Details can be found elsewhere (SzepesvaÂri et al.
1997). Another solution emerges if the feedforward
controller is replaced by the feedback controller.
^ x; v x ÿ U
^ x; x
_ v x  U
_
uf x; x;

6

This scheme will be called the dierencing control
scheme. The dierencing scheme exhibits global stability
and can deal with plants of any order under suitable
conditions (SzepesvaÂri and L}
orincz 1997).
We note that temporal integration may include a
temporal kernel of ®nite memory, and the stability theorem still holds. We also note that the actual state vector

267

of the plant includes all of the variables that the equation of motion requires. Considering a rigid mechanical
architecture, for example, the state vector of the plant
includes both the positions of the masses as well as their
momenta (SzepesvaÂri and L}
orincz 1997).

the correction vector served to develop the control
vector of high precision. Relaxation of the internal
representation a stops when the internal representation
of the input and that of the reconstructed input become
identical (Fomin et al. 1997; L}
orincz 1997b).
a  ad  w

3.3 Control architecture in case of
fast error compensation

w_  kQT x ÿ y

The dierencing control architecture can be simpli®ed
under the assumption that error compensation is fast. In
this case the temporal kernel can be of short duration, or
of short temporal memory, and A^ can be pulled out from
the temporal integration:


Z
0
0
0
0
^
7
u  A x v x ÿ x_  K K t; t  v t  ÿ x_ t dt
where K t; t0  denotes the temporal kernel. Equation (7)
_ which is proportional to the error.
has a term (v x ÿ x)
The other term of (7) describes the temporally integrated
error. Given that the state vector (x) may contain the
temporal derivatives also, temporal derivatives of the
error are also compensated, and thus the architecture
describes a generalized proportional, integral and derivative (PID) control architecture.
We note that these control architectures can compensate error within a subspace of the input space if the
dimension of the control vector is smaller than the dimension of the input vector. Results on stability properties hold only for this subspace and may be further
limited by the rank of matrix A^ x.
3.4 Reconstruction architecture
The philosophy of the ®rst-order control scheme allows
one to derive a reconstruction architecture (Fomin et al.
1997; L}
orincz 1997b) equivalent to Wittmeyer's iterative
scheme for solving matrix equations (Wittmeyer 1936).
Assume that we have an input vector x (x 2 RN ) and a
`direct internal representation' ad (ad 2 Rn ) connected by
memory matrix Q (Q 2 Rn  RN ) formed by n memory
vectors qj , (j  1; . . . ; n) of dimension N . The relation
between the input vector and the `direct internal
representation' is as follows:
ad  QT x

9
10

These two equations can be collected into one equation
that contains temporal integration
Z
11
a  ad  k QT x ÿ ydt
The architecture can assume dierent forms (L}
orincz
1997b). The scheme can be extended by leaky integration. One form of introducing leaky integration is as
follows:
a  ad  QT c

12

y  Qa

13

c_ x  ÿcx  kx

14

c_ y  ÿcy  ky

15

c  cx ÿ cy

16

where QT c_ is equal to a_ provided that x is constant. The
corresponding architecture is depicted in Fig. 2. The
boxes with integration sign represent leaky integration.
Leaky integration can be viewed as synaptic integration
(Markram and Tsodyks 1997). Leaky integration limits
the reconstruction capabilities. In (11) and (12) the term
ad can be left out. This term is important if the memory
vectors are orthonormal because then the network
becomes a fast feedforward architecture.
The leaky equations can be rewritten in the form of
the relaxation equation of Olshausen and Field (1996)
that optimizes information transfer and representation
sparseness simultaneously provided that the dimension

8

The low-dimensional internal representation is then used
to reconstruct the input by linearly superimposing the
memory traces according to the internal representation.
However, the direct internal representation needs correction to optimize reconstruction, and the correcting
term is computed by means of a relaxation equation.
The reconstructed input y (y 2 Rn ) is computed by
means of the internal representation a and the memory
matrix Q: y  Qa. The reconstructed input is then
compared to the original input, and the dierence is
evaluated (®ltered) by the memory matrix, giving rise to
a correcting term to the internal representation, just like

