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ABSTRACT:
Hippocampal region CA1 seems from comparative studies
to be particularly important in the primate brain, in addition to being
crucial to memory function. Thus, it is an extremely appropriate place to
begin a quantitative investigation of the information representation and
transmission capabilities of cerebral neural networks. In this study, a
mathematical model of the Schaffer collateral projection from CA3 to CA1
is described. From the model, the amount of information that can be
conveyed by the Schaffer collaterals is calculated, i.e., the information that
a pattern of firing in CA1 conveys about a pattern of firing in CA3, because
of the connections between them. The calculation is performed analytically for an arbitrary probability distribution describing the pattern of CA3
firing and then solved numerically for particular input distributions. The
effect of a number of issues on the information conveyed is examined.
Consideration of the effect of the amount of analog resolution of firing
rates in the patterns of activity in CA3 confirmed information transmission
to be most efficient for binary codes, to a degree that depends on the
sparseness of activity. For very sparse codes, a binary code allows more
information to be received even in absolute terms, but for more distributed
codes, slightly more information can be received by CA1 by making use of
analog resolution. The pattern of convergence of connections from CA3 to
CA1 is examined, i.e., the spatial distribution of the number of connections
each CA1 neuron receives. It is found that the effect of the difference
between a uniform convergence model and a proposed real convergence
pattern (Bernard and Wheal, Hippocampus 1994;4:497–529) is minimal.
The effect of the ratio of expansion between CA3 and CA1 due to the
relative numbers of neurons in these two areas is studied. The Schaffer
collaterals in all mammalian species reported in the literature seem to
operate in a régime in which there is at least the scope for efficient transfer
of information. In addition, the effect of topography (with respect to the
transverse hippocampal axis) in the Schaffer collateral connectivity is
examined. In the absence of spatial correlations, topography is found to
have essentially no effect on information transmission. If spatial correlations in firing were present in CA3 (which, however, would be less efficient
for memory storage in the recurrent collaterals), information transmission
would be maximized by matching the topographic spread to the spatial
scale of correlation. Hippocampus 1999;9:582–598.
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INTRODUCTION
The Schaffer collaterals unidirectionally link the CA3 and CA1 cytoarchitectonic fields of the hippocampus. For a number of reasons, the CA1
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subfield is a particularly important region to study. In
Alzheimer’s disease, neuronal degeneration (Braak and
Braak, 1991; Giannakopoulos et al., 1997; Simić et al.,
1997) and loss (West et al., 1994) is seen more
distinctively in CA1 than any other brain area; similarly,
there is an abnormal distribution of neuropeptide-Y
fibers in the hippocampus of Alzheimer-type brains, but
it is particularly strong in area CA1 (Chan-Palay et al.,
1986). Brain damage caused by ischemic/anoxic episodes (Zola-Morgan et al., 1986; Victor and Agamanolis, 1990) is particularly severe in CA1; CA1 neuronal
loss in epileptic seizures is also evident (Sommer, 1880;
Dam, 1980). Comparative neuroanatomy by using
volumetric comparison (Stephan, 1983; West and
Schwerdtfeger, 1985) and cell counts (Seress, 1988;
West, 1990) shows a relative enlargement of the CA1
area inside the hippocampal formation in primates
(compared with what would be expected from a ‘‘primitive’’ mammal of the same body weight), together with
changes in cytoarchitecture. Anatomically, whereas hippocampal subregion CA3 seems to be the point of
greatest convergence of information from various cortical areas, CA1 is uniquely situated as the first stage
through which all output from CA3 back to the
neocortex must pass. So, given the obvious importance
of the CA1 region and its connections to brain function,
it is important to gain a quantitative understanding of
the transmission of information to CA1. By using
mathematical techniques based on information theory,
and drawing heavily from statistical mechanics, we now
have the capability to do this, albeit with relatively
simple models of the anatomy and physiology of the
region.
The anatomy of the Schaffer collaterals has in fact
been rather well explored. Autoradiographic techniques
(Swanson et al., 1978), degeneration methods and
retrograde transport (Lauberg, 1979), and anterograde
transport (Phaseolus vulgaris leucoagglutinin, or PHA-L)
(Ishizuka et al., 1990) have all been used to study the
details of the connectivity between CA3 and CA1. In the
Sprague-Dawley rat, around 304,000 CA3 pyramidal
neurons project to 420,000 CA1 cells (Boss et al., 1987;
Amaral et al., 1990). For comparison, in humans, there
have been found to be approximately 2.7 million
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neurons in CA3/2, and 16 million in CA1 (West, 1990; West and
Gundersen, 1990; but see Seress, 1988). The projections from
CA3 to CA1 terminate in stratum oriens and stratum radiatum of
CA1. There exists a transverse topography in the connections,
such that collaterals originating in CA3 cells close to the dentate
gyrus tend to project into the superficial portion of stratum
radiatum in the distal part of CA1 (near the subiculum), whereas
CA3 cells closer to the border with CA1 tend to project to
portions of stratum radiatum more proximal to the cell bodies,
and even stratum oriens, in the closer parts of CA1 (Amaral and
Witter, 1989). In contrast, the Schaffer collaterals possess very
little topography along the longitudinal axis of the hippocampus
(which goes by the name of the septotemporal axis in the rat,
rostrocaudal in the primate)—a small injection of anterograde
tracer in CA3 can spread to as much as 75% of the longitudinal
extent of CA1 (Ishizuka et al., 1990; Amaral, 1993).
Another anatomical issue is convergence, i.e., on average, how
many CA3 cells does each CA1 cell receive connections from? By a
‘‘connection’’ here we mean merely whether a CA1 cell receives
one or more synapse(s) from a given CA3 cell, a connection may by
means of more than one synaptic contact. In fact, recent studies of
the mean number of quanta released during ‘‘minimal’’ stimulation suggest that Schaffer collateral fibers each connect with a CA1
cell by means of multiple release sites (Liao et al., 1992; Stricker et
al., 1996; Larkman et al., 1997; but see Stevens and Wang, 1994).
The number of connections received has been suggested, based on
a connectivity model grounded in anterograde tracer data and
Gaussian connectivity distributions, to vary slightly across the
transverse axis of CA1 (Bernard and Wheal, 1994), such that
mid-CA1 neurons receive more inputs (from CA3) than neurons
proximal and distal to CA3.
The approach that we will take to analyze information
transmission along the Schaffer collaterals is to consider them to
be a kind of physiological transmission line (Shannon, 1948;
Cover and Thomas, 1991; Treves, 1995). A simplified model of
the physiology and anatomy of the Schaffer collaterals is established, together with the statistics of the firing rate distribution at
the input to the model (the pattern of firing across the CA3
pyramidal cells), and the amount of information that could be
transmitted to the CA1 pyramidal cells under these assumptions is
computed. This is done by analytically obtaining a mathematical
expression for the mutual information (which is independent of
any particular input distribution) in the limit that the number of
neurons in the field approaches infinity, and solving it numerically
for a particular CA3 firing rate distribution. In some special cases,
the mathematical expression can be evaluated directly without
need for recourse to numerical solution.
The neural code used by the CA3 cells at the input to the
system is specified by a probability distribution of symbols. In
some parts of this paper, this distribution will be taken to be a
binary distribution representing the presence or absence of a spike
in some time period. In the section on analog resolution of
coding, the distribution will more generally be taken to be a
probability distribution of firing rates, which is to say that the
information is represented by the number of spikes fired in a given
time window. There is at least preliminary evidence that the
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majority (89%) of the information conveyed by hippocampal
neurons about spatial stimuli is represented simply in the spike
counts (Panzeri, 1996). There is also evidence that most of the
information present in the spike count or rate is, in fact, present in
a simple binary code, i.e., presence or absence of a spike (Panzeri,
1996; see also the discussion in the current paper).
This approach allows us to examine large rather than very small
networks—infinity is a quite good approximation for the hundreds of thousands or millions of neurons in mammalian
hippocampal subfields. However, it is only complementary to
more detailed models of smaller networks, because of the level of
physiological detail that can be incorporated into such an analysis.
However, information transmission is fundamentally a network
property, with information being encoded by populations of cells;
therefore, our approach is well-suited to its analysis. Information
as calculated from such a model is also related to quantities that
can be measured from single unit and multiple single unit
recordings (Treves et al., 1996) and, hence, is of neurophysiological interest in itself.
It should be noted that, in the current work, we are investigating a simple model of the physiology and anatomy of part of the
hippocampus without reference to a particular theory of the
function of the hippocampus. Although in part motivated by the
theory of hippocampal function described in (Rolls and Treves,
1998), the assumptions for the calculation we describe here
(which are spelled out in the next section) have been made on the
grounds of simplicity and should be broadly compatible with a
number of theories of hippocampal function (see e.g., Samsonovich and McNaughton, 1997; Murre, 1996; McClelland et al.,
1995; O’Keefe, 1993; Hasselmo and Wyble, 1997). The aim of
this type of exercise is to provide increasingly sophisticated
methods of discriminating between theories on the basis of
physiological and anatomic data. In comparison, an alternative
modeling approach is to provide a precise functional specification
of an idea of the role of the hippocampus (for example,
‘‘reinstatement of stored sparse random binary patterns into the
entorhinal cortex’’), to propose neural network models of hippocampal subregions that are capable of doing that, and to
investigate parameters of the hippocampal model with regard to
its ability to achieve this goal. The Schaffer collaterals were
investigated by using this kind of approach in the study by Rolls
(1995). The combination of both of these approaches, together
with relevant experiments, should lead to a good understanding of
the operation of this neural circuitry.
Analytical calculation of the information conveyed by the
Schaffer collaterals allows us to investigate the effects of physiological, and particularly, anatomical parameters on information
transmission. This provides an important guide for future, more
detailed studies of the Schaffer collaterals, as we gain a better
understanding of which parameters are likely to be important and
which are not. Parameters such as the pattern of convergence onto
CA1 cells, which we find to be of little informational import, are
likely to have little influence on functional aspects of system
behavior either. In contrast, parameters such as the expansion
ratio (of the number of cells between CA3 and CA1) and the
sparsity of coding are likely to be of critical functional importance,
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because, as we shall show, they are of great importance to the
informational characteristics of the system.
The calculation described here was motivated by that of Treves
(1995). We have reproduced the results of that work, and in the
present paper, we further explore the calculation, and by generalizing it in some respects, use it as a basis for examining in much
greater detail the consequences of hippocampal anatomy (and, to
a lesser extent, physiology) on information transmission in the
Schaffer collaterals.

