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Abstract. The entorhinal cortex is an important region for a transformation of the egocentric scene into
the allocentric scene, despite the lack of discussion of its neural mechanism in the literature. In this study,
object arrangement from a novel viewpoint is estimated from a computational model based on a recent
finding of entorhinal ”grid cells” that represent a metric space of the environment in multiple scales. In
the model, the grid cells are hypothesized to integrate imagery motion signals and visual scenes where
the retinal image is mapped to a top view scene. Results of computer experiments demonstrated that the
representation of grid cells allows an estimation of object arrangement from a novel viewpoint by using
imagery motion signals. It suggests that grid cells produce the integrated metric space of visual scenes and
motion signals during the spatial imagery.

Key words: computational model , hippocampus, entorhinal cortex, object–place associative memory,
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1 Introduction

The hippocampus is known to play an important role in the spatial imagery of object arrangement from a
novel viewpoint [1] [2]. According to the cognitive map theory [3], the environment is represented by a network
of place cells where each place cell codes each different portion of the environment. The spatial imagery of a
familiar place is computationally modeled by a reactivation of the place cells network [4]. On the other hand,
the spatial imagery of a novel place is computationally modeled by a transformation of a visual scene where
any pre-learned network of pace cells is not required [5]. The results of computational experiments demonstrate
that the scene transformation can process the spatial imagery of the novel place. However, its neural mechanism
remains to be modeled under biological plausibility.

The entorhinal cortex is considered to play a key role in the scene transformation; it receives egocentric scene
information from the parahippocampal region [6] and projects to the hippocampal formation that maintains
allocentric space memory. The rodent entorhinal cortex is found to be characterized by ”grid cells” that are
selectively activated in multiple portions of the environment forming a triangular array (grid) and tiling the
entire environment [7]. The human entorhinal cortex has been recently shown to have similar properties of the
grid cells [8]. Computational models have suggested that the grid cells are able to form the place cells [9] and
implement path integration by using motion and head direction signals [10] [11] [12]. To determine the spatial
selectivity of the grid cells, an external cue, i.e., a geometric boundary, has been proposed theoretically [13] and
corresponding neurons, called boundary cells, are further found experimentally [14]. Other external cues, such
as visual scenes, are also expected to determine the grid cells’ selectivity, but these have not been discussed as
computational theories.

In this study, the grid cell representation is applied to code a novel place given by imagery motion signals
during spatial imagery. A computational model of spatial imagery based on the grid cells is proposed and its
ability is evaluated.

2 Model

The basic structure of the model is shown in Fig.1. The model consists of a visual system, an entorhinal layer
and a hippocampal associative network. In agreement with our previous model [15], multiple objects in an
environment are individually processed and each object–place association is stored by using synaptic weights
in the CA3 network. In the current study, a grid cell coding is introduced in the entorhinal layer to integrate
visual scene information with imagery motion signals. For simplification, two perpendicular axes are used in the
grid cell coding.
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Fig. 1. Estimation of object arrangement at an imagery viewpoint given by imagery motor signals
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Fig. 2. Basic structure of the model. In the visual system, a retinal image is transformed into a top view scene under
a flat ground constraint. The top view is transmitted to the entorhinal cortex where the grid cells integrate spatial
components of the top view and imagery motion signals. In the hippocampus, the object information and the top view
shifted to the object’s location are associated with connection weights in the CA3 network.

Retinal image of a viewer located at x is given by a gray–scaled panoramic scene, Sx(φ, θ), where φ and
θ denote eccentricity and altitude, respectively. In the visual system, Sx is transformed into a top view scene,
Tx(u1, u2), based on a constraint of ”flat ground”, as given by,

u1 = r cosφ, u2 = r sin φ with r = h arctan θ. (1)

where h denotes a viewing height. The top view is expected to have an advantage in the representation of metric
space; ideally, different locations of the viewer are represented by the same top view shifted by a corresponding
displacement of the viewer.

A grid cell is modeled to receive inputs of spatial frequency components of the top view and motion signals.
Activity of a grid cell of spatial phases, 2πk1

N and 2πk2

N , and a spatial scale, s, Gs
k1k2

, is given by,

Gs
k1k2

(Tx, Δx) = U

(

2
∑

l=1

cos
(

A(Tx, l, s) +
2πkl

N
+

2πΔxl

s

)

− Θ

)

(2)

where U(x) is a step function of x, A(Tx, l, s) denotes a phase of spatial component of Tx in the scale of s along
the l-th axis, Δxl denotes accumulative imagery motion along the l-th axis, and Θ denotes a constant threshold.
By a population of grid cell activations, a place is encoded as follows,

{Gs
k1k2

}k,l=1,...,N,l=1,...,N,s=s1,...,sM .

During encoding of the i-th object–place association at a viewpoint, x0, the object information Oi at a
location xi, is stored in order to be associated with grid cell activities shifted by an imagery displacement,
xi − x0, {Gs

k1k2
(Tx0

,xi − x0)}. During retrieval, an imagery location x′ coded by {Gs
j1j2

(Tx0
,x′ − x0)}, is
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Fig. 3. Translation of the retinal image into grid cell activations. (a) A square environment including a carpet, two objects
(A and B) and shaded walls around all edges. ”v” denotes the viewer location. (b) Viewer’s retinal image given by the
eccentricity and the elevation. (c) A top view scene translated by the retinal image based on a flat ground constraint.
(d) Spatial frequency components of the top view. (e) Activities of the grid cells given by scales and phases of the spatial
frequency components of the top view.

compared with the stored grid cell activities. A displacement to the i-th object from x′, y = (y1, y2), is given
by a optimal shift of two sets of grid cell activities, as follows,

arg max
y1,y2

M
∑

j=1

2
∑

l=1

cos(ξsj

l (xi) − ξ
sj

l (x′) +
2πyl

sj
) (3)

with
ξs
l (xi) = ∠

∑

k1k2

Gs
k1k2

(Tx0
,xi − x0) exp(

√−1
2πkl

N
).

