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Abstract

The mammalian brain updates representations of spatial location with self-motion cues, a process referred
to as path integration. Since self-motion information is inherently inexact and subject to neuronal noise,
this process leads to errors, which would accumulate over time if not corrected by sensory information
about the environment.

In this paper, we propose that the hippocampal-entorhinal complex, the major neuronal correlate
representing spatial information, corrects such errors by integrating self-motion information and sensory
information about the environment in a Bayes-optimal manner. Based on theoretical arguments as well
as empirical data, we propose that hippocampal place cells are able to encode probability distributions
and uncertainties of allocentric spatial location, and to use them for Bayesian inference to improve the
accuracy of the location representation using different sources of information. We hypothesize about
possible neuronal correlates of the components and processes required for such inference.

Unlike most previously suggested error correction and spatial cue integration mechanisms, we not only
provide a plausible neuronal basis for these mechanisms but also generate concrete predictions from our
hypotheses and substantiate them with empirical data. We describe a computational model performing
Bayesian localization in arbitrary two-dimensional environments in a biologically plausible way, and use it
to replicate neuronal recording data as well as behaviour data in published studies in order to strengthen
our claims.

Our approach ties in with a growing body of research suggesting that the brain might behave like, or
possibly implement, a Bayesian machine (e.g. the Bayesian brain hypothesis [1]).

Author Summary

Accurate spatial localization requires a mechanism correcting errors arising from inaccurate sensory in-
formation or neuronal noise. In this paper, we provide an explanation of how the brain might implement
such an error correction mechanism: by integrating different sources of information in a statistically
optimal fashion. Behaviourally, this yields specific predictions about the errors that subjects make when
deprived of specific sources of sensory information. Neuronally, this suggestion implies that statistical
representations should exist in brains. We reproduce behavioural as well as neuronal recording data using
a computational implementation of our hypothesis. Our results confirm our predictions and strengthen
the idea of statistically optimal localization in the brain.

Introduction

For successful navigation, an organism needs to be able to localize itself (i.e. determine its position and
orientation) as well as its goal, and it needs to be able to obtain a route between these locations. Since
the first recording evidence for ’place cells’ [2], hippocampal cells with spatially selective firing patterns,
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there have been a large number of empirical findings supporting the idea that the Hippocampal-Entorhinal
Complex (HEC) is a major neuronal correlate underlying spatial localization and mapping [3].

To keep track of their location when they move, mammals must integrate self-motion signals and use
them to update their location estimate, using a process commonly referred to as path integration or dead
reckoning. The medial entorhinal cortex (MEC) has been proposed to perform this function in a number
of theoretical as well as empirical studies [4–6]. Path integration alone is prone to accumulating errors
(arising from the inaccuracy of sensory inputs and neuronal noise), which add up over time until the
location estimate becomes too inaccurate to allow efficient navigation [7,8]. Therefore, the output of the
path integrator has to be corrected using allothetic sensory information from the environment. It has
recently been suggested that the entorhinal path integrator could be corrected using such sensory infor-
mation, for example via hippocampal back-projections [9–11]. However, the exact mechanism correcting
the errors accumulated during path integration is still unknown. Existing models proposing concrete
quantitative mechanisms for entorhinal error correction (e.g. [12–14]) are mostly theoretical and, as of
yet, their correction mechanism is not substantiated by experimental data. Furthermore, although some
broader models unconcerned with exact neuronal mappings and proposing that spatial cognition involves
Bayesian state estimation (e.g. [15–18]) have been put forth, they also lack experimental confirmation
and, in some cases, plausible neuronal substrates for implementation (see the Discussion section for an
overview of related work).

In this paper, we propose that the mammalian HEC performs Bayesian localization to maintain a noise
filtered and error corrected spatial location estimate, similarly to state-of-the-art localization algorithms
in robotics [19]. We propose that ensembles of HEC neurons represent not only location estimates [5]
but also contain information about their uncertainty, and hence are able to incorporate different types of
uncertain measurements into the estimate in a statistically optimal fashion. We present a computational
model, establish possible underlying neuronal substrates, and list verifiable behavioural and neuronal
predictions of our model. We also compare simulation results with rat neuronal recording data as well as
human behaviour data to substantiate the model. Finally, we discuss the implications of our results and
how they fit in with existing ideas concerning a ’Bayesian brain’ [1].

Neuronal Correlates of Localization

Here we briefly summarize neuroscientific literature concerning how mammalian brains represent space.
Most of these results come from animal (rat, and to a lesser extent, monkey) cellular recording studies,
although there is some recent evidence substantiating the existence of these cell types in humans.

Four types of cells play an important role for allocentric representations in mammalian brains:

1. Grid cells in the medial entorhinal cortex show increased firing at multiple locations regularly
positioned in a regular grid across the environment consisting of equilateral triangles [25] (Figure
1 A). Grids from neighbouring cells share orientation, but have different and randomly distributed
offsets, meaning that a small number of them can cover an environment. Grid cells have also been
suggested to play a major role in path integration, their activation being updated depending on the
animal’s movement speed and direction [3, 4, 25, 26]. They seem to exist not only in mammals but
also in the human entorhinal cortex (EC) [27,28].

2. Place cells are pyramidal cells in the hippocampus which exhibit strongly increased firing in specific
spatial locations, largely independent from orientation in open environments [2, 3] (Figure 1 B),
thus providing a representation of animals (or humans [29]) location in the environment. A possible
explanation for the formation of place fields is that they emerge from a combination of grid cell
inputs on different scales [5, 30] (Figure 3).

