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Biological vision

• Most of what is going on we don’t understand.

• From what little we do understand, we see 
impressive information processing strategies and 
coding principles at work.

• Biology is highly complex, but not impenetrable, 
and it has much to teach us about how to build 
perceptual systems.

















Anatomy of a 
synapse



Inner life of the cell



The evolution of eyes
Land & Fernald (1992)



Figure 1: The fly’s eye(s). At left a photograph taken by B Pijpker at the Rijksuniversiteit
Groningen, showing (even in this poor reproduction) the hexagonal lattice of lenses in the
compound eye. This is the blowfly Calliphora vicina. At right, a schematic of what a fly
might see, due to Gary Larson; for this and related matters see G Larson, The Complete Far
Side (Andrews McNeel Publishing, Kansas City, 2003). The schematic is incorrect because
each lens actually looks in a different direction, so that whole eye (like ours) only has one
image of the visual world. In our eye the “pixelation” of the image is enforced by the
much less regular lattice of receptors on the retina; in the fly pixelation occurs already
with the lenses.

balance one can demonstrate directly that motion across the visual field drives the gener-
ation of torque, and the sign is such as to stabilize flight against rigid body rotation of the
fly. Indeed one can close the feedback loop by measuring the torque which the fly pro-
duces and using this torque to (counter)rotate the visual stimulus, creating an imperfect
‘flight simulator’ for the fly in which the only cues to guide the flight are visual; under
natural conditions the fly’s mechanical sensors play a crucial role. Despite the imperfec-
tions of the flight simulator, the tethered fly will fixate small objects, thereby stabilizing
the appearance of straight flight. Similarly, Land and Collett (cf footnote 4) showed that
aspects of flight behavior under free flight conditions can be understood if flies generate
torques in response to motion across the visual field, and that this response is remarkably
fast, with a latency of just ∼ 30 msec. The combination of free flight and torsion balance
experiments strongly suggests that flies can estimate their angular velocity from visual
input alone, and then produce motor outputs based on this estimate.

When you look down on the head of a fly (Fig 1), you see—almost to the exclusion of any-
thing else—the large compound eyes. Each little hexagon that you see on the fly’s head
is a separate lens, and in large flies there are ∼ 5, 000 lenses in each eye, with approx-
imately 1 receptor cell behind each lens,7 and roughly 100 brain cells per lens devoted

7This is the sort of sloppy physics speak which annoys biologists. The precise statement is different in
different insects. For flies there are eight receptors behind each lens. Two provide sensitivity to polarization
and some color vision, but these are not used for motion sensing. The other six receptors look out through
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Fly H1 neuron - dynamic range of speed sensitivity
Lewen, Bialek & de Ruyter van Steveninck (2001)
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Figure 2. A comparison of responses to constant velocity in a typical laboratory experiment (closed
squares), and in an outdoor setting where the fly is rotating (open circles). Average firing rates
were computed over the last 0.5 s of a 1 s constant-velocity presentation.

The experiment of figure 2 compares data from the outdoor setup to data taken inside with
the fly observing a Tektronix 608 CRT. The stimulus displayed on this monitor consisted of 190
vertical lines, with intensities derived from a one-dimensional scan of the scene viewed by the
fly in the outdoor experiment. The moving scene was generated by a digital signal processor,
and written at a 500 Hz frame rate. As mentioned above, this gives rise to ghosting at high
image speeds when the pattern makes large jumps from frame to frame. The DSP produced
the coarse part of motion essentially by stepping through lines in a buffer memory. On top of
this, fine displacements were produced by moving the entire image by fractions of a linewidth
at each frame. The resulting motion was smooth and not limited to integer steps. The fly was
positioned so that the screen subtended a rectangular area of 67◦ horizontal by 55◦ vertical,
with the left eye facing the CRT and rightmost vertical edge of the CRT approximately in the
sagittal plane of the fly’s head.

2.3. Information theoretic analysis of neural firing patterns

We describe briefly a technique for quantifying information transmission by spike trains (de
Ruyter van Steveninck et al 1997, 2001, Strong et al 1998). We consider segments of the spike
train with length T divided into a number of bins of width !t , where !t ranges from one
millisecond up to !t = T . Each such bin may hold a number of spikes, but within a bin no
distinction is made on where the spikes appear. However, two windows of length T that have
different combinations of filled bins are counted as different firing patterns. Also, two windows
in which the same bins are filled but with different count values are distinguished. We refer
to such firing patterns as words, WT,!t . From an experiment in which we repeat a reasonably
long naturalistic stimulus a number of times, Nr (here Nr = 200 repetitions of a Tr = 5 s long
sequence), we get a large number of these words, WT,!t (t), with t the time since the start of
the experiment. Here we discretize t into 1 ms bins, giving us 5000 words/repetition period,
and 106 words in the entire experiment. From this set of words we set up word probability
distributions, from which we calculate total and noise entropies, and their difference, according
to Shannon’s definitions.