MATERIALS AND METHODS
A Model of the Schaffer Collateral Projection
The Schaffer collateral model describes, in a simplified form,
the connections from the N CA3 pyramidal cells to the M CA1
pyramidal cells (see Fig. 1). Most Schaffer collateral axons project
into the stratum radiatum of CA1, although CA3 neurons
proximal to CA1 tend to project into the stratum oriens (Ishizuka
et al., 1990); in the model, these projections are assumed to have
the same effect on the recipient pyramidal cells. This can be
considered to be a well-justified assumption, because the proximodistal position of a dendrite along a CA1 axon has been found not
to affect the induced potential at the soma (Andersen et al., 1980).
Inhibitory interneurons are considered to act only as regulators of
pyramidal cell activity. The perforant path synapses to CA1 cells
are at this stage ignored, as are the few CA1 recurrent collaterals.
The system is considered for the purpose of analysis to operate in
two distinct modes: storage and retrieval. During storage, the
Schaffer collateral synaptic efficacies are modified by using a
Hebbian rule reflecting the conjunction of pre- and postsynaptic
activity. This modification has a slower time constant than that
governing neuronal activity and, thus, does not affect the current
CA1 output. During retrieval, the Schaffer collaterals relay a
pattern of neural firing with synaptic efficacies that reflect all
previous storage events. In the following, the superscript S is used
to indicate the storage phase, and R is used to indicate the retrieval
phase.
It is necessary that any model of the Schaffer collaterals at the
level of propagation of patterns of firing rates throughout the
system includes a statistical description of noise, that is to say, of
those components of the firing rate that would vary on different
presentations of an identical pattern. This does not imply in any
way that the noise is truly random; it may come from deterministic dynamics at some level of description, but must be described
statistically at this level. Although it is assumed that the distributions of noise on the inputs to the CA1 cells is Gaussian, in the
limit where an infinitely large number of neurons are considered,
moments of the distributions higher than the second do not
contribute to the calculation described below. Thus, any reasonably well-behaved distribution could be substituted for the
Gaussian with no change in the result, as long as the mean and
variance were kept the same. Any higher order moments due to,
for instance, the distributions of the postsynaptic response

FIGURE 1.
a: A schematic diagram that shows the Schaffer
collaterals within the hippocampal formation. Information enters the
hippocampus from layer 2 entorhinal cells by the perforant path,
which projects into dentate gyrus and CA3 and CA1 areas. In
addition to its perforant path inputs, CA3 receives a lesser number of
mossy fiber synapses from the dentate granule cells. The axons of the
CA3 pyramidal cells project commissurally, recurrently within CA3,
and also forward to area CA1 by the Schaffer collateral pathway.
Information leaves the hippocampus by means of backprojections to
the entorhinal cortex from CA1 and the subiculum, and also by
means of the fornix to the mammillary bodies and anterior nucleus of
the thalamus. b: Schematic network architecture of the Schaffer
collateral projection from CA3 to CA1. Please see text for explanation
of terminology.

attributable to quantal synaptic release (Redman, 1990), could be
expected not to affect the result as the relevant number of neurons
becomes large.
The terminology we will adopt is as follows: i, CA3 cell index; j,
CA1 cell index; N, Number of CA3 pyramidal cells; M, Number
of CA1 pyramidal cells; , CA3 storage firing rate vector; V, CA3
retrieval firing rate vector; , CA1 storage firing rate vector; U,
CA1 retrieval firing rate vector; 0, CA1 storage effective threshold
parameter; U0, CA1 retrieval effective threshold parameter; cij,
Connection presence matrix between CA3 and CA1; JijS, Connection strength matrix between CA3 and CA1 during storage; JijR,
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Connection strength matrix between CA3 and CA1 during
retrieval; JijN, Modifications to connection strength matrix due to
new patterns; 2␦, CA3 retrieval noise variance; 2⑀S, CA1 storage
noise variance; ⑀2R, CA1 retrieval noise variance; , Retrieval lag
parameter; ␥, Degree of plasticity of connections; and J2,
Variance of synaptic weights.
5i6 are the firing rates of each cell i of CA3 during storage. The
probability density of finding a given firing pattern is taken to be:
P(5i6) ⫽

