What Are All Those Neurons in Foveal V1 Doing?
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20,000 A-scans per second. Forty B-scans centered on the fovea, each
consisting of 1000 A-scans, were registered and averaged as previously
described.21 A headrest was used to stabilize subjects, and deviation of
the entry position from where the B-scan appeared flat was measured
using markings on the stage. Additionally, video was recorded of live
vertical translation of the stage while vertically oriented B-scans were

Midget ganglion cells receive
input from midget bipolar cells.
Ratio is 1:1 in fovea.

Retinal ganglion cell sampling array

(shown at one dot for every 20 ganglion cells)
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Foveal oversampling in LGN and Cortex
(Connolly & Van Essen, 1984)
VISUAL TOPOGRAPHY IN MACAQUE LGN
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“…despite the fact that the
estimated total number of LGN
cells is similar to the total number
of retinal ganglion cells, their ratio
must vary from many LGN cells
per retinal ganglion cell for the
5 O fovea to fewer than one LGN cell
per retinal ganglion cell in the
periphery.”
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Fig. 14. The visual field (A) and its representations in LGN layer 6 (B)
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Cortex:LGN cell ratio ranges from 1000:1 inLAYER
fovea
5
to 100:1 in periphery
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(Connolly & Van Essen, 1984)

Fig. 15. On the right, the anisotropic layer-5 and layer-6 representations
of small squares in the visual field near the horizontal meridian (A). These
representations send anisotropic inputs (B) to striate cortex. which, when
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they converge on layer 4C (0,produce an isotropic visual represe
cortical "modules" (D). In E, the cortical modules are shown inse
slice of striate cortex.
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Fig. 16. Cell ratios as a function of eccentricity in the geniculocortical
pathway. The large-dot line shows the total number of striate nerons per
LGN cell. This ratio was calculated as Ma (cortex) X (cells/mm2 surface
area)/M, (LGN), where Ma (cortex) is the areal magnification factor for a
standardized striate cortex (equation 8 from Van Essen et al., '84); cells/
mm2 was taken from O'Kusky and Colonnier ('82). and M, (LGN) is the

Ma (cortex) x (4A + 4Cp cells/mm21 x M, (parvi), with approp
from the same three sources. The dashed line shows the numb
cells per magnocellular cell, calculated as M, (cortex) x (4Cn cel
M, (magno).
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spikes, it would seem that downstream visual areas require knowledge of the image trajectory. The image jitter on the retina during
ﬁxation is a combined effect of body, head, and eye movements (6,
7). Whereas the brain can often estimate the sensory effects of selfgenerated movement using proprioceptive or efference copy signals, such information is not available for the net eye movement at
the required accuracy (8–10) (reviewed in ref. 11). Thus the image
trajectory must be inferred from the incoming retinal spikes, along
with the image itself. In so doing, an ideal decoder based on the
Bayesian framework would keep track of the joint xprobability for
each possible trajectory and image, updating this probability disWhat
tribution
in response to the incoming spikes (5,Where
11). However, the
images encountered during natural vision are drawn from a huge
ensemble. For example, there are 2900 possible black-and-white
images with 30 × 30 pixels, which covers
only a portion of the fovea.
Retina
Clearly the brain cannot represent a distinct likelihood for each of
these scenes, calling into question the practicality of a Bayesian
estimator in the visual system.
Here we propose a solution to this problem, based on a factorized approximation of the probability distribution. This approximation introduces a dramatic simpliﬁcation, and yet the emerging
decoding scheme is useful for coping with the ﬁxational image
What
drift.
We present a neural network that executesWhere
this dynamic algorithm and could realistically be implemented in the visual cortex.
It is based on reciprocal connections between two populations of
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Humans can resolve the ﬁne details of visual stimuli although the
No Drift
Drift
image projected
on the retina is constantly
drifting relative to the
photoreceptor array. Here we demonstrate that the brain must take
this drift into account when performing high acuity visual tasks.
Further, we propose a decoding strategy for interpreting the spikes
emitted by the retina, which takes into account the ambiguity caused
by retinal noise and the unknown trajectory of the projected image
on the retina. A main difﬁculty, addressed in our proposal, is the
exponentially large number of possible stimuli, which renders the
ideal Bayesian solution to the problem computationally intractable.
In contrast, the strategy that we propose suggests a realistic
implementation in the visual cortex. The implementation involves
two populations of cells, one that tracks the position of the image
and another that represents a stabilized estimate of the image itself.
Spikes from the retina are dynamically routed to the two populations
and are interpreted in a probabilistic manner. We consider the
architecture of neural circuitry that could implement this strategy
and its performance under measured statistics of human ﬁxational
eye motion. A salient prediction is that in high acuity tasks, ﬁxed
features within the visual scene are beneﬁcial because they provide
information about the drifting position of the image. Therefore,
complete elimination of peripheral features in the visual scene
should degrade performance on high acuity tasks involving very
small stimuli.
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Retinal image motion helps pattern discrimination
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Graphical model for separating form and motion
(Alex Anderson, Ph.D. thesis)
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Joint estimation of form and motion
(Alex Anderson, Ph.D. thesis)

Motion helps estimation of pattern S

Motion restores acuity in the case of cone loss

Figure 3: Motion benefit during cone loss. a, Tumbling E with a retinal cone lattice that has 30 percent

Including a prior over S
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Natural image pattern may be inferred with a sparse prior
using a Gabor-like basis similar to V1 receptive fields

Figure 4: Neurons with structured receptive fields improve inference: a, A natural scene patch pro-

Main points
• The foveal representation in LGN, and again in cortex, is
highly oversampled, in terms of number of neurons per
ganglion cell, with respect to the periphery.
• Phenomena such as crowding and shape adaptation
suggest a looser representation of shape in the periphery
that is more subject to grouping or contextual influences
than in the fovea.
• Neural circuits in the foveal portion of V1 must take into
account estimates of eye position or motion in order to
properly integrate spatial information.
• One possibility is separate populations of neurons that
interact multiplicatively in order to explicitly disentangle
form and motion.

