
Neural encoding of motion visual cues in horizontally sensitive

neurons of Drosophila
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Abstract

This master dissertation proposes a new model for the Drosophila melanogaster direction-selective
visual motion detection circuit, with a novel circuit based on the anatomical configuration of the fruit
fly eye. The activity of horizontally-sensitive neurons of the fly optic lobe was recorded, while visual
stimuli designed to calibrate and validate the circuit for horizontal motion detection in Drosophila
was presented. The developed model completely explains the experimental data while the most used
phenomenological model, the Hassenstein-Reichardt Correlator (HRC), does not.

The new model was able to encode motion with direction-selectivity, shows velocity dependent
amplitude and optimizes the response for the same temporal frequency across different spatial pattern
wavelengths, features present on experimental results. The results obtained for this unique model
are very promising and the implementation of the model allows easy manipulations. Our model has
a realistic implementation, allowing for direct comparisons to the biological circuit, and to compare
model-based manipulations with genetic manipulations in the biological system, something that has
not been possible to do before with the traditional phenomenological HRC model. Moreover, advanced
features of the network, such as the insertion of history-dependent responses and the incorporation of
both the visual and motor responses in one circuit, can be studied with our model.
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1. Introduction

The creation of models that try to explain the com-
putations done by the nervous system are a vital
part of neuroscience, helping in the characterization
of the nervous system at study by determining what
they do and how they function, amongst other capa-
bilities. There are many types of models and mod-
elling approaches, going from the phenomenologi-
cal models that focus on obtaining results similar
to the experimental results without taking into ac-
count the biological implementation, to neural net-
works models based on connectionism, in which the
nervous system is described by interconnected net-
works of simple units, trying to link experimental
data, mathematical theory and biologically plausi-
ble mechanisms.

1.1. Vision and Motion Detection

A particular case of study in neuroscience is the
integration of sensory inputs and the resulting mo-
tor action. One of the most important inputs is
vision, described by the interpretation of the en-
vironment through the processing of the images of
visible light detected by the photoreceptors, present
in the retina of the eyes. Motion detection is a fun-

damental function of all visual systems, with which
vital cues for navigation, course control and object
detection/pursuit are obtained.

The function of the motion detection mechanisms
of the brain is to interpret the image flow projected
onto the photoreceptor layer, creating a variable
spatio-temporal pattern of light-intensity (due to
the constant motion of the image flow), and to ex-
tract information regarding the surroundings and
the animal self-motion. Neurons that respond to
visual motion cues in a direction-selective way are
present in practically every species with visual ca-
pabilities [1].

1.2. Drosophila melanogaster

Since most of the fundamental phenomenological
proposed motion computation mechanisms seem
to be shared throughout the animal kingdom,
Drosophila have gained particular importance as a
mean to gain insight into molecular, cellular, devel-
opmental mechanism that lead to circuit function.
Also, with a brain of only around 100,000 neurons,
the fruit fly is still able to exhibit many complex be-
haviours such as associative learning, sensorimotor
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integration and social behaviours.

Regarding the study of image motion processing,
the easiness to create mutants with specific neural
circuits altered and to record its nervous systems
using imaging and electrophysiological techniques,
adding to an interesting mix of brain numerical sim-
plicity and behavioural complexity make Drosophila
a prime candidate for these experiments [2].

1.3. Objectives

The objectives of this master thesis is to create an
innovative model for the Drosophila elementary mo-
tion detectors, with the construction of a neural
network based on Hopfield neurons, to predict the
membrane potential of a group of wide-field, motor
detector neurons known as horizontal system (HS)
cells. For that, a novel feature will be added to the
existing models, with the insertion of time delays
between signals, to mimic the features of the visual
system and the results obtained from phenomeno-
logical models. At the same time, the model will
take into account the discoveries made of the fly vi-
sual system, to make it the most realistic, i.e. the
most similar to the Drosophila neural system. A
model, with such characteristics, has many advan-
tages, such as being able to make predictions of per-
turbations and compare the results obtained with
genetic manipulations and to facilitate the incor-
poration of both the visual and motor responses.
Furthermore, this unique approach could help ex-
plain the flaws of the current models and originate
possible improvements.