兿 P ( ) d


i

(1)

i

i

where  is the vector of the above firing rates. P(i) is, thus, the
probability density corresponding to the CA3 firing rate histogram. This assumption means that each cell in CA3 is taken to
code for independent information, an idealized version of the idea
that by this stage most of the redundancy present in earlier
representations has been removed. Although not necessarily
realistic, this testable assumption makes possible the analytical
treatment of this problem. It may be possible to relax this
assumption in future analyses, although there is some evidence
that it may be a reasonable assumption (Treves et al., 1996). P(i)
is in general a continuous probability distribution (and in some
theoretical analyses can be treated as such all the way through the
calculation [Treves, 1990]); however, the numerics are carried out
in the present work with discrete probability distributions.
5Vi6 are the firing rates of each cell i in CA3 during retrieval, and
they are taken to reproduce the 5i6 with some Gaussian distortion
(noise), followed by rectification
Vi ⫽ [i ⫹ ␦i]⫹
7(␦i)28 ⫽ 2␦

(2)

(the rectifying function [x]⫹ ⫽ x for x ⬎ 0, and 0 otherwise,
ensures that a firing rate is a positive quantity. This results in the
probability density of Vi having a point component at zero equal
to the subzero contribution, in addition to the smooth component). This is to say, that the CA3 retrieved firing rates are simply
the CA3 storage firing rates, with a noise distribution added,
rectified so that they cannot go below zero. ␦ can be related, e.g.,
to interference effects caused by the loading of other memory
patterns in CA3 (see below and Treves and Rolls, 1991). This and
the following noise terms are all taken to have zero means.
5j6 are the firing rates produced in each cell j of CA1, during the
storage of the CA3 representation. They are determined for each
CA1 cell by taking the sum over all connections from CA3 cells of
the product of the CA3 neuron firing rate i with the synaptic
weight Jij. To this is added a Gaussian noise variable ⑀jS, and a
threshold-linear transform (of threshold-gy0) is applied.

3

j ⫽ 0 ⫹

兺c J  ⫹⑀4
S
ij ij i

S
j

⫹

i

7(⑀jS)28 ⫽ 2⑀S
7( JijS)28 ⫽ J2.

(3)
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The synaptic matrix is very sparse as each CA1 cell receives inputs
from only Cj (of the order of 104) cells in CA3. The average of Cj
across cells is denoted as C
cij ⫽ 50, 16
7cij8 N ⫽ Cj

(C ⬅ 7Cj8).

(4)

5Uj6 are the firing rates produced in CA1 by the pattern 5Vi6
retrieved in CA3

3

Uj ⫽ U0 ⫹

兺c J V ⫹⑀ 4
R
ij ij

i

R
j

⫹

i

7(⑀jR)28 ⫽ 2⑀R
71JijR228 ⫽ J2.

(5)

Each weight of the synaptic matrix during retrieval of a specific
pattern,
JijR ⫽ cos () JijS ⫹ ␥1/2() H(i, j) ⫹ sin () JijN

(6)

consists of (1) the original weight during storage, JijS, damped by a
factor cos(), where 0 ⬍  ⬍ /2 parameterizes the time
elapsed between the storage and retrieval of pattern  ( is a
shorthand for the pattern quadruplet 5i, Vi, j, Uj6); (2) the
modification due to the storage of  itself, represented by a
Hebbian term H(i, j), normalized so that
71H1, 2228 ⫽ J2;

(7)

␥ measures the degree of plasticity, i.e., the mean square contribution of the modification induced by one pattern, over the overall
variance, across time, of the synaptic weight; (3) the superimposed
modifications JN reflecting the successive storage of new intervening patterns, again normalized such that
71JijN228 ⫽ J2.

(8)

A factor of sin() is needed to ensure normalization of the stored
and new synaptic strengths.
The mean value across all patterns of each synaptic weight is
taken to be equal across synapses and, therefore, is taken into the
threshold term. The synaptic weights JijR and JijS are, thus, of zero
mean and variance J2 (all that affects the calculation is the first
two moments of their distribution). Note that (obviously) since
the mean synaptic strength is taken into the threshold term, this
does not imply inhibitory synapses; the model is still one of
excitatory synaptic transmission.
A plasticity model is used that corresponds to gradual decay of
memory traces as new patterns are stored. Numbering memory
patterns from 1, . . ., , . . ., ⬁ backward, the model sets cos
() ⫽ exp (⫺␥0/2) and ␥() ⫽ ␥0 exp (⫺␥0). Thus, the
strength of older memories fades exponentially with the number
of intervening memories. The same forgetting model is assumed
to apply to the CA3 network, and for this network, the maximum
number of patterns can be stored when the plasticity ␥CA3
⫽ 2/C
0
(Treves, 1995).
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1991), the appendices of (Rolls and Treves, 1998), and the book
by Mezard et al. (1987) for background material. The full
mathematical details of a slightly simpler model (see later) are
presented in (Schultz and Treves, 1998); a preliminary exploration
of the full model is described by Treves (1995).
P(5i6, 5Uj6) is written (simplifying the notation) as
P1, U2 ⫽ P1U 02P12
⫽

兰 兰 dV dP1U 0V, , 2P1V02 P102 P12
V



(11)

where the probability densities implement the model defined above.
The average mutual information is evaluated using the replica
trick, which amounts to
FIGURE 2.
A block diagram illustrating the relationships
between the variables present in the model. The input of the
system could be considered to be the CA3 pattern during storage,
, and the output the CA1 pattern during retrieval, U. JijR depends
on JijS, j, and i, as described in the text.

For the Hebbian term, the specific form
H1i, j2 ⫽

h

冑C

(j ⫺ 0) (i ⫺ 7i8)

(9)

is used, where h ensures the normalization given in Eq. 7.
The thresholds 0 and U0 are assumed to be of fixed value in the
following analysis. This need not be the case, however, and as far
as the model represents (in a simplified fashion) the real hippocampus, they might be considered to be tuned to constrain the
sparseness of activity in CA1 in the storage and retrieval phases of
operation, respectively, reflecting inhibitory control of neural
activity. These threshold parameters have been set so that the
neurons operate in a threshold-linear régime. Linear neurons can
be simply recovered from the equations by taking the limit in
which 0 and U0 approach positive infinity (such that the neurons
never operate below threshold). A discussion of the effects of
varying the threshold in this type of model can be found in
(Schultz and Treves, 1998).
The block diagram shown in Figure 2 illustrates the relationships between the variables described in the preceding text.