Fig. 2. Architecture of the data compression and reconstruction
(DCR) scheme. The input gives rise to direct and integrated
excitations of output, and, via reconstruction, an integrated inhibition
of the output. The integrations are both leaky and together form the
correcting term of the scheme. (The reconstructed input is not
explicitly represented by any of the nodes of the ®gure)
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of the internal representation is equal or larger than the
dimension of the input and that a non-linear leaky term
is introduced. In (14) the dimension of the internal
representation is smaller or equal to the dimension of the
input, and if the equation were not leaky, then upon
relaxation the equation
QT x  QT Qa

17

would hold. This equation corresponds to Wittmeyer's
iterative algorithm (Wittmeyer 1936) and solves the
equation x  Qa for a under the condition that the mean
square error kx ÿ Qak2 is to be minimized. For notational simplicity, in the followings (12)±(16) will be
condensed into the two equations
a  ad  w

18

w_  ÿw  kQT x ÿ Qa

19

We note that reconstruction networks have a large
degree of freedom. The most important part of the
network is the reconstruction equation, y  Qa. The
feedforward equations, however, may contain dierent
matrices, e.g., one may replace matrix QT by P T , use
a  P T x  c, provided that matrices QT and P T span
the same subspace of RN .

4 Control model for error compensation
and independent component formation
4.1 Error compensation for temporal locking
Armed with the SDS and DCR schemes we are in a
position to develop a unifying model for the formation
and the usage of independent components. Independent
components may strongly overlap, and thus the columns
of the memory matrix are not orthonormal. Then the
internal representation becomes poor unless some
means, e.g. reconstruction networks, are utilized. In
the case of feedback architectures such as the reconstruction networks, however, reconstruction will be
delayed, and temporal compensation becomes an important issue. The leaky nature of (14) and (15)
represents another obstacle to reconstruction.
The key to escaping this trap is to force reconstruction. The reconstructed input should somehow be upgraded to match the actual input since then there will be
no delay in the internal representation, and the afore
said drawback disappears. In fact, this becomes an advantage over feedforward processing since matching at
the input layer by means of the output activities can
approximate instantaneous processing.
Let us formulate the problem in terms of our error
compensating control architecture. Our desired reconstruction vector is x, while our experienced reconstruction vector is y. Assuming that error compensation is
fast, we can use the generalized PID architecture, and
the control vector may be written as



Z
0
0
0
0
^
u x; x ÿ y  A x x ÿ y  K K t; t  x t  ÿ y t dt
20
where control vector u is considered as the internal
representation that reconstructs input x by means of
memory matrix Q, that is, a  u and
y  Qu x; x ÿ y

21

where Q is the long term memory matrix of the model
which represents the long-term memory of the entorhinal cortex. According to the dierencing SDS
scheme we obtain the desired result that the reconstruction error becomes small, and thus the control architecture makes reconstruction feasible.
The architecture can be described as follows (see
Fig. 1). There is a computational layer (tentatively called
the entorhinal cortex) that receives processed sensory
information from other networks. This input undergoes
a reconstruction procedure by means of a loop structure.
The input to the loop is the dierence between the input
to the entorhinal cortex and the reconstructed input. The
reconstructed input is formed by the output of the loop
structure and the memory matrix of the entorhinal
cortex. The loop structure forms a generalized PID
controller with temporally integrated and direct error
channels that are followed by an associative stage. (The
associative stage consists of two layers in Fig. 1. These
layers are tentatively denoted by CA3 and CA1.) The
generalized PID controller barely restricts the speci®c
properties of the associative stage since the only constraint against this stage is the `sign-proper' feedback of
the error. It is possible, for example, that matrix A^ x is
a highly non-linear function of its input arguments. As
long as the sign of the feedback is correct, the controller
can work with this non-linearity at the cost that it may
aect the absorption time T of the controller and the
magnitude of the reconstruction error jje tjj.
The associative stage will be derived in the following
subsections. In the derivation we assume that the associative stage has another role; it develops independent
components.

