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Synopsis 

We review evidence for the boundary vector cell model of the environmental determinants of the firing of 

hippocampal place cells. Preliminary experimental results are presented concerning the effects of addition 

or removal of environmental boundaries on place cell firing and evidence that boundary vector cells may 

exist in the subiculum. We review and update computational simulations predicting the location of human 

search within a virtual environment of variable geometry, assuming that boundary vector cells provide one 

of the input representations of location used in mammalian spatial memory. Finally, we extend the model to 

include experience-dependent modification of connection strengths through a BCM-like learning rule - the 

size and sign of strength change is influenced by historic activity of the postsynaptic cell. Simulations are 

compared to experimental data on the firing of place cells under geometrical manipulations to their 

environment. The relationship between neurophysiological results in rats and spatial behaviour in humans 

is discussed.  

 

Introduction 

The hippocampus has become the most studied neuronal system in the mammalian brain. Its popularity 

derives from several sources, including the discovery of place cells /68,70/  and long-term synaptic 

potentiation /7/ in the hippocampus, its suggestive and well-described architecture /20/, and the 

association of hippocampal damage with amnesia /82/ and navigational impairments /60/. In this paper 

we focus on the role of the mammalian hippocampus in the representation of, and memory for, location 

within large-scale environments. More specifically, we focus on place cells, each of which fires whenever the 

animal enters a specific region of its environment (the 'place field'). These data tie in with the observation of 

deficits in finding unmarked goal locations following hippocampal lesions /59/ suggesting the place cell 

representation is directly involved in spatial memory; an idea first put forward by O'Keefe and Nadel, who 

suggested that the hippocampus acts as a cognitive map  /71/. To understand the role of the hippocampus 

in spatial memory, it is important to find out how it controls behaviour in spatial memory tasks. To address 

these issues, we have developed a simple computational model of why place cells fire where they do, and 

how that information might guide behaviour: the Boundary Vector Cell (BVC) model /10,11,15,16,35,36,69/.  

 

The BVC model posits the existence of 'boundary vector cells' to explain the effects of geometrical 

manipulations of an environment on the firing of place cells. The model is also able to make explicit, testable 

predictions of firing patterns for specific cells in a novel environment /35/. In the main section of the paper, 

we describe preliminary experimental evidence for this model concerning the effect on place cell firing of 

adding barriers to an environment, or removing barriers from it. We next consider how the BVCs might 
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support memory for spatial locations, and provide new simulations of the predicted search of human 

subjects when remembering a location in a virtual reality environment subject to geometric manipulations 

/36/. We then describe novel evidence that BVCs may exist in the hippocampal formation. Finally we 

introduce an extension to the model, which by incorporating the BCM learning rule /6/, is able to begin to 

capture some of the experience-dependent changes observed in the place cell representation. First, however, 

we provide a brief overview of the relevant neurophysiological data, and describe the existing BVC model. 

 

Place cells, head direction cells, and their inputs. 

Place cells, hippocampal pyramidal cells that exhibit spatially localised activity, were first identified by 

O’Keefe and Dostrovsky /70/. Since the initial discovery, cells with spatially modulated firing have been 

found in almost all areas of the hippocampus and in some surrounding areas (entorhinal cortex /76/, 

subiculum /88/). Although early work was conducted on rats, similar cells have subsequently been found 

in other species of rodent /96/, monkeys /39,56,72,79/ and more recently humans /25/.  

 

The striking quality of place cells is that they seem to provide a precise representation of an animal’s 

position in its environment. The background firing rate of place cells is very low. When an animal enters the 

receptive field (place field) of a cell its firing rate rapidly increases, typically to a maximum between 5hz and 

15hz (for example see figure 1A). In open field environments firing seems to be independent of the animal’s 

orientation: in essence, firing is best correlated with the position of an animal’s head /62/, and can be used 

to infer it /101/. Interestingly, the complementary representation of orientation independent of location is 

found in the 'head-direction' cells of the lateral mammillary bodies, anterior thalamus and presubiculum 

/92,93,94/. These cells fire whenever the animal's head is pointing in a given direction, independent of the 

animal's location within an environment /9,93/. 

  

Place fields seem to be randomly distributed across an environment, with perhaps a tendency to be smaller 

and more numerous near to the environmental boundaries /38/. Place cell firing can be detected within the 

first few minutes of an animal’s entrance into a novel environment /101/. In invariant conditions place 

fields are extremely stable, in some cases persisting for months /4/. During a single exposure to an 

environment a place cell will continue to fire each time an animal moves through its field; although the cell’s 

firing rate can be curiously variable /63/. Removal from an environment and then replacement does not 

affect stability either.  

 

So what causes place cells to fire where they do? Early studies showed that place fields are not defined by a 

single modality of sensory information, but will make use of whichever are available, including visual, 
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tactile and auditory inputs /5/. The representation of a given environment is robust to the removal of 

subsets of cues /66,67/. The absence of spatial cues from one modality tends to be compensated for by cues 

from other modalities /81/, for example, congenitally blind rats exhibit normal place fields /80/. In the 

temporary absence of other cues, path integration (dead reckoning) /26/, can also support a place cell 

representation /27,68,75/. However, in the absence of external sensory information the path integration 

process rapidly succumbs to cumulative error /27/. In terms of the hierarchy of influence of these various 

inputs  it seems that stable visual cues at or beyond the edge of the reachable environment exert a powerful 

control over the orientation of the place cell /43,67/ and head-direction cell /94/ representations. Rotation 

of a single polarising cue in an cylindrical environment causes a complementary rotation in the entire place 

cell ensemble  /61/. In the absence of reliable and stable /43/ visual cues, similar effects can be produced 

by rotation of a sloped environment /40/, and even of the rat itself /43/. If rats are systematically 

disoriented between trials, the orientations of the place and head-direction representations can be made to 

rotate – failing to maintain a stable correspondence to the external world. Interestingly, in this situation, 

both representations rotate in synchrony with each other /50/. 

 

The above results pertained to cues that orient place cells in a rotationally symmetrical environment of 

constant dimensions. Changes to the shape or topography of an environment have been also been used to 

investigate the nature of the inputs driving place cell activity. Comparing recordings from the same cells 

made in rectangular environments of varying shape and size, O’Keefe and Burgess /69/ noted that the 

location of peak firing typically maintained a constant position to the  nearest walls. In addition to this, 

several fields were stretched along the axes of the environment, with some becoming bimodal in the larger 

environments. More recently, similar parametric responses to geometric changes to an environment have 

been seen across a variety of different shaped environments /54/. O'Keefe and Burgess /69/, see also  /16/, 

proposed that place cells received inputs that are tuned to respond to the presence of a barrier at a given 

distance along a given allocentric direction, with sharper tuning at shorter distances. Related, but more 

localised, effects have also been observed by Muller /61/; he showed that bisecting a place field with a 

barrier would often cause the cell to stop firing, while those with more distant fields remained unchanged. 

Our own data (reviewed below) confirm Muller’s early result and also demonstrate that the addition of a 

barrier can promote the addition, deletion or duplication of place fields adjacent to the barrier (figure 1A). In 

short, it seems that impediments to movement, be they the walls of the environment, a free standing barrier 

or even a sheer drop at the edge of a platform, play a key role in defining place cell firing. In contrast to the 

influence of extended barriers, Cressant et al. /24/, showed that isolated objects within the environment 

failed to affect place cell firing, unless moved to the edge of the environment, where they acted as 

orientation cues, or put in line to form an extended barrier. 

------------------------------------------------------Figure 1 about here ----------------------------------------------------------- 
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In this paper, we concentrate on experimental manipulations that have parametric effects on cell firing for 

their explanatory value. However, a topic of increasing interest concerns the large, non-parametric, effects 

on place cell firing caused by sufficiently large perturbation of the animal’s surroundings - which can cause 

some or even all of the cells in a representation to change their behaviour (remapping /8/). The change 

exhibited by one cell need not share a trivial relationship with its neighbours in the brain or with cells that 

have neighbouring fields. Sufficient changes to the geometry /55/, colour /8/, or odour /3/ of an animal’s 

environment, or to its behaviour /57/, have all been shown to promote remapping. However, the 

experimental variables controlling the occurrence or extent of remapping have yet to be fully understood 

/49/. The behavioural relevance of remapping is also unclear. It might be supposed that the distinct 

representations that develop during remapping enable an animal to tailor its spatial behaviour to specific 

conditions. However, the navigation performance of rats trained in a spatial task can remain intact despite 

the majority of place cells remapping /41/. By first attempting to understand the parametric effects on place 

cell firing of experimental manipulations we hope to create a model that also serves as a framework within 

which to understand remapping.  

  

The Boundary Vector Cell model 

Many previous models have considered place cell firing as a feed-forward transformation of environmental 

inputs, most notably  /84,102/, see  /77,98/ for reviews. These have assumed that place cell firing depends 

on various functions of the relative location of the rat from point-like landmark-locations. The boundary 

vector cell (BVC) model describes place cell firing as a continuous function of the relative location of the 

barriers in and around the animal's environment. Place cell activity is driven by feed-forward connections 

from putative BVC inputs whose firing is determined by the presence of extended barriers (e.g. walls, large 

objects, an impassable drop). More specifically, each BVC fires optimally when a barrier is encountered at a 

defined distance and allocentric direction from the rat (figure 2A), that is, each BVC has a Gaussian tuned 

response to the presence of a barrier, peaked at a preferred distance and direction. The firing of BVC i (tuned 

to preferred distance di and angle φi) to a boundary at distance r and direction θ, subtending an angle δθ at 

the rat, is given by: 
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the angular width σang is constant, but radial tuning width increases linearly with the preferred tuning 

distance: σrad(di)= di + c. For each location x in the environment, the contribution of all boundaries to the 

firing of BVC i is determined by integrating equation 1 over θ. The firing of place cell j at that location Fj(x) is 

then proportional to the thresholded linear sum of the N BVCs that happen to be connected to it: 
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where the threshold T and coefficient A are constants, and Θ is the Heaviside function (i.e. Θ(x)=x if x>0; 

Θ(x)=0 otherwise). Firing does not depend upon the rat’s heading and the direction tuning of all BVCs is 

determined relative to the same allocentric reference frame (assumed to be provided by the head-direction 

system). For example, a place cell that received input from BVCs tuned to respond to nearby barriers to the 

North and to the East would fire when the ‘rat’ was in the Northeast corner of its environment. More 

generally, the sharper tuning of BVCs with short preferred directions implies that boundaries near to the 

location of peak firing will tend to have more influence than boundaries further away. 

------------------------------------------------------Figure 2 about here ----------------------------------------------------------- 

Simulated firing produced by the BVC model has similar properties to that obtained experimentally. In 

response to topographic changes of the environment simulated cells responded like those observed by 

O’Keefe and Burgess /69/. The majority of cells maintain their position relative to nearby walls, while some 

stretch and become bimodal and a smaller number turn on or off, in the appropriate proportions. It also 

explains consistencies across more radical changes in shape /35,55/. Furthermore, by determining the 

subset of BVCs which best fit a set of firing data from a given cell, it is possible to predict how that cell will 

respond to a novel change in the environment (figure 2B). The likely BVC nature of the input to places is 

also beginning to be recognised in other modelling studies  /45,97/.  

