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Abstract
Visual inputs are high-dimensional, dynamically varying, and may consist of signiﬁcant levels of noise and redundancies. Nevertheless, visual processing systems in many
animals are capable of eﬃciently extracting information out of these signals and using
this information to successfully guide behavior. Flies, in particular, are uniquely successful at using visual information to guide behavior in challenging conditions such
as during rapid ﬂight maneuvers that give rise to similarly rapidly changing intensity
patterns across their eyes. In this dissertation we examine how early visual processing
cells in the visual system of the Fruit Fly, Drosophila achieve this feat. In particular,
we focus on cells that provide inputs to motion detecting circuits and assess how
these cells balance the goal of facilitating computational specializations with the goal
of eﬃciently capturing all visual information.
In these studies, we used two-photon Ca2+ imaging in vivo to monitor the responses of speciﬁc cells in the ﬂy visual system while the ﬂies observed visual stimuli
projected on a screen. Using this system, we found that two ﬁrst order interneurons
providing inputs to pathways specialized for the detection of moving bright and dark
edges nevertheless similarly encode information about both brightening and darkening. However, an in depth study of the functional properties of one of these interneurons revealed that it responds diﬀerently to bright and dark moving objects of diﬀerent
sizes in a manner that could facilitate the downstream specialization. Furthermore,
via genetic and pharmacological manipulations it was found that GABAergic circuits
providing lateral and feedback inputs to this cell enhance its responses to dark stimuli
and thus enable it to relay critical information for the downstream pathway. These
v

circuits were found to give rise to a center-surround antagonistic, anisotropic and spatiotemporally coupled RF structure in this cell that underlies its observed functional
properties. Additional, cholinergic circuits were also identiﬁed as involved in shaping
the outputs of this cell, modifying the size of its receptive ﬁeld and the kinetics of
responses.
Interestingly, our studies uncovered deep similarities between the function of early
visual processing cells in the ﬂy and the function of early visual processing cells in
vertebrate retinas. This suggests that diﬀerent systems have converged on a similar
set of solutions for addressing the challenge of eﬃciently using the resources available
to the nervous system to eﬃciently process visual signals and thus extract useful
information.
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Chapter 1
Introduction
Dissecting the circuits that link sensory inputs to motor outputs is a core challenge in
systems neuroscience. To dissect a circuit implies answering the following questions,
corresponding closely to Marr’s three levels of analysis [165]:
1. What function or goal does the circuit aim to achieve?
2. What algorithm does the circuit use in order to achieve its goal? This algorithm
consists of the set of transformations applied to sensory inputs in order to arrive
at appropriate behavioral outputs.
3. How is the algorithm implemented by the circuit? Answering this question implies identifying what functional role each circuit element (neuron and synapse)
plays in giving rise to diﬀerent transformations.
Both conceptual as well as technical challenges must be addressed to enable achieving a complete circuit dissection in any model animal. Conceptual challenges include
the development of methodologies for probing circuits and deriving computational
models to capture their function. This requires, for example, ﬁguring out how to
systematically design informative inputs such that the response to any novel input
could be derived from measured responses to this limited subset of inputs. This also
requires the ability to correlate deﬁned inputs with high-dimensional outputs such
as measured neural activity in a large population of neurons, or behavioral outputs.
1
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Technical challenges to accomplish this task include, for example, developing tools
enabling to simultaneously monitor the activity of many neurons or entire circuits,
in vivo, potentially across diﬀerent brain areas, and at a high temporal resolution.
Furthermore, to identify the contribution of speciﬁc circuit elements and their connectivity to global circuit function requires the ability to manipulate their activity.
By activating or inactivating diﬀerent circuit elements, or blocking speciﬁc types of
links between elements, the contribution of the diﬀerent elements or connections to
the computation may be inferred. Since all circuit elements work together to give rise
to behavior, computational roles may be assigned to manipulated circuit elements
by describing the behavioral response to stimuli and how it changes following these
manipulations. However, when describing behavior even the selection of a representation, i.e., of metrics or models for capturing and quantifying behavior is not a trivial
one to address when the goal is to identify the full computational capabilities of a circuit to modulate this output. Prior to performing manipulations it is challenging to
predict what aspects of behavior will be modulated by the manipulations and hence
are critical to capture.
In this dissertation we focus on the dissection of early visual processing circuits in
the fruit ﬂy, Drosophila and address some technical as well as conceptual challenges.
In particular, we present new tools for deriving the functional characteristics of a
cell from outputs measured using Ca2+ imaging. In addition, we use these tools to
identify roles played by lateral and feedback interactions in early visual processing
circuits. Thus, we unravel how the inputs to computationally specialized circuits are
shaped. We hope that both the tools as well as the conclusions can be generalized
to other model animals and sensory processing circuits; thus representing small steps
towards a better understanding of how the brain works.

1.1. OVERVIEW OF THE DISSERTATION

1.1

3

Overview of the dissertation

This dissertation describes methods enabling neural circuit dissection and the application of such methods for dissecting a part of a speciﬁc circuit of interest - the
motion vision circuit of the fruit ﬂy, Drosophila. In this introductory chapter, we ﬁrst
motivate our choice to study vision in Drosophila. We then provide background on
behavioral modulations ﬂies present in response to visual cues, revealing the computations that must be performed by visual processing circuits. Next, we present the
available tool-set and methods that can be used to dissect these neural circuits, and
in particular tools for monitoring and manipulating neural activity. A particular emphasis is given to imaging methods that enable peering into the dense neuropil of the
ﬂy brain and that are used in subsequent chapters of this dissertation. In addition, we
review genetic tools that enable one to causally relate neural activity to computation
and behavior. With this tool-set in mind we turn to the circuits we are interested in
dissecting - the visual processing circuits of the ﬂy. In this section, we review what
is known about how the ﬂy visual system is wired and how it functions, providing
context for the subsequently presented studies.
In the following chapters we describe our work on dissecting the neural circuits of
early visual processing in Drosophila. This work was also described in two separate
publications [47, 78]. In the ﬁrst of these chapters, two types of visual processing
neurons providing inputs to motion detecting circuits are functionally characterized.
We ﬁnd that, even though the pathways downstream of these neurons are specialized
for detecting dark and bright moving edges, both these neurons encode information
about both light increments as well as decrements. In the second chapter, we focus
on one of these two neurons, the L2 neuron providing inputs to a dark moving edge
detecting pathway, and explore its sensitivities to spatiotemporal distributions of
light in more depth. We ﬁnd that this neuron is tuned to facilitate downstream
dark edge motion detection by responding diﬀerently to bright and dark objects of
diﬀerent sizes, and that its functional characteristics are strikingly similar to bipolar
cells, structurally analogous cells in the vertebrate retina. These ﬁndings also have
potential implications for how motion may be computed downstream of this cell. In
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the third chapter we use pharmacological and genetic manipulations to unravel the
circuit mechanisms that give rise to the functional specializations of L2 cells described
in the previous chapter. In particular, we ﬁnd that lateral or feedback, GABAergic
inputs, rather than direct inputs from photoreceptors, give rise to critical components
of the cell response characteristics. In particular, these circuits mediate responses to
light decrements, required to enable the downstream circuits to detect moving dark
edges.

1.2

Studying visual processing in Drosophila

To start answering the question of how neural circuits process sensory inputs and
use extracted information to guide behavior, we must ﬁrst select a neural circuit to
focus on. Here we chose the visual processing circuits of the fruit ﬂy Drosophila. A
few considerations motivated this choice. First, we are interested in understanding
how neural circuits compute, and to understand computation it is easier to start
from inputs that are well deﬁned and easy to quantify. Visual inputs are naturally
represented as patterns of intensity values that vary as a function time and position
in space. Other features of visual inputs, such as velocities or contrast dynamics, can
be easily derived, facilitating the assessment of which features the animal or a cell are
sensitive to. Second, we want to be able to have exact control over the spatial and
temporal distribution of inputs arriving at the sensory system of the animal. Visual
inputs are easy to generate with a variety of display types, and it is also possible to
compute the exact mapping between the display and the animal eye - and thus infer
the exact sensory experience of the animal.
Additional considerations motivated our choice to study vision speciﬁcally in ﬂies.
While it is desired to eventually be able to dissect large and complex circuits as we
expect to ﬁnd in human brains, it is a more tractable task to ﬁrst dissect smaller and
more well-deﬁned circuits or sub-circuits. The underlying assumption here is that the
principles underlying the design of all neural circuits in all animals are similar and that
basic computation units are combined as building blocks to give rise to the function
of larger circuits. Thus, understanding how a few example circuits transform sensory
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inputs to behavioral outputs is a critical stepping stone for understanding how the
brain computes more broadly. Since ﬂy brains are not only relatively small but also
have a more stereotypical wiring pattern that is consistent between animals [185, 222];
they constitute attractive candidates in which we can hope to be able to relate circuit
structure and single neuron function to the higher levels of algorithms implemented
and goals achieved.
Dissecting a neural circuit further requires the ability to monitor and manipulate
the activity of neurons. To gain access to neural populations of interest typically
requires invasive operations; such as introducing electrodes into the brain or exposing
it (removing a part of a skull or cuticle, depending on the animal model) to gain access
to the brain tissue with light. Noninvasive tools for monitoring neural activity, such
as EEG, MEG or fMRI [9] do not have comparable spatial and temporal resolutions
to electrophysiological measurements or optical sectioning microscopy techniques (see
Section 1.3.1). Acquiring data with a high spatial resolution (single neurons and even
compartments within neurons, axons and dendrites) and temporal resolution (ideally
in the time-scale of neural activity, i.e., milliseconds for monitoring action potential
ﬁring) is absolutely required for linking sensory inputs and behavioral outputs to the
single neuron and the circuit level. Thus, model animals constitute more appropriate
targets for these studies.
The ﬂy is a particularly attractive model animal for studying visual processing
(reviewed in [27]), as its lifestyle reﬂects signiﬁcant utilization of visual cues for guiding behavior. Since behavioral responses to sensory cues provide opportunities to
infer underlying circuit computations, it is highly beneﬁcial that ﬂies present a rich
repertoire of visual behaviors, facilitating the dissection of visual processing circuits.
In particular, ﬂies are able to rapidly process visual information during complex ﬂight
maneuvers. These abilities are applied for chasing conspeciﬁcs using vision to track
the target, for visual course control during ﬂight, and in deciding whether a looming
entity is a surface appropriate for landing or an object that should be avoided by
triggering an escape response [246].
In large ﬂies, electrophysiological recordings have enabled researchers to relate
sensory inputs to neural activity patterns (reviewed in [26, 66]). However, monitoring
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and manipulation of neural circuit components is further facilitated in established
genetic model animals, such as the smaller fruit-ﬂy Drosophila (see Section 1.3).
With genetic tools it is possible to express diﬀerent eﬀectors in speciﬁc types of
cells without invasive operations and thus imaging technology can be used to monitor
activity in cells expressing indicators which report this activity. Eﬀectors for silencing
or enhancing activity can also be expressed in speciﬁc cell populations to enable
deriving causal relations between activity and function (see Section 1.3). Drosophila
is a particularly convenient model animal to work with as its short generation time
(only 10 days from mating to eclosion) facilitates combining many diﬀerent transgenes
in a single animal, enabling to use sophisticated combinations of tools for speciﬁc
applications.
With this focus on visual processing in the fruit ﬂy in mind, an important ﬁrst
question to address is what circuits in the visual system of the ﬂy are available for
dissection? The rich repertoire of visually guided behaviors, brieﬂy surveyed in the
next section, enables to start answering this question.