Mutual Information Analysis
The aim of the analysis is to calculate how much, on average, of
the information present in the original pattern 5i6 is still present
in the effective output of the system, the pattern 5Uj6, i.e., to
average the mutual information
I15i6, 5Uj62
⫽

P15i6, 5Uj62

兰 兿 d 兰 兿 dU P15 6, 5U 62 ln P15 62 P15U 62
i

i

j

j

i

j

i

(10)

log P ⫽ lim

n=0

(12)

n

which involves a number of subtleties, for which (Mezard et al.,
1987) can be consulted for a complete discussion. The important
thing to note is that it is necessary to make an assumption about
the form of symmetry of those variables to which are assigned two
replica indices. The assumption made is that they are, in fact, symmetric. This assumption has been verified for a simple ‘‘transmission
only’’ (no connection strength adaptation) version of the model to
be valid down to noise variances sufficiently low that the mutual
information is saturated at its ceiling (Schultz and Treves, 1998).
The expression for mutual information, thus, becomes
7I1, U28c,JS,JN ⫽ lim

n=0

1
n

7 兰 d dUP1,U2
P1, U2
⫻ 53
⫺ 3P(U24 68
P12 4
n

n

(13)
c,JS,JN

where it is necessary to introduce n ⫹ 1 replicas of the variables ␦i,
⑀jS, ⑀jR, Vi, j, and, for the second term in curly brackets only, i.
The core of the calculation then is the calculation of the
probability density 7P(, U)n⫹18. The key to this is ‘‘self-consistent
statistics’’ (Rolls and Treves, 1997; appendix 4): all possible values
of each firing rate in the system are integrated, subject to a set of
constraints that implement the model. The constraints are implemented using the integral form of the Dirac ␦-function. Another
set of Lagrange multipliers introduces macroscopic parameters
␣

x ⫽
w␣␤ ⫽
y␣␤ ⫽

j

over the variables cij, JijS, JijN. An outline of the calculation is given
here, which should be sufficient for those with an appropriate
background to reproduce the results. Those not familiar with
replica calculations may refer to the final chapter of (Hertz et al.,

1Pn ⫺ 12

z␣␤ ⫽

1
N
1
N
1
N
1
N

兺

(␣i ⫺ 782
78

i

V␣i (V␣i )

兺  V (V )
␣
i

␤
i

␤
i

i

兺 V V (V ) (V )
␣
i

␤
i

␣
i

␤i

␣
i

␤
i

i

兺

(14)

i

where (x) is the Heaviside function, and ␣, ␤ are replica indices.
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This upper bound is met for an optimal  (pattern) distribution
and vanishing dependence on the same inputs of the output cells.

Monte Carlo Simulation

FIGURE 3.
A simpler version of the model in which only one
(‘‘transmission’’) phase of operation occurs, rather than the
separate storage and recall phases. In this simpler model, there is
no Hebbian plasticity in the Schaffer collaterals. Please see text for
explanation of terminology.

Making the assumption of replica symmetry, and performing the
integrals over all microscopic parameters, with some algebra an
integral expression is obtained for the average mutual information
per CA3 cell. This integral over the macroscopic parameters and
their respective Lagrange multipliers is evaluated by using the
saddle-point approximation, which is exact in the limit of an
infinite number of neurons (see, for example, Jeffreys and Jeffreys,
1972) to yield the expression given in Appendix A; the saddlepoints of the expression must in general be found numerically.
The parameters used for the numerical solutions are given in
Appendix B.
Topographic connectivity is incorporated by taking the Schaffer
collaterals to be composed of K elemental subregions. The
connectivity C is generalized to C, which denotes the number of
connections that a cell in subregion  of CA1 receives from
subregion  in CA3. The Lagrange multipliers w␣␤, y␣␤, and z␣␤,
␣␤
␣␤
␣␤
thus, become w()
, y()
, and z()
. The information expression in
Appendix A is stated in full generality, although in this study
results for topography in the full Schaffer model were obtained by
Monte Carlo simulation, and the analytical expression was used
only in the special case discussed below, and for the full Schaffer
collateral model without topography.
In a study by Schultz and Treves (1998), a special case of this
calculation was considered, in which no plasticity was present in
the Schaffer collaterals. In this situation, the retrieval phase of
operation is dispensed with, and the storage phase becomes a
single ‘‘transmission’’ phase of operation. This method simplifies
the equations considerably. A block diagram illustrating this
simpler model is shown in Figure 3. Further limiting cases were
studied, and it was shown that in the limit of linear neurons, for
low signal to noise ratio (i.e., very noisy activity), the information
capacity of a simple Gaussian channel provides an upper bound
on the transmitted information

3

4

r
J2C(728 ⫺ 782)
.
Igauss ⫽ ln 1 ⫹
2
2⑀

(15)

One issue was investigated by using a simulation of the model,
rather than an explicit analytical calculation of the information.
This issue was the effect of topography in the full Schaffer
collateral model (as opposed to the single-phase model, in which
the analytical calculation was used). To do this, information was
calculated from simulated firing rates in the same way as that used
to analyze single-unit neurophysiologic data (Heller et al., 1995;
Rolls et al., 1997). This was a similar technique to that developed
by Optican and Richmond (1987), except that an erroneous
procedure for correcting the bias due to limited sampling in that
study was replaced with an analytical evaluation of the bias
(Miller, 1955; Panzeri and Treves, 1996) (a comparison of this
approach and an alternative empirical procedure can be found in
Golomb et al., 1997).
The actual simulation was very simple: patterns were created at
random, and spatial correlations were generated by the following
algorithm. The first cell took the value 1 with probability P, 0 with
1 ⫺ P. The next cell took the value of the first cell with probability
q, but with probability 1 ⫺ q, its own random value was chosen
(again 1 with probability P). This process was continued unidirectionally across the whole field of cells. The mean half-width in
cells corresponding to a given q is thus ⫺log2/log q. Random
connectivities were generated, and for each random connectivity,
50 trials of responses were generated according to the activity
equations presented in the model description. The whole procedure was nested inside a Monte-Carlo loop, which executed 20
times and averaged the results.
The average information about all patterns s from the set S
present in the set R of resonses r is given by:
I1S, R2 ⫽

兺 P1s, r2 log

2

s,r

P(s, r)
P(s) P(r)

,

(16)

to which is added the leading term of the correction for the finite
sampling bias:
1
2NT ln 2

5兺
s

6

R̃s ⫺ R̃ ⫺ (S ⫺ 1) .

(17)

R̃s is the number of response bins with nonzero occupancy
probability P(r ⫽ i 0s), and R̃ is the number of response bins with
nonzero occupancy probability P(r ⫽ i).
It should be noted that this is an entirely different information
measure than that computed analytically in the previous section,
i.e., information about which pattern is present at the input of the
system, rather than information about the firing rates that make
up the pattern. This must be kept in mind. The main import of
this, however, is that the two measures have different ceilings, i.e.,
the information about which pattern is bounded by the logarithm
of the number of patterns that must be discriminated between and
the true mutual information about the pattern by the actual
entropy of the pattern. However, the two measures can be
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expected to vary in a similar manner with changes in most
parameters, and they are certainly conceptually similar quantities.

