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ABSTRACT:
A model of place-cell firing is presented that makes quantitative predictions about specific place cells’ spatial receptive fields
following changes to the rat’s environment. A place cell’s firing rate is
modeled as a function of the rat’s location by the thresholded sum of the
firing rates of a number of putative cortical inputs. These inputs are tuned
to respond whenever an environmental boundary is at a particular distance and allocentric direction from the rat. The initial behavior of a place
cell in any environment is simply determined by its set of inputs and its
threshold; learning is not necessary. The model is shown to produce a
good fit to the firing of individual place cells, and populations of place
cells across environments of differing shape. The cells’ behavior can be
predicted for novel environments of arbitrary size and shape, or for
manipulations such as introducing a barrier. The model can be extended
to make behavioral predictions regarding spatial memory. Hippocampus
2000;10:369 –379. © 2000 Wiley-Liss, Inc.
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INTRODUCTION
Place cells in the hippocampus of the rat exhibit location-specific firing. A
given cell fires only when the animal is in a particular part of its environment
(the place field). When a place cell is recorded in a series of rectangular
environments, the location of peak response shows some regularity across
environments, e.g., often maintaining a fixed distance from the two nearest
walls (O’Keefe and Burgess, 1996). Regularity in the locations of place fields
has also been observed across a variety of different-shaped environments
(e.g., squares, circles; Lever et al., 1999). Although this regularity appears to
be an important and reliable feature of place cells in these experiments, other
experiments have shown “remapping,” i.e., unrelated patterns of firing in
different environments (Muller and Kubie, 1987; Quirk et al., 1992) or
mixtures of regularity and remapping (Skaggs and McNaughton, 1998).
The occurrence of shape-based remapping may well depend on extensive
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experience in both environments (Lever et al., 1999 and
unpublished data). Our aim is to explain as much as
possible of the regularity in the initial pattern of place-cell
firing in new environments. Does a place cell need to
learn its response to a new environment? Or can its behavior be understood as a hardwired response to the geometry of the environment? We will argue for the latter
position, and describe a model of the cortical inputs required for such a response.
In the rectangular environments studied by O’Keefe
and Burgess (1996), place fields can be modeled as the
thresholded sum of two or more putative inputs of specific functional form. Inputs have a Gaussian tuning
curve to the distance to a wall in a given allocentric direction (e.g., north, south). Each of the inputs is tuned to
respond maximally when there is a wall at a specific distance along a specific direction. The breadth of the tuning increases with the distance to which it is tuned. This
simple model can account for the consistency in the location of firing between environments of different size
and aspect as well as various features of the shape of the
fields, such as their elongation in rectangular environments compared with square (O’Keefe and Burgess,
1996; Burgess and O’Keefe, 1996). In this study it was
convenient to model place fields using four inputs, each
tuned to respond to distances in the directions perpendicular to each of the walls, since these were the four
directions along which the shape of the environment was
varied. However, in general we would not expect the
directions to which inputs to a given place cell are tuned
to be determined by a particular environment. Although
a place cell will tend to fire when the various walls match
the tuned distances of its inputs, those distances can be
measured in many directions. The general model simply
suggests that place cells are driven by inputs sensitive to
the distance and allocentric direction of boundaries
(“boundary vectors”) in the environment, with several
such inputs combining to produce location specificity.
This model builds on previous models of place cell firing,
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many of which involve distances and/or bearings to landmarks
(e.g., Zipser, 1985; Sharp, 1991; O’Keefe, 1991; McNaughton et
al., 1994; Burgess et al., 1994; Touretzky and Redish, 1996).
However, these previous models do not give any special status to
boundaries of the environment as compared with other landmarks
and do not attempt to find the precise functional form of the inputs
required to predict its behavior quantitatively.
What constitutes a boundary is a question that requires further
empirical investigation, but it is clear that walls which impede
movement are particularly potent cues in determining the location
of peak response for most place cells (O’Keefe and Burgess, 1996).
Place fields near to a small, open box forming part of a larger
apparatus and moved in the laboratory frame also maintain fixed
locations relative to the walls of the box (Gothard et al., 1996a,b).
Other studies show that the presence of a transparent barrier to
movement is sufficient to affect place-cell firing patterns (Muller
and Kubie, 1987). Place fields also maintain their positions relative
to the edges of a raised holding platform (O’Keefe, 1979) as it is
moved in the laboratory frame, suggesting that a drop which impedes movement also constitutes a boundary. Other data suggest
that as well as impeding movement, barriers must be extended in
space to affect place field location. For instance, Cressant et al.
(1997) showed that small objects placed inside a cylindrical environment did not affect the location of firing when they were separated, but did when they were arranged in a row. We do not
assume that information concerning the location of boundaries in
the environment comes exclusively from the visual modality. Although when visual inputs are available they tend to dominate
other sources of information (e.g., Jeffery et al., 1997), it has long
been thought that place cells will use any available external or
internal information to maintain location specific firing (e.g.,
O’Keefe and Nadel, 1978; Hill and Best, 1981).