 

The above discussion implies that the BVC model accounts satisfactorily for shifts in firing as result of 

topographical changes to an animal’s environment. It is also able to describe coherent field rotation, as the 

preferred allocentric tuning of BVCs are determined relative to the same reference frame. One recent 

experiment looked at the effect on place fields of manipulating two cue-cards (one black and one white) 

mounted on the wall of a grey cylindrical environment /28/.  Either card alone would control the 

orientation of the place cell representation, however, when both cards were rotated inconsistently (together 

or apart) a rather complex pattern of movement was observed in the place fields.  The BVC model can 

account for these data /10/, given the added assumption that BVCs can also become specific to barrier 

colour, and that the cue-cards have differential local effects on the head-direction system (each one 

preferentially affecting the overall sense of head direction when the rat is nearby, or preferentially affecting 

those directions closest to its bearing from the rat), see also  /97/ for a similar approach.   
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Effects of inserting or removing barriers on place fields 

Inserting barriers 

The clearest novel prediction of the BVC model was the formation of double fields in response to the 

addition of an extended barrier into the environment. For instance, a BVC which fires strongly when the rat 

is a short distance South of the northern boundary of the environment will also fire strongly when it is a 

short distance South of a newly-inserted East-West barrier. This implies that some of the place fields near to 

the North wall of the environment would be predicted to develop a second field in a similar location relative 

to the barrier: which fields do this depends on the distribution of other BVCs connected to the place cell. 

Another prediction is that place fields will tend to have fields oriented parallel to the walls of the 

environment, reflecting the firing pattern of individual BVCs, see figures 4 and 5. 

 

Experimental data from several sources concord with these predictions. In terms of field shape, cells 

recorded in circular environments tend to have crescent fields /63/ and elongation of a rectangular 

environment produces elongated fields that run parallel to the direction of stretch /69/. Several 

experimenters have produced field doubling. Skaggs et al. /89/ recorded from two visually identical 

environments connected via a corridor. They observed a large number of cells with similar fields in both 

environments. Similarly, Lever et al. /54/ have observed field doubling in response to barrier insertion. 

More recently we recorded 10 cells in square box before and after the addition of a north-south barrier 

(figure 1A). Three cells exhibited duplicate fields as predicted (e.g. figure 1A ii-iii) and a further 3 cells either 

turned on or moved to have fields adjacent to one side of the barrier. Two cells were unaffected (e.g. figure 

1A iv), 1 turned off (e.g. figure 1A i) and the final cell moved away from the barrier. During these recordings 

the barrier used was made from the same black foam board as the environment walls. On the last day of 

recording however, we substituted a white barrier. Fields were unaffected by this change, responding to the 

presence of a barrier regardless of its colour or other associated local cues. It is hard to explain these 

observations without invoking geometry sensitive inputs which mean that (at least on initial exposure) place 

cells act as if barrier and boundary are equivalent. 

 

In the BVC model, the addition of a new barrier in the middle of an environment typically has two effects: it 

can provide additional loci at which short-range BVCs will fire, which can produce field doubling as 

described above; but it can also displace the firing of longer-range BVCs by occluding the environmental 

perimeter in the direction to which the BVC is tuned. This displacement may disrupt formerly convergent 

BVC inputs to a place cell so that they no longer coincide, and no longer exceed the place cell's firing 

threshold. This cessation of firing for barriers and fields near the centre of an environment, was seen by 

Muller /61/. More generally, while the net input to each place cell will tend to have two spatially distinct 

peaks, one on each side of the barrier, this input will not necessarily exceed the firing threshold on both 
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sides. However, the model does predict a fair proportion of cells in which firing fields are unambiguously 

doubled on initial exposure to an environment containing a barrier.  

Removing barriers 

The BVC model suggests that environmental boundaries are the crucial ingredient determining the location 

of place cell firing. More specifically, the overall amount of BVC firing at a given location will depend on the 

angle subtended at that location by extended boundaries (i.e. the angle over which equation 1 can be 

integrated), and the proximity of these boundaries (reflecting the increased density and sharpness of tuning 

of BVCs). A completely enclosed environment will provide complete BVC input, while a single extended 

boundary provides at most 180o when the animal is right next to it.  

 

In this section we address the question: to what extent are extended boundaries required for the generation 

of normal place fields? Two obvious problems impede our pursuit of this question. First, nearly all models 

excepting only those wholly based on path integration /26/ would predict absent or unstable place fields in 

a totally denuded environment.  However, there are alternative sources of spatial information that should 

allow a rat to self-localise. For example, environments containing a point-like landmark and a directional 

cue theoretically provide enough information to uniquely localise any point in two-dimensional space 

(while rats with hippocampal lesions can locate a goal defined by the heading vector to a single landmark  

/74/). Second, there are practical difficulties associated with removing environmental boundaries: they are 

often required for mundane reasons such as preventing the subject escaping, holding up the roof etc.  

 

Although recording place cells in a wide open space is obviously impractical, we attempted to simulate such 

a space. Rats were allowed to forage on the floor of a large room in almost complete darkness (a weak patch 

of illumination high up on the walls provided the sole orientation cue), so that they could not in general see 

the walls and were therefore deprived of visual information about their location. The walls and floor of the 

room were covered with, respectively, black drapes and black wipeable and moveable polypropylene tiles. 

Tiles were wiped with alcohol, rearranged and rotated pseudo-randomly between trials to prevent olfactory 

and other local cues gaining control of place fields. The rats were prevented from escaping, or from using 

touch to determine the location of the walls, by means of a computer tracking a head-mounted LED and 

generating a burst of white noise whenever the animals strayed too far from the centre of the room. A 

circular threshold centred on the room defined the point at which the sound barrier was activated and 

deactivated. The radius of this threshold was varied dynamically between 720mm and 1180mm to prevent it 

serving as a spatially constant reference point. This auditory discouragement procedure kept the rats 

confined to the centre of the room, and enabled us to record place cells in open environments, see below.  
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Recordings were made from 2 adult male Lister Hooded rats prepared using a standard procedure /22/ as 

they foraged for rice thrown directly onto the floor. Four clear Perspex sheets (60cm x 55cm) provided the 

walls of the rats’ local environment. Plastic tubes, cut to accommodate the Perspex, were used at the corners 

of the environments to support the walls. The walls were initially arranged to form a closed square with 

60cm sides. A single wall and redundant pillars were removed in successive trials. Adjacent walls were 

removed one at a time in a pseudo-random order until just a single pillar was left. The animals did not 

receive a training period; recordings were made from first exposure to the experimental room. At the start of 

each recording session the rat was brought into the main recording room in an opaque covered transport 

box, and the lights were turned off. The rat was confined inside the transport box whenever the lights were 

on (e.g. while stimulus changes were made). The lights were turned off again before the rat was placed in 

the local environment (aligned with and next to the North wall, facing East). Trials in the closed square 

lasted 5 minutes, while trials in which the rat could explore the room lasted 15 minutes. Between trials, rats 

were held in the opaque box placed onto the floor of the recording room. The location of each trial within 

the room was varied between 9 positions arranged in a 3 by 3 grid, with adjacent positions 30cm apart.  

 

The deconstruction of the four-walled enclosure produced a marked change in the firing pattern of most 

observed cells. Twenty five place cells were recorded from the two rats. Eight cells ceased firing completely 

after the first wall removal. Figures 3 Ai,iii and B show examples of cells that retain aspects of their spatial 

firing after removal of the first wall. Seventeen cells showed activity in the closed environment plus at least 

one of the others, and seven of these had activity in all five kinds of environment (four-walled, three-walled, 

two-walled, one-walled and single-pillared). The most common response to wall removal was a dramatic 

breakdown of the place fields, especially for fields close to the removed wall (see e.g. figure 3Aii) rather than 

for fields more distant from the removed wall (e.g. figure 3 Ai,iii and B). Occasionally, an existing field 

would disappear but a new field would appear, or a field would appear where a cell had previously been 

silent. Overall, the change in the boundedness and reachable extent of the environment had a profound 

impact on the hippocampal place representation. Fields became less coherent and more diffuse as the 

number of walls decrease (figure 3D). An example of this effect for a single cell is shown in figure 3B.  

 

Stable spatially localised firing was observed in the single pillar condition in only two cells. These fields 

followed the pillar, on trials in which it occupied different room-locations, rather than remaining fixed with 

respect to uncontrolled room cues or the noise boundary. One of these fields was located at a distance from 

the pillar (figure 3C). In general however, fields in the single-pillar condition tended to be unstable.  

------------------------------------------------------Figure 3 about here ----------------------------------------------------------- 

In summary, the behaviour of place fields under wall-removal is broadly consistent with the BVC model, in 

that the likelihood of spatially localised firing seems to depend on the extent of barrier remaining around 
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the field location. However, we also note that the unstable/dynamic responses of some cells in these 

conditions cannot be modelled by the current BVC model. In addition, responses like that in figure 3C 

would be even less likely in the model than the 1/25 indicated by our data, unless the firing threshold were 

reduced to allow a single BVC to drive place cell firing. Such variation in firing threshold would be 

consistent with a role for feed-back inhibition from other place cells.   

 

Do BVCs really exist? 

Are BVCs merely a useful construct, or might they really exist as a class of cell amongst the cortical inputs to 

the hippocampus? The BVC model imposes a number of functional constraints on its putative inputs, the 

BVCs. Foremost amongst these is that their fields should follow boundaries. This simple point predicts that 

in rectangular environments, BVC fields will tend to be ‘L’-shaped with sides parallel to the walls, and in 

circular environments, BVC fields will be more crescent-shaped. Importantly, BVC fields should not only be 

found immediately adjacent to environmental boundaries, but broader fields should also be seen at longer 

distances. Secondly, the signal from a BVC should be stable with time. Thirdly, BVCs should be 

predominantly locational: responding to a boundary at a specific distance along an allocentric bearing, with 

little or no modulation by other factors such as the orientation of the animal. Elsewhere in the hippocampal 

formation elongated fields peaked at a distance from boundaries can sometimes be seen in other cell types, 

such as the presubicular place-by-direction cells /21,85/. However, these cells clearly show a robust 

orientation signal; indeed, on average, they appear to signal information regarding orientation at a higher 

rate than information regarding location /21/. Finally, the spatial tuning of BVCs would be expected to be 

broader than that of place cells, whose firing depends on several BVCs converging in sufficient strength to 

exceed the firing threshold. 

 

Intriguingly, we have observed that these criteria for BVCs are often met by neurons in the dorsal 

subiculum. (This may be somewhat surprising, since the subiculum is usually regarded as an output region 

of the hippocampal formation /2/; this issue is considered later.) Figure 4 depicts our largest sample to date 

of simultaneously recorded subicular neurons. Firing rate maps are shown for 10 cells recorded as the rat 

foraged for rice grains during two exposures to the same square-walled environment. The two exposures 

were separated by about 20 minutes, during which the animal rested on a holding platform outside the 

recording chamber. Several points are evident from inspection of the firing. First, the spatial fields are 

generally less precise, and contain higher background firing, than the place fields of dorsal hippocampal 

place cells. Second, firing patterns are well reproduced across both trials. Third, the long axes of most fields 

are fairly straight and parallel to the rectangular boundaries. Finally, a fair proportion of the sampled cells 

show BVC-like field patterns, notably cells 2, 3, 4, 6, 7 and 9. The sample includes not only narrow 
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boundary-proximal fields (e.g. cells 2, 7) but also, importantly, fields at intermediate and longer distances 

from boundaries (e.g. cells 6, 9).  