3. Head-direction cells fire whenever the animal’s head is pointing to a certain direction (Figure 1
C). The primary circuit responsible for head direction signals projects from the dorsal tegmental
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Figure 1. Grid cells, place cells, boundary-related cells, head-direction cells, and the
neuronal basis of self-motion information. A. Regular grid cell firing pattern from rat intracranial
recording (black lines: rat trajectory, red dots: places where grid cell showed increased firing). B.
Hippocampal place cell firing pattern (A and B from [3]). C. Firing pattern of a head-direction cell
tuned to about 150 allocentric direction (relative to distal landmarks or boundaries). D. Firing fields of
’boundary vector cells’ identified in the rat entorhinal cortex [20]. In specific areas of the environment
(highlighted with hot colours) these cells exhibit increased firing rates. (from [20]). E. Connectivity
diagram showing the origins and pathways of self-motion information to the HEC and the entorhinal
path integrator. Boxes containing lightblue shading represent brain areas where head-direction cells
have been found [21], and ones containing red shading show areas where cells with activity related to
environmental boundaries have been identified [20,22,23]. Diagram adapted from [24].

nucleus to the lateral mammillary nucleus, anterior thalamus and postsubiculum and terminates
in the entorhinal cortex [21]. There is evidence that head direction cells exist in the human brain
within the medial parietal cortex [31].

4. Cells with boundary related firing properties (Figure 1 D). These include border cells [20,22] which
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seem to fire in proximity to environment boundaries and Boundary Vector Cells (BVC) [3,23] with
firing depending on boundary proximity as well as direction relative to the mammal’s head. Cells
with these properties have been found in the mammalian subiculum and entorhinal cortex [20,22],
and there is also some behavioural evidence substantiating their existence in humans [23].

Since a large part of this paper is concerned with the correction of errors accumulated by the neuronal
path integrator supposedly implemented by entorhinal grid cells [4], we also briefly outline the pathways
conveying self-motion information - motor efference, proprioceptive and vestibular - to this brain area (cf.
Figure 1 E). Motor-related projections from the motor cortex and subcortical sensorimotor structures
reach the thalamus and the striatum and provide efference copies of motor commands [32] (i.e. internal
copies of the predicted movement). The thalamus (the ventrolateral and ventro-posterior lateral) also
receives vestibular information via the vestibular nuclei, which are mainly activated by the vestibulo-
cochlear and vestibular nerves transmitting information from the inner ear, but also receive proprioceptive
signals [33]. The pathways of self-motion signals to the hippocampus and the entorhinal cortex are not yet
clearly established [34]. Vestibular information could reach the entorhinal cortex (and, subsequently, the
hippocampus) by a pathway via the thalamus possibly involving the posterior parietal cortex [34]. There
also seem to be sensory-based spatial representations in the medial superior temporal area MST (tuned
for optic flow and inertial motion) and area 7a (tuned to head movements) [24], which receive thalamic
input and indirectly project to the entorhinal cortex (more specifically, both MST and 7a project to the
EC via the parahippocampal cortex, but 7a also directly projects to the dorsal presubiculum and the
EC) [24,35] (see Figure 1).

Please note that we take a highly simplified and constrained view on HEC function and anatomy in
this paper. Hippocampal cells play a role in many functions other than spatial localization, among others
long-term episodic memory, declarative memory [36], memory based prediction [37, 38], and possibly
short-term memory, recognition memory [39] and perception [40]. Furthermore, their role in spatial
representations is more complex than our brief description might suggest. For example, place cells
convey not only rate-coded information but also a temporal code (in the form of phase precession - place
cells firing at progressively earlier phases in relation to the phase of a theta cycle as the animal traverses
the place field) [26]. However, we believe that dealing with the described small subset of functionality
and anatomy suffices for investigating our central hypotheses.

Results

Probabilistic Models of Localization

Just as biological organisms, autonomous robots also need a mechanism for establishing their location
in an environment. In robotics, it was recognized early [41] that some kind of probabilistic estimation
method is required to integrate multiple types of uncertain information. Robots need to sense their own
movements (odometry), as well as the world around them (landmarks, boundaries, objects, etc.). They
need to integrate these sources of information, accounting for their various uncertainties or expected
measurement errors, and correcting accumulated odometric errors, in a probabilistic framework [19, 42].
Based on the success of probabilistic methods in robotics, it would be reasonable to expect such a
functional mechanism in the part of the brain responsible for self-localization [8].

Bayes’ theorem provides a way to update probabilistic beliefs in a statistically optimal fashion. In its
basic form, it says that the updated belief in a hypothesis should be proportional to the likelihood of (or
degree of belief in) the new information given that hypothesis, prior knowledge about the hypothesis, and
a normalization factor (the denominator in equation (1)). Performing Bayesian inference, the probability
of a hypothesis H being true, given some data D, can be updated using Bayes’ rule:

p(H|D) =
p(D|H)p(H)

p(D)
(1)
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There is increasing empirical evidence that behaviour produced by the brain is close to the predictions
of Bayesian models [1, 43–47]. Bayesian models provide one way to solve the mentioned problem of
accumulating errors during path integration. For example, the output of a neuronal path integrator
could be treated as a Bayesian ’prior belief’ about the agent’s position. If the location of a landmark
or boundary is known in advance, and that landmark or boundary is perceived at a specific distance,
this distance can be used to calculate a more accurate, updated belief (posterior) according to Bayes
rule (Figure 2). The more landmarks are perceived, the better the estimate should become. In contrast,
depriving the agent of sensory stimuli or decreasing path integration accuracy should result in a worse
estimate (see Results).