(i) The total entropy, Stot(T , !t). From the list of words WT,!t (t), for all t (0 ! t ! NrTr),
we directly get a distribution, P(WT,!t ) describing the probability of finding a word
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Fig. 4. Flight paths of chasing (o) and leading ( 9 flies during the longest recorded 
chase. Points at 20 ms intervals. Corresponding instants on the two paths numbered 

at 200 ms intervals 

The remainder of this paper is devoted to an a t tempt  to unravel the 

nature of the control system tha t  enables the pursuing fly to follow as 

closely as it evidently does. I t  is assumed throughout tha t  the chasing 

fly is guided by  vision, although the validity of the analysis does not 

depend on this. 

Input-Output Relations o/the Chasing Fly 

In  the introduction it was suggested that  the chasing fly might either 

possess a set of stereotyped responses to manoeuvres made by  the leading 

fly, or else tha t  it operated on the basis of a continuously running control 

system in which some source of information available to it (0e, we, or o)e, 

see Fig. 1) controlled some feature of its behaviour (o~], ~l  and possibly 

vl). The best procedure seems to be to determine whether or not there 

are any  continuous relationships between "input" and "output" 
variables, if there are to test  whether or not they can explain the flight 

Land & Collett
(1973)



Philanthus triangulum 
(sand wasp)



Jumping spiders



Jumping spider visual system



Jumping spider retina

horizontal section photoreceptor array



Jumping spiders do object recognition



Mantis shrimp



Mantis shrimp - photoreceptor spectral sensitivities



Dung beetles





Steps in 
phototransduction



Fixational eye movements



Human fixational eye movements
(Austin Roorda, UCB)
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HI horizontal cell



HI horizontal cells connected via gap junctions



Lateral inhibition:
activation of one photoreceptor inhibits 

neighboring photoreceptors

- - - -----



--

Bipolar cells read out differences between one 
photoreceptor’s activity and its neighbors as 

computed by horizontal cell network
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Primate visual cortex



‘canononical microcircuit’



V1 - topographic representation



Orientation
columns



V1 receptive fields - ‘simple cells’

Jones & Palmer (1987)



V1 space-time receptive field
(Courtesy of Dario Ringach, UCLA)



The “standard model” of  V1
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How would a population of such neurons 
represent a natural image?
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represent a natural image?
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Cortex

LGN

Single unit recording is blind to neuronal interactions

...their (neurons') apparently erratic behavior was caused by our 
ignorance, not the neuron's incompetence.   --  H.B. Barlow (1972)



be difficult to achieve ([71]; see also Figure 7 in [72]). The
precise lower limit on compartment size in the thin
dendrites of pyramidal cells remains to be determined,
perhaps through the use of voltage-sensitive dyes [73] and
highly focal uncaging techniques [74].

Getting at the inner neuron
What are the implications of these findings for single-
neuron computation? Could there be an underlying prin-
ciple that permits the full complexity of a dendritic tree to
be represented in highly simplified terms? The available
data suggest that the thin terminal branches of the apical
and basal trees of pyramidal cells provide a set of inde-
pendent non-linear ‘subunits’ that sum up their synaptic
inputs and then apply a sigmoidal thresholding non-
linearity to the output. In this scenario, how should the
outputs of multiple subunits be combined to influence
the cell’s overall response? In the few experimental
studies that have addressed the question of location
dependent synaptic summation, so far only involving

simple spatial integration scenarios, the data are most
consistent with a linear or sublinear summation rule for
signals that originate in different dendritic branches
[30,75–78]. Building on these findings, one can formulate
a working model in which the thin branches are the
integrative subunits of pyramidal neurons. According to
this model, each thin-branch subunit sums up its synaptic
drive and then applies a sigmoidal thresholding non-
linearity to the result, and the subunit outputs are
summed linearly within the main trunks and cell body
before output spike generation. This hypothesis is inter-
esting, in that it states that an individual pyramidal
neuron functions something like a conventional two-layer
abstract ‘neural network’ [12], in which the thin dendritic
branches themselves act like classical point neurons
(Figure 3b).

