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A general impression of the brain

• The brain is squishy and messy. It may be impossible to 
understand the brain from a small number of principles 
just like in physics.  

• There are too many (interesting) facts! And almost every 
rule has an exception. 
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   “To pile speculation on speculation, I would say that the next stage could 
be hierarchy or specialization of function, or both…. with increasing 
complication at each stage, we go on up the hierarchy of sciences. We expect 
to encounter fascinating and, I believe, very fundamental questions at each 
stage in fitting together less complicated pieces into the more complicated 
system and understanding the basically new types of behavior which can 
result.”

 P.  W.  Anderson, Science1972
condensed matter physicist



Fitzgerald: The rich are different from us.

Hemingway: Yes, they have more money.

a conversation somewhere in Paris in 1920s

More is different



“I never had to use an equation after high school”

 David Hubel



What has theoretical component bought to 
neuroscience?

• The brain is squishy and messy. It may be impossible to understand 
the brain from a small number of (say 3?) principles just like in 
physics.  

• There are too many facts! And almost every rule has an exception. 

• However, most interesting facts are not singular. Instead, they must 
and can be connected to achieve a deeper understanding.  And to 
build such a connection requires an integral approach, and 
mathematics are crucial during this process.



“…Equations force a model to be precise, complete, and self-
consistent, and they allow its full implications to be worked out. It is 
not difficult to find word models in the conclusions sections of older 
neuroscience papers that sound reasonable but, when expressed as 
mathematical models, turn out to be inconsistent and unworkable. 
Mathematical formulation of a model forces it to be self-consistent 
and, although self-consistency is not necessarily truth, self-
inconsistency is certainly falsehood.”

 Larry Abbott
Theoretical Neuroscience is rising

Neuron 2008



of modelling that were inherent in the original three papers, and
that he and Poggio, his close colleague, later crystallized [5].
This analysis was reported in the book Vision [6]. Their ideas
about different levels of analysis—computational, algorithmic
and implementational—have much resonance today, and are
especially relevant to the current debatewithin the neuroscience
community about attempts to build large-scale models of
the brain.

Already in his schooldays, David Marr was developing his
interests far beyond those provided by his formal education in
mathematics and physics. Stimulated by reading books such as
J. W. Dunne’s An Experiment with Time and W. Grey Walter’s
The Living Brain, he became enthused about the possibility of a
‘mathematical theory of the brain itself’. He then went up to
Trinity College Cambridge as a mathematics scholar. After
graduating, he studied physiology and anatomy before becom-
ing a PhD student with Giles Brindley who inspired him to
produce his first theory paper on the cerebellar cortex. He then
secured a Prize Fellowship at Trinity; notably, three of the four
awards that year were to neuroscience, the other recipients
being Tony Gardner-Medwin and Oliver Braddick—later to
become a distinguished physiologist and experimental psychol-
ogist, respectively. During this Fellowship, he completed his two
other early neural papers including the theory of archicortex. In
1970, he joined Sydney Brenner at theMRC Laboratory forMol-
ecular Biology at Cambridge. Sydney encouraged him to
experience at first hand the rising discipline of Artificial Intelli-
gence by visiting Marvin Minsky and Seymour Papert at MIT.
This eventually led him to shift his focus towards computation
rather than implementation, and to his long partnership with
Tommy Poggio. Following a brave battle with leukaemia,
David Marr died in 1980.

2. Mathematical and computational modelling in
neuroscience

There are three main varieties of theoretical approaches in
neuroscience: data analysis, mathematical modelling and the one
that became clearer through Marr’s later work, namely
computational modelling.

Data analysis involves developing and deploying advan-
ced computational and statistical methods for analysing the
gargantuan volumes of data now being generated by an ever

wider variety of experimental techniques and assessing the
complex interactions among the multiple entities contained
within these data.

Mathematical modelling involves building formal
reductions based on descriptive and mechanistic models of
natural phenomena associated with the brain over the huge
range of spatial and temporal scales that characterize it.
These reductions have to take into account the complexity
and heterogeneity of the brain’s components. Mathematical
methods and computer simulations are used to explore
whether the mechanisms proposed are capable of accounting
for the phenomena they are intended to explain.

Computational modelling most interested Marr. He looked
upon the brain as a physical device that is performing compu-
tational tasks involving representing, processing and acting
upon information. That the brain can be interpreted as proces-
sing information provides a rich set of constraints on the
mathematical models, whose structure and dynamics have to
be appropriate to accomplish the computational tasks.