------------------------------------------------------Figure 4 about here ----------------------------------------------------------- 

Do subicular cells show omnidirectional firing? We calculated the locational and directional information 

content /90/ of the 10 subicular cells, and saw predominantly spatial correlates with little significant 

orientational modulation. When corrected for artefacts due to inhomogeneous sampling using a factorial 

maximum likelihood model (MLM) /9/, the locational information  /32/ signalled by the BVC-like cells 

was on average 10 times greater than orientational information.  

 

How should BVCs respond to environmental changes that are not purely geometric? Responses could be 

specific to particular types of boundary (e.g. extended surfaces such as walls or edges with a drop), and to 

juxtaposed materials (e.g. land and water).  For now, we illustrate in two dorsal subicular neurons taken 

from different rats, preliminary evidence of remarkably pure geometry-dependent BVC responses in clearly 

different environments (figure 5). Environment A is a square-walled (62 x 62 cm x 50 cm high) enclosure, set 

within a circular testing arena partitioned from the room by black curtains (2.3 in diameter). These curtains 

are fully opened, revealing many room cues, in the Environment B condition, consisting of a cylinder (78 cm 

diameter x 50 cm high) made of different material from Box A. Environment C is an open-platform (90cm 

diameter) raised 25cm from the lab floor, that forms the floor of environments A and B. Environment C is set 

within the black-curtained arena of environment A. Environment D is the holding platform outside the 

standard testing space (for A, B, C), where the rats are placed during the inter-trial interval. These two 

candidate BVCs show a highly similar boundary vector response across four or more testing environments 

which differ significantly in ambient cues, environmental boundaries, and locational reference frame (A, B, 

C vs D). We know that at least some of these differences are salient, from behavioural registrations of 

novelty by the rats. For instance, rats showed a huge increase in rearing on their first introduction to 

environment B. They also respond as predicted to the introduction of a barrier. Figure 5 also shows this in 

further testing of one of these two cells, which fires at small distances from a western boundary; 

introduction of a north-south barrier creates a double field, in a manner predicted by the BVC model. The 

cell treats the barrier like another west wall.  

------------------------------------------------------Figure 5 about here ----------------------------------------------------------- 

In summary, some subicular cells show BVC-like fields, and some of these show a markedly environment-

invariant or ‘pure’ boundary vector code. We are not the first to suggest that subicular cells show boundary-

related firing. Sharp studied subicular firing in small- and large-square walled environments, and 

concluded that “environmental boundaries must play an important role in determining subicular firing 

patterns” /87/. She found the firing rate map from the small square correlated better with firing in the 

entirety of the large square as oppose to just the central portion. Her interpretation, that subicular cells 
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follow a relative metric: the rat’s distance from each wall being considered in proportion to the distance 

between the relevant enclosing walls, provides a potential alternative to the fixed distance BVC model.  

 

In summary, the suggestion that the BVC model fits important elements of the subicular cells seems quite 

reasonable. What was not anticipated is that the BVC model seems to better fit dorsal subicular cells than 

the most spatial cells of the entorhinal cortex, which provides the major cortical input to place cells. 

(Dorsocaudal medial entorhinal cells exhibit tightly peaked, multiple Gaussian fields spaced at regular 

intervals /31/). After all, the classical view of the subiculum emphasises the massive CA1-subiculum 

projection and considers the subiculum as an output region of the hippocampal formation /2/. However, 

various lines of evidence suggest that the classical view only partially captures subicular function. First, 

timeshift analysis at the millisecond scale suggests that subicular neurons tend to exhibit their best spatial 

signal before CA1 cells do /86/. Second, on a larger timescale, subicular cells may start firing in a novel 

environment more rapidly and robustly than CA1 cells /53/. Third, preliminary evidence suggests some 

navigation tasks recruit direct entorhinal-subicular circuits, bypassing CA1 /44/. Fourth, feedback circuits 

through entorhinal cortex whereby subicular output is channelled into the hippocampus proper are being 

identified /47,64/. It is also notable that major input to the presubiculum /65/ and parasubiculum 

(unpublished data), which both project to the hippocampus via entorhinal cortex, comes from the 

subiculum. Fifth, recent electrophysiological studies indicate that CA1 pyramidal cells receive direct 

excitatory monosynaptic input from subicular cells /23,83/ (see also  /34/). How important this direct 

projection is, however, remains unclear.  In summary: spatial processing in the subiculum can be relatively 

independent of CA1 afferents, and might significantly contribute to input into the hippocampus proper. It 

will be important to examine the effect of subicular lesions and inactivation upon hippocampal place cell 

firing. 

 

BVC-based models of behaviour 

Can we relate our knowledge of the neural representation of spatial location to behaviour?  First we assume 

that spatial memory depends, to some degree, on the storage of the BVC or place cell representation at the 

goal location, possibly via modification of synapses as in the 'simple model' of Burgess and O’Keefe /16/. 

Then, because of the systematic effects of geometric change on place cell firing /69/ we would expect to see 

specific systematic behavioural effects of geometric manipulations of the environment on behaviour in tasks 

that depend on a hippocampal representation of location. The BVC model gives us a quantitative basis for 

detailed, testable predictions about these effects. A complicating factor is that spatial learning and memory 

is supported by multiple neural representations operating in parallel /71,99/, so that the hippocampal 

representation is obscured by conflicting information from other neural representations.  
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At present we have focussed on modelling behaviour in a human spatial memory paradigm where the 

geometric manipulations mirror those originally used by O'Keefe and Burgess to establish the geometric 

determinants of place cell firing. As mentioned earlier, place cells have recently been observed in the human 

hippocampus /25/. Although their properties are much less well understood than rodent place cells, it is a 

reasonable working hypothesis that they will share the geometric properties seen in rats. Furthermore, 

neuropsychological and neuroimaging evidence supports the idea that, as in animals, the hippocampus 

plays a key role in human spatial behaviour. In particular where a task requires long-term memory, where 

there is a shift of view-point between learning and retrieval, or where the task requires information about 

the topology of a complex large-scale environment /13/. 

 

In a previous experiment, Hartley, Trinkler and Burgess /36/ investigated the effects of varying the size and 

shape of a virtual environment in a simple spatial memory task. The virtual environment was a simple 

rectangular arena with low walls over which distant landmarks were visible. The distant landmarks 

provided cues for orientation (but not location, since they were projected at infinity). Subjects were asked to 

return to a location where they had previously seen a cue object (golf flag), having been temporarily moved 

from the environment and returned at a random location. We reasoned that if a representation based on 

BVCs controlled behaviour in this task, we would expect to see systematic and predictable distortions of 

search behaviour following geometric manipulations of the environment. The use of a virtual environment 

permitted us to vary the shape and size of the rectangular environment between presentation and testing 

(75% of trials), which allowed us to test whether the effects of geometric manipulations on behaviour were 

compatible with those suggested by a BVC-based representation of the unmarked goal location. This was an 

ambitious goal since complex behaviour in a task like this would normally be supported by several neural 

representations, including visual representations, path integrative and dynamically updated egocentric 

representations, as well as those reflecting the relative locations of environmental cues /18/. However the 

subject's removal from the environment between presentation and testing, and their return at a random 

location would be expected to disrupt dynamically updated or path-integrative representations, and the 

results were not, as it turned out, compatible with a low-level visual representation.  

 

The distribution of search locations in this experiment were remarkably consistent (both within and 

between-subjects and across two independent experiments), and showed a reliable interaction between 

geometric changes and cue position. In trials where the environment changed size or shape, responses 

tended to lie somewhere between a location which preserved fixed distances to the two nearer walls and a 

location which conserved the ratios of distances between opposing walls (figure 6). In expansions of the 

environment and where the cued location was near to the walls of the arena, responses tended towards the 

fixed-distance location. In contractions of the arena, and where the cued location was nearer the centre of 

the arena, responses tended toward the fixed-ratio location.  This pattern cannot be simply explained in 
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terms of any single cue within the environment. Instead, responses seemed to be determined by the cue 

location with respect to the geometric configuration as a whole. 

------------------------------------------------------Figure 6 about here ----------------------------------------------------------- 

How does this pattern fit with the BVC model? If responses were based on a place cell representation, one 

might naively expect them to maintain fixed distances to the nearer walls, since this is what the location of 

peak firing of a place cell tends to do. This would be a reasonable supposition if responses only depended 

on cells which fire strongly at the cued location. However, this would be to ignore the potentially valuable 

information which comes from cells which do not fire at the cued location. To take these into account, we 

used a Euclidean distance metric to compare the pattern of place cell activity seen at the goal location (in the 

first environment) with the pattern seen at any location (in the second, see figure 7B). This metric takes into 

account all firing rate changes. For example, a cell whose firing rate increases from 0 to 5Hz would be given 

equal weight to a cell whose firing rate decreases from 8 to 3Hz. Response density is then modelled as a 

decreasing function of the Euclidean metric (figure 7 C).  Modelled responses thus cluster around locations 

that minimize the net change in activity from that seen at the cued location in the presentation environment. 

Following the gradient of this Euclidean metric (i.e., moving so as to maximally reduce the difference 

between the current and stored patterns of activity across the place cell population) would provide a crude 

model of navigation (figure 7B). 

------------------------------------------------------Figure 7 about here ----------------------------------------------------------- 

Instead of directly modelling BVCs, our initial simulations /36/ showed that minimising the Euclidean 

distance between the current vector of the 'proximities' 1/(d+c) of the four walls and the vector stored at  the 

presented goal location provided a good fit to these results. Notably, it predicts the same interaction 

between geometric change and cue location seen in the experimental data. The function we used for 

proximity is the same as that relating the width of tuning to preferred distance in the BVC model: in both 

models this reflects the greater influence of nearby wall compared to a distant one.  

 

Although this boundary proximity model forms a useful link between neural and behavioural data, a neural 

model based directly on the activity of a population of BVCs (given by equations 1 and 2) is desirable and 

we present results of some recent simulations using this model below. To encode the cue location x, the 

pattern of BVC activity at the cue location (fi(x) for all cells i) is stored. To return to the (now hidden) goal, 

the subject moves until the net change from the stored pattern is minimized, which in the absence of any 

geometric manipulation will again be at the cue location. When the environment is contracted or expanded, 

the BVCs tuned to a given wall will continue to fire at a fixed distance from that wall. The relative 

movement of the walls means that the set of BVC firing rates at the cue location in the presentation 

environment will no longer be exactly reproduced anywhere. Rather, response location y will be a 
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compromise that minimizes the Euclidean difference of the current pattern of BVC firing fi'(y) and the 

pattern of firing at the cue location fi(x) over all BVCs i (i.e. the location y that minimises Σi(fi'(y)- fi(x))2 ). 

 

The more detailed neural model produces very similar results to the more abstract boundary proximity 

model, but is more faithful to the original BVC model and allows it to be extended to environments of any 

shape. An example of the results of the more recent BVC based simulation is shown in figure 6. The fit to the 

experimental data is impressive, and it shows that behaviour is at least compatible with a mechanism based 

on BVCs. 