Improving the location estimate depends on the availability of prior information as well as sensory
information about the environment, so possible neural substrates implementing a location estimator
should have these inputs. It has been known for over thirty years that this is true for hippocampal place
cells. In in his early seminal work on place cells, O’Keefe [51] has written ’...Each place cell receives two
different inputs, one conveying information about a large number of environmental stimuli or events, and
the other from a navigational system which calculates where an animal is in an environment independently
of the stimuli impinging on it at that moment.’ Because of the inputs and the spatial selectivity of place
cells, location estimation has long been suggested to be the primary function of place cells. However, the
exact mechanism accomplishing this is still unknown.

Here, we propose that the brain integrates available cues in a Bayesian framework on a cellular
level, correcting the position estimate from a path integrator (motor model) with perceptual information
about landmarks and boundaries (perceptual/sensory model) in a Bayes-optimal fashion (see Methods
for details).

A path integration mechanism which could, in principle, perform the function of the motion model
has been identified in the entorhinal cortex [4]. Furthermore, hippocampal place cells might represent a
probability distribution encoding the current location and its associated uncertainty. We will outline a
possible way of uncertainty representation in the HEC in the sections below.

Possible Neuronal Implementation of Probabilistic Localization

As already mentioned above, our main hypothesis is that

1. The HEC performs Bayesian localization (see Methods for details)

Furthermore, we tentatively suggest neuronal substrates underlying the components of our Bayesian
localization model (note that the main hypothesis does not depend on all of these suggestions).

2. The belief distribution representing a spatial location might be encoded by means
of hippocampal place cells, or ensembles of place cells. Both the belief and place fields
(spatially constrained regions within which a place cell exhibits increased firing) correspond to a
specific spatial location [5,8,51]. Furthermore, there is evidence for the assumption that place cells,
or ensembles of such, encode a probability distribution, i.e. not only encode a single position but also
the uncertainty associated with it. It is becoming increasingly clear that neuronal representations
of quantities also need to represent uncertainty associated with them [1,52–55], and some concrete
ideas have been proposed about how the hippocampus might encode uncertainty [56–59]. Place
cell firing fields can be modelled by Gaussian distributions in open fields [60, 61], and they also
exhibit other properties associated with probabilistic neural codes (e.g. [55]). Finally, properties of
place cells, such as their firing rate and their place fields, change in ways similar to probabilistic
representations (see Results). These properties have enabled us to compare the uncertainty they
might encode to the predictions of our model (see below).
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Figure 2. Bayesian location estimation. A. Left: Movements introduce errors in the prior location
belief that the path integration system keeps track of (light blue ellipse). The uncertain belief can be
improved using a measurement (dark green), e.g. the likelihood that the rat is at a specific distance
from the wall, given perceptual information. The resulting posterior belief (red) will be more exact (less
uncertain) than the prior belief. Right: Illustration of an improved posterior probability distribution
(red) based on a prior distribution (blue) and a likelihood (green). B. Location estimates (prior belief,
light blue) can be further improved with additional measurements (e.g. landmark information). More
measurements lead to better estimates and less uncertainty. C. Possible neuronal implementation of
place field correction. A number of boundary or distal landmark related cells (’BLC’; for example,
boundary vector cells or border cells [20, 48]) provide inputs to pyramidal place cells (PYR) in the
hippocampus, which in turn excite interneurons. The bottom place field illustrates the uncorrected
belief or position estimate from the entorhinal path integrator. A hypothetical place cell excited by this
belief place cell and inhibited by interneurons with place fields dependent on various environmental
features could represent a corrected position estimate (since the parts of the uncorrected place field
inconsistent with environmental features will be removed - the cell will not fire there - due to the
inhibitory interneurons). Hippocampal back-projections to the EC [9–11] could also contribute to the
error correction in a similar fashion. D. Spatial correlation data between pyramidal cell and interneuron
firing [49,50] indicates that interneurons (INT) excited by pyramidal cells (PYR) might in turn inhibit
other interneurons and pyramidal cells (excitatory connections: black, inhibitory connections: red).
This could provide a mechanism for place field error correction.
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3. The motion model might be implemented by the entorhinal path integrator. Entorhinal
grid cells, one synapse upstream of the hippocampus, are one of the sources of spatial inputs to
hippocampal place cells. Their activity forms a regular grid of firing fields, and is updated when-
ever an animal moves [4]. This observed functional property, along with anatomical connectivity
(vestibular and idiothetic inputs into the entorhinal cortex, see Introduction), suggests that grid
cells might implement path integration [4, 5]. Studies investigating the effects of entorhinal lesions
(e.g. [62]) are consistent with the role of the EC in path integration [7, 8] and, since they show
that such lesions substantially reduce place cell firing rate, as well as field size and stability [62], as
predicted by our model 1, strengthen our claim of uncertainty being encoded by place cells.

4. Noise and uncertainty accumulated by the path integrator might be corrected by
means of interneuron inhibitory dynamics, in a Bayes-optimal fashion (taking into account the
different measurement and path integration uncertainties). There is some evidence that inhibitory
interneuron inputs to place cells contribute to and constrain hippocampal place fields [49, 50].
Empirical experiments suggest that interneurons are necessary for normal spatially constrained
place fields [63], and that they might gate entorhinal inputs [64]. These properties make it possible
to correct the belief encoded in place cells (see Figure 2).

5. The perceptual model might be partially encoded by spatially selective cells in the
subiculum and the entorhinal cortex. Recently, cells with activities depending on the distance
to environmental landmarks or boundaries, so-called border cells and boundary vector cells, have
been reported in the subiculum and entorhinal cortex [20, 48, 65, 66]. Some of their firing fields
resemble oriented Gaussian response functions tuned to the distance and orientation to an environ-
mental boundary [65, 66]. Such cells might facilitate the inference of a spatial location based on
sensory distance and orientation information.