FIGURE 1.
Data from O’Keefe and Burgess (1996) indicate that
place cells respond maximally when the rat is a specific distance away
from two or more walls. This suggests inputs to the place cells, i.e.,
boundary vector cells (BVCs), each of which responds to boundaries
in the environment at a particular distance and allocentric bearing.
Whenever the rat encounters a wall at that distance and direction, the
BVC’s firing rate increases.

greatest to a boundary at distance di and bearing i relative to the
rat’s location, the receptive field gi is given by:

MODEL
Framework
We model the geometric inputs to the place cells as a population
of boundary vector cells (BVCs), each of which responds maximally
when a boundary is at a particular distance and allocentric direction to the rat, as shown in Figure 1.
The receptive field of each BVC is a product of two Gaussians,
one a function of distance, the other of allocentric direction. The
distance tuning of the cells is narrow for cells which have a peak
response to boundaries near the rat, but wider for greater distances
(see Fig. 2). This is consistent with the rat being able to judge short
distances more accurately than long distances (cf. Weber’s law),
and it means that inputs tuned to shorter distances exert more
influence on place cell firing than BVCs tuned to long distances,
everything else being equal. The angular extent (ang) of each field
is assumed to be constant. Thus, for a BVC i whose response is

g i 共r, 兲 ⬀
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where ang is constant, and the radial extent rad, which controls distance tuning, varies linearly with distance: rad(di) ⫽ (di/␤ ⫹ 1)0.
Here, ␤ and 0 are constants determining, respectively, the rate of
increase with distance and the radial extent of fields at zero distance.
The allocentric reference frame for the directional tuning of
BVCs is assumed to be based on a transformation of egocentric
information which occurs upstream of the hippocampus in the
head-direction system (Taube et al., 1996). Experimental manipulations, which change the orientation of this reference frame (e.g.,
extramaze cue rotations), will affect the orientation of the BVC
receptive fields.
A section of wall at distance r, and bearing , subtending an
angle ⌬ at the rat contributes
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observed place fields can indeed be explained by the model. We
will then show how by fitting experimentally observed data in one
set of environments we can generate predicted firing-rate maps for
a novel set of environments. We then turn to predictions at a
statistical level. Can the behavior of populations of place cells be
explained simply by each cell having an arbitrary set of BVC inputs? To test this idea, we simulate a population of BVCs and
arbitrarily selected a random subset to activate each of a population
of simulated place cells. We compare experimentally observed patterns of firing across a range of environments with the behavior of
the simulated cells. Finally, we extend the physiological model to
show how it can make predictions at the level of behavior.
FIGURE 2.
Receptive fields of the BVCs are the product of
Gaussian functions of distance and direction. The angle subtended by
each field (at the rat) is constant. Cells tuned to respond to more
distant boundaries have broader tunings to distance than those responding to proximal boundaries. Each place cell receives input from
a number of BVCs. Shading indicates relative level of activation produced by wall segments intersecting each of the three receptive fields
(g, see text). Note that BVC-receptive fields tuned to respond maximally to more distant walls produce less activation at their peaks than
those tuned to shorter distances.

⌬f i ⬀ g i 共r, 兲 ⫻ ⌬

(2)

to the firing rate, fi , of boundary vector cell i. The firing rate of a
BVC when the rat is at location x in a given environment is simply
found by integrating Eq. (2) to find the net contribution of all the
environment’s boundaries. This process can be repeated for all
locations x to give the BVCs firing field within the environment.
Each BVC has a firing field that follows the boundary of the
environment at its favored distance and direction (see Fig. 3).
We assume that place cells receive inputs from a large number of
BVCs, which collectively cover the whole range of boundary vectors that the rat can ever encounter. Each place cell receives input
from a selection of n BVCs (n ⱖ 2). The place cell’s firing rate F(x)
is modeled as proportional to the thresholded sum of the BVC
inputs it receives (see Fig. 3).