2. Background
2.1. Fly visual system

Like in vertebrates eyes, the image in the Drosophila
eye is projected into an array of photoreceptors that
will form a neural representation of the environ-
ment. However, the structure of the eye is very
different to ours, made of repetitive hexagonal ele-
ments called ommatidia, inside which the photore-
ceptors reside, with different optical axes and op-
tically isolated from each other. In each ommatid-
ium light is focused through a small lens onto 8
photoreceptors (R1-R8), with two central (R7,R8)
stacked on top of each other, surrounded by the
other six (R1-R6) . The eye has around 750 omma-
tidia, with 32-34 vertical columns of unit eyes and a
graded number of ommatidia per column across the
eye, creating the characteristic oval shape. The eye
of Drosophila covers almost 180 degrees of visual
space, with an interommatidial angle of 4.6 degrees
[2].

Despite the different optical axes for the distinct
photoreceptors in one ommatidium, seven photore-
ceptors in seven neighbouring ommatidia have par-
allel optical axes i.e. seven photoreceptors from
seven different ommatidia receive input from the

same point in space. Those photoreceptors are con-
nected to the same postsynaptic target, a cartridge
of secondary neurons in the lamina, the first optic
ganglion of Drosophila. Thus, each cartridge de-
tects light coming from just one point in space [3],
a principle called neural superposition.

The fly visual ganglia is divided into 5 layers
called: the retina, lamina, medulla, lobula and the
lobula plate, with a columnar organization, as seen
in 1. The retina is the location where the om-
matidia, and subsequently the photoreceptors, are.
The next layer, i.e. the lamina, possesses eight dif-
ferent cell types that connect the lamina with the
medulla: the lamina monopolar cells (L1-L5), two
centrifugal cells (C1,C2) and T1. The photorecep-
tors R1-R6 connect to the cells L1-4, while the re-
maining cells, the central (R7,8), only terminate in
specific layers of the medulla, without making any
synapses in the lamina [4].

The medulla has many different neurons, with
some taking part in the motion detection pathways,
such as the intrinsic medulla neurons - Mi, that only
ramify in two or more layers inside the medulla, the
transmedulla neurons - Tm - that connect one or
more layers of the medulla to the lobula and the
bushy T-neurons (T2-T5).

The T-neurons are divided into T2 and T3 that
ramify into the lobula, the T4 cells that connects
the deepest layer of the medulla to the lobula plate
and the T5 that connects the lobula to the lobula
plate. Both the T4 and T5 cells ramify to four
different layers of the lobula plate, being therefore
named T4a-T4d and T5a-T5d, respectively. The
dendrites of T4 and T5 are the most upstream neu-
rons to display direction selective signals, with each
subtype of each cell responding preferentially to mo-
tion in one of the four cardinal directions. Despite
the columnar organization of the optic lobes, in-
dividual T4 and T5 neurons have dendrites across
multiple columns, receiving synaptic input from
medulla neurons located in columns that not their
own.

In the last neuropile, the lobula plate, there are
located the Lobula Plate Tangential Cells - LPTC,
large neurons that cover hundreds or thousand of
columns with their dendrites. All of the LPTC de-
tected so far are motion-sensitive, being grouped
according to the type of movement they react to,
vertical(Vertical System i.e. VS-cells)) or horizon-
tal (Horizontal System i.e. HS-cells) [2]. Each
Drosophila eye possesses three HS-cells (the north-
ern HSN, the equatorial HSE and the southern HSS-
cell), and 6 VS-cells (VS1-VS6). Together they
cover almost completely the visual space surround-
ing the animal.

The lamina cells L1 and L2-4 provide input to
parallel motion detection pathways encoding light
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increments (ON) and decrements (OFF), respec-
tively [5]. The L1 neurons connect to Mi1 and Tm3
neurons that will then connect to the four T4 cells.
The OFF pathway is more complex, with L2 neu-
rons having synapses to Tm1, Tm2 and Tm4 as
well as L4 cells, L3 connecting to Tm9 and L4 in-
putting to Tm2. Then, these four medulla neurons
connect to T5 on the lobula[6], as depicted on 1.
Recent work [7] has shown the different degrees of
involvement of the four Tm cells in the OFF motion
processing, while showcasing different temporal fil-
ter properties and not showing direction selectivity.

Figure 1: Circuit diagram of the ON and OFF
pathways of D. melanogaster motion vision. Tran-
scribed from [8].