Note that this suggestion is highly tentative. Boundary vector cells (BVCs) have only recently
been discovered [20], and part of the small amount of what is known about them is disputed
(while [20, 65, 66] propose that BVCs provide inputs to place cells and contribute to the formation
of place fields, properties of anatomical connectivity between the subiculum and the hippocampus
cast doubt on this claim [48]). There might also be different cells better suited for landmark
representation (e.g. spatially selective postrhinal cells [67]). For this reason we cannot provide a
solid explanation of how the perceptual model might be implemented neuronally. However, the
predictions and claims in this section and our simulation results do not depend on the existence
or function of BVCs - they are only contingent upon the existence of a mechanism that correlates
hippocampal place cell and interneuron firing fields with sensory measurements of landmarks and
boundaries, a condition which has been thoroughly verified empirically [3].

Model Predictions

The assumption that spatial uncertainty is correlated with place cell firing rates and place field sizes,
and the hypothesis that the HEC performs Bayesian localization, can be used to generate specific and
testable predictions of our model:

1. Place cell firing rate increases with movement speed, since the major input to CA1 is
provided by multiple grid cells, and greater location uncertainty results in more active grid cells.
Position uncertainty, measured as the standard deviation of the belief probability distribution,
increases linearly with speed in our model (for simplicity, although our main hypothesis does not

1Removing the motion model might remove a major source of noise and thus seemingly reduce uncertainty, but will
result in unstable position predictions, since it is not always possible to accurately estimate positions based only on the
sensor model - see Methods
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Figure 3. Place fields and uncertainty. A. Grid cells have been proposed to be the main
contributors to the formation of place fields (panel A from [30]). B. A place cell will fire when grid cells
connected to it are active - the size of its place field will depend on the grid fields of active grid cells1.
Therefore a path integration error, resulting in active grid fields that are displaced from the true
location of the animal, will presumably increase the place field size as well as the firing rate (since the
cell receives more input spikes from a large number of widely distributed grid cells than from few
spatially constrained grid cells). C. Higher movement speeds result in higher uncertainty (and in a
larger spread of grid fields, and thus larger place cell firing rates and fields [68–71]).

require a linear relationship). Since LFP (local field potential) power depends on firing rates, LFP
power in some frequency bands also increase with movement speed.

2. Increasing the number of landmarks available for orientation decreases place cell firing
rate, as well as place field size, since more observations result in less uncertainty in a Bayesian
framework (see Figure 2)
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3. Experimental conditions depriving mammals of sensory information result in decreased
behavioural accuracy, and, since these sources of information are hypothesized to be integrated
in a Bayesian fashion, the relationships between behavioural accuracies with only self-motion infor-
mation or only sensory information or both can be predicted by a Bayesian model.

Although we will try to infer an uncertainty representation from single-cell recordings in the sections
below, due to the availability of empirical data, it is probable that an ensemble of place cells, not just
a single cell, is required to fully represent a spatial location [72, 73] and its uncertainty. This does not
decrease the plausibility of single place cell activity being correlated to uncertainty (and location), which
is one of our assumptions, and which we will try to empirically substantiate below (also, substantial
evidence supports the argument that single place cell activity is influenced by an ensemble of entorhinal
cells [5, 6, 30], and thus does not contradict ’ensemble coding’ hypotheses).

Note also that we do not claim that there is a decodable one-to-one relationship between the mentioned
probability distributions, or their uncertainty (e.g. standard deviation), and firing rates or field sizes.2

Many empirical observations would make such a claim implausible. First, there is a large number of
uncertainty-unrelated factors influencing firing rates and place fields (e.g. the colour of the environment,
or recent experience, or future actions [5,38,75,76]). Second, these properties are not homogenous in the
hippocampus. For example, the scale of place fields significantly increases from < 1 meter at the dorsal
pole to 10 meters at the ventral pole [77] (an increase also observable in the entorhinal cortex [78]);
and firing rates are significantly different between different layers and cell types in the hippocampus [79].
These observations would make it very difficult to map uncertainty to these properties (e.g. to devise
an equation or model mapping firing rate or field size to location uncertainty). However, they do not
contradict the assumption that these neuronal properties are correlated to uncertainty, and that they
can be different when environmental conditions change, given that they are recorded from the same cell.
This is our underlying assumption when comparing our model with recording data. Note further that
we are not trying to generalize any of these claims to all cells of a given type or of a given brain region.
We are merely trying to show that there is a subset of the cell types mentioned above with properties
substantiating our hypothesis.

We have implemented Bayesian location estimation according to equation (6) (see Methods), and
have used this implementation to simulate different published experiments (closely reproducing the en-
vironment and conditions used) and to compare the resulting data to strengthen our hypotheses. We
conducted two types of simulations: replications of neuronal recording data from rats, and replications
of behaviour data from humans (see below). We argue that the results of these simulations substantiate
the hypothesis of HEC localization following Bayesian principles.