冉冘
n

F共x兲 ⫽ A⌽
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where (x) is the space of the map, A is a weighting parameter, T is
the cell’s threshold, and

再

u if u ⬎ 0, or
⌽共u兲 ⫽ 0 otherwise.
T and ⌽ provide a threshold-linear transfer function giving the
place cell’s firing rate as a function of its input (see Fig. 3C).
The model represents a straightforward generalization of the
model described in O’Keefe and Burgess (1996) and Burgess et al.
(1997) to the case of inputs tuned to arbitrary allocentric directions.
Below, we will briefly describe the general properties of place
cells predicted by the model. We will simulate place cells with a
small number of BVC inputs (2– 4) to show that experimentally

FIGURE 3.
A: BVC-receptive fields (shown relative to rat, independent of heading). Not to scale with the environments. B: Corresponding BVC firing fields (in a variety of environments: a small
square, a circle, a large square, and a diamond. C: A place cell’s firing
rate is modelled as the thresholded sum of two or more BVC firing
fields. The sum of the two BVCs in B is shown above, and the result of
applying a threshold-linear transfer function is shown below.
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Field Shape and Location

Fitting Procedure

Before simulating any specific cell, we can make a number of
general predictions regarding place field shape and location in different environments. These are predictions that follow from the
form of input representation we have postulated, and do not depend on the parameters of the model, or the specific inputs that
activate a place cell.
Where the directional reference frame is anchored by the presence of salient extramaze orientation cues, the location of the field
in different environments, as measured by the location of peak
firing, will generally be fixed with respect to the walls that bound
the environment along one or more of its sides (e.g., to the north or
west).
The shape of the boundaries will affect the shape of the fields,
especially near the edges of the environment. Figure 3 gives
examples of the different shaped fields predicted for different
environments for a cell with the same BVC inputs. Fields tend
to be crescent-shaped where they are close to the perimeter of a
circular environment (cf. Muller et al., 1987). The shape of
fields close to barriers is also influenced by the barrier’s orientation relative to the directional reference frame. For example,
rotation of a square environment can produce a range of shapes
from bar-shaped fields parallel to the barrier (see the “diamond”
in Fig. 3) to more confined elliptical fields (see the small square
in Fig. 3).

Firing rate maps recorded from the same place cell in a variety of
environments are smoothed and normalized (F(x)). Simulated firing rate maps can then be generated for any population of BVCs
(covering the range of distances and directions the rat will encounter in the experimental environments) in each environment (fi(x)),
using Eq. (2). Simulated place-cell firing maps (thresholded sums
of the BVC firing rate maps) can then be fitted with the experimental data.
To determine the set of BVCs that best explain the observed
data, we need to invert Eq. (3). One solution is to estimate the
place field as a simple linear combination of inputs, i.e.,

Physiological Predictions
To test the model, we make detailed physiological predictions
about the behavior of a particular place cell in a novel environment.
To do this, we need to solve the inverse problem: determining
which BVCs drive the place cell from the firing rate map obtained
in a first set of environments, and using this knowledge to predict
the firing-rate maps in novel environments. Although each place
cell may receive inputs from many geometry-sensitive inputs,
models involving few BVCs are more likely to show robust generalization to novel environments than models involving many
BVCs, as the extra degrees of freedom are likely to cause the model
to overfit the data. Our aim therefore is to find a small number of
BVCs that can account for the data, and thus produce robust
physiological (firing rate) predictions, rather than a detailed description of the inputs at the physiological level.
For any single environment, the problem is insoluble, since
there are many combinations of BVCs that could account for the
observed firing. However, some BVCs (e.g., those that themselves
fire strongly at the location where the peak response of the place cell
is seen) are more likely to be involved in driving the place cell than
others (e.g., those that fire strongly where the place cell does not fire
at all), so it is possible to systematically reduce the set of BVCs
considered. By fitting fields recorded in a number of environments
with different boundary configurations, the number of fitting
combinations can be reduced to a level where robust predictions
from the model are possible.

F共x兲 ⬇

冘 w f 共x)
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(4)