4.2 Associative stage
The requirement of temporal locking led to the need of
an associative stage in a natural fashion. We require that
the associative stage develops statistically independent,
i.e. separated, outputs (Jutten and Herault 1991; Comon
1994; Bell and Sejnowski 1995; Wang et al. 1995).
In networks dealing with independent component
analysis (ICA), it is assumed that signals are provided by
independent sources: in other words, the joint probability density of the components of the original signal
vector s  s1 ; . . . ; sk  can be given as the product of the
marginal densities of the individual components. These
signals are mixed and are covered with noise, i.e. the
input to the system is
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x  RT s  n

22

where n denotes the noise, R is a constant mixing matrix
with full column rank, and the presentation index (time)
has been dropped for simplicity. The task is to develop
memory traces so that components of the neural activity
vector represent components of vector s.
Association that leads to independent components
(IC) can be built up from three stages (Wang et al. 1995;
Karhunen et al. 1997). There is a ®rst stage that whitens,
i.e., decorrelates and rescales the input, giving rise to
outputs of equal variance. The second stage makes use
of the whitened information and does `blind source
separation' (Jutten and Herault 1991; Comon 1994; Bell
and Sejnowski 1995; Wang et al. 1995). Upon training,
the outputs of this stage become statistically independent. The outputs of the second stage are then used at a
third stage to train a memory matrix. The columns of
that matrix represent the individual independent components.
According to the anatomical constraints these three
stages correspond to the CA3 and the CA1 sub®elds of
the hippocampal formation and the entorhinal cortex
itself, with the entorhinal cortex holding the ICs. The
corresponding processing layers will tentatively be labelled by CA3, CA1 and EC, repectively. In what follows, reconstruction architectures will be considered the
substrates of whitening and separation, as well as the
storage place of long-term memories. It should be noted
that the utilization of reconstruction architectures at
every level is not a necessity. It is only the coherence of
the model that makes this choice appealing. Another
note to make is that the preparation of the input for the
controller (i.e. dierencing) does not spoil separation
since it corresponds to mixing provided that the inputs
are temporally adjusted and locked. This condition is
consistent with the setting of the model.
4.2.1 Whitening with reconstruction architecture
Whitening in the reconstruction network can be
achieved by introducing recurrent collaterals. Denoting
the matrix representing the recurrent collaterals by
OCA3 , (14) can be modi®ed accordingly, and the activity
vector aCA3 can be written as follows:
aCA3  ad;CA3  wCA3

23

where ad;CA3  QTCA3 xCA3 and
24

where
yCA3  QCA3 aCA3

aCA3  1  kQTCA3 xCA3

25

We set k1  k2  k. We assume identical training rules
for matrices QCA3 and OCA3 because elements of
identical indices of these matrices connect the same
input and output nodes of the network. Thus, upon
training, the two matrices become equal. Then, in turn,
the recurrent collaterals cancel the eect of the recon-

26

We suggest the following training rules:
DQCA3  g1 QCA3 ÿ g2 yCA3 aTCA3 

27

and a similar equation for matrix OCA3 :
DOCA3  g1 QCA3 ÿ g2 yCA3 aTCA3 

28

These learning equations assume relatively high ®ring
rates and can be justi®ed as follows. Hebbian learning
requires two units to ®re in a `coincident' manner. Exact
coincidence is not required, coincidence means `within a
narrow temporal window'. At high ®ring rates, input
and output may ®re within this window of coincidence
for unrelated patterns. Then coincidence becomes a
statistical property; the stronger the synapse, the more it
contributes to ®ring and the more probable that within
this narrow temporal window unrelated `coincidences'
are experienced by the synapse. Synapses become `selfstrengthening' at high ®ring rates. This self-strengthening property is represented by the ®rst term of (27) and
(28). The self-strengthening eect is limited by a
Hebbian term proportional to both the activity of the
neuron and the recurrent inhibitory activity represented
by the appropriate component of the reconstruction
vector yCA3 .
When the recurrent collaterals are in eect, that is
when (26) holds, the learning equations (27) and (28) can
be written as
DQCA3  DOCA3
 g1 QCA3 I ÿ g3 QTCA3 xCA3 xTCA3 QCA3 
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where I denotes the identity matrix and g3  g2 1  k2 .
We assume that g1 is rate dependent and vanishes at low
rates. Apart from the constant factor g3 , the learning
equations (27, 28) are exactly the whitening equation of
Laheld and Cardoso (1994). These learning equations
form an orthogonal memory system with memories of
equal norms. For the sake of simplicity we assume that
g3  1, in which case the learning equations form a
projector. We have thus the following important consequence: if the recurrent collaterals are not in eect, then
the internal representation can be written as
aCA3  QTCA3 xCA3