Simulation results - neuronal representation

This section shows simulation data for testing the predictions listed in the previous section. All described
experiments were performed in a simple simulated two-dimensional environment. Although some simpli-
fications have been made, the environment was designed to match the one used in the rat experiments
(the distances between objects, as well as animal running trajectories, are the same in the simulation as
in the experiment). Since the specific relationship between possible neurally encoded uncertainty and the
actual uncertainty of a probability distribution (i.e. the standard deviation) is unknown, we have used
scale factors in the presented graphs to enable comparison (one per graph). Despite these factors being
somewhat arbitrary, the same factor was used for all different conditions and data points in a graph. This

2Figure 3 oversimplifies the place field formation mechanism to illustrate our point. Place field formation might not be
a mere ’addition’ of grid fields as the figure might suggest (although it has been hypothesized that place cells could be
formed by linear summation of weighted entorhinal inputs [30]). Furthermore, place cells still exhibit spatial firing without
entorhinal inputs - although the firing patterns become unstable - presumably based on cortical sensory input about the
environment as well as ’predictions’ from CA3 in familiar environments [62,74].
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means that although the absolute values might differ, the relations, relative slopes, and function shapes
observed in the neuronal recordings were accurately reflected by the model.

Place cell firing rate increases with running speed
This prediction follows directly from hypothesis 3. It depends on the existence of a noisy path inte-

grator accumulating errors that depend on movement speed, and on spatial uncertainty being measurable
by cell recordings (although not on Bayesian belief correction).

The entorhinal path integrator has to be subject to noise and errors and that these accumulate over
time [7,8,80] (otherwise mammals would have perfectly accurate idiothetic or vestibular senses and could
find their way back to a shelter or food cache equally well under normal conditions and deprived of sensory
input, e.g. in total darkness). As mentioned above, entorhinal grid cells also provide an important input
to place cells. These properties imply a correlation between position uncertainty and firing properties
of place cells (Figure 3), which have been empirically confirmed: place cell firing rate [68, 69], LFP [71],
and place field size [70] all increase with increased movement speed of the animal. Furthermore, place
cell firing rates and place fields are without entorhinal inputs, which has been confirmed in lesion studies
(e.g. [62]).

The linearly increasing uncertainty predicted by our simple model has been observed in the dorsal
CA1 region of the hippocampus (Figure 4, left panel). The recording data was obtained from rats running
on a circular track containing a barrier with food containers on either side to motivate the rats to keep
running.

Consistently with prediction 1, both the standard deviation of the position in the model and dor-
sal CA1 place cell firing rates seem to increase with movement speed. The relationship seems to be
approximately linear in this brain region 3.

Figure 4. Hippocampal firing rates and gamma power increase linearly with movement
speed, as does the uncertainty predicted by the model. Left panel: rat CA1 place cell firing
rates (data from [69]), and the position uncertainty in the model running in the replicated environment.
Right panel: rat hippocampal slow gamma LFP (data from [71]), and the power spectrum calculated
from the model under the assumption that there is a linear relationship between position uncertainty
and place cell firing rate.

3This can be significantly different in other regions and other cell types - for example, middle CA1 place cells seem to
stop increasing their firing rate beyond 15cm/sec [69]. We are not trying to imply that any of our claims are generalizable
to multiple cell types or areas. Note further that although our model assumes that uncertainty grows with movement speed,
this relationship need not be linear; our main hypothesis could also support non-linear uncertainty relationships. We have
assumed this relationship to be linear for simplicity in our concrete implementation (see Methods), and have included this
recording data in order to justify our choice.
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LFP power in some frequency bands increases linearly with running speed
The curve and scaling factor in Figure 4 can be used to predict local field potential (LFP) power in

the hippocampus depending on movement speed. Using the power spectrum (calculated from the Fourier
transform 4 ) of a spike train [81]. The power spectrum in the slow gamma range (20-45 Hz) of the fitted
model results yields a similar curve to empirically observed hippocampal LFP’s in running rats (Figure
4, right panel). Adding 42mV background activity (hypothesized to be unrelated to position uncertainty
- even a stationary rat in a very well known environment exhibits hippocampal LFP’s greater than zero)
results in a good match between the model and observed LFPs. (Without added background activity,
the slope of the predicted gamma power still matches that of the observed gamma power function, but
the absolute values differ).

Increasing the number of landmarks available for orientation decreases place cell firing rate,
as well as place field size

To substantiate the plausibility of a Bayesian state estimation model, the prototype implementation
was tested on a similar environments as rats in the experiment conducted by [82]. In the experiment,
rats were running in circles on a circular track with 106cm diameter, which contained 2 food trays to
motivate the rats, and no objects in one condition and 8 pseudorandomly distributed, different objects
in another condition.

Figure 5. Illustration of the experiment environment, and recordings from two CA1
pyramidal neurons under the no objects (only food trays) and 8 random objects
conditions. Place fields were significantly smaller in the condition with objects. (Adapted from [82])

The Bayesian state estimator model was run on a simplified simulation of this environment, and
compared to intracranial recordings obtained from the rat.

4P (ω) = 1
T
|
∫ T/2
−T/2

S(t)e−iωtdt|2, where S represents the spike train and ω the frequency [81]
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Figure 6 (left) shows the simulated relationship between the number of objects available for localization
and the position uncertainty (hypothesized to correlate with firing rate). The relationship is non-linear
and dependent on the layout of the objects and when / how long they are visible on the circular track.
The original paper has only published the object and no-object conditions [82], which are overlain in the
graph.

Figure 6. CA1 place cell firing rates and place field sizes, and scaled simulation
uncertainties, in the no-objects (red) and objects (green) condition in the [82] experiment.
In the ’no objects’ condition, the rats (and the software agent) could only see the two food trays, and in
the ’objects’ condition it could see the two food trays and eight objects. Data from [82].

Place cell firing rates are influenced by a wide variety of factors, including environmental geometry
(borders), distal (and, to a lesser degree, proximal) landmarks, non-spatial stimuli such as wall colour,
previous recent and memories. Place field sizes are, perhaps, a better way of inferring position uncertainty
from recording data. Figure 6 (right) shows place field size data from [82] compared to the simulated
uncertainty in the objects and no-objects conditions (the relationship between the object number and
simulated uncertainty is the same as in the left panel).