This allows a direct calculation of the solution with the best fit (in
the “least squares” sense) to the experimental data by inverting Eq.
(4) to find the values of wi. However, modeling place fields that can
have zero firing rates in entire environments requires the nonlinear
threshold of Eq. (3) rather than a linear model. We are also reluctant to abandon the simplicity of Eq. (3) by introducing the large
set of variable weights (wi in Eq. (4)). Although models obtained
by this approach can fit the data well (see Burgess et al., 2000), it is
necessary to model a large number of BVCs, representing an entire
population of inputs which can encode for all distances and directions. This can lead to problems of overfitting and poor generalization.
Ideally, we could use a Bayesian framework to find the probability of all sets of BVC inputs, given the data and our assumptions
concerning the distribution of BVCs available. This could be used
to generate a probability distribution of the firing rate at each point
in a novel environment. However, this does not seem readily tractable, and remains for future work.
Instead, the approach we use here is to choose a smaller population of BVCs whose firing fields ( fi(x)) are compatible with the
observed data, and from them select the best-fitting combination
of BVCs by “brute force” (i.e., by calculating all potential solutions). Compatible BVCs are those which represent vectors from
each observed location of peak firing to the walls of the environment in all directions. Peaks were defined as contiguous regions
where firing rate exceeded half the maximum rate, and the distance
and direction of the peak from the walls were measured with respect to the pixel showing the maximum firing rate within each
such region. As fitting each combination of BVCs is fairly computationally intensive, the number of BVCs involved was constrained
to make a brute force solution practical. This was done in two
ways:
1. Boundary vectors to be considered were quantized to a polar
grid (with angular resolution 18° and radial resolution at four
pixels or 9.76 cm).
2. Only combinations where all BVCs represented vectors orthogonal or opposed to one another were considered (i.e., there
were only 2– 4 BVCs in each combination). This latter constraint
is reasonable, since cells representing very similar boundary vectors
are likely to be redundant (their firing fields covary strongly with
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one another), and BVCs with very similar bearings combine to
produce extremely elongated fields, in contrast to the more symmetrical fields that are observed experimentally.
All combinations meeting the above constraints were considered. For each combination, the sum of the BVC firing fields was
calculated, and the threshold T, and the global weighting parameter A (see Eq. (3)), were varied until the fit with the data was
maximized (simplex minimization). Figure 4 shows the best-fitting
solution obtained for each of the 28 fields described by O’Keefe
and Burgess (1996), using a maximum of four BVCs. Even in the
case of a model using four BVCs, only seven independent parameters are used: the four BVC distance tunings, and one direction
defining the four (orthogonal) BVC direction tunings and parameters A and T.
Despite the strong constraints we applied to the combinations of
boundary vector cells considered, the model fits the data remarkably well, accounting for the shape and size as well as the location
of most fields.
The main discrepancies with the data were where the model
predicted either firing in an environment where none was observed, or less frequently, the absence of firing where in fact firing
was observed. These discrepancies suggest that place cells’ firing
thresholds sometimes vary from one trial to another, due to factors
other than the geometry of the environment.
Having arrived at a solution to the inverse problem, the BVCs
implicated in driving the place cell in one set of environments can
be used to calculate the expected firing rate in a novel environment
or set of environments. Figure 5 shows how the model fits a place
cell’s firing in four environments and how the BVCs found are
used to predict its firing in four novel environments. Figure 6
shows how the model predicts accurately not just the location but
also the shape of fields in a variety of environments. In particular,
the model predicts that the cell, which fires close to the south wall
in a rectangular environment, will produce an additional firing
field in response to an east-west barrier introduced into the middle
of the box. The model also correctly predicts the location of the
field observed in right-angled triangles of different orientations.
The firing field is extended along the hypotenuse of the triangle
when the right angle is in the northeast corner, and adjacent to the
south wall when the right angle is in the southeast.

Statistical and Behavioral Predictions
We can make some predictions concerning the way in which the
form of representation we have suggested for the inputs to the
hippocampus affects the statistical properties of a population of
place cells, and the consequences that these statistical properties
might have for behavior. In order to develop these ideas further, it
is necessary to model a population of BVCs and a representative
population of place cells with inputs from these BVCs. Clearly
both entail additional assumptions which are discussed briefly below before we turn to the results of our simulations.
As boundary vector cells are purely theoretical at present, it is
desirable that our predictions do not rest too heavily on our assumptions about the detailed shape and size of their receptive fields
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(which are determined by the parameters ang, ␤, 0, or their
number and distribution in space. Nonetheless, in order to simulate a population of BVCs, we are obliged to make some assumptions about these issues, and where we believe these have important
qualitative effects on our predictions, we have noted the fact. For
practical reasons, we have simulated a small number of BVCs
(200), which we distributed so as to cover space evenly in 20
directions, and 10 distances covering the range encountered in
typical experimental environments. The parameters governing the
width of the receptive fields of BVCs were the same as those used
above in Physiological Predictions, and were chosen so that the
overlap between adjacent fields was sufficient to allow walls at any
distance or direction to activate some of the BVCs (see Appendix
for more details).
The proportion of available inputs activating any given place cell
is another area where we are obliged to make additional assumptions in order to simulate a representative population of place cells.
In Physiological Predictions (see above), we simulated place cells
with four or fewer BVC inputs to avoid overfitting the data, thus
allowing us to make robust predictions. These inputs were also
constrained to be separated by 90° to one another. Since we wish to
remove these constraints in the following simulations, which rely
on generating a representative sample of place cells with a random
selection of BVC inputs, we assume that each place cell has 10
BVC inputs (5% of the total number of simulated inputs). This
figure is sufficient to avoid a large proportion of elongated fields (a
smaller sample of randomly chosen BVCs is also likely to sample
the different directions unevenly, which produces elongated
fields), while producing a good proportion of strongly localized,
unimodal fields in line with experimental observation.