Marrdistinguished three levelsof computationalmodelling—
implicitly in his early writing, but later, transparently.
Examples are given in table 1:

(1) The computational level, at which the task and the logic of
its solution is described;

(2) the algorithmic level, which specifies how the information
associated with the computation is represented and the
procedures for performing the relevant manipulations;
and

(3) the implementational level, which describes how the
algorithms are realized in the nervous system.

One recurring theme in his work was the interaction
between levels. This was fluid in his early work, as seen most
clearly in his cerebellar cortex theory, which he developed to
address the beautiful three-dimensional structure of the neur-
onal network of the cerebellar cortex [11], and that had such
an impact among cerebellar physiologists. Equally, his neocor-
tical theory blended categorization, as an implication of the
exciting observations from Hubel & Wiesel of single neurons
in the visual cortex responding selectively to moving lines
and edges tilted at a particular angle [12], with statistical
notions of this operation associated with the then emerging
field of numerical taxonomy, an established focus of research
at Cambridge [13]. This was all under the guidance of a very
careful analysis of neocortical anatomy as implementation.
The algorithmic rendition of his theory of the hippocampus
was strongly influenced by what was then known about the
neuroanatomy, at least up to an impressive point. Some
facets were omitted—for instance, it did not incorporate the
substantial mechanistic complexities of actual neural elements
known at the time, such as the details of spike generation or
synaptic integration via extended dendritic trees.

Marr’s subsequent work, perhaps influenced by the Artifi-
cial Intelligence community at MIT, and perhaps as a reaction
to the overly precise predictions made from the neurobiology
in these earlier papers, focused on insulating computational
and algorithmic levels from the requirements of imple-
mentation [6]. Indeed, a tenet of computational theory is that
the same algorithm can be implemented in distinct ways in
different hardware. Read strictly, this could imply that it is
impossible to generate strong constraints that apply across
computational levels, a restriction that would undermine the

 David Marr - in La Jolla,
CA - 1974

David Marr - as a
schoolboy - 1960

Figure 1. Photographs of David Marr. (a) At school, aged about 12. (b) David
Marr (left) with his colleagues Francis Crick (back) and Tommy Poggio in Cali-
fornia, 1974. Reproduced with kind permissions of Peter Williams (a) and
Lucia Vaina (b).
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blue brain project



David Marr’s three level theory

• Computational level: Identify the computational 
problem and task that the brain solves.

• Algorithmic level: Find the mathematical procedures 
that solve the problem.  

• Implementation level: How the algorithms are 
realized by the nervous system.

top-dow
n



Henry Markram’s three level theory

• Systems level: describe how population neural 
dynamics and behaviors emerge from ensembles of 
neurons.

• Cellular level: develop biophysically accurate models 
to describe input-output relationships of different cell 
types. 

• Structure level: identify how neurons are statistically 
connected to each other in a circuit.

bottom
-up



Circuit diagrams or connectomes are absolutely necessary 
but completely insufficient for understanding nervous 
system function. 

 Eve Marder  

The structure of an information processing machine does 
not tell you what computation it performs

 Anthony Movshon



Motion detection, an example





Optomotor response in fly

3219Steady state optomotor responses in Drosophila

and expansion optomotor responses controlled by a single
expansion-sensitive circuit that is sub-optimally stimulated by
full-field rotation cues? Alternatively, are optomotor responses
mediated by separate optomotor control systems tuned
specifically for rotation and expansion cues, respectively?

In the present study we tested the hypothesis that the spatial,
temporal and contrast sensitivity of optomotor responses vary
for rotational versus translational flow fields, which would
support the idea that these motor responses are indeed distinct
and thus mediated by separate and parallel pre-motor visual
processing pathways. Using a tethered flight simulator, we
measured the time course and amplitude of yaw torque wing
kinematics in response to systematic variation of spatial
frequency, temporal frequency, vertical pattern size and contrast
for optic flow fields that differ only in gross spatial organization.
Our results show that spatial and temporal frequency sensitivity
is similar for rotation and expansion optomotor responses,
suggesting common elementary motion detection. However,
impulse–response dynamics, spatial integration properties and
contrast sensitivity vary markedly for the two stimulus types,
suggesting that after the earliest stages of motion coding, the
two patterns of optic flow are processed by separate and distinct
control systems, most likely comprising separate neuronal
circuitry.