Since approximately reproducing the ratios of firing rates and place fields is by itself insufficient to
substantiate the model, we have attempted to reproduce the recorded frequency distributions of different
place field sizes (hypothesized position uncertainties) in the model. Figure 7 shows the results.

The apparently chi-square distributed place field sizes already strengthen the claim that place fields
might correspond to uncertainties, since uncertainties in path integration models subject to Gaussian
noise should be distributed according to a sum of Gaussians 5 (which is a chi-square curve).

Three apparent matches between the simulation and the recording data in Figure 7 strengthen the
hypotheses presented above:

• The apparent match between the recorded place field frequency distribution curve and the simulated
uncertainty curve, both of which resemble chi-square distributions

• The matching ratio of the most frequent place field sizes / uncertainties in the simulated and
recording distributions, at place field sizes 21cm (no objects) and 38cm (objects), respectively;
and

5One step with random noise would yield a single Gaussian for the uncertainty distribution. Multiple steps accumulate
noise, with each step corresponding to different levels of uncertainty, and thus recording all uncertainties at each step over
multiple runs will yield a sum of Gaussians. It has been argued that neuron conductivity fluctuations and synaptic noise
can be approximated by Gaussian noise [83]
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• The roughly matching ratio between all normalized frequencies of occurence between objects and
no objects conditions in both the simulated and recorded frequency distributions.

Figure 7. Occurence frequencies of different place field sizes in all measured neurons in the no
objects (blue) and 8 objects (red) conditions, compared to the frequencies of position uncertainties in
the simulation. Data from [82].

Simulation results - behavior

Experimental conditions depriving mammals of sensory information result in decreased
behavioural accuracy

To further substantiate our model, we have replicated a behavioral experiment [84] investigation the
integration of self-motion and sensory information in location estimation. In this experiment, subjects
were asked to pick up a series of glowing objects in a dark room and to subsequently return the first
object to its original location. In one condition, there were three landmarks available for orientation, and
subjects were not disoriented - both sources of information were available (self-motion+landmarks). In the
landmarks condition, subjects were disoriented by turning to deprive them of orientation information. In
the self-motion condition, subjects were not disoriented but the landmarks were turned off. To simulate
this experiment, the same environmental layout (with accurate object distances) was reproduced in a
simulation. The models parameters were adjusted using a coordinate ascent algorithm. Figure 8 shows
the simulation results, which are consistent with the empirical data for adult subjects 6.

6Interestingly, this is not the case for young children (4 - 8 year old), who seem to alternate between using either sensory
or self-motion information instead of integrating them [84]. This result seems to suggest that the network facilitating cue
integration requires a developmental period, and that before the completion of this period there is a conflict detection
mechanism in place that simply suppresses the more unreliable source of information (possibly by suppressing that input to
place cells). Such conflict detection mechanisms have been suggested e.g. in area CA1, which was hypothesized to perform
comparisons between CA3 neurons, performing prediction, and the sensory reality arriving via the entorhinal cortex [85]
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Figure 8. Position errors and standard deviations in the Nardini experiment [84]. A. Mean
RMSE (root mean squared errors) of participants, and mean SD (standard deviation), for the responses
of human subjects (green) and the agent (blue), respectively. (Since the agent’s responses were
unbiased, its response location RMSE equals the response location SD). B. The experiment
environment. Participants had to pick up objects 1-3 in order, and then replace object 1. The colored
objects (moon, star, lightning) are the landmarks. (From [84]). C. Mean SD of participants (green) and
the agents (blue)

Discussion

The above theoretical and simulation results strengthen the claim that the hippocampal-entorhinal cortex
performs Bayesian localization, and support a novel explanation of location error correction, required to
counteract accumulating path integration errors.

It has been suggested early [86] that sensory information might be used to correct path integration
error. Previous work building on this idea can be categorized into high-level models, suggesting correction
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mechanisms but unconcerned with the details of neuronal implementation, and neuronal-level models.
High-level models of hippocampal error correction have proposed a Bayesian information integration
mechanism before [15,16,18,46]. [46] propose that spatial information is integrated in a Bayesian fashion,
without suggesting a formal model or a neuronal implementation, and provide some behavioural evidence
for this claim. [18] suggest Bayesian cue integration to estimate spatial orientation under uncertainty,
suggesting Kalman filters (which use unimodal Gaussian probability distributions) or, alternatively, par-
ticle filters (which are capable of dealing with multimodal and non-Gaussian probability distributions)
as the mechanistic implementation. [15] also hypothesize spatial information integration to be Bayesian,
choosing Kalman filters as their implementation.

Kalman filters are possible to implement on biologically plausible attractor networks [14], although
they have the disadvantage of being unable to deal with multimodal, non-Gaussian distributions, which
can easily arise due to angular noise [1]. Taking a different approach, [12] have used a recurrently intercon-
nected attractor network to correct path integration errors, using sensory information via hippocampal
back-projections. Their model, like most attractor-based path integration models, relies on all-to-all
interconnections. Extending their ideas, [13] have attempted to map the hippocampal formation onto
a Temporal Restricted Boltzmann machine (and argue that inference in their model resembles particle
filtering), also modelling on a functional level but trying to adhere more closely to anatomical connectiv-
ity. Like the previously mentioned concrete computational models, they do not model empirical data to
substantiate their model.

Using oscillatory interference theory instead of an attractor model as their theoretical basis, [87] also
use cue-driven feedback to correct location errors and to handle cue conflicts. They also reproduce partial
remapping in an experiment, strengthening the mechanism the model uses to resolve cue conflicts.