ANALOG RESOLUTION OF CODING
Investigation
Specification of the probability density P() allows different
distributions of firing rates in CA3 to be considered in the
analysis. Clearly, the distribution of firing rates that should be
considered in the analysis is that of the firing of CA3 pyramidal
cells, computed over the time constant of storage (which we can
assume to be the time constant of LTP), during only those periods
in which biophysical conditions are appropriate for learning to
occur. Unfortunately, this last caveat makes a simple fit of the
firing-rate distribution from single-unit recordings fairly meaningless unless the correct assumptions regarding exactly what these
conditions are in vivo can be made. Possibly the most useful thing
we can do for the present is to assume that the distribution of
firing rates during storage is graded, sparse, and exponentially
tailed. This accords with the observations of neurophysiologists
(Barnes et al., 1990; Rolls et al., 1998). The easiest way to
introduce this to the current investigation is by means of a discrete
approximation to the exponential distribution (a geometric
distribution), with extra weight given to low firing rates. This
method allows quantitative investigation of the effects of analog
resolution on the information transmission capabilities of the
Schaffer collateral model.
Although P() is in general a continuous distribution, utilization of discrete distributions allows the issue of analog resolution
to be addressed. The limiting cases are obviously the binary
distribution and a continuous distribution such as an exponential
distribution. The required discrete CA3 firing rate distributions
were formed by the mixture of the unitary distribution and the
discretised exponential, by using as mixture parameters the offset ⑀
between their origins, and relative weightings. The distributions
were constrained to have first and second moments 78, 728, and
thus sparseness 782/728, equal to a. In the cases considered here, a
(CA3 sparseness) was allowed values of 0.05, 0.10, and 0.20 only.
The threshold 0 was set to a value (⫺0.4) for which the output
(CA1) sparseness is approximately equal to the input sparseness.
The width of the distribution examined was set to 3.0, and the
number of discretized firing levels contained in this width
parameterized as L. The binary distribution was completely
specified by this; for distributions with a large number of levels,
there was some degree of freedom, but its numerical effect on the
resulting distributions was essentially negligible. Those distributions with a small number of levels ⱖ2 were non-unique and were
chosen fairly arbitrarily for the following results, to be those that
had entropies interpolating between the binary and large L
situations. Some examples of the distributions used are shown in
Figure 4a. For comparison Figure 4b shows the distribution of
firing rates from a primate CA3 neuron.

FIGURE 4.
a: Some of the CA3 firing rate distributions used in
the analysis. These are, in general, formed by the mixture of a unitary
distribution and a discretized exponential. b: The distribution of the
number of spikes emitted by a CA3 neuron in 100-ms periods. Taken
from Rolls et al. (1998).

The total entropy per cell of the CA3 firing pattern, given a
probability distribution characterised by L levels, is
L

兺P

h() ⫽ ⫺

l1l2

ln Pl1l2.

(18)

l⫽1

RESULTS
The results are shown in Figure 5. The entropy present in the
CA3 firing rate distributions is marked by asterisks. The mutual
information conveyed by the retrieved pattern of CA1 firing rates,
which must be strictly less than the CA3 entropy, is represented by
circles. Note that for sparsity a ⫽ 0.2, it was not possible with the
available computer time to solve the saddle-point equations for
CA1 mutual information (circles) for 2 and 10 levels of analog
resolution. However, in both of these cases, it is quite apparent
where the points must lie (between the plus signs and asterisks
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It is apparent that maximum information efficiency occurs in
the binary limit for CA3 patterns. More remarkably, even in
absolute terms, the information conveyed is maximal for lowresolution codes, at least for quite sparse codes. The results are
qualitatively consistent over sparsenesses a ranging from 0.05 to
0.2; obviously with higher a (more distributed codes), entropies
are greater. For more distributed codes (i.e., with signalling more
evenly distributed over neuronal firing rates), it seems that there
may be some small absolute increase in information with the use
of analog signalling levels.
For comparison, the crosses in the figures show the information
stored in CA1. This was computed using a simpler version of the
calculation, in which the mutual information i(5i6, 5j6) was
calculated. Obviously, in this calculation, the CA3 and CA1
retrieval noises ␦ and R⑀ are not present; on the other hand,
neither is the Schaffer collateral memory term. Because the
retrieved CA1 information is in every case higher than that stored,
we can conclude that for the parameters considered, the additional
Schaffer memory effect outweighs the deleterious effects of the
retrieval noise distributions.
It follows from the forgetting model defined by Eq. 6 that
information transmission is maximal when the plasticity (mean
square contribution of the modification induced by one pattern) is
matched in the CA3 recurrent collaterals and the Schaffer
collaterals (Treves, 1995). It can be seen in Figure 6 that this effect
is robust to the use of more distributed patterns.

ANATOMICAL CONVERGENCE
Investigation
It is assumed in a study by Treves (1995), that there is uniform
convergence of connections from CA3 to CA1 across the extent of
the CA1 subfield. In reality, of course, this finding may not be the
case. Each CA1 pyramidal neuron may not receive the same

FIGURE 5.
The mutual information between patterns of firing
in CA1 and patterns of firing in CA3. Asterisks represent the entropy
of the CA3 pattern distribution; circles represent the CA1 retrieved
mutual information; and plus signs represent the CA1 information
during the storage phase. The horizontal axis parameterizes the
number of discrete levels in the input distribution: for codes with fine
analog resolution, this is greater. (a) a ⴝ 0.05 (sparse); (b) a ⴝ 0.10;
and (c) a ⴝ 0.20 (slightly more distributed).

because of physical constraints and near a line interpolated from
the surrounding points). For more distributed codes than a ⫽ 0.2,
we were also unable to solve the saddle-point equations numerically.

FIGURE 6.
The dependence of information transmission on the
degree of plasticity in the Schaffer collaterals, for ␣ ⴝ 0.05 (solid)
and ␣ ⴝ 0.10 (dashed). A binary pattern distribution was used in this
case.
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number of connections from CA3: this quantity might vary across
the transverse extent of CA1. Bernard and Wheal (1994) investigated this with a connectivity model constructed by simulating a
Phaseolus vulgaris leucoagglutinin–labeling experiment, matched
to the available anatomic data, with an assumption of a Gaussian
distribution in the connectivity of any given neuron. Their
conclusion was that mid-CA1 neurons receive more connections
(8,000) than those in proximal and distal1 CA1 (6,500). They
assumed five synaptic contacts per fiber (a little more than the
mean suggested by recent evidence; Larkman et al., 1997). The
precise numbers are not important here; what is of interest is to
consider the effect on information transmission of this spread in
the convergence parameter Cj about its mean C, and specifically to
see whether this relative amount of spread is significantly different
to uniformity in information terms.
In this analysis, J2 is set to 1/C for all cells in the network, i.e.,
the neurons have unit gain. C is set by using the assumption of
parabolic dependence of Cj on transverse extent, on the basis of
Figure 5 of (Bernard and Wheal, 1994). To facilitate comparison
with the results reported in Treves (1995), C is held at 10,000 for
all results in this section. The model used (which we will refer to as
the ‘‘realistic convergence’’ model), thus, is simply a scaled version
of that due to Bernard and Wheal, with Cj ⫽ 7,143 at the
proximal and distal edges of CA1, and Cj ⫽ 11,429 at the
midpoint. Note that this refers to the number of CA3 cells
contacting each CA1 cell; each may do so by means of more than
one synapse. This convergence distribution was approximated in
the numerical evaluation by 10 discrete convergence levels fitted
to the above curve.
The saddle-point expression (Eq. 19) was evaluated numerically while varying the plasticity of the Schaffer connections, to
give the relationships shown in Figure 7a between mutual
information and ␥CA1
0 . The information is expressed in the figure
as a fraction of the information present when the pattern is stored
in CA3 (Eq. 18).