2.2. Hassenstein-Reichardt correlator
In 1956, Hassenstein and Reichardt presented their
phenomenological model [9], named Hassenstein-
Reichardt correlator (HRC), to describe the be-
havioural response of a bettle to visual stimuli and
it is today one of the most influential theories of
visual motion detection. This model computes mo-
tion from local luminance change and is based on a
delay-and-compare mechanism between neighbour-
ing photoreceptors signals. The signal from one
photoreceptor is delayed, usually with a low-pass
filter, and them compared, i.e. multiplied, with
the non-delayed signal from a neighbour photore-
ceptor. This result is subtracted from a mirror
symmetric computation, with the final output able
to detect motion direction. Results obtained from
this model are able to predict several electrophysi-
ological and behavioural data from many different
species, including humans. Due to its simple and
phenomenologic-orientied construction, this model

fails for some visual stimuli [10] and is anatomi-
cally inexplicit [11], mainly due to the multiplica-
tion stage, that would be difficult to implement by
known synaptic mechanisms.

(a) Original HRC model (b) 2 Quadrant Detector
model

Figure 2: Different Hassenstein-Reichardt corre-
lator models. (a) Original HRC model (b) 2-
Quadrant-Detector model. Transcribed from [5].

2.3. McCulloch-Pitts neurons
Presented by McCulloch and Pitts in 1943 [12],
the McCulloch-Pitts Neuron - MCP neuron - is a
very simplified model of a neuron. It is basically
a threshold logic unit, with an all-or-nothing fea-
ture, which McCulloch and Pitts assumed about
the workings of a real neuron. A MCP neuron re-
ceives one or more logical inputs x1, ...., xn, adds
them, and compares the combined input x with a
decimal threshold T . If the combined input is equal
or superior to the threshold, the MCP neuron out-
put y will be 1 i.e. the neuron will fire. Otherwise,
will output 0 and the neuron will stay at rest. Since
each input, that in the biological case correspond to
synapses, can have different influence in the firing of
the MCP neuron, a decimal weight wi is assigned
to each input xi. So, the combined input will be
given by

x = w1×x1+w2×x2+.....+wn−1×xn−1+wn×xn.
(1)

It is worth noting that the weights wi can be
positive or negative, representing a excitatory or
inhibitory signal respectively. In conclusion, if
x > T → y = 1 and x < T → y = 0. By defin-
ing distinct combinations of weights and threshold,
many different MCP neurons can be produced. In
the original paper, it was showed that any function
which assigns a 0 or 1 to a fixed number of inputs,
each of which are either 0 or 1, can be reproduced
by a network of MCP neurons.

2.4. Hopfield networks
Hopfield networks are recurrent neural networks
that were first introduced in 1982 [13], with binary
neurons similar to MCP neurons and a dynamical
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update of state, where a neuron of the network is
picked at random and has its state update with the
same rule of the MCP neurons. A similar network,
where all neurons have synchronous updates was
also created and studied.

However, an important divergence between the
models presented above and the biological and
physical systems are the input-output relations.
Real neurons have continuous relations while MCP
neuron models have a 0 or 1 output. In 1984, Hop-
field showed that neurons with graded response,
such as the Drosophila HS neurons that will be the
focus of this work, have collective properties like the
two-state neurons, thus validating the use of these
models for graded potential neurons [14].

The response of an simplified Hopfield neuron
is described by an equation of the form V̇ =
−V/(CR) + αg(i(t)), where V is the axonal trans-
membrane potential drop, i(t) is the input signal in
the form of a synaptic current, R is the axonal resis-
tivity and C is a capacity describing the potential
drop across the axon membranes. The constant α
measures the intensity of the action potential type
response of the neuron and g is a function that con-
verts internal potential into firing rate output of the
neuron.

3. Experimental results
3.1. Setup

The experimental recordings were done following
the methodology of [15]. To be able to record from
a fly HS neuron, the fly was dissected and then
mounted under a microscope, with the head fixed,
while positioned on an air-suspend ball. In vivo,
whole-cell patch-clamp recordings from HS neurons
were then performed. Current-clamp data was fil-
tered at 4 kHz and digitized at 10 kHz. For our
experiments the fly was also immobilized by glue-
ing the legs of the fly to the ball.

The stimulus presented to the fly was created be-
forehand on MATLAB software and was used to
create every single LED present on the arena. The
protocols chosen to characterize the basic proper-
ties of the Drosophila motion detection system were
vertical stripes, known to elicit large behavioural re-
sponses and strong neuronal activity, which could
be static or move in either direction. The velocity
of motion was defined as the change of pixel po-
sition per second - pixel/s, e.g. a protocol with a
velocity of 10 pixel/s has ten shifts in the position
of all LED, in the desired direction, for each second
of simulation.