Statistical Properties of Populations
of Place Cells
We investigated whether the statistical properties of populations
of place-cell firing could be explained on the basis that the inputs to
each cell are simply a random selection from the set of all possible
inputs. We took the population of 28 fields recorded by O’Keefe
and Burgess (1996) as our experimental data, and compared properties of their firing-rate maps with 100 simulated place cells,
whose firing rate maps we calculated in each of the four rectangular
environments. Each simulated place cell had inputs from 10 randomly selected BVCs (as described above). All 100 simulated cells
used the same threshold value, T, chosen so that about 60% of
cells, which fired in any of the boxes, would fire in all four (in line
with the experimental data). To simulate real firing rates, the parameter A was set such that the median peak firing rate across all
cells and environments corresponded with that observed experimentally (4.85 Hz). Simulated cells were considered not to fire
where their peak firing rate in an environment was less than 1 Hz
(as with the experimental data in O’Keefe and Burgess, 1996).
After thresholding the summed inputs to each simulated cell,
some cells did not fire in any of the four boxes (16/100). The
existence of a proportion of pyramidal cells which are silent in any
particular experimental environment is consistent with experimen-
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FIGURE 4.
A: Data from 28 place fields reported by O’Keefe and
Burgess (1996), shown for comparison with simulated cell firing rate
maps shown in B. Shading indicates rate of firing, which has been
normalized within each environment, so that the peak firing rate
corresponds to the darkest shading. As in O’Keefe and Burgess
(1996), fields with peak firing rates less than 1 Hz are not shown, and
the cell was treated as if it had zero firing rate in these environments.

Pretraining of the rat occurred in the vertical rectangle, except for
cells shown in the rightmost column, in which pretraining occurred in
the horizontal rectangle. B: Firing rate maps of 28 simulated place
cells, with 2– 4 BVC inputs chosen to fit the corresponding experimental data shown in A. These plots show the actual fitted values for
F(x), using the same shading scale as in A.

________________________________________________________________________

FIGURE 4.

(Continued)
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FIGURE 5.
A: Place field data (Lever et al., 1999). B: Place field
simulation. C: Fitted BVC-receptive fields (shown as contours at half
maximum). The large box (93 ⴛ 93 cm) is shown for scale. D: Novel
environments for which firing will be predicted (to scale). The BVCs
shown in C are used to predict the firing pattern that will be observed
in these environments (see Fig. 6). The shading scheme for real and
simulated firing maps is as in Figure 4A and Figure 4B, respectively.

tal data showing that a much larger number of cells is active under
anesthesia (Thompson and Best, 1989). However, we cannot place
too much importance on the proportion found here, because we
have only modeled place cells with inputs from BVCs which are
sensitive to distances in the range found in the experiment (the
largest distance to which cells were tuned was 2.4 m). In reality,
there may be many more “silent” cells, which would only ever fire
in much larger environments.

FIGURE 6.
Prediction of the behavior of the place cell fitted in
Figure 5 in four novel environments. The actual recordings for that
cell are shown below for comparison. The shading scheme used for
simulated and real firing maps is as used in Figure 4B and Figure 4A,
respectively.

FIGURE 7.
Across all environments, the model shows a similar
distribution of peak firing rates to that observed experimentally. The
simulated peak firing rate for each environment is calculated by scaling the summed thresholded BVC inputs (see text) by a factor such
that the median firing rate of real and simulated cells is equal (4.85
Hz).

The surviving 84/100 cells had properties similar to those observed experimentally; the range of simulated firing rates was similar to the experimentally observed distribution (see Fig. 7).
The number of peaks seen in simulated fields from different
environments, and their areas and aspect ratios, also agreed fairly
well with the experimental data, as shown in Table 1.
We noted that no simulated cells fired solely in both rectangular
boxes, or soley in both square boxes. These results are consistent
with experimental data (O’Keefe and Burgess, 1996). The model
explains this constraint as follows: in order to fire strongly in both
square environments, a place cell requires inputs sensitive to
boundary vectors which are present in both. Boundary vectors
present in both squares are also present in both rectangles, and vice
versa.
The orientation of each simulated peak was also measured. As
the place fields in the model are built up from BVCs that respond
at fixed distances from the walls of the box (see Fig. 3B), there is a
tendency for simulated fields to have orientations which are parallel to the box walls. The same tendency is present in the experimental data. This is particularly clear in rectangular boxes, where
there is a strong tendency for peaks to be stretched in the direction
of the longest axis of the box (see Fig. 8), but it is also present in the
simulations and data in square boxes.
The main discrepancy between the simulation and the data
shown in Table 1 is that the model predicts that fewer cells will fire
in smaller environments, whereas in the experimental data there