 

Figure 7 provides illustrative examples of how the model leads to the observed behaviour after expansions 

or contractions of a 1-D environment when the cue is nearer to one wall than the other, and in which all 

BVCs are either tuned to the "East" or "West" wall. One thing to note is that the majority of BVC firing will 

be in response to the nearer wall since short-range BVCs have a sharper tuning and are more densely 

packed /35/, in 2-D environments the nearer wall also subtends a larger angle: increasing the number of 

BVCs responding to it. Thus matching the distance to the nearer wall is more important than matching the 

distance to the farther one, and responses tend to maintain a fixed distance to it, especially in expansions of 

the environment. Where the cue is approximately equidistant from opposing walls (not shown in figure 7), 

the BVCs responding to each wall will contribute roughly equally to firing at the cue location. After an 

expansion of the environment, the BVC firing driven by each wall will exert approximately equal influence 

on the choice of response location. In this case the Euclidean difference will be minimised at an intermediate 

location to those maintaining fixed distances to each wall (the squared difference in the Euclidean metric 

means that two medium sized differences, one for each subset, amount to less than one large difference - as 

would be the case at either fixed-distance locations). 

 

That this model reproduces the overall pattern of behaviour provides some encouragement that the BVC 

representation, or at least the way in which it favours proximal compared to distal boundaries, plays some 

role in human spatial memory. However, it also raises some questions as to the necessity of the place cell 

representation, as distinct from its putative inputs. Of course, BVCs may not actually exist or have the 

mnemonic role prescribed for them here, in which case the place cell population would produce 

qualitatively similarly behaviour (the application of threshold in equation 3 having little consequence). 

Beyond this, we previously argued /17/, that mediation by the place cell representation adds the ability to 

control the generalisation of a spatial response learned in one environment to another environment: the 

availability of the same place cell representation in another environment depends on whether or not there is 

remapping between the two environments. One recent experiment in rats indicates that generalisation of 
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knowledge of the goal being in the centre of one environment to a different shaped environment does 

indeed depend on the hippocampus /95/.  

 

Learning and the BVC model 

As described so far, the BVC model incorporates only hard-wired feed-forward connections from BVCs to 

place cells. Thus, firing perturbations caused by changes in the topography of an environment are 

immediate and invariant. Although the model captures rotational or geometric changes in firing, there is 

good reason to believe that plasticity plays an important role in place cell firing /42/. Place cell 

representations fail to stabilise in the presence of NMDAR block /46/ or protein synthesis inhibition /1/; 

both of which are essential for LTP. Also, experimental data from Lever et al. /55/ and Hayman et al. /37/ 

showed that a form of slow remapping can result from accumulated plastic changes occurring over several 

weeks /55/. However, we think that the BVC model provides a good framework within which to 

investigate experience-dependent plasticity.  In the section below we present data demonstrating the 

generation, stabilisation and subsequent persistence of place fields created as a result of deformation of a 

rat’s environment. In conjunction, we describe an extension of the BVC model to incorporate an 

implementation of the BCM /6/ learning rule. Experience-dependent changes in the efficacy of BVC to 

place cell connections enable this model to describe the plastic process by which new place fields are created 

and maintained. 

 

Plasticity induced by extending and opening a square environment 

Recordings were made from 3 adult male Lister Hooded rats following the same procedure as the wall-

removal experiment described earlier. In this experiment, which also took place in the ‘unbounded’ arena, 

the four walls were arranged in one of two configurations: a closed square with 60cm sides; or the same 

square with either the south or east wall moved out by 25cm to form a broken rectangle. In the broken 

rectangle configuration, rats were able to leave the local environment and explore the rest of the room, 

within the diameter determined by the auditory discouragement procedure (described earlier). A glow-in-

the-dark sheet (60cm wide and 50cm high) attached to the north wall of the local environment served as a 

directional cue. Rotation of the cue was able to induce concordant rotation of place fields, confirming its 

efficacy as a directional cue. A single recording session consisted of alternating 5 minute trials in the square 

and 15 minute trial in the rectangle. Sessions always started and finished with a trial in the square 

environment. The three animals used in the experiment (r1, r2 & r3) experienced different numbers of trials 

and sessions: r1 and r3 each had a single recording session, consisting of 9 and 7 trials, respectively. Another 

rat, r2, had two consecutive days, experiencing 9 trials on the first day and 11 on the second. Spikes were 
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acquired, analysed, and accepted using standard tetrode equipment and techniques /22/. Only place fields 

contained within the local environment walls were analyzed further.  

  

Fifteen place cells were identified from the 3 animals (r1: 5; r2: 8; r3: 2). Fields were considered to be ‘on’ if 

peak firing rate was greater than or equal to 1Hz. Six cells had place fields in all trials. A further 8 cells 

showed fields which either turned on or off in one of the two environments during the recording session. 

The remaining cell was unclassified: although it had stable fields in the square environment these became 

non-spatial in the rectangular environment. 

 

The fields of the 6 cells that were active in all trials behaved like the majority of cells described by O’Keefe 

and Burgess /69/. In response to a deformation of the environment they maintained a fixed position relative 

to either the 3 unmoved walls (4 fields) or to the moved wall if close to it (2 fields, e.g. figure 8 cell A). The 8 

cells with fields that turned on or off shared several characteristics. Importantly, they all had stable, 

persistent place fields in one of the two environments and the location of the new field was consistent with 

its location in the other shape (i.e. being the same distance from 3 of the walls). Six cells fired in the 

rectangular environment but were initially silent in the square, one cell fired in the square but was initially 

silent in the rectangle. Once a field turned on or off in one environment it remained in that state on 

subsequent exposures to the same environment (figure 8 cells B-D). Only 1 of the 8 cells stopped firing: after 

exposure to the rectangle, cell 4 (r1) stopped firing in the square environment (figure 8 cell D). Considering 

the time-course of the 7 cells with fields that turned on, 3 turned on after a single exposure to the alternative 

environment, a further 3 turned on after the second exposure to the alternative environment, and 1 turned 

on after a third exposure. 

------------------------------------------------------Figure 8 about here ----------------------------------------------------------- 

Incorporating experience-dependent modification of BVC connections 

The behaviour of the persistent cells is inline with model predictions and is similar to those described and 

modelled by Hartley et al.  /35/. However, in its original form the model is unable to account for the 

changes in firing that were seen with successive exposure to the two environments. These changes imply 

that some form of plasticity had occurred as a result of the animal’s experience. In order to address this we 

now describe an extension of the BVC model that incorporates learning and, as a result, is able to account 

for some of the changes we saw. 

 

The model used here maintains the core components of the original formulation – see equations 1-3 above, 

and Ref  /35/ for complete details. We simulated a population of 200 BVCs with preferred values selected 

from a range of distances covering the size of the environment and from a continuous distribution of 
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directions.  However, a variable strength (wji) was assigned to the connections from BVC i to place cell j, 

whose firing rate (see equation 3) becomes: 
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The weight matrix (wji) was initially seeded such that each of 100 place cells received presynaptic input from 

10 random BVCs. These connections were of equal weight, as in the original model. The BCM rule was then 

used to update the weights between BVCs and place cells (wji), see Fuhs and Toursetzky /30/ for a related 

approach. The BCM rule /6/ has several desirable characteristics that make it preferable to the basic Hebb 

rule for this application. First, it incorporates both positive and negative weight changes. Sustained activity 

of the postsynaptic cell above a defined threshold will result in an increase in efficacy of active synapses 

onto that cell. Activity below the threshold will result in a decrease in efficacy. Second, the position of the 

threshold itself is modulated by the recent activity of the postsynaptic cell. If a postsynaptic cell is highly 

active the threshold will move up, making it more likely that synaptic weight reduction will occur. Third, 

weight change only occurs if both the presynaptic and postsynaptic cells are active. Specifically, weight 

changes were implemented as follows: 

)),(().( ξxFxgw jiji Φ=∆ ,         (5) 

where gi(x) is the firing of BVC i at position x; Fj(x) is the firing of place cell j at position x;  Φ(F, ξ) = [F(F-

ξ)]±0.02, where []±0.02 indicates truncation of values above 0.02 or below -0.02. The threshold separating 

positive and negative weight changes is given by:   
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where jF is the mean firing rate of place cell j across the current environment and F0 is a positive constant. 

Finally, connections whose strength is zero (such as those between initially unconnected BVCs and place 

cell) will remain at zero. 

 

BVC and place firing was simulated for two environments, a 65cm closed square and a 65cm x 90cm open 

rectangle. Firing was not simulated for areas outside of the walls. Learning was conducted iteratively: 

synaptic weights were updated according to presynaptic and postsynaptic firing; place cell firing was 

recalculated; weights were updated again, and so on. We first considered the behaviour of the model after 

training in an unchanging environment. With this goal in mind, 100 iterations of learning were simulated in 

the 65cm closed square. The first set of fields produced before learning were the same as those produced by 

the standard model and, as discussed earlier, resembled experimental data. Firing was localised in discrete 
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areas of the environment, generally increased monotonically towards a single peak and a small proportion 

of cells (approximately 30%) did not fire. 

 

Inspection of firing fields after increasing numbers of learning iterations revealed several interesting 

characteristics (figure 9). First, there seemed to be a gradual ‘cleaning up’ of about one third of the fields 

which became smaller and more symmetrical (e.g. figure 9A). This process might best be represented as a 

‘tidying of messy fields’. For example, large fields and those with extended, weak tails shrank in size, 

became more compact and generally came to more closely resemble typical place fields. Similarly a number 

of cells with weak subfields gradually lost those subfields. The BCM rule reduces the efficacy of BVC inputs 

to a place cell if they drive firing outside of the main place field, while inputs from BVCs that drive firing in 

the place field are strengthened. Second, a smaller number of fields remained relatively unchanged. Peak 

rate fluctuated slightly but field size and shape remained constant. Cells that remained unchanged were 

generally those that already had well-defined fields. Over larger numbers of learning iterations most cells 

reached a steady state. For example, after 500 iterations, most fields had been refined and remained stable 

for an additional 4500 iterations. The model’s prediction of long term field stability fit the experimental data. 

Interestingly, experimental evidence also suggests that place fields experience a period of rationalisation 

similar to that seen here. For example, Wilson and McNaughton /101/ recorded cells as a rat explored a 

novel area of its environment. Fields were initially unstable, providing an unreliable estimate of the animal’s 

position. After 6 to 10 minutes, though, fields were sufficiently stable to provide an accurate reconstruction 

of the rat’s path. 

------------------------------------------------------Figure 9 about here ----------------------------------------------------------- 

Next we examined the model’s ability to account for the experimental results described above: plasticity 

resulting from alternating trials in the square and rectangular environment. We simulated the firing of 100 

place cells over 1000 learning iterations. Learning was run in blocks of 200 iterations, after each block the 

‘rat’ was moved to the alternative environment. Hence the simulation started with 200 iterations in the 

square environment then changed to the rectangular environment for 200 iterations and so on. In totally 600 

iterations were run in the square environment and 400 in the rectangular environment.  

 

The behaviour of the model accorded well with the experimental data. Fields initially present in both 

environments were generally stable and maintained their position relative to the environment walls (e.g. 

figure 9B  above). A small number of cells were silent in both environments. Note, the BCM rule requires 

postsynaptic activity for any form of weight change to occur. Hence cells that are initially inactive in both 

environments will remain inactive. A smaller proportion of cells (approximately 10%) were inactive on first 

exposure to the square environment but fired robustly in the rectangle. On subsequent exposure to the 

square, after firing in the rectangle, all of these cells fired robustly (figure 9B below). This effect is produced 
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because BVCs that drive place cell firing in the rectangle are strengthened. When the ‘rat’ is returned to the 

square, cells that were previously silent can now be driven above the firing threshold by the strengthened 

inputs. We saw fewer cells that initially fired in the square but not in the rectangle, as in the data (although 

this could result from an arousal effect in the data, see below). The model produced a single example of a 

cell that ceased firing.  