In computer experiments, a 15×15 meter square environment is used where a viewer is located at (4, 8) and
two objects are located at (8, 7) and (5, 9.5) meters, as shown in Fig. 1a. The environment includes a carpet
with a gray color and surrounded by walls with gradually changing in luminance. The viewing height is given
by 1.5 meters. The visual field is given by [−180, 180] degree eccentricity and [−5,−65] degree altitude. Three
scales, 20, 10 and 6.7 meters, are considered as the grid cells.

3 Results

3.1 Grid Cell Activities at Real and Imagery Viewpoints

The retinal image of the viewer at a location x0 = (4, 8) is shown in Fig. 1b. In the visual system, it is mapped
to a top view scene, Tx0

, as shown in Fig.1c where the metric space is successfully represented. Activities of the
grid cells are determined by phases of 6 spatial frequency components of the top view (Fig. 1d). The viewer’s
location is encoded by a set of grid cell activities shown in Fig.1e.

To evaluate the ability of the scene-driven grid cells in the place coding, activities of the grid cells at each
viewer’s location are evaluated. Figure 4a shows a result of activation maps for the grid cells, {Gs

66(Tx,0)}s=20,10,6.7,
for each location. The periodic patterns of the grid cell activations appear over the environment for each spatial
scale. This indicates that scene-driven grid cells successfully represent the shift of the top view image.

The imagery viewpoint, x′, is coded by the top view scene, Tx0
, modulated by an imagery motion signal

from the viewer to the imagery locations, x′ − x0. Figure 4b shows a result of activation maps for the grid
cells, {Gs

66(Tx0
,x′ − x0)}s=20,10,6.7, for each imagery viewpoint. The imagery motion is given by identical sig-

nals producing an identical shift of Tx0
, thus the periodical patterns of the activation map appear clear than
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those of real locations. Importantly, the activation maps of the imagery viewpoint are similar to those of the
real viewpoint. This indicates that the scene-driven grid cells can produce consistent spatial phases over the
environment.
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Fig. 4. Grid cell activations at each location. (a) Activation maps of three grid cells representing different spatial scales.
(b) Activation maps of three grid cells for each imagery location, where the grid cell activations of the top view scene at
a viewpoint (4, 8) are shifted according to imagery motion signals to each location.
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Fig. 5. Estimation of object arrangement based on the grid cell activities. Displacement of each object from an imagery
location is calculated by a difference of spatial phases given by the set of the grid cell activities. By integrating individual
object displacements, an object arrangement is estimated.

3.2 Estimation of Object Arrangement at a Novel Viewpoint

The object–place associations of ”A” and ”B” in the environment shown in Fig. 3a are assumed to be stored in
the hippocampus. Each object’s location is represented by a set of grid cell activities modulated by an imagery
motion signal from the viewer to each object’s location, as shown in Fig. 5. An object arrangement from an
imagery novel viewpoint, x′ = (12, 7), is estimated by integrating displacements of each objects. By using eq.(3),
the individual displacement of the object from x′ is calculated by a comparison of the imagery and the stored
grid cell activities. Figure 5 shows that the displacements of two objects from the imagery viewpoint, x′, are
successfully calculated. Since the imagery motion produces the identical shift of the top view as demonstrated
in Fig. 3b, the mechanism of the object arrangement estimation is robust for the number of objects.
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4 Discussions

Through using computer experiments, the representation of the grid cells is shown to have the ability to estimate
the object arrangement at the novel imagery viewpoint. To obtain the metric space of the visual scenes, a
transformation of the retinal image into a top view scene was proposed. The spatial components of the top view
can represent a consistent metric space over the environment that can be further in agreement with the imagery
motor signals (Fig.4). When the object’s location is stored by the set of grid cell activities of the imagery
object’s location, the arrangement of two objects is successfully estimated through comparing the sets of grid
cell activities (Fig.5). These results are the first to demonstrate that the grid cells can integrate visual scene
information and motion signals over the environment during spatial imagery (Fig. 6).

Egocentric scenes

Allocentric space

Motion signals

(Cognitive map)

Grid cells

“Metric Space”

Hippocampus

Cortex

Fig. 6. Translation between egocentric to allocentric spaces by using the metric space coded by the grid cell activations,
where motion signals and visual scenes are integrated.

The transformation of the retinal image into a top view scene is a key mechanism to produce the metric
space from visual scenes (eq.(1)). Similar transformations called ”inverse perspective mapping [16]” are also
believed to apply for obstacle detection with optic flow. There is no direct neurophysiological evidences for
these perspective transformations, but these types of transformations are necessary to produce the metric space
of visual scenes available all over the environment.

In an actual environment with a lumpy ground, spatial scales of the top view scene in the current study
are considered to be limited in a range of one half to several tenfold of the viewing height. To deal with larger
environments, a mechanism using distant scenes could be applied for the coding of imagery places [5]. The
integration between visual scenes and motor signals are more important than spatial imagery when processing
environments more than a scale of ”at a glance.” The mechanism of the grid cells in the current study would
contribute to spatial imagery of novel places neighboring familiar places in the memory.
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