Materials and methods
Animals and preparation

A Drosophila melanogaster colony was reared on standard
medium under a 12·h:12·h L:D cycle. Female adult flies, 4–6
days post pupal eclosion, were selected for use in this study.
Animals were cold-anesthesized and tethered to a 0.1·mm
tungsten rod with UV-activated glue (Kemxert Corp., York, PA,
USA). After at least 1·h of recovery, individual animals were
placed within a custom-built computer-controlled electronic
flight simulator composed of a cylindrical 96!32 array of
green-light-emitting diodes (LEDs) spanning 330° in azimuth
and ±60° in zenith, as seen by the animal (Fig.·1A). There was
a gap directly behind the animal to accommodate the tether
(Fig.·1A). This narrow open space is not seen by the front-facing
animal, and so does not significantly influence the optomotor
performance. Each pixel was independently addressable at eight
grayscale levels at a maximum of 72·cd·m–2, and the periodic
contrast was approximately 93%. Each individual LED
subtended 3.75° on the retina, therefore pattern motion was
approximated using apparent motion stimuli. Both the motion
of the projected pattern and the spatial pattern itself could be
instantaneously modified under computer control. The
manufacture, control and spectral details of the LED display
used here are detailed elsewhere (Reiser and Dickinson, in
press).

The wing kinematics exhibited in response to optomotor
stimuli were encoded by an optical wingbeat analyzer in which
an infrared beam casts a shadow of each beating wing onto a
photodiode pair (Fig.·1A). The two optical signals are
conditioned such that sensor output represents time-varying
wing position. Associated electronics then process the analog
position signal to extract total wing beat amplitude ("WBA) for
the left and right wings, as well as total wing stroke frequency
for each individual stroke. The difference in amplitude between

the left and right wings (#WBA) is directly proportional to yaw
torque (Götz, 1987; Tammero et al., 2004), and the cubed
product of total stroke amplitude and frequency is roughly
proportional to the aerodynamic power output during flight
(Dickinson et al., 1998). These values are digitized by a standard
PC data acquisition system, and also relayed to control the
velocity of the LED display under closed-loop conditions.

Visual motion stimuli, acquisition and data analysis
Apparent motion was generated by panoramic patterns of

vertical stripes moving horizontally. We examined responses to
two motion patterns. The first was a classical optomotor
stimulus consisting of a rotating striped ‘drum’. For this
stimulus, the pattern simply rotated at constant velocity around
the fly in a clockwise direction (viewed from above), therefore
the velocity profile was constant along 360° of azimuth. The
second stimulus was identical to the rotating drum except that
the direction of motion in the rear visual hemisphere was
reversed, forming a pseudo-translation flow field. This pattern
of image motion produced a focus of expansion centered 90° to
the left of the animal, and a focus of contraction 90° to the right.
In other words, the pattern expanded from the left and
contracted to the right of the fly (Fig.·1B). The azimuthal
velocity profile follows a square-wave trajectory rather than
following a smooth sinusoidal trajectory. This stimulus
produces strong motion cues near the poles of expansion and
contraction, and we therefore refer to this stimulus as an
‘expansion’ cue. This large-field visual expansion stimulus
elicits robust steering responses in Drosophila (Tammero et al.,
2004). During flight, expansion generated on the animal’s left

IR diode

Wing beat 
analyzer

LED
display

Rotation

Expansion

A B

Fig.·1. Experimental apparatus. (A) A digital flight simulator comprises
a wrap-around cylinder of light emitting diodes (LED). An infrared
(IR) beam casts a shadow of the tethered fly’s two wings on an
optoelectronic sensor that measures instantaneous changes in right and
left wing beat amplitude and frequency in response to image motion.
(B) Panoramic patterns of vertical stripes move horizontally to elicit
compensatory optomotor steering responses. Visual expansion
(bottom) differs from visual rotation (top) only in the direction of
motion across the rear field of view.

Duistermars B et. al., Journal of Experimental Biology 2007 
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significant duration of closed-loop motion control (roughly
1000 individual wingbeats, roughly the equivalent of 25 free-
flight saccades) in between open loop tests to eradicate any
influence of time-history.