1.2.1

Visually evoked behaviors in ﬂies

Looking at the diﬀerent ways in which ﬂies modulate their behavior in response to
external visual cues enables one to infer what computations must be performed by
visual processing circuits in these animals. Consequently, by monitoring behavior
one can try and answer the question of what goals do these circuits aim to achieve
and what algorithms are implemented to achieve these goals. Relations between
external signals and behavior can be ﬁrst identiﬁed from observation of how animals
respond to visual cues in their natural surroundings and what typical behaviors they
present. Then, the detailed relations between input parameters and basic elements of
behavioral modulations can be examined in more detail in the lab, where responses to
more constrained inputs can be measured. With such studies, hypotheses as to how
complex behavioral modulation is constructed from speciﬁc input-output relations can
be directly tested (For reviews see: [23, 192, 222]). Below we provide an overview of a
few identiﬁed relations between visual inputs and behaviors in ﬂies, serving as a guide
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to what computations may be performed by the visual processing circuits examined
in more detail in subsequent chapters of this dissertation. We then also describe some
of the behavioral assays with which the responses are typically characterized to infer
functional relations between sensory inputs and behavioral outputs, allowing one to
identify the algorithms implemented by these circuits.
The most simple example for a relation between visual inputs and ﬂy behavior is
phototaxis - attraction to light. In addition to preferring light over dark environments,
color vision mediates spectral preference, such that the attractiveness of light for the
ﬂy depends on its color [20, 44, 84, 111, 265]. Another example for a visually-guided
behavior presented by ﬂies is the orientation response to light polarization direction.
Natural light is polarized and the e-vector of polarization is used for navigation. Thus,
ﬂies can be observed to orient their body axis as a function of the orientation of the evector of polarization [257, 261]. While polarization vision may help with navigation
at a course-grained level, responses to visual motion are critical for ﬂies to be able
to successfully reach their destination as these cues serve ﬂies in course control and
stabilization in addition to navigation during ﬂight. Optomotor responses, turns in
the direction of observed motion, are thought to be designed to stabilize the ﬂy during
ﬂight, e.g., when wind causes a drift that shifts the ﬂy away from its course. This
type of response, which minimizes the slip of the image across the ﬂy’s retina, would
allow the ﬂy to get back to its intended course [94].
When guiding ﬂight behavior, visual processing is often combined with additional
sensory inputs. For example, olfactory cues may indicate the direction in which a food
source can be found, while mechanical inputs such as wind cues can aid in correcting
the course of ﬂight to compensate for drift, together with visual cues supporting the
same task. Such multisensory information must be integrated together to appropriately guide behavior (for reviews see [81, 82, 83, 237]). Detection of a diﬀerent type
of motion, loom or expansion, enables ﬂies to recognize approaching danger requiring
escape or avoidance, as well as to identify surfaces appropriate for landing when such
surfaces are approached during ﬂight. By using context, the details of the observed
pattern, and information on the behavioral state of the ﬂy itself, ﬂies are able to
appropriately respond to diﬀerent types of looming cues [40, 56, 161, 200, 246].
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Based on these observations, how can the complex, naturally occurring visual
input patterns be decomposed to basic components such that the functional relations
between visual inputs and behavioral outputs can be inferred? Phototaxis and color
preference in ﬂies can be studied with relatively simple accumulation or choice tests
(reviewed in [44]). However, many of the other behaviors described above reﬂect
the ability of ﬂies to process complex optic ﬂow patterns across their visual ﬁelds
and respond in an appropriate manner based on the details of these patterns. While
strong deﬁciencies in performance of these behaviors can also be studied with similarly
simple assays, unraveling the detailed algorithms underlying motion vision requires
more detailed studies.
The observation that a ﬂy’s response depends on the detailed ﬂow patterns, together with clues provided by the structure of motion-sensitive neurons at the output
of visual processing stages in the ﬂy (see the description of the lobula complex below), gave rise to the hypothesis that motion detection is initially performed locally
[104]. Downstream of such elementary motion detectors, identifying motion between
pairs of points in space, neurons can selectively weight these outputs to give rise to
speciﬁc sensitivities and responses to more complex patterns. Accordingly, many behavioral assays have been designed to enable relating speciﬁc visual motion features,
such as velocity, size and distribution of moving objects, contrast polarity, spatial
frequency and more; to speciﬁc behavioral responses - particularly rotational behaviors, or turns. Elementary motion models provide predictions of these relations and
thus such experiments enable both estimating model parameters as well as testing
model predictions and reﬁning the motion computation models according to identiﬁed
contradictions.
Many diﬀerent types of inputs can be presented to induce turns, enabling the
readout of the motion computation by the circuit. These stimuli include rotating or
expanding sinusoidal or square wave gratings as well as more minimal cues that excite
individual pairs of ommatidia, such as pairs of bars and dots sequentially presented
in two points in space, consistent with the existence of local motion detection mechanisms [47, 67, 116]. The behavioral assays in which these responses are observed
include single ﬂy assays of ﬂies walking on a ball [35, 47, 94, 203] or tethered ﬂying
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ﬂies [22, 65, 92, 203, 236, 238] such that the induced or intended turning behavior can
be measured. However, probing responses to motion in a variety of assays has shown
that responses to motion depend on where in the ﬁeld of view motion is presented
and can modify other features of behavior in addition to rotation [4, 129, 231, 277].
Thus, for example, when motion is presented below a ﬂy the ﬂy moves against, rather
than with, the direction of observed motion ﬂow and towards the motion source
[46, 123]. This clearly demonstrates that minimizing slip across the retina cannot be
the only goal motion detection circuits aim to achieve. Rather, such studies suggest
that motion processing is likely to be mediated by multiple, potentially interacting,
pathways.
While behavioral assays probing speciﬁc types of responses to simple stimuli are
useful for characterizing simple relations between speciﬁc visual input features and
similarly speciﬁc behavioral output characteristics, the computations they reﬂect may
diﬀer signiﬁcantly from computations required in naturally occurring visually guided
behaviors. Eﬀorts are made to bridge this gap, to avoid making too simpliﬁed assumptions about the computations performed by the neural circuits mediating these
responses. For example, many of these assays work in an ’open loop’ mode where the
ﬂy is stationary and thus its behavioral response does not aﬀect its visual experience.
This is corrected via ’closed loop’ assays in which behavior is monitored and used to
update the visual experience accordingly [161]. Another limitation of these assays is
that they are typically performed in single animals, limiting throughput. Thus, assays
for monitoring behaviors in large groups of ﬂies are designed to address this concern.
Some population assays provide a coarse description of the population response and
allow screening for mutations in which motion processing is impaired [46, 93, 277].
However, even more useful population assays address the challenge of maintaining a
high-resolution description of the behavior and visual experience of each ﬂy within
the assay, for all ﬂies simultaneously [129, 175, 231].
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Motion detection as a paradigmatic example for a computation performed
by the brain
Due to the central role motion computation plays in ﬂy vision as well as in this
dissertation, we review this computation in more depth, and in particular highlight
the prominent model for how motion may be computed in the ﬂy visual system. This
in depth view of a particular computation also provides an example for what types
of computations may be implemented by neural circuits.
Responses to motion are presented not only by ﬂies [94] but also by many other
animals (e.g., beetles - [104], ﬁsh - [188]) and motion sensitive and direction selective
cells are found in both invertebrates and vertebrates. e.g., many retinal ganglion cells
are sensitive to diﬀerent types of motion (for a review, see [24, 25, 49, 91]). Thus, understanding how this specialization arises via earlier visual processing steps, and what
computational operations are implemented as intermediate steps, has been a signiﬁcant challenge for the ﬁeld of neuroscience for a long time. The minimal requirement
for detection of motion is a non-linear interaction between captured intensities in two
points in space, yet diﬀerent models arrive at this computation in diﬀerent manners
(for reviews, see [25, 49]). For example, according to gradient-based models, the
local intensity diﬀerence is divided by the temporal intensity derivative to obtain a
velocity estimate [225]. A diﬀerent model is based on inhibition and delay [13]. This
model gives rise to direction selective (DS) responses, whereby cells strongly respond
to motion in one direction, called the preferred direction, and present a suppression
of activity (e.g., hyperpolarization or reduction in baseline ﬁring rates) in response
to motion in the opposite direction. In this model the asymmetry is arrived at by
suppression of responses to motion in the null direction by inhibition applied between
neighboring units combined with a delay, in the appropriate direction. Since responses
in the opposite direction are not suppressed, direction selectivity arises. The most
successful model family in invertebrate motion vision are models based on correlation
of two local intensity detector outputs with a time delay. According to these models,
variants of the Hassenstein-Reichardt correlator (HRC) model, the contrast change
input from one point in space is delayed with respect to the contrast change input
from a second point, before the two are multiplied together to generate a signal that
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reports motion between these two points. Elementary motion detectors become direction selective by combining two such units in an anti-symmetric manner, such that
the output of one unit is subtracted from the output of another, sensitive to motion
between the same two points but in the opposite direction. The output of an HRC
is thus positive for motion in one direction and negative for motion in the opposite
direction [104], reﬂecting direction selectivity. These models are reviewed in [24].
A diﬀerent type of model gained popularity in explaining motion vision in other
systems. This model, the motion energy model, is based on the initial spatiotemporally coupled ﬁltering of inputs, giving rise to velocity selectivity. These inputs are
then squared and summed to give an output that is identical to the output of the
HRC, with the appropriate input ﬁltering steps, albeit intermediate operations and
thus predicted intermediate signals diﬀer [1]. As this model suggests spatiotemporally coupled ﬁltering of the inputs to motion processing circuits, it is at least in part
consistent with the ﬁndings presented in Chapter 3, functionally characterizing the
cell providing inputs to motion detecting circuits in Drosophila.
A signiﬁcant body of research demonstrates that quantitative predictions based
on the HRC model are in fact supported by quantiﬁcation of behavioral responses
in many animals as well as recordings from motion sensitive cells. One such prediction is that a response to the same contrast change occurring in two neighboring
points in space sequentially (brightening or darkening in both points, also called
“phi” stimulation) is the same, and positive, for both positive and negative contrasts.
Thus, direction selective (DS) cells are expected to similarly respond to bright moving objects on dark backgrounds and dark moving objects on bright backgrounds.
In contrast, an opposite response is expected when two opposite contrast changes
occur in two neighboring points in space sequentially (brightening in one point and
darkening in the other point, also called “reverse-phi” stimulation). These predictions, which are also consistent with the motion energy model, are borne out both
in animal behavior as well as in physiological responses of DS cells (Drosophila behavior - [245]; human psychophysiology - [29]; Primate, neural responses in area MT
- [142]; ﬂy, neural responses of lobula plate tangential cells (LPTCs) - [67, 69, 245]).
Furthermore, it was recently shown that diﬀerential sensitivity to diﬀerent “phi” and
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“reverse-phi” stimulation can give rise to bright or dark moving edge specialization
[47]. Additional predicted properties of motion sensitive neurons fed by EMD outputs
include the existence of a velocity optimum in the response to moving sinusoidal gratings. In addition, this optimum should linearly depend on the spatial wavelength of
the moving grating, reﬂecting a contrast temporal frequency optimum. Furthermore,
responses are expected to quadratically depend on contrast. All these predictions
are borne out in recordings from two types of direction selective lobula plate tangential cells (LPTCs), horizontal system (HS) cells and vertical system (VS) cells
in Drosophila (see Section 1.4.2, except that saturation occurs in responses at high
contrasts [115, 212], reviewed in [26].
Having identiﬁed circuits of interest by studying behavioral responses to motion,
and described at least one computation performed by the ﬂy brain, motion detection,
with some detail, it is next desired to pear into the circuits and infer how these computations are implemented by the diﬀerent types of neurons and synapses within these
circuits. In the next section we will review the diﬀerent types of tools that, together
with quantitative behavioral assays, enable neural circuit dissection in Drosophila.

1.3

Tools for monitoring and manipulating activity in neural circuits

As described above, quantitative studies of behavioral responses to visual inputs enable answering the two ﬁrst questions of neural circuit dissection, deﬁning the goal
of the circuit and the algorithm implemented to achieve this goal. By manipulating and monitoring activity in each circuit component it is possible to address the
ﬁnal question of neural circuit dissection and infer how computational algorithms
are implemented by the circuit. However, the process of dissecting a neural circuit
is less sequential and more iterative than implied by this description, since progress
made in answering any of the questions can give rise to a revision of the answer to a
diﬀerent question and thus all circuit dissection tools in fact act together to enable
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answering all questions. For example, identifying a circuit component that is correlated with sensory input in a manner that is not predicted by the algorithm for any
circuit component will give rise to modiﬁcation of both the implementation details
as well as the suggested algorithm. Furthermore, it may be found that the modiﬁed
algorithm is useful for achieving a distinct goal from the one previously suggested for
the circuit, a hypothesis potentially testable with additional behavioral experiments.
For this iterative process to converge on the desired outcome, detailed and accurate
information about the circuit function must be extracted. This, in turn, is enabled
by the continuous development and improvement of neural circuit dissection tools.
Below we describe the state of the art of tools available for dissecting neural circuits,
focusing on the tools most frequently used for neural circuit dissection in Drosophila,
the model animal that is the focus of this dissertation.

1.3.1

Tools for neural activity monitoring

Most neurons in mammalian and vertebrate brains communicate via spikes or action
potentials events, during which the membrane voltage of the cell changes by several
tens of millivolts within a time-course of ∼1 ms [125]. Thus, monitoring neural activity
implies being able to detect these events. However, in early visual processing systems
of both ﬂies and vertebrates, many neurons only present graded voltage changes
that are smaller and evolve more slowly, without producing spikes (the advantages
of this signaling mechanism are reviewed in [121]). Nevertheless, in both types of
neurons, synaptic vesicle release increases with depolarization and decreases with
hyperpolarization and thus the depolarization of a graded-potential cell implies an
increase in activity or output signaling similarly to an increase in action potential
ﬁring rates beyond the baseline level in a spiking cell.
For decades, electrophysiological methods have enabled reading out these electrical
signals, either extracellularly or intracellularly, including in the visual systems of ﬂies
[26, 66]. However, in the small fruit ﬂy Drosophila electrophysiological recordings are
rare ([50]) and whole-cell patch clamp (intracellular) recordings were established only
relatively recently [176, 263] (reviewed in [41, 107, 169, 192, 202]). Such recordings
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provide an accurate readout , including action potential ﬁring event timings as well
as sub-threshold voltage changes, at a high temporal resolution. However, these
recordings are technically challenging, particularly in a small ﬂy such as Drosophila,
and are performed one cell at a time, limiting the throughput. In addition, cell
identity is not known unless the cell is ﬂuorescently labeled, and signals can only
be measured from cell bodies, as the neuropil consists of cell projections that are
too ﬁne and dense. Accordingly, alternative methods for neural activity monitoring,
and speciﬁcally the use of microscopy to monitor neural activity, are becoming more
popular, particularly due to continuous improvement of these methods.