Results
Two phenomena can be seen in the results. The first, as
mentioned in the previous section (and discussed at more length
in Treves, 1995), is that information transmission is maximal
when the plasticity of the Schaffer collaterals is approximately
matched with that of the preceding stage of information processing. The second phenomenon is the increase in information
throughput with spread in the convergence about its mean. The
increase in mutual information provided by those CA1 neurons
with a greater number of connections than the mean more than
compensates for the decrease in those with less than the mean. It
must be remembered that what is being computed is the
information provided by all CA1 cells about patterns of activity in
CA3. In any case, the effect is rather small here: the realistic
convergence model allows the transmission of only marginally

FIGURE 7.
Information transmitted as a function of Schaffer
collateral plasticity. a: Binary CA3 firing rate distributions. The solid
line indicates the result for the realistic convergence model. The
dashed lines indicate, in ascending order (1) uniform convergence,
(2) two-tier convergence model with Cj 僆 55000, 150006, and (3)
two-tier convergence model with Cj 僆 52000, 180006. b: With more
realistic CA3 firing-rate distributions (the 10-level discrete exponential approximation from the previous section). The solid line
indicates the result for uniform connectivity, and the dashed line
represents the two-tier convergence model with Cj 僆 55000, 150006.

more information than the uniform model. The uniform convergence approximation might be viewed as a reasonable one for
future analyses, then.
Figure 7b shows that the situation for graded pattern distributions is almost identical. The numerical fraction of information
transmitted is of course lower (but total transmitted information
is similar; see previous section). The uniform and two-tier
convergence models provide bounds between which the realistic
case must lie.

EXPANSION RATIO
1Note

that by proximal CA1, we refer to that part closest to CA3,
and by distal, we refer to that part farther away from CA3,
following the terminology of Amaral and Witter (1989).

Another issue that this model allows us to address is the
expansion ratio of the Schaffer collaterals, i.e., the ratio between
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the numbers of neurons in CA1 and CA3, M/N. It can be seen in
Figure 8 that an expansion ratio of 2 (a ‘‘typical’’ biological value)
is sufficient for CA1 to capture most of the information of CA3
and that, although the gains for increasing this are diminishing,
there is a rapid drop-off in information transmission if it is
reduced by any significant amount. The actual expansion ratio for
different mammalian species reported in the literature is subject to
some variation, with the method of nuclear cell counts giving
ratios between 1.4 (Long-Evans rats) and 2.0 (humans) (Seress,
1988), whereas stereologic estimates range from 1.8 (Wistar rats)
to 6.1 (humans) (West, 1990). It should be noted that in all these
estimates, and particularly with larger brains, there is considerable
error. However, in all cases the Schaffer collateral model seems to
operate in a régime in which there is at least the scope for efficient
transfer of information.

TOPOGRAPHIC CONNECTIVITY
Investigation
A noticeable anatomical feature of the Schaffer collaterals (as
indeed of many other cortical projections), is the topography that
exists in their connectivity. This is to say that, rather than each
CA1 neuron receiving synapses from cells across the whole extent
of CA3, there is a focal point in CA3 from which it receives the
most synapses, and a (presumably Gaussian) spread such that the
further a CA3 cell is from the focal point, the less likely the CA1
cell is to receive synapses from it. As summarized in the
Introduction section, topography in the Schaffer collaterals exists
to a far greater extent in the transverse axis than in the
longitudinal axis of the hippocampus. It is this topography that
will be investigated here, and it is illustrated in Figure 9.
Transverse topography was investigated in two ways. The first,
valid only for CA3 firing rate patterns which were purely
uncorrelated, was to numerically evaluate the mutual information

FIGURE 8.
The dependence of the fraction of information
transmitted on the expansion ratio (the number of CA1 cells divided
by the number of CA3 cells).

FIGURE 9.
An illustration of the transverse topography of the
Schaffer collaterals, as redrawn from (Amaral and Witter, 1995). CA3
cells closer to the border with CA1 tend to project just across into
CA1, whereas CA3 cells close to the dentate gyrus tend to project to
distal CA1, near the subiculum.

expression in the topographic case. This was performed with K ⫽
50 elemental topographic subregions. The connectivity matrix
C utilised was symmetric, with Gaussian spread , and with the
total number of connections any neuron received normalised to
C ⫽ 10,000. This was done only for the single phase model,
rather than the full Schaffer collateral model. The reason for this is
that it was desirable to at some point consider CA3 patterns which
had some degree of spatial correlation amongst their firing rates.
Although it may be possible to include spatially correlated
patterns in such a mathematical analysis, it vastly complicates
matters. Therefore, it was decided to investigate this particular
issue in the full Schaffer collateral model by making use of a
Monte Carlo simulation of the model, as described in the
Materials and Methods section of the paper.

Results
The resulting mutual information per CA3 cell for the
single-phase model (Fig. 10) does not, to a very great extent at all,
depend on the degree of spread of topography. For high topographic spread, connections are received from a wide area, and the
information approaches that available with no topography at all.
As the topography becomes more tightly constrained, the information drops somewhat, to a minimum at which the Gaussian spread
is around  ⫽ 1/3; but, below this, it increases again. The total
magnitude of the deviation from the information available
without any topography is very small. The results, thus, indicate
that, in the absence of spatial correlations, topographic connectivity has very little effect on the amount of information that can be
relayed by the Schaffer collaterals.
However, this relative constancy of the information conveyed is
disrupted in the presence of spatially correlated patterns, at least as
measured from the information about which pattern was present
in the Monte Carlo simulation of the full Schaffer collateral
model. The results of the simulation are shown in Figure 11. Note
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correlations, more information can be carried about which of the
patterns is active at the input. It is not expected that this should
necessarily carry over into the more general measure of information about the entire set of firing rates within the input pattern,
because the entropy of the input pattern of course decreases with
internal pattern correlations. The more important point that is
apparent from the figure is that as the spread of the topography
becomes higher (progressively lower curves on the figure), the
maximum in the transmitted information moves to the left on this
scale, i.e., for higher topographic spreads, the maximum is for
patterns with wider spread in the spatial extent of the patterns.
Transmission of information seems to be maximal when the
spread of topography and the extent of spatial correlations are
tuned to be matched. It is to be expected that this principle should
carry over to the full information.