________________________________________________________________________
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Comparison of Statistical Properties of Simulated and Real
Place Cells*
Environment
Small
square

Horizontal
rectangle

Number of peaks, with % of fields
0, simulated
43
35
1
60
60
2
5
13
⬎2
0
0
0, data
1
2
⬎2
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11
86
4
0

Mean area of peaks (cm2)
Simulated
208
Data
109

Vertical
rectangle

Large
square

24
70
11
2

4
81
20
2

29
64
7
0

7
75
14
4

11
79
11
0

273
250

267
162

320
385

The location-specificity of place cells suggests that they may play
a role in guiding behavior when it is directed to a particular location (O’Keefe and Nadel, 1978). For instance, memory for the
location of an object might include a representation of place based
on the firing rates of hippocampal place cells. Here we need to
consider the neural representation of place not in terms of the
firing of single place cells, but in terms of the pattern of firing across
place cells, since it is unlikely that any single cell controls behavior.
A very simple model of object location memory would be that an
animal encountering an object at a particular location stores the
pattern of place-cell firing rates at that time. To search for the
object, the animal would focus on the location which produce the
same or most similar patterns of firing in the place cells (see the
“simple model” described in Burgess and O’Keefe, 1996). As
shown above, the current model permits us to simulate a population of place cells, and we can thus obtain a measure of the similarity of any two locations in terms of their neural representations.
We can thus use the model to make tentative predictions at the
level of behavior (tentative because the relationship between neural
representation and behavior may be more complex than the simple
one outlined here, e.g., as in the full model of Burgess et al., 1997).

Mean ratio of length (longest axis) to width (orthogonal to
length) of peaks
Simulated
1.70
2.06
2.29
1.97
Data
1.56
1.67
1.54
1.43
*Experimental data (analyses of raw data in O’Keefe and Burgess, 1996)
are shown in italics. Peaks were defined as continuous areas where
firing exceeded half the maximum rate observed in the environment.

does not appear to be any trend relating size of environment to
the number of cells which fire in it. This discrepancy suggests
that either the input to the place cells is increased in smaller
environments (i.e., inputs to the hippocampus are statistically
skewed towards short distances, and the modeled population of
BVCs had too few cells tuned to short distances compared to
cells tuned to long distances), or the scale of the environment
affects the threshold of the place cells (perhaps through interactions between place cells). The use of a single fixed threshold
parameter for all cells in all environments was a useful simplifying assumption, but one which is probably excessively conservative. While the threshold remains the same, whatever the
size of the environment, in larger environments there are always
more inputs available to drive place cells, and hence the firing
rate tends to be higher.
The model explains a large number of the statistical properties of
place fields, and while the quantitative fit is in no way spectacular,
it is remarkable that so many properties of place cells can be accounted for with such a simple model. Random connectivity predicts many of the variations in firing which are sometimes taken as
evidence of “remapping” (e.g., a given cell fires in one environment
but not in another, or produces a two-peaked field in one environment and a one-peaked field in another).

FIGURE 8.
Orientation of place fields in real (solid lines; data
from O’Keefe and Burgess, 1996) and simulated place fields (dashed
lines). The shape of each field was defined as a region enclosed by a
contour drawn at half-maximum firing rate. For each such region, the
axis of greatest extent was measured to the nearest 7.5°, and plotted
here in 15° bins (0 –15°, 15–30°, etc.). The rectangular boxes in which
the fields were recorded/simulated had walls orientated at 0° and 90°.
Both real and simulated fields show a tendency for the longest axis to
be parallel to the walls, especially in rectangular boxes.
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FIGURE 9.
Behavioral predictions. If the hippocampal representation of space is used to guide behavior, an animal searching for an
object previously seen at location X would be expected to focus its
search on locations with similar representations in the place cells. A:
Similarity of the place-cell representation at all locations within a
rectangular environment with the place-cell representation at location X. We would predict the locus of search for an object found at X
to be a monotonic function of the similarity field shown. What would
be the locus of search if environment A changed shape after the object
was found? B: Similarity of the place-cell representation of locations
in three different shaped environments to the place-cell representation of location X in environment A. We predict the locus of search to
be a monotonic function of these similarity fields. Details: the similarity between the place-cell representations of two places is expressed
as the dot product of the vectors of the cells’ firing rates at the two
places (black ⴝ maximum, white ⴝ 0). We simulated 289 place cells
each with 10 randomly chosen BVC inputs (as described in Statistical
Properties of Populations of Place Cells) so that 100 of them were
active at location X (and so contributed to the dot products).