To map the sensitivity of image contrast for the expansion
versus rotation stimuli we chose one combination of spatial
period and velocity conditions that consistently produced strong
optomotor steering responses (!=30° at 232°·s–1). We then
constructed expansion and rotation patterns that varied
systematically in the intensity of the ‘light’ and ‘dark’ parts of
the pattern. Contrast, estimated by the Michelson definition as
the difference between ‘on’ and ‘off’ LED intensity values (Imax,
Imin, respectively) divided by the sum of ‘on’ and ‘off’ values
[(Imax–Imin)/(Imax+Imin)]. We tested optomotor responses to 27
unique contrast values, which were shuffled randomly, and
presented in expansion and rotation. We repeated these contrast
response experiments under two conditions: contrast unadapted
and same-contrast adapted. For the unadapted condition, flies
were presented with the stripe under closed-loop control prior
to the open-loop test stimulus. As such, there was no prior
exposure to the test contrast. To examine the influence of

exposure to the test contrast prior to the test, the usual vertical
stripe was replaced with the wide-field test pattern at the
selected contrast during the closed-loop period, followed by the
open-loop test. Thus, for the same-contrast adapted treatment,
there was 7·s of exposure to the test contrast level prior to the
test itself.

For each experimental treatment (variation in spatial
frequency, temporal frequency and contrast), each fly received
the entire series of expansion and rotation stimulus conditions.
This design enabled statistical analyses with two-way repeated
measures ANOVA for two within-subjects variables (Table·1).
Because the different conditions were tested with the same
subjects (i.e. within-subject design), statistical significance
between the expansion and rotation treatments are not
represented by error bars (Masson and Loftus, 2003), which are
therefore omitted for clarity.

Time series data including the instantaneous azimuthal
position of the visual pattern and stimulus waveform, raw left
and right wing stroke amplitude and wingbeat frequency were
digitized at 500·Hz (Axon Instruments DigiData 1320,
Sunnyvale, CA, USA) and stored on a PC workstation. All
analyses were performed using custom software routines
written in Matlab (Natick, MA, USA). The raw wingbeat
amplitude signals were low-pass filtered at 200·Hz with a 5th
order zero-phase digital Butterworth filter. Optomotor
responses reach steady state within roughly 1·s, thus for each
3·s test stimulus cycle, we measured the maximum "WBA
value within the first 1.5·s of the test (roughly 300 wing beats)
to quantify response amplitude (R). Data were then normalized
to the highest value within each trial (R/Rmax).

Results
We examined the spatial, temporal and contrast sensitivity of

visual motion detection during tethered flight in Drosophila
melanogaster. During periods of closed-loop control of a single
vertical stripe, flies actively balanced the amplitude of the right
and left wing beats such that the difference was near zero
(Fig.·2A). By contrast, in response to either rotation of the visual
panorama, or expansion from one side, stroke amplitude
increased on the left side and decreased on the right side
(Fig.·2A). Thus, the difference in stroke amplitude increased
during test periods corresponding to attempted turns to the right

Table·1. Two-way repeated measures ANOVA for two within-
subjects variables

"WBA source d.f. F P

Vertical extent 15 11 <0.001
Expansion versus rotation 1 20 <0.001

Temporal frequency 19 9 <0.001
Expansion versus rotation 1 37 <0.001

Unadapted contrast 15 13 <0.001
Expansion versus rotation 1 43 <0.001

Adapted contrast 15 11 <0.01
Expansion versus rotation 1 22 <0.001

Analyses included expansion versus rotation, vertical extent,
temporal frequency and two contrast treatments (unadapted and
adapted, see Materials and methods). We tested whether "WBA
responses varied significantly as a result of both the experimental
treatment itself (e.g. varying the vertical extent of pattern motion), and
the expansion versus rotation.
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significant duration of closed-loop motion control (roughly
1000 individual wingbeats, roughly the equivalent of 25 free-
flight saccades) in between open loop tests to eradicate any
influence of time-history.

To map the sensitivity of image contrast for the expansion
versus rotation stimuli we chose one combination of spatial
period and velocity conditions that consistently produced strong
optomotor steering responses (!=30° at 232°·s–1). We then
constructed expansion and rotation patterns that varied
systematically in the intensity of the ‘light’ and ‘dark’ parts of
the pattern. Contrast, estimated by the Michelson definition as
the difference between ‘on’ and ‘off’ LED intensity values (Imax,
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stripe was replaced with the wide-field test pattern at the
selected contrast during the closed-loop period, followed by the
open-loop test. Thus, for the same-contrast adapted treatment,
there was 7·s of exposure to the test contrast level prior to the
test itself.