w_ CA3  ÿ wCA3  k1 QTCA3 xCA3 ÿ yCA3 
 k2 QTCA3 OCA3 aCA3

structing term QCA3 yCA3 . If the recurrent collaterals are
in eect, then
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because matrix QTCA3 QCA3 is the identity matrix. Thus,
one can turn the recurrent collaterals on and o, and
with training they will have the same outputs apart from
a scaling factor for both cases. The scaling factor
depends on the recurrent collaterals, whether they are on
or o.
4.2.2 Separation with reconstruction architecture
The next step of the independent component analysis is
a separation stage. Of the many possibilites we choose
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one model that ®ts the architectural constraints of the
CA1 sub®eld such that the CA1 sub®eld exhibits limited
within-layer excitatory interconnectivity, this being a
contrasting dierence between the CA3 and CA1
sub®elds (Christian and Dudek 1988). We shall build
up the learning rule from two terms. We assume that the
losses have dierent functional forms during the theta
and sharp wave phases. The CA1 sub®eld is more active
during the sharp wave phase than during the theta phase
when the CA1 sub®eld is relatively quiet. We assume
that during the sharp wave phase inhibitory terms
including losses, and reconstructing eects are small.
Then the activity vector may be approximated as
aCA1  QTCA1 xCA1
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Just like for sub®eld CA3, the statistical learning rule
(27) is suggested to govern adaptation during the high
®ring rate sharp wave (SPW) phase:
DQCA1  gSPW QCA1 I ÿ aCA1 aTCA1 
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where the relation yCA1  QCA1 aCA1 was taken into
account. We assume that gSPW is rate dependent and
vanishes at low rates. In case of a tuned matrix QCA1 , the
expectation value of the left-hand side is equal to zero.
This condition is satis®ed when the expectation value of
aCA1 aTCA1 becomes equal to the identity matrix. Let us
note that the CA1 sub®eld receives input from whitened
signals, that is, the expectation value of xCA1 xTCA1 is
equal to the identity matrix. Then (32) is equivalent to
the following tuning rule:
DQCA1  gSPW QCA1 I ÿ QTCA1 QCA1 
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During the relatively quiet theta phase we assume that
non-linear losses limit the ®ring and that the dominant
loss terms are connected to neural activities. Equations
(18) and (19) are slightly modi®ed to ®t these assumptions:
a_ CA1  ÿG aCA1   kQTCA1 xCA1 ÿ QCA1 aCA1 
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where G : denotes the same sharply increasing nonlinear function for all of the components. In the case of
high non-linear losses, one may assume that the
activities are small and that the term QCA1 aCA1 on the
right-hand side of (34) may be neglected. Then, in turn,
aCA1 may be approximated as:
aCA1  g QTCA1 xCA1 
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where g : denotes the inverse function of kÿ1 G :.
Function g : can be a saturating function. One may
consider, for example, the hyperbolic tangent function
tanh : as a candidate for all of the components of
function g :. We suggest that during the low ®ring rate
theta phase, matrix QCA1 undergoes Hebbian learning.
According to Fig. 2, Hebbian learning occurs between
the reconstruction error and the neural activity value.
Thus, during the theta phase the learning rule may be
given as follows:

DQCA1  gtheta xCA1 ÿ QCA1 aCA1 aTCA1
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The term QCA1 aCA1 can be neglected during this part of
the training. Then we can summarize the two-phase
learning rule of the CA1 sub®eld as follows:
DQCA1  gSPW QCA1 I ÿ QTCA1 QCA1 
 gtheta xCA1 gT QTCA1 xCA1
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This equation is the so-called bigradient separating
algorithm working on whitened inputs (Wang et al.
1995; Karhunen et al. 1997) and thus the model CA1
sub®eld separates.
We note that non-linear operation is assumed during
the theta phase and linear operation is assumed during
the sharp wave phase. This means that the network
provides separated outputs only during the sharp wave
phase, whereas in the theta phase it works as a saturating controller.
4.2.3 Learning the independent components
The last stage of independent component analysis is the
stage where the ICA basis vectors are to be estimated,
i.e. learned. According to the anatomical constraints of
the model, this stage is either the entorhinal cortex itself
or the association cortices with entorhinal aerents. We
shall tentatively use the subscript EC to describe the
computational properties of this network. The learning
rule of this stage can be given as (Karhunen et al. 1997):
DQEC  g xEC ÿ QaCA1 aTEC
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where vector xEC , aEC and QEC describe the input, the
internal representation and the memory matrix to the
entorhinal cortex, respectively. According to the loop
structure it is also true that
aEC  uloop  aCA1
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Expression aEC denotes the output of the controller, i.e.
the output of the CA1 sub®eld in its linear (sharp wave)
phase when the CA1 sub®eld provides separated outputs. This training rule minimizes the mean square error
of expression kxEC ÿ QEC aCA1k2 so that the rows of
matrix QEC become independent components. When the
reconstruction process is in eect, the full network
including the control loop relaxes to vector uloop that
minimizes the expression kxEC ÿ QEC uloopk where the
particular form of the norm depends on the non-linearity
of the CA1 sub®eld. Thus, the reconstruction net always
minimizes expression kxEC ÿ QEC aECk, while the loop
tunes the components of matrix QEC to form independent components; matrix QEC approximates matrix RT of
(22). The resulting architecture is depicted in Fig. 1.
5 Functional model of the hippocampal loop
We are in the position to develop a functional model of
the entorhinal cortex and the hippocampal formation.
First we suggest that the hippocampal formation and the
entorhinal cortex together form a loop and that this loop
corresponds to a dynamic autoassociator that renders a
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reconstruction vector to the input vector of the
entorhinal cortex. The reconstruction process optimizes
the internal representation, which would be poor if
feedforward networks made of non-orthonormal memory vectors, such as independent components, were to be
utilized.
It is the dierence between the input vector and the
reconstruction vector of the entorhinal cortex which
enters the hippocampal loop. This dierence can excite
the CA3 sub®eld in a direct fashion. This dierence also
enters the dentate gyrus and forms, in turn, the dentate
aerents of the CA3 sub®eld. The full loop can be viewed
as a control architecture that resembles PID controllers.
The direct entorhinal aerents of the CA3 sub®eld form
the proportional term, while the dentate aerents of the
CA1 sub®eld form the temporally integrated term. Integration can be accomplished by means of recurrent
feedback excitations, and such constructs can be found
in the dentate gyrus (Li et al. 1994). Derivative information may be conveyed to the CA3 sub®eld if such
information is input into the entorhinal cortex.
The aerents of the CA3 sub®eld thus form error
terms that undergo temporal operations, such as integration and derivation. During the theta phase the PID
controller then outputs a non-linear control vector by
means of an associative stage, the error-to-control-vector association. The PID controller requires sign-proper
association, which leaves a large degree of freedom in
the design of the associative stage. We propose that the
associative stage is built to form independent components. We suggest that independent component formation is accomplished by means of a two-phase operation
scheme. The ®rst phase corresponds to exploration when
the temporal compensation is important since temporal
compensation speeds up the formation of the internal
representation. The second phase corresponds to memory consolidation when the hippocampal loop provides
separated linear output signals and those signals are
used for memory formation in the entorhinal cortex.
These suggestions are in agreement with others in the
literature (BuzsaÂki 1989) that the theta phase corresponds to exploration, while the sharp waves correspond
to consolidation of long-term memory.
The associative stage consists of two layers, a whitening stage and a separation stage. It is suggested that
the whitening stage is a reconstruction layer with recurrent collaterals and that the CA3 sub®eld corresponds to this whitening stage. The training within this
layer is such that ± apart from a scaling factor ± the
output of the CA3 sub®eld is the same both when these
collaterals are eective and also when they are not.
Switching occurs between the theta and sharp wave
phases; in the theta phase the recurrent collaterals are
inhibited by subcortical inputs. We assume that the
learning equations that correspond to the whitening
equation of Laheld and Cardoso (1994) give rise to
changes in the recurrent collaterals during the theta
phase and that these changes rule the sharp wave bursts
during the sharp wave phase. The feature that the output
of the CA3 sub®eld ± apart from a scaling factor ± is the
same during both phases is important because the same