1.3.2

Imaging neural activity

By using imaging to monitor neural activity many of the limitations of electrophysiological recordings are addressed, albeit typically at the cost of reduced temporal
resolution. With imaging, it is possible to monitor activity in large populations
of identiﬁable cells simultaneously and extract sub-cellular activity information (reviewed in [96, 108, 160]). The ability to optically probe neural activity is typically
obtained by introducing ﬂuorescent indicators of neural activity into neurons of interest and measuring ﬂuorescence emission using a ﬂuorescent microscope. A ﬂuorescent
molecule is a molecule that can be transiently excited from its ground energy state to
an excited state by absorbing a photon and then emits a photon of longer wavelength
when it rapidly decays back to its ground state, within nanoseconds. The emitted
photons are collected by the microscope enabling to localize the emission source. Fluorescent molecules are characterized by their excitation and emission spectra; deﬁning
what light wavelengths are eﬀective for exciting the molecule and what wavelengths
are subsequently emitted [154]. In order to enable optical probing of neural activity,
ﬂuorescent molecules are combined with other types of molecules in a way that makes
the rate of emission dependent upon an environmental variable, such as membrane
voltage or intracellular Ca2+ concentration [177]. In subsequent sections, we ﬁrst describe ﬂuorescent indicators linking neural activity to ﬂuorescence emission and then
discuss microscopy technology that enables reading out these signals.
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Fluorescent indicators of neural activity
Fluorescent indicators can be broadly divided into two types, small molecule synthetic dyes and genetically encoded ﬂuorescent proteins (for a comparison see [136]).
Genetically encoded indicators are expressed by the cells themselves, in recombinant
animals, alleviating the need to introduce the indicator into the cells, which is required in the case of synthetic indicators. While both types of indicators have been
used to monitor activity in larger ﬂies [143], in the dense neuropil of the small fruitﬂy Drosophila, there’s a signiﬁcant advantage for using genetically encoded indicators
which can be targeted to speciﬁc cell types utilizing appropriate promoters, taking
advantage of the rich repertoire of genetic tools available in this genetic model animal
(see Section 1.3.3). In contrast, broad expression of synthetic dyes in dense neuropil
would make the signals arising from projections of diﬀerent cells indistinguishable.
Thus, the following discussion will be focused on genetically encoded indicators.
Fluorescent indicators of neural activity can further be divided into types according to the activity parameter which aﬀects their emission rate. Voltage indicators are
highly desired as they provide a direct measure of activity - reporting membrane voltage changes. The design of these indicators is often based on native membrane proteins, such as ion channels, that change conformation as a function of the membrane
voltage applied across their intra-membranal components (for a few examples, see
[6, 16, 61, 221]). The performance of genetically encoded voltage indicators (GEVIs)
has been limited compared to genetically encoded Ca2+ indicators (GECIs), although
improved indicators are continuously being developed. The main challenge for developing high-quality voltage indicators is that membrane voltage transients, especially
during action potential ﬁring, are very rapid (on the order of a few milliseconds).
Thus, many voltage indicators are limited either by a slow rate of activation, which
is required to enable ample time for the imaging system to measure the signal but
prevents single action potential detection, or by a weak emitted signal and thus low
signal to noise ratios (SNR) [107, 156]. As a result, GECIs are often preferred for in
vivo imaging even though they provide a more indirect measure of activity [135, 193].
Here we will focus on GECIs, such as the one used in subsequent chapters of this
dissertation, TN-XXL, due to its high SNR, the ability to target it genetically to

CHAPTER 1. INTRODUCTION

16

cells of interest and useful ratiometric properties (see detailed explanations on these
properties below, and Chapters 2-4).
The use of GECIs to monitor neural activity is justiﬁed by the existence of multiple mechanisms that tie the intracellular Ca2+ concentration to neural activity. For
example, Ca2+ concentration is related to membrane voltage via the activity of voltage sensitive Ca2+ channels allowing Ca2+ entry into the cell during depolarization,
leading to an increase in the intracellular Ca2+ concentration. Within a pair of active
and connected neurons, Ca2+ concentrations may increase pre-synaptically as Ca2+ is
required for mediating synaptic release and post-synaptically via opening of appropriate synaptic receptors, such as glutamate and nicotinic acetylcholine receptors. The
large variety of existing Ca2+ ﬂuorescent proteins and their properties are described in
many recent reviews [85, 88, 97, 135, 156, 202, 233, 241]. A popular family of GECIs
are the GCaMPs, which consist of the protein calmodulin (CaM) which binds Ca2+
together with a circularly permuted enhanced green ﬂuorescent protein (EGFP) and
a CaM-binding peptide M13. A conformational change which occurs in this molecule
when it binds Ca2+ gives rise to an increase in emitted ﬂuorescence.
A particularly useful class of indicators for in vivo imaging are FRET (Fluorescence Resonance Energy Transfer) - based indicators. FRET is the process of
non-radiative energy transfer from an excited donor ﬂuorophore to an acceptor ﬂuorophore, which causes donor ﬂuorescence to decrease and acceptor ﬂuorescence to
increase. Thus, FRET events are associated with anti-correlated intensity changes in
two imaging channels and a simple measure of FRET occurrence is the ratio of donor
and acceptor ﬂuorescence. Using this metric in in-vivo applications enables one to
mitigate the eﬀects of motion artifacts that may occur under these conditions. While
motion within an imaged plane can be corrected for by post-hoc image registration,
motion along the optical axis, changing slightly the region of the cell that is being
imaged, is impossible to correct for as there’s no access to the lost information from
the part of the cell that shifted out of focus. However, while FRET events give rise
to changes in the ﬂuorescence emission ratio, motion causes correlated changes in
the signals collected from two imaging channels and thus the ratio signal suppresses
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motion artifacts while enhancing the activity-related signal. One example of a commonly used FRET indicator is Yellow Cameleon (YC) 3.6, a member of the cameleon
family of GECIs, consisting of an ECFP donor and Venus protein acceptor components linked by CaM. In other FRET-based indicators, such as TN-XXL used in the
studies described in Chapters 2-4, CaM is replaced by troponin C variants, which are
proteins that bind Ca2+ in cardiac and skeletal muscle but are absent in neurons and
thus have no endogenous binding partners [163, 164].
The choice of indicator to use depends on the match between indicator properties
and the application requirements. For example, indicators vary in their excitation
and emission spectra. These are particularly important to note in applications where
multiple indicators are used simultaneously or combined with optical manipulation
of cell activity (see Section 1.3.3) [2, 274]. In addition, the Ca2+ aﬃnity, deﬁned
by the dissociation constant of the dye, Kd , the Ca2+ concentration at which half of
the indicator molecules are bound to Ca2+ , deﬁnes the dynamic range of Ca2+ that
induces approximately linear changes in ﬂuorescent emission. Thus, indicators must
be matched to the dynamic range of intracellular Ca2+ concentration in the imaged
cells. Finally, the kinetics with which the indicator binds and releases Ca2+ deﬁne
what activity regimes or event rates can be reliably resolved. GECIs have lagged
behind synthetic dyes in Ca2+ aﬃnities and thus signaling amplitudes and signal to
noise ratios, as well as in kinetics, with synthetic dyes being faster. However, the
most recently developed genetically encoded Ca2+ indicators may reach comparable
performance ([3, 156, 233]).
In addition to the characteristics intrinsic to the indicators themselves, since
GECIs are genetically introduced into cells, the manner in which their expression
is driven also aﬀects their utility. In particular, the maximal amplitude of ﬂuorescent
emission depends on the level of indicator expression. This level can be increased by,
for example, increasing the number of copies of the indicator transgene [47], growing
ﬂies at a higher temperature or matching the imaging time with the time during development in which the indicator is driven most strongly by the genetic tool used to
express it. However, while increasing the level of expression gives rise to larger signals
and is thus beneﬁcial, caution is warranted as Ca2+ acts as a second messenger in
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many cells and its binding to the ﬂuorescent proteins may buﬀer and thus modulate
its operation via native Ca2+ binding proteins. Consequently, a high level of indicator
expression may interfere with the free Ca2+ dynamics inside neurons and thus their
function [97, 107].
As it is often diﬃcult to know, prior to conducting the experiment, whether a
good match between cell and indicator properties is likely, methods for conﬁrming
that the indicator provides a reliable measure of the actual activity are required. One
possibility that became available with the recent development of multiple variants of
GECIs is to compare activity recorded with multiple types of indicators [3]. As an
alternative, the observation of a wide dynamic range of both increases and decreases
in emitted ﬂuorescence from a particular cell can provide conﬁdence in the reliability
with which the cell activity can be monitored. In Chapters 2-4, we have observed
such a range of activities reported via a GECI, TN-XXL. Thus, we have conﬁdence
that the presented measurements of ﬂuorescence emission reliably report changes in
Ca2+ concentration levels. Nevertheless, the indicator kinetics necessarily limit the
temporal resolution of the presented data. In spite of this limitation, since a wide
range of decay rates is also observed, any signal decay that is slower than the most fast
decay measured must represent a response that, physiologically, decays more slowly.
Fluorescence microscopy and optical sectioning methods
Wide ﬁeld ﬂuorescence microscopy enables imaging the spatial distribution of ﬂuorophores across a sample by ﬂuorescence excitation and emission collection. However,
while this works well when imaging a thin sample; light scatter, the deﬂection of photons from their original trajectories, limits the ability to image thicker samples consisting of refractive index inhomogeneities such as brains of live animals, as it blurs
the acquired images. Since live brain tissue is highly scattering, imaging a neural
circuit within an intact brain requires to focus the excitation light, or the collected
emitted light, to a particular plane within this volume to preserve spatial information.
While this can be achieved with optical sectioning methods (described below), even
when using such methods, the possible depth of imaging is limited to no more than
∼1

mm [106, 183, 184, 233, 264]. Nevertheless, the brain of Drosophila is only a few
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hundred micrometers deep, and thus can be imaged almost in its entirety with these
methods.
Two prominent optical sectioning methods used for in vivo imaging are confocal
and two-photon microscopy (reviewed in [59, 233]). In a confocal microscope, a laser
is focused at a particular point within the scattering brain tissue. While ﬂuorescence
excitation occurs in many planes above and below this point, by placing a pinhole
in front of the light detector, typically a PMT, ﬂuorescence emission from all planes
except one is rejected. Two-photon microscopy is an example of non-linear excitation
based microscopy, where excitation is induced with more than one photon and hence
depends non-linearly on the exciting light intensity [58]. With two-photon excitation,
a single ﬂuorescent molecule is excited by a cooperation of two long-wavelength, lowenergy, photons arriving within a very short time-window (∼0.5 fs). Since this type
of excitation event has a very low probability of occurence, it requires a very high
intensity of excitation light, corresponding to a photon ﬂux of approximately 1020 1030 photons/(cm2 /s) [58, 184]. To achieve the required excitation light intensity,
the laser beam is focused via a high numerical aperture (NA) objective and the back
aperture of the objective is ﬁlled, increasing the spatial density of light. High temporal
light density is achieved using a mode-locked laser, typically a Titanium-sapphire
laser, emitting 100 fs light pulses at a 100 MHz repetition rate. In addition, precompensation is used to mitigate group-delay dispersion eﬀects of the light pathway,
that broaden laser pulses in time.
Two-photon imaging oﬀers several advantages over confocal microscopy, in particular enabling to image at a greater depth and limiting photodamage caused by
light excitation. Photodamage, a combined eﬀect of photobleaching and phototoxicity, limits the maximal possible imaging time and is a critical consideration in in vivo
experiments. A few factors underlie the advantage of two-photon microscopy over
confocal microscopy. First, in two-photon imaging, excitation is essentially limited
to a diﬀraction-limited volume, since laser intensity falls quadratically with the distance away from the focal point along the optical axis, while with confocal microscopy
a signiﬁcant amount of tissue is redundantly excited with light, potentially causing
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photodamage, without contributing to the resulting signal. In addition, with twophoton microscopy all signal emitted from the focal point can be collected while with
confocal microscopy signal emitted from the plane of interest may be subsequently
scattered and thus rejected by the pinhole. This increased eﬃciency in signal use with
two-photon microscopy enables to increase the depth of imaging. Finally, the light
wavelength used for two-photon imaging, typically IR light, is longer than the visible
light often used for single-photon excitation. IR light can penetrate more deeply into
tissue and causes less photodamage compared to visible light. The advantages listed
above are reviewed in [59, 97, 131, 183, 184, 233, 264]. In the subsequently described
studies (Chapters 2-4) we used two-photon microscopy to monitor neural activity. To
minimize photodamage eﬀects, the imaging time at each depth was limited to a few
minutes and the power measured under the objective was kept below 10 mW.
A second important consideration for neural activity imaging is the frame rate,
deﬁning the rate with which neural activity signals are sampled. Both confocal as
well as two-photon microscopy are laser-scanning methods. i.e., in order to obtain an
image of an entire plane within the scattering brain volume a laser beam must scan
across all points in this plane. The typical scanning pattern is raster scanning. This
pattern is typically generated using galvanometer mirrors placed at the conjugate
plain of the objective, such that their tilt-angle deﬁnes the position of the point of
focus of the laser beam in the imaged plane. The raster scanning process is slow
as the laser beam must reside for a few microseconds within each pixel to provide
suﬃcient excitation to give rise to suﬃcient ﬂuorescence emission required to obtain
a reasonable SNR. The signal is integrated over this dwell time in each pixel and an
image is constructed from this data by a computer. As a result, a tradeoﬀ exists
between the size of the ﬁeld of view, which also sets the number of cells imaged, the
number of pixels allocated for representing each frame, which sets the SNR obtained
during processing where the average signal in all pixels within each region of interest is
computed, and the frame rate. Typical two-photon imaging frame rates vary between
1 and 25 Hz [59, 233]. Nevertheless, technology to improve the temporal resolution
of optical sectioning imaging methods is continuously being developed. In these
systems, an increase in imaging speed is obtained using faster raster scanning speeds,
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replacing scanning with random access such that only points of interest within the
sample are excited and imaged, using multiple beams for excitation or even exciting
the entire plane simultaneously. Fast optical sectioning methods are reviewed in
[96, 97, 160, 184, 233, 264]. In the studies described in Chapters 2-4 standard twophoton microscopes were used and the typical frame-rate was approximately 10 Hz.