For each experimental treatment (variation in spatial
frequency, temporal frequency and contrast), each fly received
the entire series of expansion and rotation stimulus conditions.
This design enabled statistical analyses with two-way repeated
measures ANOVA for two within-subjects variables (Table·1).
Because the different conditions were tested with the same
subjects (i.e. within-subject design), statistical significance
between the expansion and rotation treatments are not
represented by error bars (Masson and Loftus, 2003), which are
therefore omitted for clarity.

Time series data including the instantaneous azimuthal
position of the visual pattern and stimulus waveform, raw left
and right wing stroke amplitude and wingbeat frequency were
digitized at 500·Hz (Axon Instruments DigiData 1320,
Sunnyvale, CA, USA) and stored on a PC workstation. All
analyses were performed using custom software routines
written in Matlab (Natick, MA, USA). The raw wingbeat
amplitude signals were low-pass filtered at 200·Hz with a 5th
order zero-phase digital Butterworth filter. Optomotor
responses reach steady state within roughly 1·s, thus for each
3·s test stimulus cycle, we measured the maximum "WBA
value within the first 1.5·s of the test (roughly 300 wing beats)
to quantify response amplitude (R). Data were then normalized
to the highest value within each trial (R/Rmax).

Results
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visual motion detection during tethered flight in Drosophila
melanogaster. During periods of closed-loop control of a single
vertical stripe, flies actively balanced the amplitude of the right
and left wing beats such that the difference was near zero
(Fig.·2A). By contrast, in response to either rotation of the visual
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(Fig.·2A). Thus, the difference in stroke amplitude increased
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Expansion versus rotation 1 43 <0.001
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as well as clockwise rotation resulted in increased !WBA,
which is tightly correlated with rightward yaw torque. In related
experiments, we tested for any influence of side-bias by
periodically inverting the direction of visual expansion and
rotation. Consistent with many studies of optomotor behavior,
we found no significant difference between responses to
leftward or rightward motion.

The patterns used here vary as a square-wave of intensity
along the azimuth, not sinusoidally. As such, there is significant
frequency content above the fundamental spatial frequency
defined by the grating period. However, in fruit flies the square-
wave does not interfere with the perception of motion responses
to the fundamental wavelength. Experiments related to these
using similar gratings have revealed that neither the time course
nor the magnitude of optomotor flight responses vary between
a square-wave pattern and a smooth sinusoidal pattern of the
same wavelength (Duistermars et al., 2007). The relative
insensitivity to high frequency components of a square-wave

B. J. Duistermars and others

pattern likely reflects the well-known spatial low-pass
characteristics of Drosophila’s photoreceptor optics as well as
the temporal low-pass characteristics of motion processing
pathway through the brain, pre-motor pathways and
musculoskeletal system.

We first described the spatial and temporal sensitivity of
expansion and rotation responses by systematically varying the
spatial period of the projected visual pattern and its velocity.
The stimulus regime was composed of periods of open-loop
large-field expansion or rotation test stimuli interspersed with
periods during which the fly had active closed-loop control of
a 30° vertical stripe. This stimulus regime insured that flies were
actively engaged in optomotor behavior when the test patterns
were presented. This was done to insure that each fly was tested
under similar optomotor control conditions – in this case
fixating a vertical stripe. For all experiments, closed-loop
periods lasted 5·s and test periods lasted 3·s each. Test stimuli
consisted of a sequence of four increasing velocities repeated

for five consecutive spatial period patterns, both
for expansion and rotation stimuli. Thus each fly
was stimulated with a set of 4"5"2=40 different
stimulus conditions – expansion and rotation of
five spatial period patterns at four velocities. The
spatial patterns were composed of (i) #*=15°
spatial period with a 75–25%, light:dark duty
cycle, (ii) #=15°, 50:50 duty cycle, (iii) #=30°,
50:50 duty cycle, (iv) #=60°, 50:50 duty cycle, (v)
#=90°, 50:50 duty cycle. At 50:50 duty cycle, the
15° grating was represented by two ON pixels and
two OFF pixels. Thus, for each image
displacement, the pattern moved 1/4 wavelength.
We therefore included the #* grating to control for
spatial aliasing. Velocity test values were 10, 169,
232 and 431°·s–1. These spatial period and
velocity combinations correspond to temporal
frequencies ranging from 0.11·Hz to 35.4·Hz. We
systematically increased velocity, instead of
randomizing them, in order to explicitly test for
any significant temporal hysteresis. We found no
such effects, probably because the flies had a
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Fig.·2. Optomotor steering responses to panoramic
image motion. (A) Example response to a test
expansion (Exp) and rotation (Rot) stimulus. In
response to expansion from the left, the amplitude of
the right wing beat decreases while the amplitude of the
left increases. As such left minus right amplitude
(!WBA) increases in response to both stimuli, but with
varying amplitude. Between test periods, the fly has
active control of a single vertical stripe. (B,C) Mean
responses to systematic variation in the spatial period
(B) and velocity of pattern motion (C). Solid line, mean
time-averaged responses; gray envelope, s.e.m.; N=36
flies. Red segments, 3-s open-loop expansion test
periods; blue segments, rotation tests; black segments,
intervening 5-s closed-loop control periods. Each row
shows mean responses to striped grating spatial period
as indicated. !WBA, (L–R, V) refers to left minus right
wing beat amplitude encoded in V. The time-varying
voltage signal is directly proportional to yaw torque.