whitened output is needed both when training the separation stage and when training the storage place of the
long-term memories.
Separation of the whitened signals is then performed
by the CA1 sub®eld, which operates dierently in the
two phases. During the theta phase it is relatively quiet
as it operates in its non-linear mode. During this theta
phase the outputs of the CA1 sub®eld control the reconstruction process in the entorhinal cortex. Non-linear
processing in the CA1 sub®eld does not prevent reconstruction in the entorhinal cortex as long as the nonlinearity of the CA1 sub®eld does not change the sign of
the output of this sub®eld, because the PID control architecture allows saturating non-linearities that do not
modify the sign of the feedback (SzepesvaÂri and L}
orincz
1997). Also, these non-linear outputs of the CA1 sub®eld tune the memory vectors of the CA1 sub®eld. The
learning rule forms orthonormal and separating memory
components within the CA1 sub®eld.
During the sharp wave phase the CA1 sub®eld operates in its linear mode. The outputs of the CA1 sub®eld during this linear mode then train the long-term
memory system of the entorhinal cortex to form independent components.
5.1 Hebbian learning
The learning rule of the entorhinal cortex is of Hebbian
type provided that the reconstruction error is represented
somehow at the input layer during the sharp wave phase.
This assumes that synapses of the entorhinal cortex
undergo transient changes during the theta phase and
that these transient changes are consolidated during the
sharp wave phase. If so, then learning takes place in those
synapses of the entorhinal cortex that connect active
units which represent the control output of the hippocampal formation to active units which represent the
reconstruction error. These synapses connect the deep
layers of the entorhinal cortex to the super®cial layers.
The learning in the entorhinal cortex is supervised.
The learning rule of the CA3 sub®eld is Hebbian. The
learning rule has no leaky term but rather incorporates a
self-strengthening contribution. This self-strengthening
contribution is then limited by the Hebbian term that
has a negative sign in this particular case. Learning is
unsupervised; the activities that govern Hebbian learning are computed by the dynamics of the layer.
According to the model the learning rule of the CA1
sub®eld is divided into two phases. In the high ®ring rate
sharp wave phase, the learning rule is similar to that of
the CA3 sub®eld. In the low ®ring rate theta phase,
Hebbian learning making use of the reconstruction error
of CA1 layer is assumed. Learning is unsupervised.
6 Discussion
Here, I shall discuss the role of the hippocampal
formation in producing long-term declarative memory
traces.
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The present model of the hippocampal formation
formulates how and why this area is responsible for relational processing (Eichenbaum et al. 1994; Young and
Eichenbaum 1996). The model extends the original idea
by claiming that the basic building blocks of relational
processing are the independent components. Internal
representations using feedforward architectures and
memory vectors of independent components, however,
form a rather poor representation owing to the fact that
independent components may strongly overlap and thus
most of the internal components are excited by most of
the inputs. It is thus suggested that the entorhinal cortex
and the hippocampal loop form a reconstruction network since the constraints raised by input reconstruction
optimize the internal representation. The dynamic optimization process exhibits itself as apparent competition
between the nodes forming internal representation
(Fomin et al. 1997).
The model assumes that the hippocampal formation
is a control architecture that promotes temporal compensation to speed up reconstruction and to compensate
for losses in the processing. This gives rise to fast
pseudoinverse computation. The output of the controller also serves as a separation signal that provides statistically independent outputs and can train long-term
memory traces to hold such memories. The model does
not assume that information is kept in the hippocampus
forever, but rather that the hippocampus learns to separate data and then trains the long-term memory to hold
independent components. It is suggested that the new
independent components can be considered as new
`sensors' that can be called `relational sensors'. By relational sensors we mean, e.g., the neurons that can be
found along the superior temporal polysensory area
(STPa) that ®re for `compatible' form and motion (e.g.
left pro®le moving left) or others that ®re for `incompatible' form and motion (e.g. right pro®le moving left)
(Oram and Perrett 1996). These relational sensors may
be considered as sensors of approximately independent
components. This system can keep growing: such sensors can be combined at another stage, and higher-order
decorrelation and higher-order separation can take
place, allowing eventually higher-order relational sensors to form. To give another example, let us consider
cells that are sensitive to edges. It has been argued that
edges are the independent components of natural scenes
(Olshausen and Field 1996; Bell and Sejnowski 1997).
One can thus say that an edge-sensitive cell ful®ls our
requirements for relational sensors and represents the
spatial relations of some lower-order cells. At higher
levels more complex relational sensors are formed from
the edge sensors, such as sensors responding to particular shapes or faces, etc. (Tanaka et al. 1991; Logothetis
et al. 1995). Since some of these cells can encode invariant properties, either information on dierent views
or information on possible ¯ow ®elds that allow dynamic remapping is coded by these cells. According to
our assumptions these cells code statistically independent properties and that could be revealed if reconstruction was not in eect. Combining these shape
sensors and motion sensors, new relational sensors (e.g.