1.3.3

Manipulation of neural activity using genetics

Monitoring neural activity enables one to identify relations between the function of
diﬀerent circuit components, sensory input dynamics and behavioral outputs. However, only by manipulating the activity in these circuit components can causal relations be derived between their function and the overall computation performed by
the circuit. Genetic tools enable both the observation (as described above) as well as
the manipulation of neural activity with cell-type speciﬁcity by providing the ability
to express diﬀerent types of eﬀectors in diﬀerent types of cells. Eﬀectors for manipulating neural activity may aﬀect membrane voltage, receptor expression, intracellular
ion concentrations or synaptic transmitter release. With some tools, external control
over these parameters is mediated by light, temperature or chemical substrates, and
with others the eﬀect is constitutive (see examples below). The most useful eﬀectors
enable one to modulate activity in an acute and reversible manner. If the modulation is long-lasting, the circuit might adapt to compensate for the manipulation
making its eﬀects challenging to interpret. In particular, it is beneﬁcial to defer the
manipulation until after the nervous system has fully developed. Tools controlling
the expression pattern are often developed separately from the tools modifying cell
function, as described below. These tools are reviewed in [19, 23, 185, 222, 248].
Using binary systems to target genetic manipulations to speciﬁc cells
Binary systems allow one to separately develop eﬀectors (as well as neural activity
indicators) and tools for accessing all diﬀerent cell types in all diﬀerent circuits. With
these two components, one can generate progeny expressing a particular eﬀector in
a particular cell population via a single cross. In Drosophila, the most widely used
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binary system is the Gal4-UAS system [31]. With this system, the Gal4 sequence,
encoding a transcription factor in yeast, is incorporated in the DNA of one parent line,
also called the ’driver line’. The position of the Gal4 sequence insertion within the
DNA of this ﬂy, downstream of speciﬁc promoters, establishes the cell types and time
during development in which the Gal4 protein will be expressed. Within the DNA of
the second parent line, also called the ’reporter line’, a UAS promoter sequence, also
from yeast, is incorporated, and downstream of it an eﬀector. In progeny of these
two parent lines that have both the Gal4 as well as the UAS elements incorporated
into their DNA, the expressed Gal4 protein binds to the UAS element and drives
expression of the eﬀector. As a result, the eﬀector is produced in the cells deﬁned by
the Gal4 sequence position.
Collections of lines with Gal4 sequence elements inserted in diﬀerent positions in
the genomes have been generated with hope to achieve the ability to access diﬀerent
cell-types [90, 114]. In many of these lines, however, the expression patterns are very
broad and include many types of neurons. This is problematic if one wants, for example, to link activity in a speciﬁc cell type to a speciﬁc behavior. Very dense expression
patterns also limit the ability to use these drivers for imaging by expressing ﬂuorescent proteins as the projections of the diﬀerent expressing cells may overlap. Thus,
to obtain more speciﬁc expression patterns, additional tools have been developed to
enable intersecting the expression patterns of diﬀerent Gal4 driver lines (reviewed in
[23, 89, 107, 157, 185, 222]). Some Gal4 driver lines are, however, speciﬁc, such as
the drivers used in subsequent chapters.
Increasing the utility of these tools, the development of additional binary systems
enables expression of diﬀerent types of eﬀectors in diﬀerent types of cells simultaneously in the same animal. Thus, one eﬀector can be driven in one cell population via
one driver and the other eﬀector in the other cell population with the other driver. Examples of alternate binary systems include the QF system [196] and the LexA system
[32]. Nevertheless, collections of parent lines from these alternative binary systems
targeting diﬀerent cell types are still lagging behind Gal4 driver collections in size.
Thus, in the experiments described in subsequent chapters only the Gal4/UAS system
was used. Appropriate driver lines for using alternative systems to drive expression
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in the manipulated and imaged cells do not yet exist. An additional challenge with
using these tools is that expression strengths also vary signiﬁcantly between drivers.
Thus, the eﬀectors often exert only a partial eﬀect on their targets.
Example eﬀectors for modulating neural activity
Here we review a few of the neural activity manipulation tools that can be targeted to
speciﬁc cell populations with the above described techniques. We focus on widely used
tools and ones used in subsequent chapters (such as RNAi knockdown constructs) or
in associated studies (such as Shibirets which was used in many of the behavioral
experiments that enabled associating early visual processing cells with speciﬁc computations). RNA interference (RNAi) technology (reviewed in [182]) enables
preventing the expression of a speciﬁc gene in a speciﬁc cell. This is achieved by
introducing double-stranded RNA (dsRNA) molecules derived from the gene to be
silenced into the cell. As a result, endogenous mRNA molecules transcribed from the
same genes are degraded and translation of the gene to protein is prevented. Alternatively, short interfering RNA constructs (siRNA) that are generated from dsRNA as
an intermediate step of the above described process can also be directly introduced
into cells to silence genes. More broadly, manipulations in which gene expression is
blocked between the transcription and the translation steps are referred to as gene
’knockdown’.
Particularly useful in the context of neural activity manipulation is the knockdown of speciﬁc type of receptors, thus blocking particular input sources to speciﬁc
cells. Such a minimal manipulation of a neural circuit can shed light on its detailed
operation. One limitation of this manipulation is that it cannot be activated in an
acute manner, thus circuits may adapt to it, particularly when it occurs during development. In addition, knockdown eﬀects are often partial, and oﬀ-target eﬀects may
also occur. In Chapter 4 RNAi constructs are used to knockdown GABA receptors
and identify the cellular targets by which the eﬀects of GABAergic circuits on the
function of a particular cell are exerted.
While knockdown tools may block one type of input into a cell when applied to
knockdown a speciﬁc type of receptor, another useful manipulation is blocking the
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output of a cell, or silencing it. Shibire is a dominant-negative mutant1 for the
presynaptic protein (GTPase) dynamin, which is involved in endocytosis. Dynamin
is required for synaptic vesicle recycling and thus for synaptic transmission and hence
a Shibire null mutant constitutively blocks synaptic transmission. Shibirets is a
temperature-sensitive variant of Shibire. Expression of this allele is induced via a
shift to a restrictive temperature of more than 29◦ C, which reversibly eliminates
synaptic transmission in the expressing cell population. It is important to note,
however, that while this tool prevents neural communication via chemical synapses,
electrical connections, such as gap junctions, remain open [133]. Shibirets is often
used in behavioral experiments, to acutely silence a particular population of cells while
observing behavioral responses to sensory inputs. Nevertheless, in order to completely
silence a neuron by aﬀecting both chemical as well as electrical synapses, it is beneﬁcial
to more directly control membrane voltage and in particular to hyperpolarize the
neuron. A genetic eﬀector that enables achieving this goal is Kir2.1, an inwardly
rectifying K + channel expressed in human cells [12, 118, 191]. Exogenous expression
of the channel in Drosophila neurons gives rise to membrane hyperpolarization and
prevents activation; thereby silencing these neurons. The caveat of using this eﬀector,
however, is that its activity is not restricted in time.
To gain full external control on membrane voltage and enable its acute and rapid
manipulation optogenetic tools have been developed (reviewed in [57, 268]). In particular, delivery of microbial opsin genes, encoding light-sensitive ion channels and
pumps, enables one to manipulate membrane potential and induce or eliminate spiking by light with precise temporal control. Continuous development of optogenetic
tools diﬀering in their spectral sensitivities and conductances increases the ﬂexibility and applicability of these methods. For example, cells expressing the light-gated
cation channel Channelrhodopsin-2 (ChR2) reversibly depolarize upon excitation with
blue light (∼470 nm). Expression of halorhodopsin, a light-gated chloride pump that
moves Cl− ions from the extracellular into the intracellular space, enables to hyperpolarize neurons upon excitation with yellow light (∼580 nm). In order to apply these
methods in Drosophila, it is required to feed the ﬂies with retinal, a co-factor required
1

When a dominant-negative mutant protein is expressed the native protein no longer functions.
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for opsin function (reviewed in [89, 222]). In addition, when these eﬀectors are used
for behavioral experiments, a direct eﬀect of the light on ﬂy behavior must be eliminated, e.g., by using ﬂy mutants with phototransduction deﬁciencies that are hence
blind [55]. Rather than using light to depolarize and thus activate cells, activation
can also be obtained by heating, via expression of a warmth-sensitive cation channel,
dTRPA1 and a temperature shift to above 25 ◦ C [197].
Having reviewed the tools available for neural circuit dissection in the ﬂy we would
like to address the question of how these tools may be applied to dissect the circuits
mediating the rich repertoire of visually-guided behaviors described in Section 1.2.1.
Even though the details of how the computations enabling ﬂies to link visual inputs
to behavior outputs are implemented by speciﬁc circuits have not yet been unraveled,
a signiﬁcant body of knowledge exists on the anatomy and function of diﬀerent types
of neurons involved in processing visual information. Thus, in the next section we lay
out the known structural and functional properties of the ﬂy visual system enabling
to phrase hypotheses regarding the potential implementation of computations which
in turn can be tested using these tools.

1.4

Fly vision

To dissect a neural circuit it is ﬁrst required to understand what inputs are available
to the circuit for performing computations and informing behavior. These inputs are
deﬁned by the receptors used to measure the characteristics of the external environment. In the case of visual processing in the ﬂy, this implies understanding how the
ﬂy’s eye samples light intensities in space and time. i.e., what is the temporal and
spatial resolution of sampling and with what spectral sensitivities are these samples
taken. The eyes of ﬂies are clearly very diﬀerent from human eyes. Thus, we will
start our exploration of ﬂy vision with a description of the ﬂy eye characteristics and
a comparison between the visual abilities of ﬂies and humans.
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1.4.1

Flies have compound eyes

The eyes of Drosophila are compound, comprised of an array of ∼800 units, called
ommatidia, each capped with a small lens element [174]. Compared to humans, ﬂy
vision is characterized by a relatively low spatial resolution, limited by the compound
eye structure, and very high temporal resolution. The spatial resolution is limited
by both the interommatidial angle deﬁning the spatial sampling frequency as well
as the acceptance angle setting the spatial ﬁltering properties of each unit. The
acceptance angle of Drosophila ommatidia is ∼5.7◦ and the interommatidial angle
is comparable, ∼5.1◦ . As a result, the spatial resolution is limited by the sampling
frequency [144, 230]. For comparison, the spatial resolution of the human fovea set
by both the inter-receptor distance and the eye optics is 1/60◦ , providing a spatial
resolution approximately 100 times higher [144].
Within each ommatidium photoreceptors convert photon inputs to neural activity
outputs. A fast G-protein dependent phototransduction cascade, gives rise to fast
impulse responses in ﬂy photoreceptors, peaking within 10-50 ms [102, 110]. As a
result, the temporal resolution of ﬂy vision, deﬁned by the receptors ﬂicker fusion
rate, can be very high. For example, ﬂicker fusion rates of ∼200 Hz were measured in
large ﬂies, and the temporal resolution in Drosophila is slightly lower, with a cutoﬀ
frequency of ∼150 Hz or less [8, 51, 181, 207, 224]. For comparison, ﬂicker fusion rates
in humans do not exceed 55 Hz [125].
In diptera such as Drosophila each ommatidium consists of 8 photoreceptors. 6
external photoreceptors, R1-R6, are arranged around the border of the ommatidium.
2 smaller photoreceptors, R7 and R8, are positioned in the center of the ommatidium,
with R7 positioned on top of R8 [74, 99, 168, 170]. As a result of this organization,
these photoreceptors collect light from diﬀerent angles in space. However, all 8 photoreceptors from 7 diﬀerent ommatidia that collect light from the same spatial angle
send projections to the same column in the downstream neuropils, giving rise to
retinotopy and increased SNR immediately downstream of the retina. This type of
organization is called ’neural superposition’ [30, 132, 251].
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The ﬂy’s optic lobe

In addition to characterizing the inputs into the circuit, neural circuit dissection can
further be informed by surveying the neural elements available for implementing computations. The brain of Drosophila consists of ∼100,000 neurons and each of the optic
lobes, where visual processing is performed, consists of ∼30,000, consistent with vision
being a critical faculty for the ﬂy. Anatomical studies of circuit connectivity give rise
to hypotheses regarding the function implemented by these circuits. Such studies are
particularly useful when combined with physiological and functional characterization
of at least some of the circuit elements, allowing one to hypothesize computational
roles for other circuit components. In Drosophila, a lot is known about the anatomy
of the optic lobe. The optic lobe consists of 3 visual ganglia downstream of the retina:
the lamina, the medulla, and the lobula complex, composed of the anterior lobula and
the posterior lobula plate. Cell bodies typically reside outside these ganglia and their
axons and dendrites form these dense neuropils. The retinotopic map formed in the
lamina as described above is preserved in subsequent ganglia; although this mapping
is inverted twice around the anterior-posterior axis, once between the lamina and the
medulla and again between the medulla and the lobula complex [74]. Many diﬀerent
cell types in the optic lobe have been characterized, albeit a connectivity map exists
only for the lamina. Functional information is more partial, as studies focused on photoreceptors and ﬁrst order interneurons in the retina and the lamina, respectively, as
well as on downstream cells in the lobula plate, reﬂecting the outputs of the optic lobe.
The density of the intermediate neuropil, the medulla, combined with the small size
of most neurons in this region, so far prevented functional characterization. Below we
provide a brief overview of the well-known neural components in the Drosophila optic
lobe, focusing mostly on neural elements that are known to be involved in motion
processing, the circuit that will be explored in subsequent chapters.
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The retina
The external and internal photoreceptors of the Drosophila ommatidium described
above, R1-R6 and R7-R8, diﬀer in their spectral sensitivities and send outputs to
diﬀerent processing pathways serving diﬀerent goals. The ﬁrst evidence that these
photoreceptors serve diﬀerent pathways comes from anatomy. While R1-R6 provide
inputs to laminar monopolar cells (LMCs, see details below) in the lamina, R7 and R8
send projections directly to the medulla, with R7 terminating in M6 and R8 terminating in M3 [74, 235]. Furthermore, behavioral experiments combined with genetic
manipulations of neural activity provided additional evidence for a functional separation. In particular, it was shown that the external photoreceptors R1-R6 provide
inputs to motion detection circuits while R7 and R8 are thought to be involved in
color vision and phototaxis behaviors [105, 266, 277]. Nevertheless, evidence exists
for the involvement of both receptor systems in both types of behaviors, suggesting
interaction between these pathways [252, 265].
In support of these diﬀerent functional roles, as mentioned above, the spectral
sensitivities of these receptors also diﬀer. External photoreceptors R1-R6 express the
opsin Rh1 and are sensitive to blue-green light (the sensitivity of this opsin peaks at
∼475)