Duistermars B et. al., Journal of Experimental Biology 2007 
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Hassenstein-Reichardt Detector Model  

r1(t) = ∫
∞

0
s1(t − τ)D(τ)dτ;  r2(t) = ∫

∞

0
s1(t − τ)δ(τ)dτ

r3(t) = ∫
∞

0
s2(t − τ)δ(τ)dτ;  r4(t) = ∫

∞

0
s2(t − τ)D(τ)dτ;

R(t) = r1(t)r3(t) − r2(t)r4(t)

D(τ) =
1
τ0

exp(−τ/τ0)

⟨R⟩ =
ωτ0

ω2τ2
0 + 1

r1(t) r3(t) r4(t)r2(t)
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• Computational level: Identify the computational 
problem and task that the brain solves.

• Algorithmic level: Find the mathematical procedures 
that solve the problem.  

• Implementation level: How the algorithms are 
realized by the nervous system.

top-dow
n
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FIG. 10 The fly’s eye(s). At left a photograph taken by H
Leertouwer 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.
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.

rate lens, and in large flies there are ∼ 5, 000 lenses in
each eye, with approximately 1 receptor cell behind each
lens, and roughly 100 brain cells per lens devoted to the
processing of visual information. The lens focuses light
on the receptor, which is small enough to act as an op-
tical waveguide. Each receptor sees only a small portion
of the world, just as in our eyes; one difference between
flies and us is that diffraction is much more significant
for organisms with compound eyes—because the lenses
are so small, flies have an angular resolution of about 1◦,
while we do about 100× better. [Add figure to emphasize
similarity of two eye types.]

The last paragraph was a little sloppy (“approximately
one receptor cell”?), so let’s try to be more precise. For
flies there actually are eight receptors behind each lens.
Two provide sensitivity to polarization and some color
vision, which we will ignore here. The other six receptors
look out through the same lens in different directions, but
as one moves to neighboring lenses one finds that there is
one cell under each of six neighboring lenses which looks
in the same direction. Thus these six cells are equivalent
to one cell with six times larger photon capture cross
section, and the signals from these cells are collected and
summed in the first processing stage (the lamina); one
can even see the expected six fold improvement in signal
to noise ratio, in experiments we’ll describe shortly.12

Because diffraction is such a serious limitation, one
might expect that there would be fairly strong selection

12 Talk about the developmental biology issues raised by these ob-
servations, and the role of the photoreceptors as a model system
in developmental decision making. For example, Lubensky et al
(2011). Not sure where to put this, though.

for eyes that make the most of the opportunities within
these constraints. Indeed, there is a beautiful literature
on optimization principles for the design of the compound
eye; the topic even makes an appearance in Feynman’s
undergraduate physics lectures. Roughly speaking (Fig
11), we can think of the fly’s head as being a sphere of
radius R, and imagine that the lens are pixels of linear
dimension d on the surface. Then the geometry deter-
mines an angular resolution (in radians) of δφgeo ∼ d/R;
resolution gets better if d gets smaller. On the other
hand, diffraction through an aperture of size d creates a
blur of angular width δφdiff ∼ λ/d, where λ ∼ 500 nm
is the wavelength of the light we are trying to image;
this limit of course improves as the aperture size d gets
larger. Although one could try to give a more detailed
theory, it seems clear that the optimum is reached when
the two different limits are about equal, corresponding to
an optimal pixel size

d∗ ∼
√
λR. (30)