`compatible' and `incompatible' sensors) can be formed,
and so on.
Making use of the assumption that long-term memory forms independent components, then upon training
these independent components manifest themselves as
high-order correlations. In the simplest case independent
components would correspond to edges (Olshausen and
Field 1996; Bell and Sejnowski 1997). Edges are thus
overlapping higher correlations of natural scenes, and
their independence is to be measured by taking into
account the size of the memory that holds these components. Upon training more complex overlapping
higher-order correlations appear and can be represented
in a hierarchical manner by means of further processing
stages. We assume that hippocampal cells represent such
complex higher-order correlations of overlapping features describing quasi-independent regions of the environment. The result is that hippocampal cells will
eventually represent place cells, the ultimate higher-order correlations in a labyrinth. In other words, a cell will
®re robustly when the animal is in a speci®c small
portion of the environment and will be virtually silent
everywhere else [O'Keefe and Nadel 1978; Burgess et al.
1995; Skaggs et al. 1996).
The model claims that reconstruction errors give rise
to independent component formation by means of the
hippocampus. The model thus claims that the hippocampus processes novel information and builds up
memory traces in the entorhinal cortex and in the neocortex that represent this novel information. This
transfer of novel information, in turn, makes the hippocampus available for novel information, that is, for
aerent inputs that the loop of the hippocampus and the
entorhinal cortex cannot reconstruct.
The model is consistent with the experimental ®ndings that the hippocampus is crucial in forming longterm memories. The model also says that memories can
be held in the hippocampus and that memories in the
entorhinal cortex are governed by the hippocampal
output. Thus, a hippocampal lesion may also eect
retrograde memories.
The model is a functional model. If a realistic model
of the hippocampal formation is to be constructed, then
it should be mapped onto the biological substrate. Such
mapping should take into account several important
points of hippocampal formation including phase coding properties (O'Keefe and Recce 1993; Skaggs et al.
1996), features of the inhibitory networks, the topographical mapping between dierent areas, the dierent
entorhinal aerents of the CA3 and the CA1 sub®elds,
etc. We note ®rst that the topographical mapping between the entorhinal cortex and the CA1 sub®eld is a
straightforward consequence of the model that identi®es
the outputs of the CA1 sub®eld and the internal representation of the entorhinal cortex. Other properties such
as phase coding, however, may not be included into the
model in a straightforward fashion. The model is attractive from the following points of view: (i) several
properties of the hippocampal-entorhinal loop are natural consequences of the assumption that long-term
memories are made of independent components; (ii) the
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generalized PID architecture and the reconstruction
networks are both ¯exible concepts and are thus promising candidates to form a biological model.
7 Conclusions
A speed-®eld tracking control architecture comprising
layers featuring reconstruction dynamics has been
suggested to describe the computational tasks of the
hippocampal formation. According to the model, hippocampal formation is responsible for the temporal
compensation of the various information processing
units in the entorhinal cortex and for the process by
which independent components are formed and are
consolidated in the long-term memory. It is suggested
that independent components can be considered as new
relational sensors. The underlying reason for an additional architecture that consolidates long-term memory
is the need for the development of independent components.
Independent components need reconstruction networks since without the constraint of reconstruction,
internal representation developed by the non-orthogonal
independent components can be poor. Reconstruction
networks raise another problem, however, in that for
highly overlapping inputs, reconstruction becomes slow.
Also, owing to leaky integration, reconstruction can be
still poor. The suggested control architecture that solves
these problems, features (1) speed-®eld tracking, (2) robust control and (3) arbitrarily small error (SzepesvaÂri
and L}
orincz 1996, 1997; SzepesvaÂri et al. 1997).
It was shown that reconstruction architectures are
ideally suited for temporal compensation owing to the
fact that the input and the reconstructed input can be
locked together and that this condition promotes simultaneity at the level of the internal representation.
The requirement that long-term memory should hold
independent components set architectural constraints
for the model. These constraints smoothly ®t the anatomical features of the hippocampal formation. In particular, the loop structure, the major stages (the dentate
gyrus, the CA3 and the CA1 sub®elds), the interconnectivity of these areas (the so-called trisynaptic pathway that includes direct and indirect excitations of the
CA3 sub®eld, and the intralayer interconnectivity of the
CA3 and the CA1 sub®elds) as well as the input-output
connection structure of the entorhinal cortex are described by the model. According to the model the dentate gyrus is a simple integration stage. The CA3 sub®eld
forms a whitening stage, while the CA1 sub®eld provides
a separation stage with independent outputs. The nonlinearly processed output of the hippocampal formation
is the control signal that locks the input and the reconstructed input of the entorhinal cortex to each other and
also the signal that forms the memory components of
the CA1 sub®eld via Hebbian learning. At the same time
the linearly processed output of the hippocampal formation is precisely the training signal that can develop
the independent components of the entorhinal cortex via
Hebbian learning.