3.2. Drum

To start our characterization of the HS neurons re-
sponse, a drum stimulus (Figure 3) was presented
to the fly. In this protocol, a drum stimulus with
bars of 5 LED width is showed to an immobilized

fly and for three seconds the whole drum moves
in one direction at 10 pixel/s. After a period of
three seconds with static input, it moves for other
three seconds in the opposite direction, at the same
speed. For this situation, the neurons respond in
the expected fashion (Figure 3), showing the direc-
tion selective property of HS cells: the difference in
the responses of HS cells for motion in the preferred
and null direction.
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Figure 3: Characterization of the Drosophila vi-
sual motion circuit output (a) Input to the circuit:
Drum stimulus, with bars of 5 LED width, pre-
sented to the fly. Features both motion to the right
(PD) and to left (ND) at 10 pixel/s. (b) Output of
the circuit: Example electrophysiological recording
of the membrane potential of a HS neuron when
presented motion to the preferred direction (pur-
ple) and to the null direction (yellow), for a drum
with 5 LED bar width and moving at 10 pixel/s.
In the former we have a noticeable depolarization
and in the latter a small hyperpolarization. Gray
lines represent single trials and black is the average
result, n = 10 from 1 fly.

The response, for the preferred direction (PD)
and null direction (ND), is given by a fast depolar-
ization/hyperpolarization in the amplitude value,
respectively. Afterwards, the amplitude decreases
but does not reach baseline value, with a visible
change of the average value of the response during
the movement.

This is the most fundamental result of a
direction-selective motion detector and will be the
first validation that all models must pass. If any
flaw on this simple stimulus is found, the model
is considered flawed and must be improved or dis-
carded. If the models are able to predict this result,
we will then more simulations, with inputs based
on the results obtained in our experiments or on
the field’s established results, will be done to test
them.

Changing the drum stimulus to bars with 1 or 2
LED width will generate no response from the HS
neurons while keeping the 5 LED width bars but
having motion at 2 or 4 pixel/s will generate peak-
like responses with the same frequency of the visual
stimulus speed.
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Having analysed the response for drum stim-
uli, it was important to understand the response
elicited by a stimuli of single and double bright
bars, with dark background.The speeds analyzed
were the same tested with the drum stimuli (2, 4
and 10 pixel/s). In contrast to the wide-field drum
stimulus, the widths of the bars were restricted to
1-2 LED width, to make the response of HS cells
restricted to the excitation of a few number of om-
matidia.

Interestingly, the bars with 1 LED width generate
a response from the HS cells for every combination
of speeds, with the same peak responses observed
on the drum stimuli. For all speeds, changing the
width of the bars from 1 LED to 2 increases the
amplitude of the response, without any change to
the shape of the signal.

3.3. Flicker
A very important feature when studying a motion
detector is the response to changes in the light in-
tensity, without motion, the so-called flicker stim-
ulus (Figure 4). Here we show the HS neurons
response when the light intensity detected by all
photoreceptors changes. In this situation, the cells
show a depolarization in the moment that the lights
turn on, but none when they are turned off.
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Figure 4: Input and electrophysiological recording
of the membrane potential of a HS neuron when
presented with wide-field flicker. Cyan show the
moments the LED were turned on.

3.4. Established results
An established experimental result, of which no
recordings were done for this work, is the velocity
dependent response of the HS neurons. The neu-
rons response in function of velocity has a mono-
tonic increase until the maximum is reached and
a monotonic decrease afterwards. The response is
also a function of the spatial wavelength of the pat-
tern presented. A larger spatial pattern will have
an optimal normalized response for a larger velocity
when compared with a smaller spatial pattern.

The temporal frequency of a stimulus is the ra-
tio between the motion velocity and the spatial
wavelength of the pattern and HS neurons show
maximum response for 1 Hz[16, 17] The velocity
for which the normalized response is maximum de-

pends on the spatial pattern present. When cal-
culating the temporal frequency of both cases, the
maximum response occurs for a temporal frequency
of approximately 1 Hz.

Contrast, determined by the difference of color
and brightness on the field of view, influences the re-
sponse of the HS cells of Drosophila. The higher the
contrast present on the image detected, the greater
the response of the neurons.