Poirazi and co-workers [79!!] used a detailed CA1 pyr-
amidal cell model [80!] to test the two-layer neural net-
work hypothesis. The authors used a complex set of

Figure 3
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Current Opinion in Neurobiology

Simplified models of pyramidal cells. (a) CA1 pyramidal cell morphology [123]. A grey triangular soma was added for clarity. (b) Two-layer sum-of-
sigmoids model as discussed by Poirazi et al. [79!!]. All thin branches are treated as independent subunits with sigmoidal thresholds whose outputs
are summed linearly in the main trunks and cell body. Small grey circles labelled ai represent subunit weights, which might vary as a function of
location or branch order. (c) A next generation single neuron model could include a multiplicative interaction between proximal and distal integrative
regions of the cell. Overall output of such a three-layer model might be expressed using the form y1 þ ay2.
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Hausser & Mel (2003)



Olshausen BA, Field DJ (2005)  How close are we to 
understanding V1?  Neural Computation, 17, 1665-1699.

Five problems with the current view of  V1

• Biased sampling (single unit recording)

• Biased stimuli (bars, spots, gratings) 

• Biased theories (data-driven vs. functional theories)

• Interdependence and context (effect of intra-cortical 
inputs)

• Ecological deviance

See:



1 mm2 of cortex analyzes ca. 14 x 14 array of retinal
sample nodes and contains 100,000 neurons
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There’s hope.



Silicon polytrodes







What should we look for?

Surface perception



Visual representations are 3D, not 2D

Nakayama K, He ZJ, and Shimojo S. (1995)  Visual surface 
representation: a critical link between lower-level and 
higher level vision.  In: S.M. Kosslyn and D.N. Osherson, Eds,  
An Invitation to Cognitive Science. MIT Press, pp. 1-70.



Images vs. surfaces

One of the most striking things about our visual experience is how 
dramatically it differs from our retinal image. 

...

Our perception is closely tied to surfaces and objects in the real world;
it does not seem tightly tied to our retinal images.

...

Our view is that higher functions require, as an input, a data format 
that explicitly represents the world as a set of surfaces.



The traditional view of visual processing



The new view of visual processing



How do you interpret an edge?



How do you interpret an edge?



An edge can mean different things

reflectance shading



Object recognition depends on scene context



Object recognition depends on scene context



Object recognition depends on scene context



Rules of occlusion

• When image regions corresponding to different surfaces meet, 
only one region can “own” the border between them.

• Under conditions of surface opacity, a border is owned by the 
region that is coded as being in front.

• A region that does not own a border is effectively unbounded.  
Unbounded regions can connect to other unbounded regions to 
form larger surfaces completing behind.



Bregman B’s
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Do oriented filters make it any easier to 
resolve figure-ground?



Figure 3. When compared with the local detector Pb, our detector gPb reduces clutter and completes contours. From left to right:
Original image, thresholded Pb, thresholded gPb, and gPb. The thresholds shown correspond to the points of maximal F-measure on the
curves in Figure 2.

detection algorithm based on Pb or its variantsmPb, gPb,
etc. To illustrate that our gains are partially due to this al-
gorithm and not just the result of a better image derivative
estimate, we include as a comparison point the Harris oper-
ator with ∇I computed from Pb(x, y, θ).

3.2. Contour-based Approach

Junctions may be viewed as points at which two or more
distinct contours intersect. For each junction, we would like
to recover its location and salience, and also identify the
contours passing through it.

Given a set of contours defined by the non-maximum

suppressed output of Pb (or a similar boundary detector),
if one knew the junction locations, it would be easy to iden-
tify the associated contours. Conversely, if one knew which
contours intersect at each junction, it would be easy to es-
timate the optimal locations. This suggests an EM-style al-
gorithm. For an image neighborhood IN :

1. Estimate the optimal junction location L = (xL, yL)
by minimizing its weighted distance from the contours
{Ci} ∈ IN

L = argmin(x,y)∈IN

∑

i

wid(Ci, (x, y)) (7)

image segmentation ≠ figure-ground 
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Figure 2. Side-of-Figure Selectivity