Building on previous ideas, we have suggested a high-level mechanism (Bayesian localization), pro-
vided a computational implementation of the mechanism, and also outlined a possible neuronal-level
implementation. Furthermore, unlike most previous suggestions, we substantiated our model with em-
pirical data from both neuronal recording and behavioural studies.

Our results concerning Bayesian localization are an extension to a growing trend in theoretical neu-
roscience, namely that the brain behaves like a Bayesian machine [43–47], or, in a stronger form, that
the brain uses Bayesian inference and probabilistic representations on a mechanism level.

Many researchers are more cautious in their claims, refraining from stating that the actual mecha-
nism behind the brain’s sensory system is Bayesian (e.g. [43, 46, 88, 89]). The claim that perception is
Bayesian inference, implemented physically as a neuronal mechanism, has been criticized due to multiple
reasons [89]: the lack of strong neuronal recording evidence in favour of the Bayesian hypothesis (most
existing evidence is behavioural, coming from ’Bayesian psychophysics’ [89–91]), the arbitrary choice of
prior functions in favour of simplicity in many of these models (instead of the choice being based on em-
pirical data), and the possibility to explain Bayes-optimal perception in cue integration (the most widely
used paradigm to show Bayesian-optimal behaviour) without a Bayesian mechanism by implementing
reinforcement learning [88].

In contrast, in this paper we have argued that not only does behaviour conform to Bayesian principles,
but that some properties of HEC neurons also seem to resemble the outcomes of Bayesian inference
processes. Following the advice of [92] we have generated quantitative experimentally testable predictions,
and compared them with empirical results. Thus, as opposed to the view that ’Bayesian models do not
provide mechanistic explanations currently, instead they are predictive instruments’ [89], we provide one
of few existing pieces of empirical evidence (e.g. [93–95]) that the brain represents uncertainty on the
neuronal level, and that there are some neuronal level mechanisms which seem to conform to Bayesian
principles. Our model contributes to the ’current challenge for these models [is] to yield good, clear, and
testable predictions at the neural level, a goal that has yet to be satisfactorily reached’ [89].

Note that although our results strengthen our hypothesis about Bayesian localization, they do not
constrain how exactly uncertainty is represented (the hypothesis itself is independent of the representation
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mechanism, although our model implementation is contingent upon certain properties, e.g. that grid
cells are the major contributors to place fields - see Results section). Many ways of how the brain could
represent uncertainty have been proposed, and reviewing them here would exceed the scope of this paper
(see [53,55] for recent reviews).

Methods

Figure 9. Bayesian Network representing the localization problem. Variables shaded in
grey (motor commands and measurements) are observable, those with a white background
are not directly observable and have to be inferred (true locations and true map)

The localization problem can be formulated as a Bayesian network consisting of true states (i.e.
positions and orientations) in an environment, the states of the objects of the environment, and motor
commands and sensory observations (see e.g. [42, 96] and Figure 9). The latter two are the only metric
information directly available to the agent7; the true states of landmarks and of the agent itself are not
directly observable and have to be inferred from them.

By ’Bayesian Localization’ we mean the estimation of the posterior probability distribution of the
true state x, in other words the belief in the agent being located at x in the environment, based on motor
command and sensory information.

After t timesteps and given N landmarks or objects in the environment, this belief is

Bel(xt) = p(xt|u1:t, z1:t, l1:N ) (2)

specifying the probability distribution of the current position xt given motor commands u, measure-
ments z, and landmarks l. This expression can be expanded using Bayes’ rule,

Bel(xt) = ηp(zt|xt, l1:N )p(xt|u1:t) (3)

and further expanded by integrating over the state at time t− 1

Bel(xt) = ηp(zt|xt, l1:N )

∫
p(xt|xt−1, u1:t−1)p(xt−1|u1:t−1)dxt−1 (4)

7We will use the term ’agent’ in arguments which we suggest might apply for biological agents (organisms) as well as
artificial agents (robots, software agents).
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Using the Markov independence assumption (assuming that the current state sufficiently represents
all previous states), which means that p(xt|xt−1, u1:t−1) = p(xt|xt−1, ut−1),

Bel(xt) = ηp(zt|xt, l1:N )

∫
p(xt|xt−1, ut−1)p(xt−1|u1:t−1)dxt−1 (5)

and because Bel(xt−1) = p(xt−1|u1:t−1, z1:t−1, l1:N ),

Bel(xt) = ηp(zt|xt, l1:N )

∫
p(xt|xt−1, ut−1)Bel(xt−1)dxt−1 (6)

This recursive belief update equation [42] is a Bayes-optimal solution to the localization problem and
in principle allows for the estimation of the state based on two conditional densities: the motion model
or forward model

p(xt|xt−1, ut−1) (7)

specifying the effects of a motor command on the state, and the perceptual or sensor model

p(zt|xt, l1:N ) (8)

specifying the probability distribution of a given measurement zz at a position xt given the landmarks
l1:N .

We have already hypothesized about the underlying neuronal substrates of the sensory and motion
model in the Results section. Below we shall describe our computational implementation of equation (6)
in a very simple two-dimensional environment.

We have used a particle filtering (sequential Monte Carlo) approach [42] to estimate the belief proba-
bility distribution. This means in essence that the belief distribution representing the location is sampled
using multiple location hypotheses. The mean of these hypotheses corresponds to the ’best guess’ esti-
mate, and their standard deviation to the associated uncertainty.