[210, 229]. Each R7 receptor expresses one of two possible rhodopsins, Rh3

and Rh4; both UV-sensitive. Each R8 receptor also expresses one of two possible
rhodopsins, Rh5, a blue sensitive opsin with a peak at ∼440 nm, or Rh6, a greenyellow sensitive opsin with a peak at ∼510 nm [45, 99, 190, 210]. In the dorsal rim of
the eye, R7 and R8 both express the UV sensitive rhodopsin Rh3 and are sensitive
to polarized light [77].
The response characteristics of photoreceptors, and in particular R1-R6, constitute the ﬁrst neural signal available for visual processing circuits and encode input
intensity information. While vertebrate photoreceptors hyperpolarize to light, the
photoreceptors of the ﬂy present sustained depolarizations to light and hyperpolarize
to dark. Via a limited dynamic range of voltage outputs, photoreceptors must encode a very wide dynamic range of light intensities, capturing both day light levels as
well as functioning in near-complete darkness. Over the course of a day, light intensity amplitudes may increase by a factor of 104 . Encoding this wide dynamic range
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is enabled via light adaptation mechanisms. A logarithmic transformation relates
input light intensities to photoreceptor voltage outputs, such that a mean depolarization level encodes the mean intensity and contrast changes cause superimposed
ﬂuctuations in photoreceptor voltage. The exact response shape depends on the light
intensity: at low light intensities the response is sustained with only a weak decay
observed during light presentation, while at high light intensities the response consists of a fast and strong transient followed by a rapid decay to a plateau level. These
two response phases reﬂect two diﬀerent rates of adaptation [113, 122, 145, 146, 152],
reviewed in [149]. Upon depolarization, photoreceptors release the neurotransmitter
histamine [98, 100, 235].
The lamina
Downstream of the retina, the lamina is the ﬁrst visual neuropil, where the processing of light intensity signals represented by photoreceptors initiates. The most
important cell types in the lamina from a motion-detection perspective are likely the
lamina monopolar cells (LMCs) and in particular L1 and L2 cells (described below).
These cells receive direct photoreceptor output and it has been argued that these cells
are both necessary and suﬃcient for mediating optomotor responses [47, 116, 203].
The functional characteristics of these cells are described in depth in Chapters 2
and 3. More recent ﬁndings, however, suggest that L3 cells, also receiving direct
photoreceptor inputs, provide an additional input to these circuits [cite silies when
out]. Furthermore, the dense connectivity between multiple cell types in the lamina
[170, 204] may play signiﬁcant roles in shaping the inputs to motion detecting and
other visual processing circuits. In particular, in Chapter 4 we show potential roles
for this connectivity in shaping L2 cell responses. Thus, we provide a brief overview
of the diﬀerent neural components of the lamina below.
The lamina is electrically separated from the retina and divided into electrically
isolated units called cartridges, encapsulated by epithelial glia. It is hypothesized that
these electrical barriers may contribute to signal shaping in LMCs via extracellular
eﬀects on the photoreceptor-LMC synapse [219, 256]. Due to the neural superposition
principle mentioned earlier, the input arriving at each lamina cartridge represents a

CHAPTER 1. INTRODUCTION

30

sample from a single angle in space. A characteristic of the Drosophila brain connectivity pattern is that synapses often involve multiple post-synaptic elements and
thus, for example, the outputs of R1-R6 diverge within tetrade synapses to multiple
targets, four in each synapse. Both L1 and L2 cells receive photoreceptor input together in each of these synapses, while the other elements vary [74, 168, 170, 180].
Diﬀerent LMCs are characterized by diﬀerent distributions of dendrites in the lamina
and positions of axonal terminals in the downstream neuropil, the medulla. L1 cells
have two medullar terminals, M1 and M5; while L2 cells project to M2 only [74].
In Chapter 2 we target these terminals to record the outputs of these cells via Ca2+
imaging. In addition, L1 cells are suggested to be glutamatergic while L2 cells are
suggested to be cholinergic [234]. Other LMCs include L3 cells which project to M3
and two other LMCs, L4 and L5, that receive photoreceptor inputs only indirectly
[152, 180]. L4 cells are reciprocally connected to L2 cells and project to both M2
and M4. L5 cells project to M1, M2 and M5, and are reciprocally connected with L1
[74, 170, 235].
We defer the detailed description of the characteristics of LMC responses to light
to Chapter 2. Brieﬂy, the photoreceptor-LMC synapse is sign-inverting and LMCs
present transient depolarizations to light oﬀsets and hyperpolarizations to light onsets.
Thus, if photoreceptors can be described as low-pass ﬁlters of light intensities, LMCs
high-pass ﬁlter these outputs and thus encode contrast changes. The hyperpolarizing
response of LMCs to light is mediated via histamine-binding Cl− channels expressed
by the LMCs [98, 100].
While the spread of LMC signals to diﬀerent medulla layers may represent parallel
visual processing pathways [17, 74, 235] and see below, dense connectivity in the lamina gives rise to many potential feedback and lateral interactions within and between
these pathways. Thus, for example, reciprocal connections between L2 and L4 cells in
dorsal and ventral posterior neighboring cartridges may mediate front-to-back motion
computation [234]. In addition, photoreceptors receive feedback from many cell types
including L2 and L4 cells, amacrine and wide-ﬁeld cells, where the latter two cell types
collect input from more than a single column [170, 204, 234, 275]. Such feedback circuitry may give rise to non-local intensity information early in the visual processing
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stream. Finally, two medullar centrifugal neurons, C2 and C3, project into the lamina
and provide feedback inputs to multiple laminar cells. In particular, L1 receives input from C3 and L2 from both centrifugal cells. These cells extend through multiple
layers in the medulla and are suggested to be GABAergic [34, 74, 138, 170, 204, 235].
Thus, the activity in early visual processing neurons may be aﬀected by the outputs
of more specialized downstream pathways. In chapter 4 we apply pharmacology and
genetic tools to start to unravel the functional signiﬁcance of this dense connectivity
and in particular the role played by cholinergic and GABAergic circuits described
above.
The medulla
Downstream of the lamina, the medulla is a very dense neuropil, with currently
unknown connectivity. The functional properties of most medullar cells are also
unknown. Nevertheless, this neuropil is suggested to play a critical computational
role in motion detection. In particular, it is hypothesized that local motion detection
takes place in the medulla, while downstream cells in the lobula complex are suggested
to integrate over these inputs to become motion sensitive and direction selective
[115, 212], reviewed in [23, 25, 27].
The medulla is divided into 10 layers and consists of approximately 60 diﬀerent cell
types. Some of these cells, such as the medulla intrinsic (Mi) neurons connect between
diﬀerent medulla layers. Other cell types, such as transmedullar (Tm and TmY)
neurons connect the medulla with the lobula complex [74]. These cells are divided
between the diﬀerent parallel processing pathways suggested to arise in early stages
of visual processing [17, 74, 235]. Accordingly, L1 is thought to send information
through Mi1 and Tm3 to T4 neurons, which connect the proximal medulla with the
lobula plate. L2 cells provide inputs to both Tm1 and Tm2 which eventually send
information to T5 neurons, connecting the lobula with the lobula plate [17, 74, 235].
Recently, behavioral and electrophysiological investigations combined with genetic
manipulations revealed potential functional diﬀerences between these pathways (these
are reviewed in more detail in Chapter 2). In particular, it was suggested that the L1
pathway mediates responses to bright moving edges while the L2 pathway mediates
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responses to dark moving edges [47, 116]. The last elements in the above described
pathways, T4 and T5 cells are bushy T-cells. Four diﬀerent sub-types of these neurons
project to the four diﬀerent lobula plate layers (see below). Recently, activity in these
neurons was shown to be required for motion sensitivity in downstream neurons [213].
The lobula complex: lobula and lobula plate
In this neuropil, providing the output of the optic lobe, neural activity represents the
outcomes of upstream computations. Thus, many cells in this complex are motion
sensitive and reﬂect signiﬁcant computational specialization. For example, lobula
plate tangential cells (LPTCs), described in more detail below, are sensitive to wideﬁeld motion inputs and are direction selective (reviewed in [26]). More recently, a
set of lobula and lobula plate neurons were found to be sensitive to visual expansion
associated with looming objects [56].
Structurally, the lobula consists of 6 diﬀerent layers and the lobula plate consists
of 4 [74]. A study using radioactive deoxyglucose labeling to correlate visual inputs
with active areas in the Drosophila optic lobe found that each layer of the lobula
plate is associated with processing of motion with a distinct direction selectivity [36].
Within this complex, LPTCs represent the most thoroughly studied cell types.
These neurons are characterized by broad dendritic arbors collecting inputs from
many retinotopic columns in preceding neuropils and project to the central brain.
Some of these neurons contact descending neurons that mediate behaviors such as
head movement and locomotion [74, 212]. Thus, the functional specialization of these
neurons likely reﬂects at least some of the upstream computations that modulate
behavior. LPTCs can be divided into two systems based on their morphology and
orientation preference. The ﬁrst system consists of cells sensitive to horizontal motion
(HS cells), the second of cells sensitive to vertical motion (VS cells) [74, 115, 212,
216]. The sensitivities of LPTCs to motion patterns across visual space were found
to be matched with the optical ﬂow ﬁelds expected to arise during typical turning
maneuvers performed by ﬂies, such as roll, pitch and yaw turns [74, 140, 141].
Direction selectivity is reﬂected in HS and VS cell responses to wide-ﬁeld sinewave
grating motion. Both HS and VS cells depolarize, and increase their ﬁring rate, in
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response to motion in the preferred direction and hyperpolarize, decreasing their
ﬁring rate, in response to motion in the opposite direction. Nevertheless, these cells
also respond to ﬂicker [116, 212]. Recently, simultaneous measurement of activity in
LPTCs, via electrophysiology or imaging, and behavioral output, revealed that the
response properties of LPTCs are sensitive to the behavioral state of the ﬂy [42, 162].
In subsequent chapters, we will try to relate our observations of the functional
properties of early visual processing cells to these functional characteristics of the
outputs of the optic lobe and the outputs observed by monitoring behavior.

1.5

Speciﬁc contributions to dissertation chapters

Chapter 2: The work described in this chapter was done in collaboration with
Damon Clark, PhD. My speciﬁc contribution to this work included improving the
imaging and stimulus presentation system together with Damon, running imaging
experiments, writing some of the data processing code, using this code to generate
ﬁgures and editing the paper [47], with which the text below overlaps. Chapters 3
and 4: The stimulus presentation setup modiﬁcations described in Chapter 2 were
designed by Damon Clark, PhD and implemented by both Damon Clark and Jeniﬀer
Esch. The stimulus code for moving sinusoidal gratings and for presenting circles and
annuli of diﬀerent sizes was written by Damon Clark. My speciﬁc contribution to
this work included conducting all imaging experiments as well as writing all analysis
and stimulus presentation code extensions (with the exceptions mentioned here), as
well as writing the paper [78] which overlaps signiﬁcantly with the contents of these
chapters.

Chapter 2
Functional characterization of ﬁrst
order visual interneurons in
Drosophila
2.1

Introduction

While both L1 and L2 laminar monopolar cells (LMCs) receive inputs from external photoreceptors R1-R6 through shared synapses, these two diﬀerent cells send
output projections to diﬀerent layers in the medulla, thus providing inputs to two
anatomically separate pathways [17, 74]. This anatomical separation gave rise to the
hypothesis that the pathways downstream of L1 and L2 must also be functionally
distinct, and that L1 and L2 cells themselves are unlikely to be functionally identical. The diﬀerence between the pathways was identiﬁed recently. In particular, it
was found that L1 and L2 provide inputs to bright and dark moving edge detecting
pathways, respectively [47, 116] (see details below).
The properties of L1 and L2 cells have been examined over the last 30 years using
electrophysiological recordings (reviewed below), in a variety of ﬂy species, but no
signiﬁcant diﬀerences between the cells were identiﬁed. The development of novel,
more sensitive genetically encoded Ca2+ indicators, combined with improvements in
neural activity imaging technology, opened a new avenue for functional studies of
34
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the lamina. Using such tools, and speciﬁcally the genetically encoded Ca2+ indicator
TN-XXL, a recent study described the responses of L2 terminals to long-duration
light ﬂashes. Responses to light oﬀset observed in this study were more prominent
than responses to light onset, and it was concluded that L2 is “half-wave rectiﬁed”,
responding primarily to light decrements and not to increments [199]. It was further
hypothesized that L1 cells are half-wave rectiﬁed in an opposite manner, responding
only to increments, and that this early specialization gives rise to the selectivity of
the downstream pathways for moving edges of diﬀerent contrast polarities [116].
In this chapter we present Ca2+ imaging data from both L1 and L2 cells, examining
responses across a wider range of stimulus conditions. In particular, we test whether
rectiﬁcation is reﬂected in the outputs of L1 and L2 cells by monitoring responses
to dynamically changing contrast inputs. While some asymmetry in the strength of
responses to bright and dark inputs is found, with L2 cells responding more strongly
to decrements, importantly, both cell types respond to both light increments and
decrements. Thus, it seems that if rectiﬁcation underlies the L1 and L2 pathway
selectivity to bright and dark moving objects, it must occur downstream of these
cells. Nevertheless, this does not eliminate the possibility that the response properties
of these cells facilitate the contrast polarity separation via their detailed response
properties and this possibility will be explored in more depth for L2 in Chapter 3.