(A) Responses of a V2 neuron to the same
local contrast border forming either the top
edge of a dark square, or the bottom edge
of a light square. Squares of two sizes were
tested (3° and 8° visual angle). Displays with
the reversed contrast were also tested but
are not illustrated. Ellipses show size of mini-
mum response field. Despite the same local
stimulation—the juxtaposed displays are in-
distinguishable over the regions delineated
with dashed lines in (B)—the firing rate is
higher for figure above than for figure below.
In (C), the response modulation index for
preferred versus nonpreferred side is plotted
as a function of square size for 33 V2 neu-
rons that were side-of-figure selective for a
3° square (p < 0.05, ANOVA). Lines connect
points corresponding to the same neuron. It
can be seen that most of the neurons have
a positive modulation index also for the 8°
square, indicating mechanisms of global
form processing. The finding of side-of-fig-
ure selectivity in neurons suggests the exis-
tence of cortical mechanisms that use Ge-

stalt rules to determine which region might be an object and which might be background, such as compact shape, closed contour, and the
fact that the square is surrounded by a region of uniform color (Rubin, 1921). The plot in (C) also shows that smaller squares tended to
produce stronger side-of-figure modulation than larger squares, corresponding to the Gestalt rule that smaller regions have a stronger
tendency to be perceived as figure than larger regions.

“classical receptive field” of V2 neurons, which is only tion, the responses to the nonpreferred depth order are
much smaller than the maximum response. Also, edges0.6° on average for the median eccentricity of receptive

fields in our sample (Gattass et al., 1981). orthogonal to the preferred orientation (horizontal in the
figure) produce only weak, erratic responses. Thus,
cells in V2 can signal orientation and depth order of 3DStereoscopic Edge Selectivity
edges. Generally, these cells respond to contrast edgesMany neurons in V2 are sensitive to binocular disparity
as well as to disparity-defined edges and show similar(Poggio et al., 1985), and some respond to stereoscopi-
orientation tuning for both (von der Heydt et al., 2000).cally defined 3D edges (von der Heydt et al., 2000). The

majority of these cells are selective for the orientation
of the edge and also for the depth order, that is, which Convergence of Gestalt Processing and

Stereoscopic Mechanisms in Single Cellssurface is in front and which is in back. Figure 3 il-
lustrates this selectivity for three V2 neurons. Disparity- The stereoscopic selectivity of neurons provides a key

to understanding the meaning of their signals. If neu-defined edges were created by RDS. The disparity of
one surface was set to the preferred disparity of the rons are selective for the depth order of stereoscopic

edges, we know that they are involved in the represen-neuron (or zero if there was no clear tuning), and the
other surface was placed behind it at a distance corre- tation of the 3D layout of surfaces, and hence border

ownership coding. While contrast-defined displays aresponding to 10 or 24 arc min disparity (depending on
the eccentricity of the receptive field). The edges were generally ambiguous (Figure 1), there is no such ambi-

guity in RDS, because the depth relations are definedtested in four orientations, as illustrated at the top of
Figure 3. (For the purpose of illustration, the preferred by the binocular disparities; the nearer surface owns

the border (Nakayama et al., 1989). Thus, the RDS canorientation was assumed to be vertical; hatching indi-
cates the nearer of the two surfaces.) To control for ef- be considered as the “gold standard” for border owner-

ship assignment. If the side-of-figure-selective neuronsfects of stimulus position, each edge was presented
at various positions relative to the receptive field, as are involved in border ownership coding, they should

also be selective for the depth order of edges in RDS.indicated by the scales. The bar graphs below show
the responses as a function of position. We may not expect to see this in every case, because

stereopsis is obviously not indispensable for the per-It can be seen that, at the preferred orientation, each
neuron responds vigorously to one depth order, but ception of border ownership. However, if neurons com-

bining side-of-figure with depth order selectivity existhardly at all to the opposite depth order. For example,
the cell in Figure 3A responds to a vertical edge whose in significant numbers, and if the depth order prefer-

ence, in the population, is biased toward the object in-right surface is in front, but not at all if the left surface
is in front (although the edge is at the same depth in terpretation (Figure 1C), this would be strong evidence

for mechanisms that implement Gestalt rules to inferboth configurations!). The other two cells have the op-
posite preference. Note that the preference for one or border ownership.

In experiment 1, we examined the relationship be-the other depth order does not depend on the exact
position of the edge in the receptive field; at any posi- tween preferred side-of-figure and preferred depth or-
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Neurons in V2 (and even some in V1) code
for border ownership as well as orientation



How do neurons in V1 encode this?

What do you see?

Murray, Kersten, Schrater, Olshausen, Woods, PNAS 2002.



(easy version)
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Open questions

• How do visual neurons respond to object borders 
vs. reflectance changes in natural images?

• How is border ownership computed?  How do 
neurons encoding border ownership interact?

• Is amodal completion represented implicitly or 
explicitly?
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