4. Models

4.1. 2 Quadrant Detector Model
A 2 Quadrant Detector model was implemented.
This model is based on the original HRC model, as
seen in 2(b), with the insertion of a high-pass filter
and half-wave rectifier. In this implementation, the
signals of two adjacent cartridges are used as input
for the EMD. The input signal of a cartridge is high-
pass filtered and then half-wave rectified, separat-
ing it into two quadrants, one for brightness incre-
ments (ON) and another for brightness decrements
(OFF). The half-pass filtered signals that go to each
quadrant generate two branches: in one branch the
signal is low-pass filtered and then multiplied with
the output of the neighbour cartridge high-pass fil-
tered signal; the other branch goes through a mirror
symmetric operation, i.e. is multiplied by the high
and low-pass filtered signal from the neighbour car-
tridge. The final output of each pair of cartridges is
given by the weighted subtraction of the two mul-
tiplication results. The result of both quadrants is
then added to generate the final output of the de-
tector, with the possibility of assigning weights to
each quadrant.

The time constants used for the high-pass filter
or τHP is 50ms and for the low-pass filter,τlP , is
15ms, the same values used by [18]. The filters
implemented were the simplest available by MAT-
LAB, a 1-pole low-pass filter, which for the vector
x is given by the following code

The model captures the direction selective mo-
tion detection, having negative responses to ND mo-
tion and positive responses to PD motion (Figure
5(a)). However, they lack the difference in ampli-
tude for PD and ND motion present on the HS neu-
rons.

This result validates the implementation of the 2
Quadrant Detector model, making it a proper com-
parison for the developed models.

4.2. Neural Networks Models

4.2.1 Initial assumptions

To construct a model that detects motion to the
right or the left we assumed that: only two adja-
cent (horizontal) cartridges were required, o1 and
o2, with Boolean (0 or 1) input x1(t) and x2(t),
respectively, and the system generates a Boolean
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output y(t), that is a logic function of the input
signals, y = f(·), where t is time.

The visual stimulus consists of vertical bars with
two LEDs of width i.e. · · · 001100110011 · · · , where
1 represents a light bar and 0 a dark bar. Further-
more, is assumed that the visual stimulus can only
shift once per time step. So, motion to right during
two time steps is represented by the light spatial
patterns

· · · 001100110011 · · · → · · · 100110011001 · · · .

For a system with two cartridges, sensitive to
variations of light intensity, and remembering the
necessity of delayed signals in a motion detector,
the boolean output function f(·) must depend on
four variables

y(f(x1(n− 1), x1(n), x2(n− 1), x2(n)), (2)

where xi(n) is the stimulus perceived by cartridge
number i, at the discrete time n.

Let us assume that the resulting computed signal
is y = 1 if the system detects motion. In the other
cases the resulting output signal is y = 0.

We now distinguish two possible output func-
tions, an output function for the right motion (fr)
and an output function for the left motion (fl).
Adopting the order of the variables in eq. 2, the
resulting values of the fr and fl functions are

fr(1101) = 1 fl(1110) = 1
fr(0100) = 1 fl(1000) = 1
fr(0010) = 1 fl(0001) = 1
fr(1011) = 1 fl(0111) = 1

(3)

s and fr(·) = 0 and fl(·) = 0, otherwise.

4.3. XOR model

The first approach taken was the simplification of
the boolean functions fr and fl, by reducing the
number of independent input signals. From eq. 3,
we have x1(n−1) = x2(n). After eliminating x2(n)
from the independent variables, the resulting out-
put function for the motion to the right obeys to

fr(110) = fr(010) = fr(001) = fr(101) = 1

together with fr(·) = 0, otherwise. From the last
values, we can conclude that fr is independent of
x1(n−1), and the resulting function that computes
the motion to the right is

y = fr(x1(n), x2(n− 1)) = x1(n)⊕ x2(n− 1) (4)

where ⊕ is the XOR boolean function.