2.1.1

The functional properties of L1 and L2 cells as revealed
by electrophysiological studies

While electrophysiological studies in LMCs did not ﬁnd diﬀerences between the functional properties of L1 and L2 cells, these studies gave rise to a signiﬁcant body
of knowledge characterizing the photoreceptor-LMC synapse. Thus, these studies
revealed that under bright illumination, LMCs transiently hyperpolarize to light increments, depolarize to decrements, and have antagonistic center-surround organizations. Consequently, LMCs encode contrast changes around an average illumination
level in space and time.
Since photoreceptors present more sustained responses to light [113, 122, 146],
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Section 1.4.2, this property must arise at the photoreceptor-LMC synapse. It was
suggested that this synapse ampliﬁes contrast signals to eﬃciently utilize the dynamic
range of LMC signaling. In addition, response shapes were found to depend both on
the light adaptation state of the cells as well as on the spatial extent of the stimulus.
Thus, a decrease in the illumination level gives rise to reduced spatial antagonism and
an increase in the spatial extent of the input gives rise to stronger light-oﬀ transients
[63, 247, 100, 113, 145, 146, 148, 152, 153, 227]. However, in these detailed studies,
no signiﬁcant diﬀerences in function were found between diﬀerent types of LMCs. At
most, it was suggested that L2 cells are more strongly aﬀected by lateral antagonism
than L1 and L3 [153].

2.1.2

Behavioral studies reveal functional diﬀerences between
the L1 and L2 pathways

More recently, genetic tools enabling the manipulation of activity in diﬀerent subsets
of LMCs became available. Using these tools it was shown that these cells provide
inputs to downstream motion detecting circuits [47, 116, 203]. In particular, synaptic
silencing of these two neurons using shibireT S resulted in loss of optomotor behavioral
responses to moving gratings [47, 203] and electrophysiologically measured direction
selective responses to motion in horizontal system (HS) and vertical system (VS)
lobula plate tangential cells (LPTCs) [116]. Thus, L1 and L2 cell function is necessary
for mediating responses to motion.
In addition, activity in these neurons was also found to be suﬃcient to allow
motion responses to occur. Speciﬁcally, in mutants lacking histamine receptors in
all neurons (ort1 and ortU S2515 mutants), such that photoreceptor outputs cannot be
detected by any downstream target, motion responses were found to be impaired.
However, rescue of histamine receptor expression in L1 cells or L2 cells or both cell
types, enabling only these cells to respond to photoreceptors outputs, was suﬃcient to
give rise to motion responses indistinguishable from those of negative controls [203].
These results imply that L1 and L2 act redundantly at high contrast conditions in
providing inputs to motion detection circuits. Nevertheless, at low contrast conditions
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both cell types were found to be required to function together to mediate responses.
These studies further identiﬁed a few diﬀerences in the characteristics of the pathways
corresponding to L1 and L2 cell outputs. In particular, the L2 pathway was found
to show higher contrast and low-light sensitivity compared to the L1 pathway. Furthermore, at intermediate contrast levels, the two pathways were found to mediate
motion responses in diﬀerent directions: the L2 pathway mediated responses to front
to back motion while the L1 pathway mediated responses to back to front motion.
In a subsequent study it was shown that turning and translation behaviors are
modulated diﬀerently by various motion stimulus parameters [129]. i.e., while both
behaviors are modulated by the presentation of a moving dots stimulus, translation
is insensitive to the density of the dots but sensitive to their velocity while rotation is sensitive to both. This implies that pathways mediating eﬀects on these two
aspects of behavior must be separate. Furthermore, silencing experiments demonstrated that the pathways split immediately downstream of photoreceptors. Of these
two pathways, the L2 pathway was found to aﬀect modulation of translation behavior (or forward walking) more strongly than rotation behavior (or turning) under the
stimulus conditions presented [129]. More broadly, this study supports the notion
that motion processing may occur via multiple parallel pathways and that diﬀerential sensitivities to the spatiotemporal properties of inputs may play a role in this
segregation.
More recently a clear division of motion processing between the L1 and L2 pathways was identiﬁed. In particular, silencing experiments conducted in either L1 or
L2 cells only resulted in at least a partial loss of responses to moving bright and dark
edges, respectively [47, 116]. This held true for both directional responses to motion
recorded electrophysiologically in LPTCs [116] and optomotor responses to motion
presented by single ﬂies walking on a ball [47]. These studies imply that each of these
cell types provides input to a pathway diﬀerentially specialized to detect motion of
diﬀerent types of objects. The L1 pathway is specialized for the detection of moving
bright edges and the L2 pathway for the detection of moving dark edges. This raises
the questions of where in the circuit and how the specialization arises.
Reiﬀ et al. (2010) proposed that the specialization arises via rectiﬁcation of L1
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and L2 cell outputs. This model is appealing since signal rectiﬁcation is thought
to be a critical component of local motion detection in one possible implementation
of the Hassenstein-Reichardt Correlator (HRC) model [104] (see also Section 1.2.1).
According to the HRC model, motion between two points in space is computed by
introducing a delay between the two input signals and then performing sign-correct
multiplication of these inputs. Thus, two negative and two positive inputs give rise
to a positive output while a combination of negative and positive inputs gives rise to
a negative output. This sign-correct multiplication is diﬃcult to implement within
a single synapse, and thus a preceding rectiﬁcation step, separating negative and
positive inputs prior to multiplication, could facilitate the computation.
In order to assess whether such a separation was indeed implemented in the L1
and L2 pathways, the behavioral and electrophysiological responses to minimal motion cues consisting solely of positive inputs (contrast increments), negative inputs
(contrast decrements) or combinations of these inputs (a contrast increment followed
by a decrement or a decrement followed by an increment) were compared in L1 and
L2 silenced ﬂies [47, 117]. Interestingly, both L1 silenced ﬂies and L2 silenced ﬂies
responded to motion stimuli combining increments and decrements. In particular,
the L2 pathway was shown to speciﬁcally mediate responses to increments followed
by decrements while the L1 pathway speciﬁcally mediated responses to decrements
followed by increments. In addition, both pathways were shown to be suﬃcient to
mediate behavioral responses to increment motion cues and to decrement motion
cues [47]. These studies provide evidence that increment and decrement information
may not be completely segregated between the L1 and L2 pathways, rather these
pathways may diﬀerentially process diﬀerent contrast inputs in diﬀerent ways. Nevertheless, there is controversy in the literature as to what model correctly explains
these results, and one suggested model ﬁts these observations together with rectiﬁcation occurring at the LMC output stage. According to this model, the rectiﬁcation is
partial in the L2 pathway and an additional input component which follows contrast
rather than encode contrast changes feeds into the downstream correlators [117].
Putting all evidence together, it remains unclear how and where in the circuit
rectiﬁcation may be implemented and only a thorough examination of L1 and L2
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responses to diﬀerent spatiotemporal distributions of light inputs can decisively show
whether rectiﬁcation occurs at this early stage.

2.2

Methods

The imaging experiments described in this chapter were performed using a Prairie
scanning two-photon microscope (Prairie Technologies, Middleton, WI) with a 20X,
0.95 NA objective (Olympus, XLUMPlanFl) and a pre-compensated Chameleon femtosecond laser (Coherent, Inc., Santa Clara, CA). We used an excitation wavelength
of 830 nm and maintained a power lower than 20 mW under the objective. The
scanning pattern was unidirectional, the average number of rows in each image was
38.2 ± 8.5 pixels and the average number of columns was 135 ± 30.4. The average
imaging frame rate was 10 ± 2.7 Hz across all time-series. Imaging experiments lasted
approximately 2 hours per ﬂy.

2.2.1

Visual stimulus delivery

Recording the responses of L1 and L2 cells to visual inputs required the design of an
imaging system that enables visual stimulus presentation under the two-photon microscope. This system is schematically described in Figure 2.1A. Visual stimuli were
coded in C++ using the OpenGL library and projected via a digital light projector
(DLP, Infocus DepthQ, Bellevue, WA) onto a 4 × 4 mm coherent optic ﬁber bundle (100 ﬁbers/mm, 0.63 NA; from Schott, Elmsford, NY). The ﬁber span a region
covered by ∼100 × 100 pixels and provided a spatial stimulus resolution of ∼1◦ .
The native frame-rate of standard DLPs is 120 Hz, too slow for presenting visual
stimuli to a ﬂy [51, 224], and Section 1.4.1. However, within each frame the DLP
sequentially presents diﬀerent color components of the frame - blue, red, green and
white. Thus, we have used a modiﬁed DLP where the color-wheel was removed and
the blue and green frames were used to present 2 diﬀerent stimulus frames, such that
a ﬁnal rate of 240 Hz was obtained.
An optical ﬁber bundle in front of the projector delivered the DLP light output
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to the front of the ﬂy and served as a screen for presenting the stimulus to the dorsal
front portion of one of the ﬂy’s eyes. This, in turn, required that the visual inputs
be observable by the imaged ﬂy but not detected by the microscope PMTs to avoid
contamination of the imaging data. To achieve this, we spectrally separated the
presented stimulus from expected ﬂuorescence emission, displaying a wavelength that
is distinct from the wavelengths passed by the emission ﬁlters in front of the PMTs.
In selecting emission ﬁlters we ﬁrst took into account the spectral characteristics of
the ﬂuorescent indicator used, TN-XXL. With TN-XXL, an increase in intracellular
Ca2+ concentration causes an increase in Citrine cp174 ﬂuorescence emission, which
is maximal at 525-530 nm [163] and a decrease in CFP ﬂuorescence, which is maximal
at 460-470 nm [195]. Another critical consideration for the selection of visual stimulus
wavelengths is to eﬃciently stimulate the photoreceptors R1-R6 providing inputs to
L1 and L2. These photoreceptors express the rhodopsin Rh1 that has a broad high
spectral sensitivity peak at ∼475 nm [210, 229]. Thus, we ﬁrst selected to present
ﬂies with a visual stimulus at a wavelength of ∼490 nm using a combination of two
bandpass ﬁlters, a 475/35 ﬁlter and a 497/16 ﬁlter in front of the broad spectrum
light output of the DLP 1 . For emission collection we then used a 447/60 bandpass
ﬁlter for CFP collection together with a 536/40 ﬁlter for Citrine collection (Semrock,
Rochester, NY). CFP and Citrine emitted photons were separated via a 495-LP (lowpass) beam splitter (Semrock, Rochester, NY) (Figure 2.1B, top).
Ideally, with this set of ﬁlters no stimulus light should have reached the microscope
PMTs. However, light artifacts were observed in the Citrine channel output of the
imaging data collected with this ﬁlter set. This was due to several reasons. First,
we found that the optical ﬁber bundle that brings the DLP light to the front of
the ﬂy auto-ﬂuoresces in response to the 490 nm light input. As a result, light
emitted from the ﬁber under the microscope consisted of spectral components with
long enough wavelengths to be passed by the Citrine emission ﬁlter. In addition,
we found that some auto-ﬂuorescence also occurred when the light reached the ﬂy
and the mount. To mitigate these eﬀects we included a second stimulus ﬁlter in
1

All bandpass ﬁlters are described by their central wavelength / the width of the pass-band in
nanometers
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front of the optical ﬁber bundle between its edge and the ﬂy’s eye. In addition, we
added neutral density ﬁlters between the DLP output and the ﬁber bundle to reduce
the overall light intensity while still eﬀectively stimulating the ﬂy eye (as judged by
observed responses). While these modiﬁcations reduced the artifacts, these were not
completely eliminated. We hypothesize that one remaining source of contamination
is that the stimulus light, which is not focused on the sample, reaches the emission
ﬁlters at a range of diﬀerent angles. We have measured that for light that does not
reach the optical ﬁlters perpendicular to the ﬁlter plane the pass-band range shifts to
higher wavelengths with respect to the range of wavelengths designed to be passed by
the ﬁlter. Thus, it seems like when using stimulus light with wavelengths lower than
emission ﬁlter wavelengths, there is in fact no way to completely eliminate this type
of artifact. Nevertheless, the eﬀects of the artifact were mitigated by subtracting the
background noise from the signal in regions of interest. This strategy works since the
artifact is approximately uniform in all regions of the acquired image.
Since the artifact was not completely eliminated, we devised an alternative way to
solve this issue. In particular, we selected a diﬀerent stimulus ﬁlter that passes longer
wavelengths, a 575/25 ﬁlter (Semrock, Rochester, NY). This also allowed us to change
the Citrine emission ﬁlter to a 525/50 ﬁlter, for improved collection (Figure 2.1B,
bottom). Even though Rh1 absorption is relatively low in this range of wavelengths,
because the DLP output intensity is high, this stimulation was suﬃciently strong to
reliably drive responses in L1 and L2 cells. Furthermore, comparing responses to a
stimulus wavelength of ∼490 nm with this longer stimulus wavelength we observed
no signiﬁcant diﬀerence in response shapes (Figure 2.3A). The distance between the
ﬁber bundle and the ﬂy eye was 2 mm when the stimulus wavelength was ∼490 nm,
and an optical ﬁlter was positioned between the ﬁber and the eye. For the longer
wavelength stimulus this additional ﬁlter was not required and the distance was ∼1
mm.
Alignment of cell responses with visual stimulus inputs in time required the simultaneous acquisition of stimulus output information together with the timing of
acquired ﬂuorescent images. We obtained this alignment by presenting a brief ﬂash
to a photodiode that was positioned above the optical ﬁber bundle on which the
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stimulus was presented, when the stimulus presentation started and every time the
stimulus output changed. The output of this photodiode was acquired as a third
imaging channel and thus was synchronized with the timing of the other two imaging
output channels. This allowed us to align imaging data to the time-points at which
diﬀerent stimuli were presented.
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Figure 2.1: Imaging setup and ﬁlter sets. (A) Schematic illustration of the imaging
set-up. DLP = Digital Light Projector. (B) The set of emission (CFP, Citrine)
and stimulus ﬁlters used. Top: Interleaving the stimulus spectrum between the two
imaging emission ﬁlters, to strongly stimulate the Rh1 rhodopsin expressed by R1-R6
photoreceptors. Bottom: Using a long-wavelength stimulus to completely eliminate
contamination of imaging data with the stimulus output.

