How could ego-centric location be defined neurally?

Andrew Glennerster*  MilesE. Hansard T Andrew W. Fitzgibbon ¥
Text and figs of poster at VSS, Sarasota, May 2001

Abstract

The computation of ego-centric location is often assumed to involve a chain of co-ordinate
transformations (eye-, head-, body-, world-centred representations) but there are no detailed
proposals about how this might be carried out in the visual system (i.e. a shift in the origin and
arotation of the basis vectors describing an entire scene).

Here we present an alternative, which avoids co-ordinate transformations of thistype. The
model relies on the recognition of lists of objects and the angles required to make saccades
from one to the other. Thelist of currently visible objects surrounding the observer can be split
into distant and progressively closer lists of objects. Thus, location is defined hierarchically.
As the observer trandates, the nearer lists change more rapidly than the distant ones. If the
goal is to move between locations defined in this way, we show how retinal flow could have a
straight-forward interpretation and that it is positively advantageous for observers to maintain
gaze on an object as they trandate. We also show how the relationship between locations is
affected by the presence of occluding surfaces (such as walls) and how the hierarchy of stored
locations could be both progressively extended (to cover wider areas) and refined (to sample
space more densely). Eye position signals are not used either in generating or reading out from
the representation.

The proposed representation is a set of sensory states linked by motor outputs. Thisis, at
least, something we know the visuo-motor system can store.

| ntroduction

A question like “Where am 1?7 is often assumed to:

e be the responsibility of the dorsal (‘where’) pathway and the hippocampus (Andersen
et a., 1997; Colby, 1998; Burgess et ., 1999) and

e giveriseto an answer in a 3-D, world-based coordinate frame.

Here we suggest alternativesto both these assumptions. The goal we set out isto identify which
of aset of stored locations corresponds most closely to the observer’s current location. We make
the following (uncontroversial) points:

*University Laboratory of Physiology, Parks Road, Oxford, OX1 3PT; ag@physiol.ox.ac.uk
tDepartment of Computer Science, University College London, Gower St, London WC1E 6BT
Department of Engineering Science, University of O:f(ford, Parks Road, OX1 3PJ



2

e recognition of alist of objectsis often sufficient to identify the observer’slocation (panel
1)

e when thisis not the case, recovery of the visual angle between objects may be sufficient
(pandl 2)

e the precision with which locations of the observer can be distinguished in this way de-
pends on the layout of the pointsin the scene (panel 3)

The result is a hierarchical system for defining location. More distant points in the scene
provide the coarsest level of description, with more detail provided by the nearer points. Stored
(i.e recognisable) locations are not 3-D coordinates in this scheme. Instead they are lists of
objects and the visua angles between then. The lists have a natural hierarchical structure and
could be used to guide navigation between the stored locations. View graph methods of navi-
gation are based on this principle (e.g. Koenderink and van Doorn, 1979; Gillner and Mallot,
1998; Arbib, 1999; Franz and Mallot, 2000).

Trandlation between stored |ocations requires a change in the visual angles between objects.
Maintaining fixation on a point as the observer trandates could simplify the monitoring of such
changesin visual angle (Glennerster et a., 2001).

None of the above claims are especially surprising. Nevertheless, they differ from the pro-
cess of photogrammetry whose goal is adescription of the 3-D layout of pointsin ascene and of
the observer’s location within it (reviewed by Hartley and Zisserman, 2000). A process rather
like photogrammetry is often assumed to underlie human visual processing of 3-D structure
and location but there is as yet little evidence to support thisidea. We argue here that it may be
unnecessary.

Pandl 1

Question: ‘Wheream 1?7
Possible answers: {/oc., locy, locs, — }

Figure 1. Plan view of four rooms. Here, they are the candidate locations. The lamp, table and
fruit bow! uniquely identify the green room

Truelocation: @



Stored:
{'lamp’, ‘table’, *fruit bowl!’ }
locy : {'lamp’, ‘desk’, ‘picture’ }
{‘table’, ‘basin’, ‘fruit bowl’ }
locy : {'umbrella, ‘table’, ‘hat’ }
Data: {'lamp’, ‘table’, ‘fruit bowl’ }
Answer: {loc}

Details of ssmulations

In the ssimulations shown here, we restrict our attention to a two-dimensional world. In this
model, scene-features at positions (z,,v,), p = 1,..., P, areimaged from viewpoint (z, y),
and represented by the visual angles

pp,q(xay) = (pl,q(xay)a .- app,q(may)a - apP,q(xay))a g=1,..., P

where p, , is the angle between points (z,,y,) and (z4,v,). In order to avoid the use of a
distinguished reference point, we compute all P? possible angles from each viewpoint.
Aswell as general views p(z, y), we have R different reference views,