With the same arguments, it is straightforward to
show that the function that computes the motion
to the left is

y = fl(x1(n− 1), x2(n)) = x1(n− 1)⊕ x2(n). (5)

The analysis just performed is boolean and, in
general, neurons have a response that is continuous
or analog. So, the next step is to convert the XOR
boolean function to a function that admits contin-
uous inputs. For that, the graded neurons used on
the Hopfield networks were implemented. Since we
wanted to have neurons with a saturated response
to input signals, a property of biological neurons
and one of the issues plaguing the HRC models,
the hyperbolic tangent was chosen as the function
g, making

V̇ = −V/(CR) + α tanh(i(t)) (6)

the full Hopfield neuron equation used in our model.
Under these conditions and by eq. 5, a neuron

able to perform an analog XOR function can be
qualitatively described by the delayed ordinary dif-
ferential equation

V̇ = − 1

RC
V + α tanh(|x1(t)− x2(t− τ)|). (7)

Note that the difference |x1(t)−x2(t−τ)| behaves as
a analog XOR function, in the sense that if x1 = x2,
than tanh(|x1(t) − x2(t − τ)|) = 0, and for large
values of |x1(t) − x2(t − τ)|, tanh(|x1(t) − x2(t −
τ)|)→ 1. The analog XOR to detect motion to the
left has a similar expression but with |x1(t − τ) −
x2(t)| as the argument of the hyperbolic tangent in
eq. 7.

The output of the XOR is the equivalent to the
response of T4/T5 neurons in the fly visual system
since it detects motion either to the right or to the
left. This output is then integrated by another Hop-
field neuron that will sum the response of all XORs
used, a number that is dependent of the number
of cartridges considered. This last Hopfield neuron,
that corresponds to the HS neuron in the fly visual
system, is described by

Ż = − 1

RC
Z + β

N∑
n=1

wiVi. (8)

where Z is the response of the Hopfield neuron, Vi
is the response of individual XORs and wi is the
weight of each XOR in the sum. To best match
the experimental results for the right optic lobe of
Drosophila, the weights for right detectors are set
at 1 and for left detectors are 1/3.

This model is able to detect motion to the left
and right correctly, however it responds to static
stimulus. Due to this, modifications were necessary
and a improved model was created.
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4.4. XOR model with transfer function

The baseline response is the main problem of the
XOR model and to understand it, we went back to
the original truth table used to create the model.
The problem was the simplification made when two
variables where deemed as non-necessary. That
would be only true if the stimulus was in constant
motion. If we consider the case when the stimulus
can be static, all four variables are necessary.

Upon careful examination, the cases that gener-
ate a false positive response are for f(0101) and
f(1010). These results should respond with y = 0
but taking into account the logic function used, the
XOR model responds with y = 1. In both of these
cases, the values for x1(n− 1) and x2(n) are differ-
ent. Following the thought process behind the XOR
model, we can use another XOR with these remain-
ing variables and have a model that only responds
y = 1 when the XOR with x1(n) and x2(n − 1) is
active and the one with x1(n− 1) and x2(n) isn’t.

So, if we make an AND function (the so called
tFUN in the title of the section) of the previously
used XOR and a XNOR of the previously unused
variables i.e f(x1(n), x1(n + 1), x2(n), x2(n + 1) =
(x1(n)⊕x2(n− 1))∧¬(x1(n− 1)⊕x2(n)), we have
the desired response.

An interesting aspect of this new configuration is
that the XNOR presented here to detect motion to
the right uses the same variables as the XOR that
detects motion to the left in the previous model and
vice-versa. Hence, this model neural network would
be equal to the previous XOR model, with the in-
sertion of an extra layer of neurons/processing, that
would be made of two ANDs, one for the right de-
tector and other for the left detector. The result
of the ANDs would correspond to the T4/T5 layer
that detect motion in the fly visual system.

The result of the ANDs will then be the inputs
to the Hopfield neuron that sums the response of
all pairs of cartridges eq. 8, with the same weights
as mentioned before (1 for the right and 1/3 for the
left XORs) and corresponds to the HS neuron of the
fly visual system.

With this configuration, the model will respond
only as a motion detector, with no response to static
stimulus (Figure 5(b)).

4.5. Logic-function

In order to further develop a model for the visual
system, we write the boolean functions of 3 in a
close form, with the operators the algebra of logic.
This has been calculated with the truth tables and
the Mathematica programming language. Possible
normal forms for the boolean functions defined in

eq. 3 are

fr(x, y, z, w) = (x ∧ y ∧ ¬z ∧ w)
∨(x ∧ ¬y ∧ z ∧ w) ∨ (¬x ∧ y ∧ ¬z ∧ ¬w)
∨(¬x ∧ ¬y ∧ z ∧ ¬w)

fl(x, y, z, w) = (¬x ∧ y ∧ z ∧ w)
∨(¬x ∧ ¬y ∧ ¬z ∧ w) ∨ (x ∧ y ∧ z ∧ ¬w)
∨(x ∧ ¬y ∧ ¬z ∧ ¬w)

(9)

where x = x1(n− 1), y = x1(n), z = x2(n− 1) and
w = x2(n).