By choosing a reference location (corresponding to the original
location of the object) and measuring the similarity of the placecell firing pattern at the reference location to the pattern seen at all
other locations in the environment, we can generate a “similarity
field” showing the locations where search activity is predicted.
Figure 9A shows the similarity of the neural representations of
locations throughout an environment to that of a reference location. We predict that searches for an object found at the reference
location would focus on the locations represented similarly (darker
shades). As expected, searching is focused on the correct location.
Interestingly, we can also measure the similarity of the reference
location to locations in reconfigured environments, providing the
basis for testable predictions regarding where searches are directed
after geometric changes to the environment. Figure 9B shows the
similarity of the representations of locations in three reconfigured
environments.

DISCUSSION
In this model, we expect place fields recorded from the same cell
in different environments to be geometrically related, and in this
sense, the representation of space provided by place-cell firing rates
is like a single flexible map, or more accurately a coordinate system,

which can be applied to any environment (cf. Fenton and Muller,
2000). This position can be contrasted with one in which a given
cell may be involved in multiple discrete “charts” (one for each
environment), each of which shows an unrelated pattern of firing
(Samsonovich and McNaughton, 1997). Experimental evidence
bearing on this issue is not easy to interpret. It is important to note
that just because a cell fires in one environment and not in another,
or has a field with two peaks in one environment and one in
another, does not demonstrate that the fields are unrelated, and
therefore belong to different charts. The geometric model described above predicts such observations. To reject the concept of
a unitary map, we require evidence that the observed fields are
geometrically unrelated, and this evidence must be weighed against
the data that the unitary map can explain. We also note that the
current model is simpler than a multichart model.
We have shown that a simple model of the inputs to hippocampal place cells, sensitive to the distance and direction of boundaries
in the environment, can account for the shape and location of fields
observed in different environments. On initial exposure, fields recorded in a range of environments are geometrically related
(O’Keefe and Burgess, 1996), and this can be understood as resulting from an essentially arbitrary wiring of the hippocampal place
cells from a set of inputs coding for the geometry of the environment.
The model allows us to fit data from place cells recorded in a
range of environments, and to predict the behavior of such cells in
novel environments. Some of these predictions have been borne
out by experimental studies (Lever et al., 1999). The model predicts statistical properties (firing rate distributions, number, and
size and shape of peaks in different shaped environments) broadly
in line with those observed experimentally.
The model explains the formation of place fields in terms of the
interaction between the geometric properties of the environment,
and the geometric tunings of a set of inputs. These tunings may be
essentially arbitrary and hardwired. If learning occurs, it is not
necessary to understand the shape and location of the fields in the
experiments dealt with above. For instance, it is not necessary to
account for the occurrence of elongated and double-peaked place
fields (as suggested Samsonovich and McNaughton, 1997; by Kali
and Dayan, 1999). In the data of O’Keefe and Burgess (1996),
there is no clear evidence that these occur either more or less often
in the environment to which the rat was first exposed than in
subsequent environments (see Fig. 4A). However, it may be necessary to invoke learning to explain gradual changes in place-cell
firing following extensive experience in a particular environment
or set of environments (Bostock et al., 1991; Lever et al., 1999). In
order to understand the effect of change on a system, it is desirable
to have a good knowledge of its initial state. The current model, we
feel, will provide a solid basis for modeling effects of learning
through which, for instance, a place cell might become less sensitive to invariant properties of the animal’s environment, and more
sensitive to properties which allow it to discriminate one environment from another.

________________________________________________________________________
Acknowledgments
We thank Andrew Jackson for his work on a previous version of
the model. The work described in this paper was supported by
grants from the UK Medical Research Council. N.B. is a Royal
Society Research Fellow.