The model thus requires a two-phase operation. In
the ®rst phase the input and the reconstructed input of
the entorhinal cortex are locked to each other, and
thus the internal representation is not delayed. We
identify this phase with the theta phase and thus with
exploratory behaviour. The second phase is the memory
consolidating phase when the output of the CA1 sub®eld
trains the long-term memories to hold independent
components. This phase is identi®ed with the sharp wave
phase. The model thus agrees with the original suggestion of BuzsaÂki (1989).
The model suggests that the entorhinal cortex and the
neocortex become the storage place of the independent
components. Also, the memories held by the entorhinal
cortex are ruled by the hippocampal outputs. Novel
memories are held by the hippocampus itself. Thus, according to the model a hippocampal lesion leads to two
eects: (1) the formation of long-term memories deteriorates and (2) parts of the long-term memories are lost.
The model is a functional model, and several points
require further investigation to validate it, including the
role of subcortical inputs, the topographical order between layers of the hippocampal-entorhinal loop, the
inhibitory networks of the hippocampal loop, the phase
coding properties of these areas, etc. The model is
promising from the point of view that the basic assumption that long-term memories are made of independent components ®ts smoothly with both the related
control architecture and the reconstruction network and
that these architectures may be ¯exible enough to meet
the constraints of the biological substrate.
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