This is the calculation in the Feynman lectures, and
Feynman notes that it gives the right answer within 10%
in the case of a honey bee.
A decade before Feynman’s lectures, Barlow had de-

rived the same formula and went into the drawers of the
natural history museum in Cambridge to find a variety
of insects with varying head sizes, and he verified that
the pixel size really does scale with the square root of
the head radius, as shown in Fig 12. I think this work
should be more widely appreciated, and it has several fea-
tures we might like to emulate. First, it explicitly brings
measurements on many species together in a quantita-
tive way. Second, the fact that multiple species can put

FIG. 11 At left, a schematic of the compound eye, with lenses
of width d on the surface of a spherical eye with radius R. At
right, the angular resolution of the eye as a function of the
lens size, showing the geometric (δφgeo ∼ d/R) and diffraction
(δφdiff ∼ λ/d) contributions in dashed lines; the full resolution
in solid lines.

The Fly Visual System
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Figure 2
Schematic of the fly optic lobe. In the lobula plate, the group of vertical system (VS) cells is shown as
three-dimensional reconstructions from 2-photon image stacks of single dye-filled cells (from Cuntz et al.
2007).

the same postsynaptic target, a so-called op-
tic cartridge (Vigier 1908, Trujillo-Cenoz &
Melamed 1966, Braitenberg 1967), the sensi-
tivity of the system is increased without sacri-
ficing acuity (Kirschfeld 1967). This principle
is called neural superposition. Whereas the ax-
ons of photoreceptors R1–6 stop in the lamina,
where they connect to large monopolar cells
and amacrine cells, the axons of photoreceptors
R7,8 run through the lamina without forming
synapses and terminate in specific layers of the
medulla.

The lamina contains, in addition to wide-
field amacrine cells, eight different cell types
per column, which connect it to the medulla:
five lamina monopolar cells, L1–5, two cen-
trifugal cells called C2 and C3, and the T1
cell. Ultrastructural studies on the connectiv-
ity within the lamina by serial sectioning trans-
mission electron microscopy and subsequent

3D reconstruction (Meinertzhagen & O’Neill
1991) revealed that only L1-3 and the amacrine
cell receive direct input from photoreceptor
R1–6 terminals via tetradic synapses. At these
tetrads photoreceptor synaptic transmission in-
volves the release of histamine by R1-6 (Hardie
1989). Histamine gated chloride channels de-
fective in the ort mutation (O’Tousa et al. 1989)
and encoded by the gene hclA (Gengs et al.
2002) are expressed on the postsynaptic tar-
get cells of R1–6 and mediate signal-inverting
synaptic communication: a strong, transient hy-
perpolarization upon illumination onset of the
eye, which is followed by a sustained compo-
nent that disappears with increasing light in-
tensity ( Jaervilehto & Zettler 1971, Straka &
Ammermueller 1991, Zheng et al. 2009). When
the light is switched off, a rebound depo-
larization is observed. The response of large
monopolar cells L1 and L2 readily adapts to the

54 Borst · Haag · Reiff
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While columns are equivalent to an array of channels 
that receive sensory input from discrete locations across 
the visual field, layers are devoted to extract information 
about specific visual features, such as color, motion, or 
contrast from each of these points in space (Clandinin & 
Feldheim, 2009).

The adult lamina consists of ^4000 neurons. R1–R6 
axons innervate the lamina following the neural super-
position principle (Braitenberg, 1967; Kirschfeld, 1967; 
Meinertzhagen & Hanson, 1993; Clandinin & Zipursky, 
2000; Sanes & Zipursky, 2010; Hadjieconomou et al., 
2011). Axons of six different R1–R6 photoreceptors in 
six neighboring ommatidia that receive input from the 
same point of space in the visual field converge into the 
same columnar modules, called lamina cartridges, where  
they form synaptic connections with three of five lamina 
neuron subtypes (L1–L5) (Figure 1B). This ensures the 

coherent representation of the visual field, while increas-
ing the sensitivity to light stimuli. The topographic orga-
nization is subsequently maintained in corresponding 
underlying columnar modules in the medulla, lobula 
plate, and lobula.