 

The simulated firing did differ from experimental data in a few key regards. The first of these was that all 

cells that became active did so after a single exposure to the rectangle. In contrast, the experimental data 

contained a number of cells that became active only after multiple exposures to the rectangular 

environment. This is not a major discrepancy but indicates that a single trial corresponds to less than the 200 

learning iterations used in simulations. A second point on which the model deviated from experimental 

observations was the proportion of cells that became active. Under the model 10% of cells behaved in this 

way, but experimentally the proportion was closer to 50%. It is possible that this is due to the non-

parametric topological change in the environment, rather than parametric change in geometry (e.g., the 

broken rectangle, which allows the animal to escape the confines of the box, may have affected the 

excitability of individual cells via global change in the animal's arousal level). Unfortunately, the extent to 

which changes in arousal contributed to the plasticity seen in this experiment cannot be quantified or 

modelled. However, the more important aspect of the data with regard to the model is that when cells 

became active, they did so in the corresponding location (according to the model) in the two environments, 

and remained active thereafter. 

 

The simulations presented here represent work in progress, and further work will be necessary to 

parameterize the model so that it fits quantitative aspects of the data more fully. However we have already 

demonstrated that in principal the BVC model coupled with the BCM rule can explain the main forms of 

experience dependent plasticity seen in our experimental data. Other changes, such as nonparametric 

remapping, remain to be understood. Nevertheless, capturing the qualitative character of experience-

dependent parametric change in the place cell representation is an important step towards a more complete 

understanding of plasticity in the place cell representation.  

Plastic Changes in Response to Barrier Insertion 

We described earlier how the introduction of a barrier into an environment can cause immediate changes in 

place cell firing. In particular the barrier causes some place fields to double, displaying a field on either side 

of the barrier. But what happens after prolonged exposure to a barrier? If, as has been suggested /71/, place 

cells really do provide an allocentric representation of space then it is not desirable for two areas in the same 

environment to be represented by the same cell. With this is mind it might be thought that processes exist to 

resolve contradictions such as these. Indeed, data from Lever, albeit only 2 cells, showed that during a 10 
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minute trial one of a pair of doubled fields created by a barrier faded away /52/. To better understand this 

effect we recorded place cells on consecutive days as an animal repeatedly explored an environment, with 

and without the presence of a barrier.  

 

The barrier data described below was collected from a single animal. The place fields presented should be 

considered as qualitative examples of the possible outcomes of experience-dependent plasticity. Data was 

captured and analysed using standard procedures and equipment /22/. The bulk of the recordings were 

made on 8 consecutive days with additional manipulations performed after the end of the experiment. 

Where possible, cells were followed across days. Recording sessions were conducted at the same time each 

day, allowing approximately 24 hours between sessions. Each session followed the same protocol, the first 2 

trials saw the rat forage for rice in a square, walled environment for 5 minutes each. Laboratory equipment 

and furniture (e.g. computers)  provided directional cues. The animal was returned to its home box between 

trials and the box was rotated pseudo-randomly by 900, 1800 or 2700. A barrier, made of the same material as 

the box, was then positioned in the centre of the environment with one end abutting the wall. The animal 

foraged continuously for 40 minutes with the barrier present and was then returned to its home box. The 

barrier was removed and a final two trials were conducted similarly to the first two, (see figure 10A). 

 

Cell 1, recorded on day 1, exhibited changes in firing similar to those reported by Lever et al. /52/. Insertion 

of the barrier prompted the rapid appearance of an additional field adjacent to the West side of the barrier 

(figure 10, Cell 1, day1). Indeed, the cell fired on the rat's first pass through the new place field. The original 

field, adjacent to the East wall of the box, was initially more robust and fired more strongly than the new 

field but during the 40 minute trial it gradual shrank away while the new field was maintained. The peak 

rate of the new field was constant at about 14Hz whereas the rate of the original field fell from 23.6Hz in the 

first 5 minutes to 4.94Hz during the last 5 minutes. When the barrier was removed towards the end of the 

session, the original field was reinstated and the new field was lost.   

------------------------------------------------------Figure 10 about here ----------------------------------------------------------- 

Interestingly, when the barrier was placed in the box on the second day both the original field and new field 

were obvious during the first 5 minutes of the trial (figure 10, Cell 1, day2), with the cell firing on the first 

pass through each field. Again the initial (East) field became weaker through the session, but at a slower rate 

than on the first day.  The main point here is that the fields did not return to the configuration they were in 

prior to the removal of the barrier at the end of the first day. We followed this cell over 10 days in total: the 

changes observed in one or other of the fields on one day were often not obviously present 24 hours later. 

There was some tendency for cumulative change however, with East field slowly weakening in the presence 

of the barrier, and moving South in the open box (figure 10, Cell 1, day 9). The time course of the changes 

seen here is reminiscent of the ‘slow remapping’ seen by Lever et al. /55/: changes that accumulated during 
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the day being partially undone overnight in a ‘two steps forwards, one step back’ way /52/. It is interesting 

to note that Mehta, Barnes and McNaughton /58/ also saw temporary changes in place field shape, and 

these were shown to be NMDAR dependent. 

 

We also observed subfields appearing over time as well as disappearing. On the first 3 days cell 2 (recorded 

concurrently to cell 1 above) had a field in the Northwest corner of the box (figure 10, cell 2). When the 

barrier was inserted the field immediately shifted to the corner between the East side of the barrier and the 

North wall. On the fourth day of recording, insertion of the barrier provoked 2 fields in the corresponding 

Northwest corners on each side of the barrier (figure 10, cell 2, day 4). During 6 subsequent days of 

recording, the cell continued to exhibit a dual field when the barrier was present. Even with the barrier in an 

East-West orientation, the cell fired in both Northwest corners above and below the barrier (figure 10, cell 2, 

day 7).  

 

In total we followed 11 cells for time courses varying from a day to the duration of the experiment. 

Although it is difficult to draw firm conclusions from such a small data set, nevertheless we can make some 

important observations that bear on the predictions of the BVC model, and our implementation of learning. 

First, the majority of the cells (6) exhibited some form of gradual plasticity. This was largely of the forms 

described above: duplication of a field, loss of a duplicate field or movement of field. Some cells showed all 

three forms at various stages. Second, there was no obvious relationship between changes observed 

concurrently in different cells. Third, cells we followed for longer seemed more likely to exhibit change. Two 

cells we held for the course of the experiment demonstrated plasticity, whereas, cells recorded for a single 

day remained unchanged. The implication of this is that these plastic changes are not coherent across cells, 

occurring at different times in different cells (Lever et al. saw this same effect /55/). 

 

The original BVC model was not designed to account for such effects of experience dependent plasticity. 

However, inclusion of the BCM learning rule allows the model to address some aspects of the experimental 

data. We simulated 1000 iterations of firing in a 65cm square environment with a barrier oriented North-

South. Firing before learning was identical to that predicted by the standard BVC model; about 35% of cells 

were silent, of the remainder approximately 65% showed some form of doubled field. As described 

previously, learning conducted in a static environment results in fields that ‘tidy up’. We saw this effect 

again and it also extended to a rationalisation of some doubled fields, 44% of these cells showed a gradual 

loss of one field (figure 9C rows 1-2). The field with the lowest peak firing was usually the one that was 

removed (see also  /30/) although this was not always the case. In each case the retained field was largely 

unaffected by loss of the duplicate. The model does not predict that all double fields will be reduced to a 
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single peak, even after 5000 learning iterations around half of the initial double fields remained (see figure 

9C last row).  

 

We note that some initially doubled fields end up as a single field near to the barrier (e.g. figure 9C middle 

row). This may relate to the experiment of Rivard et al. /78/ in which exposure to a cylindrical environment 

containing a barrier that moved between trials produced place fields that either fired with a fixed 

relationship to the cylinder or close to the barrier. It seems likely that, under the BCM rule, systematic 

movement of the barrier would cause most place fields to become driven solely by the barrier (if close 

enough) or the environment walls. That is, both observed effects would naturally result from the BVC 

model, without requiring Rivard's postulation of two distinct cell types ('furniture cells' and 'room cells'). 

Indeed, if place cells start with a random set of connection weights, a small proportion will have the pattern 

of connections required to express this type of field before any learning (e.g. figure 1, A iv). 

 

We did not, however, observe all of the effects that were seen in the experimental data. Learning under the 

model is continuous; predictably we did not see the overnight undoing of learning that was present in the 

experimental data. We also did not see any examples of fields being doubled as a result of learning rather 

than being present immediately following barrier insertion (cf figure 10 Cell 2). Indeed there seem to be a 

number of effects evident in the experimental data, the apparent independence of changes on different days, 

for example, that are not captured by the model.  

 

Conclusion 

The BVC model set out to explain place cell firing in terms of putative functional inputs to the hippocampus. 

In its original form, without learning, it is a very simple model, but can nonetheless account for observations 

such as the rapid formation of place fields in new environments  /29,101/ and the parametric changes of the 

place cell representation seen under geometric manipulations of the environment  /35,69/. The model 

captures the characteristic shapes of place fields in specific environment (e.g. elongated parallel to 

boundaries, such as crescent-shaped fields in cylinders), how specific fields will change shape in different 

environments, and how firing rates will change, (including the proportions of active place cells) in one 

shape but not another. Most strikingly, the model explained why the introduction of a barrier into a field 

will abolish it  /61/, but also predicted /12/ that it will produce a doubled field  /35,52/ in many other 

circumstances. Field doubling was also expected in identical linked environments /89/  for the same 

reasons. The model predicts that normal spatial firing of place cells depends on the proportion of angle 

around the rat occupied by barriers. This effect is broadly confirmed for the first time in this paper by using 

aversive sound to constrain the animal's exploration while a walled environment is deconstructed. 
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We have found boundary vector cells to be a useful construct, both in understanding experimental data and 

in formulating new experiments. But do they really exist, and if so where? Cells whose firing depends on 

barriers have previously been found in the subiculum  /87/ and we have now found further strong 

similarities with the predicted properties of BVCs in our own experiments. Most notably the firing fields of 

several subicular cells we observed followed the shape of the boundary of the animal's environment in the 

way expected of BVCs. 

 

Extending the model to explain the numerous results showing experience-dependent plasticity demands the 

addition of learning to the basic BVC model. By modifying feedforward connections from BVCs to place 

cells using the BCM learning rule /6/, the model can begin to account for a number of experimental 

observations. Here we showed that the model was compatible with the gross pattern of changes in place cell 

firing in response to repeated exposure to barrier insertion or environmental expansion. Further work will 

consider whether the BVC model can begin to explain the complex literature concerning partial/slow 

remapping (e.g.  /48,51,55,89,91/) , see  /30,33,45/  for alternative models. However, we suspect that the 

current feed-forward model may not be capable of accounting for the rapid, coherent remapping of a 

population of place cells. At least in some situations  /100/ this type of  remapping shows the attractor 

dynamics suggestive of a role for the recurrent modifiable connections between place cells in area CA3. 