The analysis just performed is boolean and in
general neurons have a response that is continuous
or analog. So, the next step is to convert the log-
ical boolean functions to a functions that admits
continuous inputs.

As the functions fcl and fcr are performed by
neurons, to describe the neuronal response, we
adopt a simplified Hopfield neuron model, where
neurons have a saturated response to input signals,
a property of action potential signals. The response
of an Hopfield neuron is described by the equation
of the form V̇ = −V/(CR) + f(t)/C, where V is
the axonal potential response at the synapses, f(t)
is the input signal in the form of a dendritic cur-
rent, R is the axonal resistivity and C is a capacity
describing the potential drop across the axon mem-
branes.

Under these conditions and by eq.2, a neuronal
system that describes the complex boolean function
can be qualitatively described by the delayed ordi-
nary differential equation

V̇ = − 1

RC
V+

1

C
fcr(x1(t−τ), x1(t), x2(t−τ), x2(t)).

(10)
The corresponding equation to detect motion to the
left has a similar expression but with fcl(x1(t −
τ), x1(t), x2(t− τ), x2(t)) as input.

This model detects the right and left motion as
desired and has no baseline response when the input
consists of values of 0 (dark) and 1 (bright) (Figure
5(c)).

4.6. Implementation

All neural networks inspired models were imple-
mented with Mathematica software and all differen-
tial equations were solved using the NDSolve func-
tion. To guarantee the best comparison possible
between the results of these models and the HRC,
the input signals for every simulation protocol were
shared across models. The input signals were cre-
ated on MATLAB, following the method used in
[18] and then imported to Mathematica. To cap-
italize the features of the software, the data was
interpolated, thus creating a continuous time func-
tion that was used as input.
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Figure 5: Responses to drum stimuli with 5 LED
bar width and 10 pixel/s for (a) 2 Quadrant De-
tect,(b) XOR model with transfer function and (c)
Logic-function (blue). Purple shows the timing
with motion in the PD and yellows motion in the
ND.

Keeping the same methodology from the HRC
model analysis, the tuning curves where created us-
ing the average value of the response for each dif-
ferent velocity and spatial pattern wavelength. For
a better comparison with the 2 Quadrant Detector
model implement, the delay chosen was the same,
of δ = 15ms. This delay is also in agreement with
the recordings of the medulla neurons that synapse
to the T4 and T5 neurons [19].

5. Models simulations

For the drum stimuli, the all models respond in the
same way of the HS neurons, with peaks that in-
crease in amplitude when the speed of the input
increases (Figure 6, comparing to Figure 5). The
response has different amplitude for the PD and
ND as desired with the weights implementation, al-
though the HRC has the unwanted side-effect of a
positive peak following every negative one.

Regarding the single stripe experiments (Figure
7), the models respond with peaks that have the
same frequency as the input speed. Increasing the
speed not only increases the number of peaks, but
the peaks amplitude as well. The change on the
bars’ width yields small amplitude increases, in ac-
cordance with the experimental results.

Increasing the LED width from 1 to 2 increases
the amplitude of the responses to the double. Such
result is explained by the models’ logic and imple-
mentation, due to the stimulation of the double of
EMDs. When only one 1 LED bar is moving, only
two cartridges are used for motion detection per
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Figure 6: Responses to drum stimuli with 5 LED
bar width and 4 pixel/s for (a) 2 Quadrant Detect
and (b) XOR model with transfer function (red)
and Logic-function (blue). Purple shows the timing
with motion in the PD and yellows motion in the
ND.
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Figure 7: Responses to single stripe stimuli with 2
LED bar width and 10 pixel/s for (a) 2 Quadrant
Detect and (b) XOR model with transfer function
(red) and Logic-function (blue). Purple shows the
timing with motion in the PD and yellows motion
in the ND.

stimulus motion. Using 2 LED width bars increases
that number to three, using two EMDs, one for each
edge of the bar.

Regarding the flicker response, the HRC responds
both for the global and the local flickering (Figure
8(a)) with a peak for both the onset and offset of the
visual stimulation. This is due to the simultaneous
detection of motion by both the the left and right
detector and the uneven weights in the subtraction.
Is interesting to note that the first peak has a higher
amplitude and then the response stays above zero
until the offset of light, where it has another peak.
The result for the offset of the stimulus contradicts
the experimental results.