2.2.2

Fly stocks and handling

Two Gal4 drivers, a split-Gal4 driver ortc1-3VP16ADvglutDBD (from [84]; which
has strong expression in L1 but also in a few other cells in the medulla and is hence
incompatible with imaging in M5) and L1-Gal4 (c202a from [203]; which has weak
expression but is cleaner in the medulla with respect to the alternative driver) were
used to express a multi-copy insert of the Ca2+ indicator UAS-TN-XXL (from [164];
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as in [47]) in L1 cells. For driving expression of the indicator in L2 cells, the Gal4
driver 21D-Gal4 (from [203]) was used. In the list of ﬂy lines provided below, we
use standard nomenclature for indicating ﬂy genotypes (see, for example, [95]). In
particular, we indicate insertions into chromosomes 1-3 (1 being the sex chromosome), chromosomes are separated by semi-colons, ’+’ signs indicate non-modiﬁed
chromosomes and insertions on speciﬁc chromosome allels are as listed. While ﬂies
have 4 chromosomes, the 4th chromosome is small and ﬂies with insertions in this
chromosomes were never used. Thus, the following ﬂy lines were used in imaging
experiments:
+ ; + ; 21D-Gal4 / UAS-TN-XXL (“L2”)
+ ; L1-Gal4 / + ; UAS-TN-XXL / + (“L1a”)
+ ; ortc1-3VP16ADvglutDBD / + ; UAS-TN-XXL / + (“L1b”)
Imaging crosses were grown on molasses-based food at 25◦ C and ﬂipped every
2-3 days. Flies were collected for imaging 1-2 days after eclosion using CO2 for brief
sedation and imaged on the same day or the next. In order to mount ﬂies for imaging,
ﬂies were brieﬂy immobilized using cold. The ﬂy mount was made of a stainless steel
sheath in which a hole was cut such that it matched the size and shape of the ﬂy
thorax and head. The stainless steel sheath was found to be superior to iodized
aluminum and thin plastic mount alternatives. The head was tilted forward by ∼60◦
through the hole in the mount such that the back of the head capsule was exposed
for dissection and most of the retina (except for 1-2 rows of ommatidia) was below
the foil. The ﬂy head was glued to the mount using UV-cured epoxy which was dried
by application of UV light for 40-60 s.
When the ﬂy was mounted and glued we covered its back with a cold Ca2+ - and
sugar- free saline solution [263] and removed the cuticle as well as trachea and fat
bodies above the optic lobe. During imaging, this solution was replaced with roomtemperature, Ca2+ and sugar containing saline which was perfused together with
carbogen over the back of the ﬂy.
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2.2.3

Imaging protocol

At the beginning of every imaging experiment, the objective was ﬁrst crudely positioned above the ﬂy eye using bright ﬁeld illumination. Then, two photon imaging
was initialized at low digital zoom. Once the medulla was identiﬁed, we zoomed in on
superﬁcial, posterior projections in the medulla (receiving inputs from the anterior
part of the eye). Small subsets of projections (containing 11.6 ± 2.9 cell projections
on average) were imaged (Figure 2.2). The size and shape of the frame were chosen
such that a frame rate of ∼10 Hz was achieved with pixel dwell times of a few μs. The
zoom factor was chosen such that the projections span a suﬃciently large number of
pixels to achieve a reasonable SNR for individual cell responses by averaging over the
signal in these pixels. On average, projections span 123.3 ± 42.4 pixels. An example
of imaged projections and selected regions of interest (ROIs) is shown in Figure 2.2C.
We ﬁrst presented a simple ﬂash stimulus to identify active cells. Once such cells
were identiﬁed, we presented additional stimuli. The responses to each stimulus type
were recorded as a separate time-series, selecting an appropriate number of frames
for imaging. Due to bleaching and photodamage, imaging at a given depth had to be
limited to a few minutes. Thus, time-series were taken from 4-7 diﬀerent depths per
ﬂy, separated by at least 7μm such that diﬀerent projections from diﬀerent rows in
the medulla were imaged at each depth.

2.2.4

Preprocessing of time-series data

Image stacks were aligned within the plane of imaging using a sub-pixel resolution
registration algorithm (Turboreg, [239]) in ImageJ (NIH), then processed in Matlab
(Mathworks, Natick, MA). Regions of interest (ROIs) around each terminal were
found manually or with an automated script. Intensity values in the pixels within
each ROI were averaged for both channels individually and a mean background value
was subtracted from each. Then, the Citrine channel value was divided by the CFP
channel value to obtain the signal ratio for that terminal. Typical ratios varied
between 2 and 3. We note that while image alignment can correct for motion artifacts
resulting from motion in the x-y plane of imaging, a change in brightness due to
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Figure 2.2: Images of L1 and L2 cell projections in the medulla. (A) Axonal morphologies of L1 (top panel) and L2 (bottom panel) with two-photon imaging of TNXXL expression. L1 axons terminate in two medulla layers, M1 and M5, while L2
terminates in the M2 layer. Scale bar = 25 μm. LM, lamina; MD, medulla. The
white box delineates an example region focused on for subsequent imaging, covering
posterior projections. (B) Schematic representation of L1 and L2 projections. (C)
Sample region-of-interest selections are shown for L1a (layer M1 and M5), and for
L2, from time series data. Scale bar = 20 μm.
motion of the sample along the z-axis cannot be corrected in this manner. However,
this type of motion causes an increase or a decrease in ﬂuorescence emission at both
wavelengths simultaneously while with a ratiometric indicator such as TN-XXL Ca2+
concentration changes give rise to anti-correlated changes in intensities in the two
channels. Thus, computing the ratio between ﬂuorescence emissions in these two
channels, produces a signal that is more sensitive to Ca2+ concentration changes than
to motion.
One concern with the use of ratiometric indicators is diﬀerential rates of bleaching
in the two channels. Indeed, we noticed this in some of the time-series data acquired.
To correct for this artifact, we ﬁrst removed baseline drift from ratio signals by ﬁtting a 4th order polynomial to the entire response trace and subtracting it from the
trace. Other than a baseline subtraction, we did not observe additional eﬀects on the
shape of traces following this procedure, for traces visually inspected before and after
performing this procedure.
Since exact frame rates varied between experiments, all responses were ﬁrst interpolated to the same rate of 100 Hz and aligned with respect to stimulus presentation
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time before any further analysis was performed. Mean responses to all stimuli were
calculated ﬁrst by stimulus cycle, then by neuron, then by ﬂy, and the ﬂy means are
used to calculate the overall means and standard error of the means presented in this
chapter.
Detailed stimulus characteristics and analysis procedures for diﬀerent experiments
described in this chapter are provided below.

2.2.5

Visual stimuli and corresponding analysis procedures

In order to identify responding cells for further investigation as well as characterize
the basic response of L1 and L2 neurons to light vs. dark conditions, we presented
ﬂies with 2 s light pulses of maximal intensity followed by 2 s of darkness, periodically,
for 20 s. For the dark adaptation experiments in Figure 2.4, the stimulus initiated
with 3 cycles of 2 s full ﬁeld ﬂashes separated by 2 s of darkness, followed by 8 s light
pulses separated by 15, 30 and 60 s of darkness.
Responding cells were chosen by ﬁnding those cells that had signiﬁcantly diﬀerent
mean responses during light presentation compared with darkness. This represented
between 32% and 77% of cells recorded, depending on genotype and layer. Nonresponding terminals were often in columns that could not see the screen. The mean
of all stimulus repetitions per cell was computed ﬁrst. Then the response of all cells in
each ﬂy was averaged and the reported curves presented show the means and standard
errors of the ﬂy means.

2.2.6

Moving edges

We measured the responses of the three axon terminals to moving edges by presenting
the ﬂy with a dark screen, across which a light edge moved at a speed of ∼80◦ /s,
matching the speed used in the behavioral experiments described in [47]. Once the
bright edge passed, the screen was bright for 4 s, after which a dark edge moved across
in the same direction. Then the screen was dark again for 4 s. This was repeated in
8 diﬀerent directions, separated by 45◦ .
Under these conditions, the trace of the response to this stimulus consisted of
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responses to both edge types as sequential events. As no direction-dependent diﬀerences were detected in the measured responses (Figure 2.5), all angles were averaged
together. Since edges passed the receptive ﬁelds of diﬀerent medulla columns at diﬀerent times, traces for each direction were aligned by maximizing their cross-correlation
with a mean unaligned response. Since traces were often noisy, we set a threshold
for inclusion in analysis, asking whether the individual cell trace correlated with the
mean of all cells. We included cells in the ﬁnal average if the correlation coeﬃcient
was greater than 0.6, 0.5, and 0.3 for L2, L1 M1, and L1 M5, respectively. These
thresholds included between 25% and 75% of cells recorded. In particular, for traces
presenting high signal to noise ratios, as a result of strong expression by the cell-type
speciﬁc driver, such as L2 traces, most traces were included. However, when many of
the traces were corrupted by noise, as in the case of L1 M5 traces, a more signiﬁcant
fraction of traces was excluded by this criterion. Cells were ﬁrst averaged across directions within a ﬂy and traces shown in Figure 2.6 are the mean and standard error
computed across ﬂy means.

2.2.7

Gaussian noise

A uniform spatial stimulus varying in intensity with a nearly-Gaussian distribution as
a function of time was used to examine the cellular responses to dynamically varying
inputs. The intensity distribution had a standard deviation of 35% fractional contrast
about a mean luminance of 60% of maximum. Values of greater than 100% or less
than 0% luminance were set to 100% and 0% luminance, respectively. The sequence
of samples had an exponential correlation function with a time-constant of 200 ms.
Within each axon terminal type, we analyzed the response of cells that were signiﬁcantly anti-correlated with the input contrast. We computed the cross-covariance
of each cell’s trace to the input contrast. Cells were selected if their minimum crosscovariance was less than -0.0022, in units of fractional contrast times fractional response. This criterion selected for between 60% and 80% of recorded cells. We found
that the cross-correlation between the contrast and measured signal was minimal for

48

CHAPTER 2. IMAGING L1 AND L2 NEURONS

approximately a 100 ms delay (corresponding to a single frame and thus the minimum delay that is measurable under our imaging conditions). Thus, we computed
the mean response ratio as a function of the contrast at a time 100 ms earlier, binning
the contrast into 50 bins. The mean response 100 ms after each contrast value was
computed ﬁrst for each ﬂy; the mean and standard error shown in Figure 2.8 are computed from the means of the ﬂies. We ﬁt these functions with linear and quadratic
polynomials and calculated the variance accounted for by each ﬁt.
This stimulus also enabled us to ﬁt linear-nonlinear (LN) models [11, 43, 209] to
L1 and L2 responses where the linear component accounts for the dynamic response
properties and the non-linear component allows for a static non-linearity to be subsequently applied. Thus, the linear kernel characterizes the temporal light patterns
to which L1 and L2 are sensitive and the non-linearity can account for a diﬀerence
in responses to light decrements and increments. Accordingly, we assumed that the
response in diﬀerent termini r(t) is deﬁned as a function of the input contrast c(t):

r(t) = g(

c(τ )k(t − τ )dτ )

(2.1)

where k(t) is the linear kernel and g(x) is a static non-linearity.
For estimating the kernel k(t), the stimulus input (contrast) was ﬁrst re-sampled
to 100 Hz, to match the interpolated rate for the ratio measurements. The ratio was
baseline-subtracted and the ﬁrst 10 s of the response were omitted as during these
10 s the baseline ratio change was most pronounced. 90 s of stimulus and response
were used to estimate a kernel for each responding cell. We estimated the kernels k(t)
as optimal Wiener ﬁlters, correcting for non-white noise input [79]. The ﬁlters were
computed ﬁrst in Fourier space as described by the following equation:
R(ω)C ∗ (ω)

K(ω)
=
C(ω)C ∗ (ω)