FIGURE 10.
Information transmitted per CA3 cell, as a function of the topographic spread (the standard deviation of the spatial
gaussian distribution of connections, expressed as a fraction of the
total field width). The dashed line represents the information that
would be available if no topography was present at all, i.e., the
connectivity was uniform.

that this figure cannot be directly compared with Figure 10,
because they refer to information about different things. In this
figure, the ratio of transmitted to total information is plotted as a
function of 1 ⫺ q. q, as mentioned in the Materials and Methods
section, is the probability of a cell in the pattern sharing the value
of the proceeding cell; the higher 1 ⫺ q, the more narrowly the
correlations are confined in space. By plotting logarithmically
versus 1 ⫺ q, we can see the dependence of information
transmission on the spatial spread of the correlations. The first
obvious point from the figure is that for higher amounts of spatial
correlation, more information can be extracted. This may be a
point specific to the information measure, i.e., with higher

FIGURE 11.
The ratio of transmitted information with and
without topographic connectivity, as a function of the extent of
spatial correlation internal to the patterns. Filled circles, topographic
spread  ⴝ 0.05; open circles,  ⴝ 0.1; squares,  ⴝ 0.2; diamonds,
 ⴝ 0.3. More widespread correlations are represented to the left of
the plot, more narrowly confined to the right. As the spread 
becomes greater than 0.3, the information gain curve flattens out.

DISCUSSION
This study has examined quantitatively the effect of analog
coding resolution on the total amount of information that can be
transmitted in a model of the Schaffer collaterals. The tools used
were analytical and numerical, and the focus was mostly on
relatively sparse codes. What can these results tell us about the
actual code used to signal information in the mammalian
hippocampus? In themselves, of course, they can make no definite
statement. It could be that there is a very clear maximum for
information transmission in using binary codes for the Schaffer
collaterals, and yet external constraints such as CA1 efferent
processing might make it more optimal overall to use analog
signalling. So, results from a single component study must be
viewed with due caution. However, these results can provide a
clear picture of the operating régime of the Schaffer collaterals,
and that is after all a major aim of any analytical study.
The results from this paper bring out some interesting points.
For instance, it is very clear from Figure 6 that, although nearly all
of the information in the CA3 distribution can be transmitted by
using a binary code, this information fraction drops off rapidly
with analog level. The total amount of information transmitted is
similar regardless of the amount of analog level to be signalled, but
this is a well known and relatively general fact, and accords with
common-sense intuition (Softky, 1995). However, the total
amount of information that can be transmitted is only roughly
constant. It seems, from this analysis, that although the total
transmitted information drops off slightly with analog level for
very sparse codes, the maximum moves in the direction of more
analog levels for more evenly distributed codes. This finding
provides some impetus for making more precise measurements of
sparseness of coding in the hippocampus. The reason for improved efficiency with more analogue levels at higher sparsity of
coding can be easily understood by closer inspection of Figure 5.
The effect of plasticity is to provide an improvement to the
amount of information that can be transmitted. This extra
information is greater for more distributed coding. The extra
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information provided by the plasticity effect is, all other things
being equal, relatively constant across the number of levels of
analog resolution. However, when the number of levels becomes
very small, the pattern entropy that provides a ceiling on the
transmitted information is quite low. This means that with more
distributed coding, the added information due to plasticity pushes
the transmitted information into the region of saturation due to
the ceiling; thus, at sparsity a ⫽ 0.2, we see a situation for which
more information can be transmitted at four or five levels of
analogue resolution. This effect is strictly due to the presence of
plasticity—without plasticity, binary coding would maximize
transmitted information.
A further point worth discussing is the functional role of
topography, as opposed to its quantitative import with regard to
information transmission. Given that it seems from our theoretical study here that, in the absence of spatially correlated patterns
in CA3, the presence of topography does not greatly affect the
amount of information that can be conveyed by the Schaffer
collaterals, any explanation for the gradients of connectivity (in
which we will include topography and convergence patterns)
based on the mere quantity of information transmitted can be
dismissed. Topography would seem, thus, to be merely a minimum wiring phenomenon: cortical regions need only certain
types of information, and they get it only from certain places.
The implications of this can be clarified slightly with regard to
the efferent microanatomy of the hippocampus. The hippocampus has been proposed as the point of integration of two
processing streams representing visual and spatial information
(Smith and Milner, 1981; Ungerleider and Mishkin, 1982). In
particular it has been suggested that the CA3 subregion of the
hippocampus, by virtue of the extensive, associative (i.e., recurrent) connectivity of the pyramidal cells within it, could be the
only site where object and place information are entirely integrated, or almost so (Rolls, 1989; Treves and Rolls, 1994; Rolls
and Treves, 1998). Although the connectivity within CA3 is such
that there is essentially a single CA3 recurrent network, however,
it should not be thought that it is entirely uniform, and this idea
bears on the current discussion. In actual fact, cells proximal in
CA3 are more limited in their projections, tending to project
mostly within their own subfield, although they receive connections from all over CA3. In contrast, mid and distal CA3 cells
project throughout the transverse axis and much more extensively
longitudinally (Hjorth-Simonsen, 1973; Swanson et al., 1978;
Ishizuka et al., 1990). However, although there are connections
throughout CA3, it now seems that most of the connections a
CA3 neuron receives are from its own subregion (CA3a,b,c, where
c is the proximal and a the distal subregion) (Li et al., 1994). This
could not really be called topography, because there is too much
spread, but it is certainly the beginnings of one, which is reflected
in a more full-blown topography in the CA3-CA1 projection.
Most of the outputs of CA1 are to the subiculum, and there is in
turn substantial topography in this projection (Tamamaki et al.,
1987; Tamamaki and Nojyo, 1990, 1995). Within the subiculum,
different populations of cells project to different target structures
or to different areas within the target structures (Swanson and
Cowan, 1977; Groenewegen et al., 1982, 1987; Van Groen et al.,
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1986; Witter et al., 1990). These populations of cells in some
cases overlap (e.g., projections to the entorhinal cortex and septal
region originate in a restricted population of cells, which overlap
on the proximodistal axis) and in some cases do not (e.g.,
projections to retrosplenial cortex being completely separated).
Thus, there is certainly scope for particular parts of the CA3
network to be selected preferentially for output to individual
cortical and subcortical structures on the basis of the type of
information represented in them, the degree of topographic
segregation of the information increasing through CA3, CA1,
subiculum, and so on. Topography at the level of the Schaffer
collaterals thus, is merely a reflection of gross neuroanatomy. This
does suggest some degree of inhomogeneity in the way in which
information is represented in the CA3 network. Note, however,
that inhomogeneity in the representation does not in any way
suggest correlation in neuronal firing in any one time period.
The possibility should be considered that, as a result of active,
inhibitory channelling, there should be more precise functional
topography than that suggested by the anatomic studies. However, in the case of the longitudinal axis of the hippocampus
electrophysiology supports the anterograde tracer studies (Finnerty
and Jefferys, 1993), and there is no reason at this stage to believe
that the situation should be different across the transverse axis.
The study of the expansion ratio (the number of CA3 cells
divided by the number of CA1 cells) indicated that there is little
advantage in information terms for increasing the expansion ratio
beyond about 2. If we take the expansion ratio measurement of 6
in humans to be correct, then the Schaffer collaterals as a single
network would be operating well into the region of diminishing
information return. Now, we are not suggesting that the Schaffer
collaterals operate only as an information relay, but rather, turning
the argument the other way around, that whatever other functional role they may have, it is likely that (given the ‘‘bottleneck’’
nature of the anatomy described above) they must operate in a
régime in which efficient information transfer is possible. An
expansion ratio as high as 6, thus, would lead us to speculate—but
it must remain pure speculation at this stage—that if the human
CA1 were to operate as an efficient recoder of information to the
neocortex from the hippocampus, and the expansion ratio was as
high as 6, then there should be approximately three largely
topographically segregrated networks in human CA1, corresponding to three broad ‘‘streams’’ of output.
In the Schaffer collateral model described in this study, CA1
pyramidal neurons have been represented only with respect to the
input they receive from CA3 by means of the Schaffer collaterals.
In actual fact, there are perforant path projections from the
entorhinal cortex directly to CA1 (Steward, 1976; Wyss, 1981;
Witter et al., 1988; Desmond et al., 1994), which will surely play
a role in the information processing performed by CA1 neurons
(Soltesz and Jones, 1995; Levy et al., 1995; Buzsaki et al., 1995;
Hasselmo and Schnell, 1994). The perforant path to CA1 seems
to be in nature excitatory, but normally ‘‘covered’’ by dominant
feedforward inhibitory connections (Empson and Heinemann,
1995a,b). However, the question of what its functional role is still
seems to be completely open, despite advances in the understanding of its physiology. The model of the Schaffer collaterals we have
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presented here is an attempt to describe only the CA3 input to
CA1 and, thus, makes no statement about the effect of perforant
path inputs to CA1. It is possible to describe an extended model,
along the same lines as the one presented here, which takes as its
input the pattern of activity in the entorhinal cortex, that uses a
simple functional description of the processing done by the
dentate gyrus and CA3 and computes the CA1 activity attributable to both perforant path and Schaffer collateral inputs. Such a
model is presented in (Fulvi-Mari et al., 1998). However, a model
of this complexity is laborious to solve numerically, and further
efforts in this direction will be contingent on future computational resources.
The assumption was made in the analytical calculation that
there were no correlations between neurons in CA3. This
assumption was of course made to perform the analytical
calculation, which have been significantly more complicated
otherwise. A question which can be asked is, how would spatial
correlations in CA3 affect the role of plasticity in the Schaffer
collateral connections. It is reasonable to think that there may be
some nontrivial effect, because synaptic weight statistics, at least
under criteria of optimality, reflect correlations in the input
patterns (Nadal and Parga, 1993). Therefore, this is an interesting
question for future study, possibly by further computer simulation.
There are a number of respects in which the analytical
calculation itself could be extended without increasing too much
the difficulty of the calculation.2 One possibility would be to
consider different forms of the plasticity term given by Eq. 9. The
form used in the model we have described was a simple equation
motivated by the presence of associative long-term potentiation in
the Schaffer collaterals (Schwartzkroin and Wester, 1975; Kelso et
al., 1986; Bliss and Collingridge, 1993; Nicoll and Malenka,
1995). The calculation essentially could be carried through in an
identical manner for different forms of plasticity specified by a
generalized form of this equation, and the effect on information
transmission of details of the physiology of long-term potentiation
could be examined.
The same techniques used here, i.e., the replica trick together
with the ‘‘self-consistent statistics’’ approach to writing down
probability densities of the states of the system, could also be used
to calculate the mutual information that could be transmitted by
or retrieved from a recurrent network with diluted connectivity
such as CA3. It might also be possible to analyze in this way
cascaded stages of feedforward and/or recurrent networks (Coolen
and Viana, 1996) to gain an understanding of some general
information-theoretic features of cortical connectivity.
Of course, there are many details of the physiology of this
region that have either not been taken into account at all or that
have been crudely assumed to be set so as to provide the most
simplistic function possible. This model was never intended to be
anything more than a first step in the direction of a precisely
quantitative account of network function. We believe that our
rather liberal application of Occam’s Razor is justified by the need
for a first-order model with which other, more detailed studies can
2It