 

Mounting neuropsychological and functional neuroimaging evidence indicates that the human 

hippocampus (particularly in the right hemisphere) may play a similar role in spatial memory to the rat 

hippocampus, reviewed in  /14/, see also  /19/. Although other neural systems (e.g. parietal or basal 

ganglia) undoubtedly play important roles in human spatial behaviour, their contributions almost certainly 

depends on the nature of the task at hand. Thus, following a long history of experiments designed to bias 

which representation is used (see e.g.  /99/) , we believe that it will be possible to test behavioural 

predictions of the BVC model in humans and other animals. For instance, in a walled virtual reality 

environment in which path integration was minimized and new object locations were used on each trial, the 

BVC model successfully predicted patterns of response in a spatial memory task in humans  /36/. This 

would probably not be the case in tasks using single landmarks  /73/ or repeated route-learning  /99/). A 

future challenge will be to find behavioural evidence that tests predictions of our implementation of 

learning in the model. 

 

In conclusion, our computational approach has allowed us to begin to understand the neural representation 

of space in the rat brain, and to be able to relate this knowledge to the potential mechanisms of human 
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spatial memory. More generally, this work provides an example of the potential power of a combined 

computational and comparative approach to cognitive neuroscience.  
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Figure Captions 

 

Figure 1. Effect of barrier insertion on real and simulated place fields. A. Place fields of 4 place cells (i-iv) in 

three successive trials in a 65cm square walled environment. First column: 10 minute first trial. Second 

column: first 10 minutes of 40 minute second trial, after the insertion of a 40cm barrier. Third column: final 

10 minute trial, barrier removed. Three outcomes inserting a barrier are illustrated: (i) inhibition of firing; (ii-

iii) doubling of field with duplicate on either side of the barrier (the most common outcome); (iv) firing 

unaffected by the barrier (less common). B. Three simulated place fields from the Boundary Vector Cell 

(BVC) model in 65cm square environments with and without the 40cm barrier. Similar outcomes to 

experimental fields i-iii are illustrated: inhibition of firing (i);  doubling of existing field in presence of 

barrier (ii, the most common outcome); double place field induced by presence of the barrier (iii). Here and 

below, plots shows firing rate as a function of the rat's location while it explores for randomly scattered 

food. These are calculated as the number of spikes divided by the animal’s dwell time in each bin of a 64x64 

spatial grid, and smoothed with a 5x5 kernel. Peak rate (Hz) is indicated by the value above the plot and 

corresponds to the area shaded black. Each gradation represents 20% of the peak. 

Figure 2.  The Boundary Vector Cell (BVC) Model. A. A BVC responds to the presence of a boundary at a 

preferred distance and (allocentric) direction. Its firing rate (bar charts on left) decreases as a boundary's 

distances and direction differs from the preferred values. The tuning to distance is sharper for shorter 

distances (bottom). B. i) Place fields from the same place cell recorded in different shaped environments. ii) 

Simulation of the place cell's firing in the 4 shapes using 4 BVC inputs (BVCs shown on the left). iii) 

Predicted firing of modelled place cell in 3 new shapes. iv) Observed firing of actual place cell in 3 new 

shapes. (Adapted from ( /35/ and  /12/) 

Figure 3. Effect of wall removal on place cell firing. A.  Effect of removing one wall. Three place cells are 

shown (i-iii). Plots show the locations at which spikes were fired (black squares) and the path of the rat 

(grey). Walls are shown as black lines. B. Effect of successive removal of walls on the firing of one place cell.  

Removal of the first wall produced limited change in the place field – three surrounding walls were 

sufficient to support spatial firing. Removal of the second wall, however, caused a profound break down in 

spatial firing. C. A rare place cell (one of two) with a coherent field in the pillar-only condition (after 

removal of all 4 walls). The location of the pillar is shown by 'o', a fixed point within the room is shown by '+ 

Room'.  D. Effect of successive wall removal on 17 place fields: they increase in area (left: Kilo-pixels above 

half of the peak firing rate, entire camera view is 262Kpix) and decrease in spatial coherence (right, see  

/62/, note that evenly scattered low firing produces high coherence). 

Figure 4. Firing rate maps of ten simultaneously-recorded dorsal subicular neurons in two trials in a square-

walled environment. Cells 2, 6, 7, 8 and 9 show Boundary Vector Cell-like locational fields. The number at 

the top left of each firing rate map indicates the peak firing rate (Hz). 
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Figure 5. Geometry-dependent firing of potential subicular Boundary Vector Cells in response to extreme 

environmental manipulation. Left: Firing rate maps of two fields in four environments (A:curtained-off 

square walls; B: un-curtained with cylindrical walls of different material; C: no walls –boundary is a sheer 

drop; D on the small square holding platform – boundary is a sheer drop). Right: further testing of cell 1 in 

small and large square environments, including one with a barrier (in which cell shows doubled field).  See 

main text for details. Trials are shown in order of testing (from top to bottom). Firing rate maps for open 

platform environments C and D include regions where the rats peer over the edges of the platform. Inset: 

Example of predicted BVC firing rate maps adapted from  /35/). 

Figure 6. Density of responses from a human spatial memory task ('testing – data') and prediction from 

simulation using BVC model ('BVC model'). Human data (adapted from Hartley, Trinkler and Burgess  

/36/) – shows effects of geometric changes of the environment on response locations. The left column 

shows the location of a golf flag (X) in each of four virtual presentation environments. Subjects were briefly 

removed from the environment and then asked to place a marker at the cued location (the golf flag having 

been removed). On some trials the shape and size of the environment was changed during their absence. 

Response densities after changes of environmental shape are indicated by grey level. Some responses 

preserve fixed distances from the nearer walls (indicated by triangles), or the ratio of distances across the 

environment (circles). The final three columns show simulated density of responses corresponding to the 

experimental data, see main text. 

Figure 7. BVC model of spatial memory. A. Cue location in presentation environment (marked by X). B. 

Surface showing the net difference in activity of a BVC population from that stored at the cue location in the 

presentation environment, as the subject moves around (using a Euclidean distance metric). Following the 

gradient of this surface leads back to the cue location, where the net change is minimized. C. The Softmax 

function is used to model the probability of a response at a given location given the difference in activity. D 

Above: BVCs firing at the cue location in a 1-D environment can be divided into those responding to 

East/left (net firing shown as dotted line) or West/right (net firing shown as solid line). This is shown for a 

small (i) and large (ii) presentation environment. Note the effect of proximity-weighting due to more 

sharply tuned (and more numerous) short range BVCs. Below: Dashed line shows the net difference in the 

firing of both populations from that at the cue location in the presentation environment as a function of the 

subject's location within the testing environment (using a Euclidean distance metric). The minimum of the 

dashed line shows the location of peak response: correct in an unchanged environment (left), maintaining a 

fixed distance to the nearer wall after environmental expansion (i -> middle), maintaining a fixed ration of 

distance between walls after environmental contraction (ii –> right).  In contractions, the net change in 

activity from that at the stored location (dashed line), although strongly influenced by inputs tuned to the 

East wall (which was nearer at presentation), is also strongly influenced by increased firing in BVCs with 

short range tuning to the West wall which were inactive at the cue location (not shown). 
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Figure 8. Place fields recorded from four cells (A-D) over 9 trials, alternating between a closed square (65cm) 

environment and the same environment with the south wall moved out by 25cm. Trials in the square 

environment lasted 5 minutes, those in the open rectangle 15 minutes. When active, fields from the same cell 

occupied analogous positions in both conditions, consistent with the BVC model. Cell A fired continually 

throughout the session. Cells B-D exhibited experience-dependent plasticity: firing in the square starting 

(Cells B,C) or stopping after repeated exposure to the open rectangle.  

Figure 9. Plasticity in the extended BVC model. Seven simulated cells are shown (one per row) after 

different amounts of learning (columns). A. Two place fields in an unchanging square (65cm) environment. 

Each column corresponds to 20 additional iterations of learning with the BCM rule, see main text for details. 

The fields are gradually ‘tidied up’. We also observed fields that remained unchanged after learning (not 

shown). B. Two place fields in  alternating square (65cm) and open rectangle (90cm x 65cm) environments. 

Each column corresponds to an additional 200 iterations of BCM learning.  The first place field maintains its 

position relative to the adjacent north wall in both environments. The second starts to fire in the square 

environment after exposure to the open rectangle, maintaining its position relative to the south wall. C.  

Simulated firing, learning was conducted in an unchanging environment (65 cm square with 40cm barrier). 

Again, each column represents 200 iterations. All cells initially exhibit double fields in the presence of the 

barrier. The first two cells progressively lost one of their fields with learning. The third cell essentially 

remained unchanged.  

Figure 10. Firing rate maps from 2 place cells simultaneously recorded over several days (one per row) in 

the 65cm square enclosure with or without a 40cm North-South barrier. Each plot represents 10 minutes of 

exploration. The first column shows combined firing from 2, 5 minute trials recorded without a barrier. The 

next 4 columns show firing from a single continuous 40 minute trial (as 4 x 10 minute slices) in the presence 

of the barrier. The final column shows firing with the barrier removed. Cell 1 doubles its field when the 

barrier is introduced on day 1, while the Eastern field is gradually lost both within each day and over days, 

see main text. Cell 2 fired only on one side of the barrier for the first 3 days, then developed a field on both 

sides on day 4 and continued to do so on subsequent days (not shown), including in an East-West barrier 

configuration (day 7). 

 

Reference List 

 

 1.  Agnihotri, N. T., Hawkins, R. D., Kandel, E. R., and Kentros, C. The long-term stablility of new 
hippocampal place fields requires new protein synthesis. Proc Natl Acad Sci U S A 2004; 
101: 3656-3661. 

 2.  Amaral, D. G. and Witter, M. P. Hippocampal Formation.Academic Press, 1995; 443-486. 

 3.  Anderson, M. I. and Jeffery, K. J. Heterogenous modulation of place cell firing by changes in 
context. J Neurosci 2003; 23: 8827-8835. 

 28



 4.  Best, P. J. and Thompson, L. T. Hippocampal cells which have place field activity also show changes 
in activity during classical conditioning. Society for Neuroscience Abstract 1984; 10: 

 5.  Best, Phillip J. and Thompson, Lucien T. Persistence, reticence, and opportunism of place-field 
activity in hippocampal neurons. Psychobiology 1989; Vol 17: 230-235. 

 6.  Bienenstock, E. L., Cooper, L. N., and Munro, P. W. Theory for the development of neuron 
selectivity: orientation specificity and binocular interaction in visual cortex. J Neurophysiol 
1982; 2: 32-48. 

 7.  Bliss, T. V. and Lomo, T. Long-lasting potentiation of synaptic transmission in the dentate area of 
the anaesthetized rabbit following stimulation of the perforant path. J Physiol 1973; 232: 
331-356. 

 8.  Bostock, E., Muller, R. U., and Kubie, J. L. Experience-dependent modifications of hippocampal 
place cell firing. Hippocampus 1991; 1: 193-206. 

 9.  Burgess, N., Cacucci, F., Lever, C., and O'Keefe, J. Characterizing multiple independent behavioral 
correlates of cell firing in freely moving animals. Hippocampus 2005; 15: 149-153. 

 10.  Burgess, N. and Hartley, T. Orientational and geometric determinants of place and head-direction. 
In: Dietterich, T. G., Becker, S., and Ghahramani, Z. eds. Advances in Neural Information 
Processing Systems. MIT Press, 2002; 165-172. 

 11.  Burgess, N., Jackson, A, Hartley, T, and O'Keefe, J. Predictions derived from modelling the 
hippocampal role in navigation. Biological Cybernetics 2000; 83: 301-312. 