R8 and R7 axons, as well as the axons of lamina neu-
rons L1–L5 extend into the neuropil of the largest gan-
glion, the medulla, which consists of ^40,000 neurons 
(Hofbauer & Campos-Ortega, 1990). R8 axons terminate 
in the proximal half of the medulla neuropil layer M3 
(M3b; Ting et al., 2014), whereas R7 axons target to layer 
M6. In each column, the axon terminals of L1–L5 lamina 
neurons arborize in the distal layers M1–M5. The first 
comprehensive analysis in the Drosophila visual system 
using Golgi impregnations (Fischbach & Dittrich, 1989) 
reported ^70 medulla neuron subtypes that have cell bod-
ies in the surrounding cortex and form morphologically 

Figure 1. Architecture of the adult Drosophila visual system. (A) The optic lobe consists of the lamina, medulla, lobula plate, and 
lobula. The illustration shows a subset of neuron subtypes and their retinotopic projections. R1–R6 cells extend axons from the retina 
into the lamina, where they connect with lamina neurons L1–L3 in cartridges. Axons of R8 and R7 cells and lamina neurons L1–L5 
terminate in one or more of ten medulla neuropil layers (M1–M10). Transmedullary neurons (Tm and TmY) project from the medulla 
to subsets of six lobula (Lo) and four lobula plate (Lop) neuropil layers. Distal medulla (Dm) neurons innervate several columns in 
upper medulla layers. Medulla intrinsic (Mi) neurons connect distal and proximal layers. C neurons extend branches into the medulla 
and lamina. T neurons connect the lobula or lobula plate and medulla, or lobula and lobula plate. (B) R1–R6 axons innervate lamina 
cartridges following the neural superposition principle.

The Fly Visual System
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(Mi), centrifugal (C), and complex tangential (CT) cells relay temporally filtered signals to the dendrites of T4 cells in the medulla and
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Mi4, C3, and CT1 input in the left column. The same is true for subtypes T4c and T4d, just with
respect to the upper and lower columns.

Immunohistochemical studies (Pankova & Borst 2017, Richter et al. 2018, Takemura et al.
2017) identified the transmitter phenotype of each input neuron, which has important implica-
tions for the functional interpretation of this input organization. Together with single-cell RNA
sequencing (Davis et al. 2020), these studies revealed that Mi9 uses glutamate, Mi1 and Tm3
use acetylcholine, and Mi4, C3, and CT1 use γ-aminobutyric acid (GABA) as their respective
transmitters. To understand the effect of a transmitter on the postsynaptic neuron, the respective
receptor is of decisive importance. Single-cell and bulk RNA sequencing in T4 cells showed
high expression levels of the glutamate-gated chloride channel GluClα and several subunits of
nicotinic acetylcholine and GABAA receptors (Davis et al. 2020, Hörmann et al. 2020, Pankova
& Borst 2016). Using a novel method for the conditional tagging of endogenous proteins,
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And third, in agreement with the Hassenstein–Reichardt model, medullary neurons constitute a
temporal filter bank that supplies both T4 and T5 cells with a repertoire of differentially filtered
input signals (Arenz et al. 2017, Serbe et al. 2016, Strother et al. 2017, Yang et al. 2016).

In the OFF pathway, Tm9 neurons, which form synapses at the tips of T5 dendrites, have
much longer response time constants compared to those of Tm1, Tm2, and Tm4 in the neigh-
boring column (Serbe et al. 2016). Consequently, an enhancement of responses to motion in the
preferred direction could arise from a supralinear interaction between the excitatory synapses in
the two columns (Leong et al. 2016, Haag et al. 2017). Responses to motion in the null direction
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Figure 1
Models of motion detection. (a) A visual motion detector requires at least two input signals (SA and SB) from adjacent photoreceptors
(A and B). The signals are differentially delayed by !t so that they coincide at the detector only if A is activated prior to B, as is the case
for motion in the preferred direction (rightward) but not for motion in the opposite direction. A nonlinear interaction is required to
detect the coincidence of SA and SB. The bottom two rows of graphs show a signal summation (SA + SB) followed by a threshold
(horizontal dashed line) and a signal multiplication (SA × SB). (b) Early proposal of a motion detection circuit. Panel b reproduced from
Exner (1894) (public domain). (c) Correlation or Hassenstein–Reichardt detector. Photoreceptor signals from adjacent image points are
differentially filtered in time (F and H) and multiplied (M) in a mirror-symmetrical way. The outputs of the multipliers are subtracted.
Panel c reproduced with permission from Reichardt (1961); copyright 1961, Massachusetts Institute of Technology. All rights reserved.
(d) Preferred direction excitation and null direction inhibition, realized by AND (left) and AND NOT (right) gates, respectively, as two
alternate mechanisms underlying direction selectivity in the rabbit retina. Panel d reproduced with permission from Barlow & Levick
(1965). (e) A combination of the two mechanisms within one stage, as proposed by Haag et al. (2016, 2017) and Leong et al. (2016).
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