is important to avoid, if at all possible, adding an extra level of
integration in the solution outlined in Eq. 19.

be compared. This should hopefully increase substantially the
insight gained from such more detailed studies, in which the
simple picture can often be obscured by the multiplicity of
parameters.
Advances in neuroanatomy are yielding extremely detailed
information about the fine structure of the hippocampal formation (see, e.g., Freund and Buzsáki, 1996). A number of authors
(Bernard and Wheal, 1994; Patton and McNaughton, 1995) have
presented detailed constructions of hippocampal connectivity,
and proposed that they be used as the basis for computer
simulations of great complexity. Although the possible utility of
such a tool cannot be denied, we urge caution in its application:
simulation of physiological details will in itself contribute little or
nothing to understanding of the working of the system. However,
we hope that by complementing such detailed analysis with an
approach in which simplifying principles are used whenever
possible, advances will be made toward understanding the organization of the hippocampus.
Clearly, it is essential to further constrain the model by fitting
the parameters as sufficient neurophysiologic data become available. As more parameters assume biologically measured values, the
sensible ranges of values that as-yet unmeasured parameters can
take will become clearer. It will then be possible to address further
issues such as the quantitative importance of the constraint of
dendritic length (i.e., the number of synapses per neuron) on
information processing. It may also, in conjunction with studies
of the effects of neuronal degeneration on single-cell physiology,
offer the prospect of providing a quantitative account of information loss in neurodegenerative diseases such as Alzheimer’s.
One thing this analysis does is to provide us with information
about which are the important parameters of the system with
regard to information transmission and which are not. This of
course has impact on which quantities are of the most use to
obtain experimentally. On the anatomic side, for instance, it could
be said that there is little point in measuring the distribution of
convergence onto CA1 neurons; in stark contrast, divergence
(expansion) to CA1 from CA3 neurons is important with regard
to information transmission. On the physiologic side, it seems
that a very important parameter is the sparsity (a mean invariant
measure of the spread) of the activity distributions (a fact pointed
to by converging lines of evidence; see Treves and Rolls [1994] and
Schultz and Treves [1998]), rather than the specific details of the
firing distributions themselves, which do not matter beyond the
second moment. Another issue is whether or not there are
correlations between cells in region CA3? This finding is crucial
for the issue of whether topography affects information transmission at all: if there are not, it affects it not at all; if there are, then it
becomes important to determine their spatial scale, which should
match up with the spatial spread of topographic connectivity in
the respective axis.
In summary, we have used techniques for the analysis of neural
networks to quantitatively investigate the effect of a number of
biological issues on information transmission by the Schaffer
collaterals. We envisage that these techniques, developed further
and applied in a wider context to networks in the medial temporal
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lobe, will yield considerable insight into the organization of the
mammalian hippocampal formation.
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where taking the extremum means evaluating each of the two
terms, separately, at a saddle-point over the variables indicated.
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y, w, z are saddle-point parameters (conjugated to ỹ, w̃ and z̃), and
x0, y0, w0, z0 are corresponding single-replica parameters fixed as
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