 12.  Burgess, N., Jackson, A., Hartley, T., and O'Keefe, J. Predictions derived from modelling the 
hippocampal role in navigation. Biol Cybern 2000; 83: 301-312. 

 13.  Burgess, N., Maguire, E., and O'Keefe, J. The human hippocampus and spatial and episodic 
memory. Neuron 2002; 35: 625-641. 

 14.  Burgess, N., Maguire, E. A, and O'Keefe, J. Human Hippocampus: Spatial and Episodic Memory. 
Neuron 2002; 35: 625-641. 

 15.  Burgess, N. and O'Keefe, J. Cognitive graphs, resistive grids, and the hippocampal representation of 
space. J Gen Physiol 1996; 107: 659-662. 

 16.  Burgess, N. and O'Keefe, J. Neuronal computations underlying the firing of place cells and their role 
in navigation. Hippocampus 1996; 6: 749-762. 

 17.  Burgess, N., Recce, M., and O'Keefe, J. A model of hippocampal function. Neural Networks 1994; 7: 
1065-1081. 

 18.  Burgess, N., Spiers, H. J., and Paleologou, E Orientational manoeuvres in the dark: dissociating 
allocentric and egocentric influences on spatial memory. Cognition 2004; 94: 149-166. 

 19.  Burgess, N., Trinkler, I., King, J., Kennedy, A., and Cipolotti, L.  Impaired allocentric spatial memory 
underlying topographical disorientation. Reviews in the Neurosciences 2005; In press. 

 20.  Burwell, R. D., Witter, M. P., and Amaral, D. G. Perirhinal and postrhinal cortices of the rat: a 
review of the neuroanatomical literature and comparison with findings from the monkey 
brain. Hippocampus 1995; 6: 390-408. 

 29



 21.  Cacucci, F., Lever, C., Wills, T. J., Burgess, N., and O'Keefe, J. Theta-modulated place-by-direction 
cells in the hippocampal formation of the rat. J Neurosci 2004; 24: 8265-8277. 

 22.  Chakraborty, S., Anderson, M. I., Chaudhry, A. M., Mumford, J. C., and Jeffery, K. J. Context-
independent directional cues learning by hippocampal place cells. Eur J Neurosci 2004; 20: 
281-292. 

 23.  Commins, S., Aggleton, J. P., and O'Mara, S. M. Physiological evidence for a possible projection 
from dorsal subiculum to hippocampal area CA1. Exp Neurol 2002; 146: 155-160. 

 24.  Cressant, A., Muller, R. U., and Poucet, B. Failure of centrally placed objects to control the firing 
fields of hippocampal place cells. J Neurosci 1997; 17: 2531-2542. 

 25.  Ekstrom, A. D., Kahana, M. J., Caplan, J. B., Fields, T. A., Isham, E. A., Newman, E. L., and Fried, I. 
Cellular networks underlying human spatial navigation. Nature 2003; 425: 184-187. 

 26.  Etienne, A. S. and Jeffery, K. J. Path integration in mammals. Hippocampus 2004; 14: 180-192. 

 27.  Etienne, A. S., Maurer, R., and Seguinot, V. Path integration in mammals and its interaction with 
visual landmarks. J Exp Biol 1996; 199: 201-209. 

 28.  Fenton, A. A., Csizmadia, G, and Muller, R. U. Conjoint control of hippocampal place cell firing by 
two visual stimuli I. The effects of moving the stimuli on firing field positions. J Gen Physiol 
2000; 116: 191-209. 

 29.  Frank, L. M., Stanley, G. B., and Brown, E. N. Hippocampal plasticity across multiple days of 
exposure to novel environments. Journal of Neuroscience 2004; 24: 7681-7689. 

 30.  Fuhs, M. C. and Touretzky, D. S. Synaptic Learning Models of Map Separation in the Hippocampus. 
Preprint Submitted to Elsevier Preprint 1999; 1-6. 

 31.  Fyhn, M., Molden, S., Witter, M. P., Moser, E. I., and Moser, M. Spatial representation in the 
entorhinal cortex. Science 2004; 305: 1258-1264. 

 32.  Gothard, K. M., Skaggs, W. E., Moore, K. M., and McNaughton, B. L. Binding of hippocampal CA1 
neural activity to multiple reference frames in a landmark-based navigation task. J Neurosci 
1996; 16: 823-835. 

 33.  Guazzelli, A., Bota, M., and Arbib, M. A. Competitive Hebbian Learning and the Hippocampal 
Place Cell System: Modeling the Interaction of Visual and Path Integration Cues. 
Hippocampus 2001; 11: 216-239. 

 34.  Harris, E. and Stewart, M. Propagation of synchronous epileptiform events from subiculum 
backward into area CA1 of rat brain slices. Brain Res Bull 2001; 895: 41-49. 

 35.  Hartley, T., Burgess, N., Lever, C., Cacucci, F., and O'Keefe, J. Modelling place fields in terms of the 
cortical inputs to the hippocampus. Hippocampus 2000; 10: 369-379. 

 36.  Hartley, T., Trinkler, I., and Burgess, N. Geometric determinants of human spatial memory. 
Cognition 2004; 94: 39-75. 

 37.  Hayman, R. A., Chakraborty, S., Anderson, M. I., and Jeffery, K. J. Context-specific acquisition of 
location discrimination by hippocampal place cells. Eur J Neurosci 2003; 18: 2825-2834. 

 38.  Hetherington, P. A. and Shapiro, M. L. Hippocampal place fields are altered by the removal of 
single visual cues in a distance-dependent manner. Behav Neurosci 1997; 111: 20-34. 

 30



 39.  Hori, E., Tabuchi, E., Matsumura, N., Tamura, R., Eifuku, S., Endo, S., Nishijo, H., and Ono, T. 
Representation of place by monkey hippocampal neurons in real and virtual translocation. 
Hippocampus 2003; 13: 190-196. 

 40.  Jeffery, K. J., Anand, R. L., and Anderson, M.  A role for geographical slant in orienting the neural 
place representation. Proceedings of the Royal Institution of Navigation RIN-05 meeting 
2005; In press. 

 41.  Jeffery, K. J., Gilbert, A, Burton, S, and Strudwick, A Preserved Performance in a Hippocampal-
Dependent Spatial Task Despite Complete Place Cell Remapping. Hippocampus 2003; 13: 
175-189. 

 42.  Jeffery, K. J. and Hayman, R. Plasticity of the hippocampal place cell representation. Reviews in the 
Neurosciences 2004; 15: 309-331. 

 43.  Jeffery, K. J. and O'Keefe, J. M. Learned interaction of visual and idiothetic cues in the control of 
place field orientation. Exp Neurol 1999; 127: 151-161. 

 44.  Jenkins, T. A., Amin, E., Harold, G. T., Pearce, J. M., and Aggleton, J. P. Distinct patterns of 
hippocampal formation activity associated with different spatial tasks: a Fos imaging study 
in rats. Exp Neurol 2003; 151: 514-523. 

 45.  Kali, S and Dayan, P. The involvement of recurrent connections in area CA3 in establishing the 
properties of place fields: a model. J Neurosci 2000; 20: 7463-7477. 

 46.  Kentros, C., Hargreaves, E., Hawkins, R. D., Kandel, E. R., Shapiro, M., and Muller, R. V. Abolition 
of Long-Term Stability of New Hippocampal Place Cell Maps by NMDA Receptor 
Blockade. Science 1998; 280: 2121-2126. 

 47.  Kloosterman, F., Van Haeften, T., Witter, M. P., and Lopes da Silva, F. H. Electrophysiological 
characterization of interlaminar entorhinal connections: an essential link for re-entrance in 
the hippocampal-entorhinal system. Eur J Neurosci 2003; 18: 3037-3052. 

 48.  Knierim, J. J. Dynamic interactions between local surface cues, distal landmarks, and intrinsic 
circuitry in hippocampal place cells. Journal of Neuroscience 2002; 22: 6254-6264. 

 49.  Knierim, J. J. Hippocampal remapping: implications for spatial learning and navigation. In: Jeffery, 
K. J. eds. The Neurobiology of Spatial Behaviour. Oxford: Oxford University Press, 2003; 
226-239. 

 50.  Knierim, J. J., Kudrimoti, H. S., and McNaughton, B. L. Interactions between idiothetic cues and 
external landmarks in the control of place cells and head direction cells. J Neurophysiol 
1998; 80: 425-446. 

 51.  Leutgeb, S., Leutgeb, J. K., Treves, A., Moser, M. B., and Moser, E. I. Distinct ensemble codes in 
hippocampal areas CA3 and CA1. Science 2004; 305: 1295-1298. 

 52.  Lever, C., Burgess, N., Cacucci, F., Hartley, T., and O'Keefe, J. What can the hippocampal 
representation of environmental geometry tell us about Hebbian learning? Biol Cybern 
2002; 87: 356-372. 

 53.  Lever, C., Burton, S, and O'Keefe, J. Subicular cells may start firing in a novel environment more 
rapidly and robustly than CA1 cells. Unpublished. 

 31



 54.  Lever, C., Cacucci, F., Burgess, N., and O'Keefe, J. Squaring the circle: place cell firing patterns in 
environments which differ only geometrically are not unpredicatable. Society for 
Neuroscience Abstract 1999; 24: 556 

 55.  Lever, C., Wills, T. J., Cacucci, F., Burgess, N., and O'Keefe, J. Long-term plasticity in hippocampal 
place-cell representation of environmental geometry. Nature 2002; 416: 90-94. 

 56.  Ludvig, N., Tang, H. M., Gohil, B. C., and Botero, J. M. Detecting location-specific neuronal firing 
rate increases in the hippocampus of freely-moving monkeys. Brain Res Bull 2004; 1014: 97-
109. 

 57.  Markus, E. J., Qin, Y., Leonard, B. Skaggs W. E., McNaughton, B. L., and Barnes, A. C. Interactions 
between location and task affect the spatial and directional firing of hippocampal neurons. J 
Neurosci 1995; 15: 7079-7094. 

 58.  Mehta, M. R., Barnes, C. A., and McNaughton, B. L. Experience-dependent asymmetric expansion of 
hippocampal place fields. Proc Natl Acad Sci U S A 1997; 94: 8918-8921. 

 59.  Morris, R. G. M., Garrud, P., Rawlins, J. N., and O'Keefe, J. Place navigation impaired in rats with 
hippocampal lesions. Nature 1982; 297: 681-683. 

 60.  Morris, R. G. M., Garrud, P., Rawlins, J. N., and O'Keefe, J. Place navigation impaired in rats with 
hippocampal lesions. Nature 1982; 297: 681-683. 

 61.  Muller, R. U. and Kubie, J. L. The effects of changes in the environment on the spatial firing of 
hippocampal complex-spike cells. J Neurosci 1987; 7: 1951-1968. 

 62.  Muller, R. U. and Kubie, J. L. The firing of hippocampal place cells predicts the future position of 
freely moving rats. J Neurosci 1989; 9: 4101-4110. 

 63.  Muller, R. U., Kubie, J. L., and Ranck, J. B. Spatial firing patterns of hippocampal complex-spike cells 
in a fixed environment. J Neurosci 1987; 7: 1935-1950. 

 64.  Naber, P. A., Lopes da Silva, F. H., and Witter, M. P. Reciprocal connections between the entorhinal 
cortex and hippocampal fields CA1 and the subiculum are in register with the projections 
from CA1 to the subiculum. Hippocampus 2001; 11: 99-104. 