REFERENCES
Bostock E, Muller RU, Kubie JL. 1991. Experience-dependent modifications of hippocampal place cell firing. Hippocampus 1:193–205.
Burgess N, O’Keefe J. 1996. Neuronal computations underlying the firing
of place cells and their role in navigation. Hippocampus 6:749 –762.
Burgess N, Recce M, O’Keefe J. 1994. A model of hippocampal function.
Neural Networks 7:1065–1081.
Burgess N, Donnett JG, Jeffery KJ, O’Keefe J. 1997. Robotic and neuronal simulation of the hippocampus and rat navigation. Philos Trans R
Soc Lond [Biol] 352:1535–1543.
Burgess N, Jackson A, Hartley T, O’Keefe J. 2000. Predictions derived from
modelling the hippocampal role in navigation. Biol Cybernet (in press).
Cressant A, Muller RU, Poucet B. 1997. Failure of centrally placed objects
to control the firing fields of hippocampal place cells. J Neurosci 17:
2531–2542.
Fenton AA, Muller RU. 2000. Conjoint control of hippocampal place cell
firing by two visual stimuli. J Gen Physiol (in press).
Gothard KM, Skaggs WE, McNaughton BL. 1996a. Dynamics of mismatch correction in the hippocampal ensemble code for space: interaction between path integration and environmental cues. J Neurosci
16:8027– 8040.
Gothard KM, Skaggs WE, Moore KM, McNaughton BL. 1996b. Binding of hippocampal CA1 neural activity to multiple reference frames in
a landmark-based navigation task. J Neurosci 16:823– 835.
Hill AJ, Best PJ. 1981. Effects of deafness and blindness on the spatial correlates of hippocampal unit activity in the rat. Exp Neurol 74:204 –217.
Jeffery KJ, Donnett JG, Burgess N, O’Keefe JM. 1997. Directional control of hippocampal place fields. Exp Brain Res 117:131–142.
Kali S, Dayan P. 1999. Spatial representations in related environments in
a recurrent model of area CA3 of the rat. Proceedings of the Ninth
International Conference on Artificial Neural Networks. 138 –139.

APPENDIX
Parameter Values
rad ⫽ 0.2 radians, ␤ ⫽ 183 cm, 0 ⫽ 12.2 cm. Distance
tunings (di) used in population simulations: 16.2 cm, 33.8 cm,

PLACE FIELD MODEL

379

Lever C, Cacucci F, Burgess N, O’Keefe J. 1999. Squaring the circle: place
cell firing patterns in environments which differ only geometrically are
not unpredictable. Soc Neurosci Abstr 24:556.
McNaughton BL, Knerim JJ, Wilson MA. 1994. Vector encoding and the
vestibular foundations of spatial cognition: neurophysiological and
computational mechanisms. In: Gazzaniga M, editor. The cognitive
neurosciences. Boston: MIT Press. p 585–596.
Muller RU, Kubie JL. 1987. The effects of changes in the environment on
the spatial firing of hippocampal complex-spike cells. J Neurosci
7:1951–1968.
Muller RU, Kubie JL, Ranck JB Jr. 1987. Spatial firing patterns of hippocampal complex-spike cells in a fixed environment. J Neurosci
7:1935–1950.
O’Keefe J. 1979. A review of the hippocampal place cells. Prog Neurobiol
13:419 – 439.
O’Keefe J. 1991. The hippocampal cognitive map and navigational strategies. In: Paillard J, editor. Brain and space. Oxford: Oxford University Press. p 273–295.
O’Keefe J, Burgess N. 1996. Geometric determinants of the place fields of
hippocampal neurons. Nature 381:425– 428.
O’Keefe J, Nadel L. 1978. The hippocampus as a cognitive map. Oxford:
Oxford University Press.
Quirk GJ, Muller RU, Kubie JL, Ranck JB Jr. 1992. The positional firing
properties of medial entorhinal neurons: description and comparison
with hippocampal place cells. J Neurosci 12:1945–1963.
Samsonovich A, McNaughton BL. 1997. Path integration and cognitive
mapping in a continuous attractor neural network model. J Neurosci
17:5900 –5920.
Sharp PE. 1991. Computer simulation of hippocampal place cells. Psychobiology 19:103–115.
Skaggs WE, McNaughton BL. 1998. Spatial firing properties of hippocampal CA1 populations in an environment containing two visually
identical regions. J Neurosci 18:8455– 8466.
Taube JS, Goodridge JP, Golob EJ, Dudchenko PA, Stackman RW.
1996. Processing the head direction cell signal: a review and commentary. Brain Res Bull 40:477– 484.
Thompson LT, Best PJ. 1989. Place cells and silent cells in the hippocampus of freely-behaving rats. J Neurosci 9:2382–2390.
Touretzky DS, Redish AD. 1996. Theory of rodent navigation based on
interacting representations of space. Hippocampus 6:247–270.
Zipser D. 1985. A computational model of hippocampal place fields.
Behav Neurosci 99:1006 –1018.

53.0 cm, 73.8 cm, 96.5 cm, 121.3 cm, 148.2 cm, 177.4 cm, 209.3
cm, and 244.0 cm. As receptive fields are narrower for cells representing short distances, it is reasonable to assume that they are
radially more densely packed close to the rat. Specifically, we chose
10 distances such that each pair of radially adjacent BVC receptive
fields overlapped at the point of inflection of their distance tuning
curves.