The wide-field flickering is the result that sets
the Logic function model apart the XOR model
with transfer function (Figure 8(b)). While the
Logic function model responds to both the onset
and offset of visual stimulation with the a peak, the
XOR model with transfer function remains at zero
throughout the whole simulation.

Having run simulations for all the experimental
results obtained, simulations were done to test the
established results. The tuning curves were tested
by using the drum input with 5 LED width bars and
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Figure 8: Responses to flicker stimuli for (a) 2
Quadrant Detector and (b) XOR model with trans-
fer function (red) and Logic-function (blue). Purple
shows the timing with motion in the PD and yellows
motion in the ND.

speeds ranging from 2 to 1000 pixel/s. The velocity
dependent response is present on all models (Figure
9), with an increase of the response with the speed
until a maximum is reached, followed by a decrease.
Here is also visible the lack of response from the
neural network models to the 1 LED width bars,
apart from the Logic-function at excessively high
speeds. The 2 Quadrant Detector shows responses
for all speeds, contradicting the experimental data.
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Figure 9: Tuning curves of the response of the 2
Quadrant Detector model and the two created mod-
els. Simulations done using a drum with 5 LED
width bars, moving at 10 pixel/s, as input.

As an additional test, the contrast dependence re-
sponse verified on the fly motion detention system
was analyzed in the 2 Quadrant Detector and de-
veloped models by running the drum stimulus with
5 LED width bars and 10 pixel/s at different value
of contrast e.g. instead of 0 and 1 as input, it would
be 0 and 0.5, which would have a contrast of 50 %.
The 2 Quadrant Detector and the Xor model with
transfer function increase their response with the in-

crease of contrast, while the Logic function model
has higher amplitudes for lower contrasts (Figure
10).
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Figure 10: Response of: (a) HS neurons and (b)
Logic function model (blue), XOR with transfer
function (red) and 2 Quadrant Detector model
(black) for movement in the PD and variable con-
trast. Simulations done using a drum with 5 LED
width bars, moving at 10 pixel/s, as input.

6. Conclusions
Two innovative models, based on neurons from
Hopfield networks, to model horizontal motion vi-
sion on Drosophila melanogaster were created, that
are to explain the experimental results of the bio-
logical system when presented with simple stimuli,
while our implementation of the HRC fails to do
so. The Logic-function model, due to its capabil-
ity to reproduce our experimental results and the
established results of velocity dependence and tem-
poral frequency optimization, while having a realis-
tic biological implementation is a huge achievement.
Furthermore, it features a unique combination of
Boolean logic and continuous implementation, be-
tween the neurons equivalent to the T4/T5 neurons
and the Hopfield neuron used to sum the responses
from the EMDs, respectively. This model has better
results and a most realistic implementation than the
Hassenstein-Reichardt model that has been studied
for the last 60 years, which is a remarkable feat.

Despite the stellar results obtained with the logic-
function model, is still necessary to implement the
separation of inputs into ON and OFF pathways,
a very important feature of the neural circuit of
the fly optic lobe to implement, making it one of
the most immediate concerns and near-future ob-
jectives.

The experimental results used on this thesis rep-
resent relatively simple stimuli, which allowed us to
characterize and calibrate the circuit of direction
sensitivity motion detection of Drosophila. Experi-
mental recordings and simulations with more com-
plicated stimuli, not necessary for our characteri-
zation, are the logical next step to test our model.
The HS neurons have demonstrated adaptation and
history-dependent responses, a feature poorly stud-
ied and not present in any developed model so far.
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Our model structure and implementation allows us,
for the first time, to understand and calibrate such
mechanisms.

Taking advantage of the circuit structure and its
flexibility, we could implement increasing anatom-
ical results and experimental facts linking the fly
locomotion to HS neurons in our models, while the
HRC models would struggle with it. Recent results
have shown the possibility of lateral interactions be-
tween distant cartridges or the use of more than two
inputs for each single EMD, which would be inter-
esting to explore.

The realistic implementation of our model also
permits the use of genetic manipulations to better
understand this neural circuit. Genetic manipula-
tions available on the fruit fly allow to not only
record but also to activate or inhibit specific neu-
rons. Doing so, we could compare the predictions
of our model to specific manipulations e.g. inhibit-
ing medulla neurons, with experimental recordings
done on HS neurons of mutants flies.
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