 65.  Naber, P. A. and Witter, M. P. Subicular efferents are organized mostly as parallel projections: a 
double-labelling, retrograde-tracing study in the rat. J Comp Neurol 1998; 393: 284-297. 

 66.  Nakazawa, K., Quirk, M. C., Chitwood, R. A., Watanabe, M., Yeckel, M. F., Sun, L. D., Kato, A., Carr, 
C. A., Johnston, D., Wilson, M. A., and Tonegawa, S. Requirement of Hippocampal CA3 
NMDA Receptors in Associative Memory Recall. Science 2002; 297: 211-218. 

 67.  O'Keefe J and Conway, D. H. Hippocampal place units in the freely moving rat: why they fire where 
they fire. Exp Neurol 1978; 31: 573-590. 

 68.  O'Keefe, J. Place units in the hippocampus of the freely moving rat. Exp Neurol 1976; 51: 78-109. 

 69.  O'Keefe, J. and Burgess, N. Geometric determinants of the place fields of hippocampal neurons. 
Nature 1996; 381: 425-428. 

 70.  O'Keefe, J. and Dostrovsky, J. The hippocampus as a spatial map. Preliminary evidence from unit 
activity in the freely-moving rat. Brain Res 1971; 34: 171-175. 

 32



 71.  O'Keefe, J. and Nadel, L. The hippocampus as a cognitive map. 1st Ed. Oxford: Oxford University 
Press, 1978. 

 72.  Ono, T., Nakamura, K., Fukuda, M, and Tamura, R. Place recognition responses of neurons in 
monkey hippocampus. Neurosci Lett 1991; 121: 194-198. 

 73.  Pearce, J. M., Roberts, A. D., and Good, M. Hippocampal lesions disrupt navigation based on 
cognitive maps but not heading vectors. Nature 1998; 396: 75-77. 

 74.  Pearce, J. M., Roberts, A. D., and Good, M. Hippocampal lesions disrupt navigation based on 
cognitive maps but not heading vectors. Nature 1998; 396: 75-77. 

 75.  Quirk, G. J., Muller, R. U., and Kubie, J. L. The firing of hippocampal place cells in the dark depends 
on the rat's recent experience. J Neurosci 1990; 10: 2008-2017. 

 76.  Quirk, G. J., Muller, R. U., Kubie, J. L., and Ranck, J. B. The positional firing properties of medial 
entorhinal neurons: Description and comparison with hippocampal place cells. J Neurosci 
1992; 12: 1945-1963. 

 77.  Redish, A. D. Beyond the Cognitive Map: From Place Cells to Episodic Memory. Cambridge MA: 
MIT Press, 1999. 

 78.  Rivard, B., Li, Yu, Lenck-Santini, P., Poucet, B., and Muller, R. U. Representation of objects in space 
by two classes of hippocampal pyramidal cells. J Gen Physiol 2004; 124: 9-25. 

 79.  Rolls, E. T., Miyashita, Y., Cahusac, P. M., Kesner, R. P., Niki, H., Feigenbaum, J. D., and Bach, L. 
Hippocampal neurons in the monkey with activity related to the place in which a stimulus 
is shown. J Neurosci 1989; 9: 1835-1845. 

 80.  Save, E., Cressant, A., Thinus-Blanc, C., and Poucet, B. Spatial firing of hippocampal place cells in 
blind rats. J Neurosci 1998; 18: 1818-1826. 

 81.  Save, E., Nerad, L, and Poucet, B Contribution of multiple sensory information to place field 
stability in hippocampal place cells. Hippocampus 2000; 10: 64 

 82.  Scoville, W. B. and Milner, B. Loss of recent memory after bilateral hippocampal lesions. J Neurol 
Neurosurg Psychiatry 1957; 20: 11-21. 

 83.  Shao, L. and Dudek, F. E.  Electrophysiological evidence using focal flash photolysis of caged 
glutamate that CA1 pyramidal cells receive excitatory synaptic input from the subiculum. 
Journal of Neurophysiology 2005; In press. 

 84.  Sharp, P. E. Computer simulation of hippocampal place cells. Psychobiology 1991; 19: 103-115. 

 85.  Sharp, P. E. Subicular cells generate similar spatial firing patterns in two geometrically and visually 
distinctive environments: Comparison with hippocampal place cells. Behav Brain Res 1997; 
85: 71-92. 

 86.  Sharp, P. E. Comparison of the timing of hippocampal and subicular spatial signals: implications for 
path integration. Hippocampus 1999; 9: 158-172. 

 87.  Sharp, P. E. Subicular place cells expand or contract their spatial firing pattern to fit the size of the 
environment in an open field but not in the presence of barriers: comparison with 
hippocampal place cells. Behav Neurosci 1999; 113: 643-662. 

 33



 88.  Sharp, P. E. and Green, C. Spatial correlates of firing patterns of single cells in the subiculum of the 
freely moving rat. J Neurosci 1994; 14: 2339-2358. 

 89.  Skaggs, W. E. and McNaughton, B. L. Spatial firing properties of hippocampal CA1 populations in 
an environment containing two visually identical regions. J Neurosci 1998; 18: 8455-8466. 

 90.  Skaggs, W. E., McNaughton, B. L., and Gothard, K. M. An information-theoretic approach to 
deciphering the hippocampal code. Adv Neural Inf Process Syst 1993; 5: 1030-1037. 

 91.  Tanila, H., Shapiro, M. L., and Eichenbaum, H Discordance of spatial representation in ensembles of 
hippocampal place cells. Hippocampus 1997; 7: 613-623. 

 92.  Taube, J. S. and Muller, R. U. Comparisons of head direction cell activity in the postsubiculum and 
anterior thalamus of freely moving rats. Hippocampus 1998; 8: 87-108. 

 93.  Taube, J. S., Muller, R. U., and Ranck, J. B. Head-direction cells recorded from the postsubiculum in 
freely moving rats. I. Description and quantitative analysis. J Neurosci 1990; 10: 420-435. 

 94.  Taube, J. S., Muller, R. U., and Ranck, J. B. Head-direction cells recorded from the postsubiculum in 
freely moving rats. II. Effects of environmental manipulations. J Neurosci 1990; 10: 436-447. 

 95.  Tommasi, L. and Thinus-Blanc, C.  Generalization in place learning and geometry knowledge in 
rats. Learning and Memory (Cold Spring Harbor, N.Y.) 2005; In press. 

 96.  Tonegawa, S., Tsien, J. Z., McHugh, T. J., Huerta, P., Blum, K. I., and Wilson, M. A. Hippocampal 
CA1-region-restricted knockout of NMDAR1 gene disrupts synaptic plasticity, place fields, 
and spatial learning. Cold Spring Harb Symp Quant Biol 1996; 61: 225-238. 

 97.  Touretzky, D. S., Weisman, W. E., Fuhs, M. C., Skaggs, W. E., Fenton, A. A., and Muller, R. U. 
Deforming the hippocampal map. Hippocampus 2005; 15: 41-55. 

 98.  Trullier, O., Wiener, S. I., Berthoz, A., and Meyer, J. A. Biologically based artificial navigation 
systems: review and prospects. Progress in Neurobiology 1997; 51: 483-544. 

 99.  White, N. M. and McDonald, R. J. Multiple parallel memory systems in the brain of the rat. 
Neurobiol Learn Mem 2002; 77: 125-184. 

 100.  Wills, T. J., Lever, C., Cacucci, F., Burgess, N., and O'Keefe, J.  Experience-dependent attractors in 
the hippocampal representation of the local environment. Science 2005; In press. 

 101.  Wilson, M. A. and McNaughton, B. L. Dynamics of the hippocampal code for space. Science 1993; 
261: 1055-1058. 

 102.  Zipser, D. Biologically plausible models of place recognition and goal location.MIT Press, 1986; 432-
470. 

 
 

 34



Figure 1

A 4.9 0.8 5.0

i

23.4 19.8 21.1

ii

7.4 6.75.2

iii

3.6 5.5 6.0

iv

B

3.6 3.7 3.63.6 3.63.7

0.0 1.9 0.00.0 0.01.9

3.4 0.0 3.43.4 3.40.0

i

ii

iii



i) Experimental Data
A B

Figure 2

ii) Best Fitting BVC Inputs and Place Fields

 iv) Novel Environmentsiii) BVC Based Prediction



Figure 3

Bi ii iii

A

B

C

0.82

0.84

0.86

0.88

0.90

0.92

4 3 2 1
56

60

64

68

72

76

4 3 2 1 Pillar

No. Walls No. Walls
only Pillar

only

Ar
ea

 (1
00

0 
pi

xe
ls

)

Sp
at

ia
l c

oh
er

en
ce

Room
Room Room

D



Cell 1      Cell 2      Cell 3     Cell 4      Cell 5     

Trial A

Trial B

3              5            14           17            5            

3              5            15           16            5            

   Cell 6     Cell 7      Cell 8     Cell 9     Cell 10  
   21           4             20           33            5  

  17           4             19           35            4  

Trial A

Trial B

Figure 4



Cell 1 Cell 2Environment

B

Cell 1 - Next day

D

B

C

A

A

A

BVC Model
(Hartley et al. 2000)

Figure 5



presentation testing - data BVC model

Figure 6



A B C

D

contractionexpansionunchanged

Figure 7



Figure 8

Cell A

Cell B

17.3
13.9

7.0
5.5

11.2
2.4

26.9
4.3

17.5

0.4
5.6

0.8
2.1

1.9
6.1

4.5
9.2

3.5

6.4
7.3

1.4
4.7

0.5
5.7

0.1
5.8

0.1

0.7
4.5

0.3
6.0

0.7
2.7

2.1
4.3

2.8

Trial 1 2 3 4 5 6 7 8 9

Cell C

Cell D



Figure 9

A Iterations
20 40 60 80 100

5.6 4.1 4.4 4.7 5.0

4.8 4.4 4.6 4.7 4.8

4.4
5.4

5.2
6.2

5.4
B 4.4 5.4 5.2 6.2 5.4

0.0
5.6

3.7
5.7

3.80.0 5.6 3.7 5.7 3.8

200 400 600 800 1000
Iterations

2.0
C

2.0 4.0 6.3 7.2

6.0 6.5 7.2 8.5 9.0

8.6 10.3 11.4 11.9 12.3



Figure 10

21.2 9.3 20.0 21.1 13.7 20.7

25.0 19.8 14.0 11.5 10.9 18.8

21.1 17.2 14.2 18.4 19.3 16.6

D1

D2

D9

…

12.6 10.7 9.4 11.0 16.9 16.5

18.7 9.8 12.0 15.1 12.9 13.0

17.6 13.2 15.5 10.1 7.2 13.9

…

D1

D2

D4

B Cell 1

B Cell 2

2 x 5min 2 x 5min1 x 40min
A

11.7 15.8 19.6 14.5 18.3 11.8

D7

…


	The boundary vector cell model of place cell firing and spat
	Synopsis
	Introduction
	Place cells, head direction cells, and their inputs.
	The Boundary Vector Cell model

	Effects of inserting or removing barriers on place fields
	Inserting barriers
	Removing barriers

	Do BVCs really exist?
	BVC-based models of behaviour
	Learning and the BVC model
	Plasticity induced by extending and opening a square environ
	Incorporating experience-dependent modification of BVC conne
	Plastic Changes in Response to Barrier Insertion

	Conclusion


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