{pp,q(l‘layl)a s app,q(x’rayr)a SR app,q(xRayR)}’ q= 13 s 1P1

taken from distinct locations (., y,). Each reference view p(z,, y,) is accompanied by a cor-
responding list of variances, o?(z,., y,.);

pp,q(xT: yT) = (pl,q(xra yT)7 Tt nop,q(mﬂy?')a s apP,q(xTa yr))7 q= ]-7 s aPa

O'Z,q(l'r, yr) = (O-iq(mra yr)a ce ao-z,q(xr, yr)a s 50]23,q(xra yr))a q= 1a s ’P_

In our simulations, wetake 02, = 1 in all cases. Thefit of the r™" reference view to the visual
angles obtained at observer-position (z, y) is defined as the squared-difference between p(z, y)
and p(z,, y,), summed over al angles,

P P

E.(z,y) = ZZ ;)(pp,q(l',y) - pp,q(a:rvyr))?'

2
q:]_ p:l Jp:q(xr’ y”‘

We use E, to compute the likelihood of the current view p(z, y), under the hypothesis that the
viewpoint coincides with that of model view p(z,., y,). Specifically, we represent the likelihood
asL(p(z,y) | p(zr,y,)) = e P@¥), whichis proportional to the probability of the 7™ location-
hypothesis;
P(z=2,,y=y, | p(z,y)) ox e "),

The normalizing constant is obtained by integrating P over all viewpoints, (x,y). The figures
plot the maximum likelihood at each point (x, y), colour-coded by the reference location r for
which L(p(z,y) | p(zr,y-)) is maximum.



Panel 2

Question: ‘Wheream 1?7
Possible answers: {/oc, locs}

e

2>

Figure 2: Plan view of one room. Now, two locations on either side of the room must be
distinguished. In this case the angles between the lamp, table and fruit bowl are required to
make the distinction, as shown below.

Truelocation: @

{

p(I amp, table)

®

p(tabl e, fruit bowl)

lamp, fruit bowl)
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Figure 3: Angles (p) between each of the three objects are shown, as viewed from &. These
are additional data that help distinguish the current location as or locy. The red and green
regions show (very schematically) how the room could be sub-divided according to whether the
most likely location is or locy. A sSimulation of asimilar sceneis shown below.

{'lamp’, ‘tabl€’, ‘fruit bowl’,
Ptlamp’ ‘table’y

P lamp’, fruit bowl’ )

P fruit bowl’ table' )}
Answer: {locsy}

Data:

A simulation of the above:
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Figure 4: Scene points are shown as yellow triangles. The likelihoods that the observer is
at the two candidate locations ( or [ocy) are plotted in the left-hand plot (see Details panel).
On the right, the data are re-plotted showing the log of the likelihoods. This shows the regions
of the room for which each of the two reference locations is the most likely to be the observer’s
current location.

Panel 3

Question: ‘Wheream 1?7
Possible answers:
{loci,locy,  locy, loc, locg, ‘not sure' }
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Figure5: Asfor figure 4, but now with 6 candidate |ocations, each identified by a different
colour. The scene points are relative near.

Near points constrain the estimate of location more tightly than distant ones, and hence distort
the maximum likelihood ‘fields'.

More distant points provide less accurate information about location:
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Figure 6: Theroom isnow twice as large and the scene points more distant. The likelihood
functions are less distinct.

Even more distant scene points. Locations close to one another are now hard to distinguish:
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Figure 7. The dimensions of the room are now ten times larger than for figure 5. The scene
points are shown as yellow circles. The 6 candidate locations are the same as in figures 5 and
6 but now, because the visual angles between distant objects changes very little as the observer
trangdates, the 6 hypotheses are aimost equally likely.

Fixation

Fixating a point (e.g. the lamp) as the observer translates provides a simple way to monitor
changes in angles (p) with respect to the lamp (e.g. P(‘lamp’, ‘table’) ). Because the lamp is
foveated throughout the movement, the motion of the retinal projection of the table signals the
changeinthisangle: Ap(‘ lamp’, ‘table’) - Glennerster et a. (2001) discussthisin greater detail
(including 2-D retinal projections).

If locations are defined in terms of the relative angles between objects (as suggested here),
then monitoring changes in some of these angles (in particular, those measured with respect to
the fixation point) could be a useful way to control observer trand ation between locations.

Conclusion

The scheme for defining ego-centric location outlined here relies on output from the ventral
(‘what’) stream of visual processing (panel 1). A list of foveated objects and the angles (sac-
cades) required to foveate each are sufficient to estimate location in the way we have described
(pandl 2).

In this scheme, the dorsal stream is not involved in the generation of ego-centred represen-
tations of space nor the computation of the observer’s location in a 3-D frame. Trandlation of
the optic centre (the observer's eye) resultsin retinal flow, i.e. changesin visual angles between
objects. Conversely, since stored locations are defined in terms of visual angles between objects,
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changing the angle between objects is a good way to translate between two locations. Signals
from thedorsal (‘where’) stream would clearly be useful in monitoring observer trandation in
this way.
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