Each particle (hypothesis), is updated regularly using self-motion information (linear and angular
movement speed) according to the motion model (7), which performs simple path integration:

xt = xt−1 + v′∆t at simulated timesteps ∆t. Gaussian noise is added to the true speed to simulate
noisy vestibular and idiothetic pathways and sensors:

v′ = vtrue +N (1, Q), where Q =

[
σ2
v 0

0 σ2
ω

]
,

and σ2
v and σ2

ω are the variance parameters controlling the amount of noise added to the linear and
angular speeds, respectively (it has been argued that neuron conductivity fluctuations and synaptic noise
can be approximated by Gaussian noise [83]). Without a correction mechanism, this would lead to a
gradual uncontrolled increase of uncertainty and the corruption of the belief distribution represented by
the set of particles.

To correct this distribution, and to estimate the target posterior distribution (2), each particle is
weighted according to the likelihood of the perceived sensory measurements from the location hypothesis
represented by the particle, i.e. according to the sensor model: wi

t = p(zt|xit, zt−1, ut). This approach of
estimating a target distribution is called importance sampling (see e.g. [42, 96] for the derivation).

After the weights have been calculated, a new set of particles (hypotheses) has to be generated
based on the probabilities derived from the sensor model. This is called resampling in the Monte Carlo
literature. Usually, resampling is done by drawing with replacement from the old particle set with
probabilities proportional to the particle weights [42, 96]. Since drawing with replacement involves a
copying mechanism multiplying high probability hypotheses, and such a mechanism is unlikely to operate
on short enough time scales in the HEC (although it could, theoretically, be implemented, by Hebbian
learning for instance), we have taken a different approach in the simulation used to generate the graphs
in the Results section. We simply discard some of the weakest particles in a probabilistic way, with a
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Figure 10. Monte Carlo Importance Sampling. Distributions that can not be conveniently
sampled (in this case the posterior distribution representing the location) can be approximated by
sampling from a known proposal distribution (in this case, the motion model), weighting the samples or
particles (by the sensor model) and resampling to reflect the weighting and improve the approximation.
Filled circles represent particles, and their size the particle weight. Adapted from [97]

probability inversely proportional to their weight, and replace them with new particles (novel hypotheses)
generated using the motion model. Just like the replacement drawing approach, this mechanism leads
to slowly decreasing uncertainties in stationary agents repeatedly observing the environment, and to
increasing uncertainties in moving agents because of accumulating path integration error; a phenomenon
we have made use of for comparisons in the Results section. There is no substantial difference in the
behaviour of the system between using these two resampling approaches 8.

The perceptual model can be implemented in a large number of different ways [42], and the exact
implementation is not important for our hypotheses (all they require is a mechanism to ’rate’ or weight
particles or location hypotheses based on sensory input). In our implementation, we used a simplified two-
dimensional occupancy grid [98], which the agent uses to remember landmarks. Whenever a landmark
is perceived to be in a specific grid cell, the probability that this cell is occupied is increased. This
leads to a possibly multimodal probabilistic representation of landmark locations; using Gaussian noise,
the grid will contain Gaussian distributions representing the landmarks (resembling border-related cell
recordings when plotted), with standard deviations corresponding to sensory uncertainty (noise in the
sensory model). Such grids can easily be learned and provide some robustness to sensory and motor
uncertainty. Note that since our emphasis here is on localization, the representation mechanism of
landmarks is unimportant 9.

Similarly to motion commands, sensory information is also composed of a linear and angular compo-
nent (range and bearing to a landmark), and also contains added Gaussian noise. Specifically, at each
time step the agent receives N measurements m′j , where

m′j = mj +N (1, R), where j = 1, · · · , N and R =

[
σ2
r 0

0 σ2
b

]
,

8Although drawing with replacement seems to arrive at more accurate and lower uncertainty estimates in less time steps,
which is the reason that this approach is prevalent in robotics. We have sacrificed some performance for plausibility, without
altering the underlying principle.

9We have also compared the agent’s behaviour when using a fixed, pre-defined map in the its memory, which has yielded
similar results but somewhat less uncertainty.
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and σ2
r and σ2

b are the variance parameters controlling the amount of noise added to the range and
bearing information. The only parameters we have adjusted to fit the model to the data in the Results
section were these mentioned noise variance parameters for the motion model and the sensory model
(σ2

v , σ
2
ω, σ

2
r , σ

2
b ), and the numbers of particles used and discarded.

The agent does not have an action selection mechanism; it executes a pre-defined control sequence
designed to match the experimental conditions in the replicated experiments as closely as possible, in-
cluding movement speed and observed trajectory. The 2D environment was also designed to match the
environment used in the experiments, including landmark configurations and distances and agent starting
point. The agent executes the pre-defined action sequence, receives sensory information according to the
sensor model, estimates its location with the particle filtering approach described above, and uses the sen-
sory information within the described Bayesian approximation to correct accumulating path integration
errors. This algorithm can be summarized by the following simplified pseudocode:

//loop through pre-defined motor commands

for motorcommand_i in controlsequence

timestep++

//update particles

for particle_i in particles

//update particle_i using the motion model

particle_i.setState(motionModel(particle_i.location, motorcommand_i))

//set weight according to sensor model

particle_i.setWeight(measurementProbability(currentMeasurement))

end

bestGuessLocation = mean(particle_i.location)

//discard and replace M ’weak’ particles

m=0

while m<M

draw i with probability ~(1-particle_i.weight)

particle_i = new particle from motionModel(bestGuessLocation, motorcommand_i)

end

//update environment representation

updateMap(currentMeasurements)

end

The standard deviation of the particle set was recorded at each time step and for each condition, and
used as a measure of ’uncertainty’ in the graphs in the Results section.
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