(2.2)

where ∗ denotes a complex conjugate and K(ω), R(ω) and C(ω) are the Fourier transforms of the kernel k(t), the response r(t) and the input contrast c(t), respectively.
Thus, the numerator in the above equation is an estimate of the cross power spectral
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density of the input contrast and response and the denominator is an estimate of the
power spectral density of the input contrast.
These power spectral densities were estimated via Welch’s averaged periodogram
method as follows [258]: The averages denoted by the triangular brackets were taken
over overlapping 10 s windows within which spectra were estimated, and consecutive
windows were shifted by 5 s. The ﬁlters in Fourier space were subsequently transformed back to temporal space using an inverse Fourier transform and these kernels
are presented in Figure 2.9A.
To quantify the ability to predict the neural response using the ﬁlter, we computed
predicted responses by ﬁltering the input traces with the estimated ﬁlters. Only
ﬁlters that successfully predicted the corresponding response traces were included in
the computation of average impulse responses. Cells included in this analysis were
selected manually based on both the quality of response prediction by the ﬁlter and
its qualitative smoothness. This selected for between 17% and 56% of recorded cells.
The instantaneous non-linearity component of the LN model, g(x) was estimated
by plotting the actual response against the linear prediction. This procedure closely
follows [43], where it is shown to derive an optimal estimate of a linear-nonlinear
model from the response to a Gaussian noise input. When plotting the actual response
versus the linear prediction, means were ﬁrst taken within the cells in each ﬂy, and
the means and standard errors shown in Figure 2.10 were calculated from those ﬂy
means.
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2.3
2.3.1

Results
L1 and L2 cells respond to both light increments and
decrements

In order to characterize the basic responses of L1 and L2 neurons to light vs. dark
conditions, we presented the ﬂies with wide-ﬁeld ﬂashes of restricted-wavelength light.
Changes in Ca2+ concentrations at L1 and L2 axonal terminals in the medulla in
response to these stimuli were recorded. Responses of L1 cells were recorded from
termini in both M1 and M5 layers of the medulla while responses of L2 cells were
recorded from the M2 layer. The previously reported depolarization responses of
L2 cells to light decrements were reproduced by these measurements (Figure 2.3A,
[199]), while hyperpolaizing responses to light increments diﬀered slightly in kinetics.
Since responses to 490 nm light were similar to responses to 575 nm light, and in
the previous study 568 nm LEDs were used for stimulation [115, 199], this diﬀerence
cannot be attributed to a diﬀerence in stimulus wavelength.
Extending these studies to L1 revealed that the terminal of L1 in the M1 layer of
the medulla responded similarly to that of L2 to alternating light and dark epochs
(Figure 2.3B). In particular, increases in intracellular Ca2+ levels were observed during
dark periods and decreases were observed during light periods. Similar responses were
recorded using two diﬀerent drivers for expressing TN-XXL in L1. Furthermore, the
M5 terminal of L1 responded with the same polarity, but with an attenuated strength
with respect to the M1 terminal for responses recorded with the same driver.
We next interleaved long periods of dark presentations between long-duration light
ﬂashes to test whether dark adaptation might have an eﬀect on response shapes and
to approximate the experimental conditions in [199]. The responses of L2 cells to
light ﬂashes following either short or long dark epochs were very similar, indicating
that dark adaptation on the scale of up to a minute does not change the strength of
L2 responses to light increments and decrements.
Overall, these results show that responses of L1 and L2 cells to ﬂashes do not
reﬂect a strong bias towards responding to either increments or decrements.
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A

B

5%
dR/R

5%
dR/R
1 sec

1 sec

L2, 575 nm, N = 14 (771)
L2, 490 nm, N = 71 (4181)

L1a, M1, N = 17 (546)
L1b, M1, N = 29 (1405)
L1a, M5, N = 17 (287)

Figure 2.3: L1 and L2 cells respond similarly to light and dark ﬂashes. (A and B)
Responses to periodic full-ﬁeld ﬂashes. Two 4 s periods are shown. Light-on epochs
are denoted with open sections of the bar and light-oﬀ epochs with dark sections.
Shading denotes ±1 standard errors of the mean (SEM). Here and in all subsequent
ﬁgures in this chapter, N for each genotype is given as the number of ﬂies with
the number of cells in parentheses. (A) Responses of L2 projections into the M2
layer with 490 nm (dark blue) and 575 nm (light blue) light. (B) Responses of L1
projections into the M1 layer recorded using two diﬀerent drivers, L1a (continuous,
light red) and L1b (continuous, dark red); and responses of L1 projections into the
M5 (dashed, light red) layer, recorded using the L1a driver.

3%
dR/R
1 sec

15s
30s
60s
N = 7 (239)

Figure 2.4: Dark adaptation does not change the shape of L2 responses to light
increments and decrements. L2 terminals were imaged in response to 8 s light ﬂashes
preceded by diﬀerent durations of darkness. The three curves show responses after
15, 30, and 60 s of darkness. Shading denotes ±1 SEM.
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Moving bright and dark edge responses
As the L1 and L2 pathways were associated with selectivities for moving bright and
dark edges, respectively, we next wanted to test whether the responses of these cells
to non-static light increments and decrements, associated with edge motion, reﬂected
this specialization. Thus, we examined the responses of both L1 and L2 cells to a
moving bright edge followed by a moving dark edge presentation.
We ﬁrst assessed whether responses were orientation or direction dependent, by
comparing L2 cell responses to edges moving in diﬀerent directions and orientations
across the screen (similar observations were made with L1 cell responses, data not
shown). Since responses to edges moving in all directions were indistinguishable
(Figure 2.5), we concluded that these cells are not direction or orientation selective.
This result was also consistent with previous observations ([199]). Accordingly, to
compare responses in L1 to responses in L2, responses in all directions were averaged
together.
The Ca2+ concentration in the L1 M1 terminal decreased in response to the bright
edge passing and remained low until the dark edge passed, when it increased transiently before returning to baseline. The L1 M5 terminal displayed a broadly similar
response, but with a smaller amplitude, consistent with the diﬀerence in ﬂash responses (Figure 2.6A). The L2 terminal displayed a transient decrease in calcium in
response to the light edge and a transient increase in response to the dark edge (Figure 2.6B). The response was less sustained during the light presentation across the
screen with respect to the corresponding response in L1 terminals. This is consistent
with lateral inhibitory eﬀects observed in L2 and described in the following chapter.
Quantifying the amplitudes of these responses we found that the Ca2+ signals
of both L1 and L2 terminals showed responses to both edge types with comparable
magnitudes for L1 and a more pronounced response to dark edges for L2 (Figure
2.7). Thus, although the L1 and L2 terminals respond with diﬀerent long timescale
kinetics, responses from both neurons clearly contained information about both edge
types. We thus conclude that the L1 and L2 pathway speciﬁcity to two diﬀerent types
of moving edges does not arise directly from an absence of response to one of the edge
types in either cell; but must depend on additional downstream processing steps.
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Figure 2.5: Responses of L2 cells to edges moving in all directions are similar. Responses of L2 terminals to a bright edge that moved across the ﬁeld of view at 80◦ /s,
after which the screen is light for 4 s, before a dark edge passed at 80◦ /s. Angles
denote the diﬀerent orientations of the moving edge with respect to the horizon.
Shading denotes ±1 SEM.

A

B
5%
dR/R

5%
dR/R

1 sec

L1a, M1, N = 10 (78)
L1a, M5, N = 7 (119)

1 sec

L2, N = 7 (183)

Figure 2.6: Both L1 and L2 cells respond to both bright and dark moving edges. (A)
Responses in L1 cell terminals in M1 (continuous) and M5 (dashed). (B) Responses
in L2 cell terminals. Shading denotes ±1 SEM.
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0.1
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L1a, M1
L1a, M5
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Figure 2.7: The amplitude of responses of L1 and L2 cells to light and dark moving
edges are similar. The amplitude of the transient response to each edge type was
quantiﬁed by subtracting the mean response during the second before the edge passes
from the ﬁrst second after it passes. Mean and SEM are calculated by ﬂy from the
traces shown in Figure 2.6. Error bars are ±1 SEM. Left - the amplitude of responses
to light edges. Right - the amplitude of responses to dark edges.
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L1 and L2 axon terminals respond linearly to changes
in contrast

So far we have examined L1 and L2 responses to sustained, long time-scale stimuli
consisting of large contrast changes. However, in more naturalistic conditions input
intensities vary dynamically and more smoothly around an average luminance level.
Thus, we next presented ﬂies with a full-ﬁeld, random intensity noise stimulus to
quantitatively compare the responses of L1 and L2 to a range of positive and negative
contrast changes, at timescales relevant to motion detection, and under continuous
illumination. The relatively fast intensity changes in this stimulus eﬀectively prevent
strong adaptation from taking place on timescales longer than 200 ms.
As expected, intense periods of illumination prompted a reduction in intracellular
Ca2+ levels in both cell types. Periods of decreased illumination induced an increase
in Ca2+ levels. To examine whether responses to contrast increases were equal and
opposite to contrast decreases, we plotted the mean Ca2+ -indicator response ratio
against the contrast presented 100 ms earlier, for all three axon terminals (Figure
2.8). The output of all three terminals varied linearly with the delayed input contrast.
A purely linear function accounted for 97% and 89% of the mean delayed response
variance of the L1 signals in M1 and M5; a quadratic term accounted for less than
1% of additional variance in each case. Similarly, a purely linear function accounted
for 99.6% of the variance in L2 responses, while adding a quadratic term accounted
for less than 0.1% of additional variance.
As a second approach to measuring response linearity, we ﬁtted a linear-nonlinear
(LN) model to the Ca2+ response of these cells as a function of contrast history
by using methods frequently used to characterize responses in the vertebrate retina
[11, 43, 209]. The ﬁtted linear kernels were biphasic, consistent with L1 and L2
cells encoding contrast changes. Speciﬁcally, a strong negative lobe reﬂects the sign
inversion between photoreceptors and these cells and a slower, weaker, positive lobe
subtracts an average value of contrast at a past time interval from this response,
making it transient (Figure 2.9A). Filters similar in shape but diﬀerent in kinetics
were extracted in electrophysiological studies conducted in these cells under bright
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illumination conditions [122]. These kernels were strongly predictive of the average
responses of L1 and L2 cells to these stimuli (Figure 2.9B). Furthermore, the static
non-linearity component of the model ﬁtted to these responses was in fact highly
linear (Figure 2.10).
Thus, we found no evidence that edge selectivity could emerge simply through
rectiﬁcation and directed transmission of contrast increases through L1 and contrast
decreases through L2.

100 ms delayed
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L1a, M1, N = 140 (9)
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L1a, M5, N = 92 (6)
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Figure 2.8: Delayed responses of L1 and L2 cell terminals to dynamically varying
contrast are linear. The Ca2+ response as a function of intensity 100 ms earlier is
presented in the M1 layer projections of L1 cells (left), the M5 layer projections of L1
cells (middle) and the M2 layer projections of L2 cells (right). The average response
for each preceding intensity was computed for each ﬂy and the means and SEM of
the ﬂy means are displayed. The black line is a linear ﬁt to the means.
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Figure 2.9: Responses of L1 and L2 cell terminals to noise are predicted by linear
ﬁlters. (A) The optimal linear ﬁlters ﬁtted to responses of each axonal terminal (see
Section 2.2.7). Top: Filters extracted for L1 terminal responses in M1 (continuous)
and M5 (dashed) projections. Bottom: Filter extracted from L2 terminal responses.
’c’ in the ﬁlter units refers to the fractional contrast, measured relative to the mean
intensity. (B) Top: a 10 s excerpt of the input contrast in the full-ﬁeld random intensity stimulus. Middle: the corresponding average response observed in projections of
L1 neurons into M1 (red) and M5 (red, dashed). Bottom: average response observed
in L2 axon terminals (blue). Shading denotes ±1 SEM. Black lines represent the predictions of the linear ﬁlters shown in (A). Gray arrowheads in top panel mark peaks
and troughs in the input and arrowheads in the middle and bottom panels mark the
responses to these peaks (which are inverted by the photoreceptor synapse). For each
genotype N is given as the number of cells with the number of ﬂies in parentheses.
Shading denotes ±1 SEM.
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Figure 2.10: No rectiﬁcation is reﬂected in the non-linear component of an LN model
ﬁt to L1 and L2 cell responses. Mean actual response values are plotted against
linearly predicted values for all three terminals, representing the static non-linearity
of the LN model. A line with unity slope is shown in each case, representing a
completely linear static non-linearity for reference. In L1a M1, L1a M5, and L2, the
linear ﬁlter alone accounted for 48%, 20%, and 81% of the mean response variance,
respectively. These diﬀerences in the response variance accounted for by the ﬁlter
were strongly inﬂuenced by the level of noise in the recordings, which was far higher
in L1a M5 recordings, for instance, than in L2 recordings. Error bars represent ±1
SEM.
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Discussion
Integrating imaging and electrophysiological studies of
the responses of L1 and L2

Consistent with a sign-inverting, histamine-gated chloride channel mediating L1 and
L2 responses to photoreceptor inputs, we observed that increases in contrast caused
decreases in intracellular Ca2+ in both axonal terminals of L1 and the terminal of
L2. These three terminals displayed linear responses to dynamical contrast changes,
but diﬀerent kinetics in response to prolonged stimuli. Such kinetics diﬀerences have
not been noted in the electrophysiological recordings of LMCs [122, 145], but may be
related to diﬀerential adaptation in each neuron type. In particular, the L2 terminal
adapted to long presentations of a contrast signal, returning to near baseline, while
the L1 M1 terminal retained low Ca2+ levels throughout a 4 s light presentation and
returned to baseline with a small overshoot when the light was removed. The L1
terminal in M5 showed a qualitatively similar, but attenuated, response.
Linear response analysis was previously used in electrophysiological studies to
describe LMC ﬁltering properties. Estimated ﬁlters had a timescale of 50 ms and
responses to ﬂashes decayed at a similarly rapid rate. Furthermore, in dim conditions, LMC membrane voltage responses tended to follow the contrast itself, while
under bright conditions, membrane voltage tended to be most sensitive to changes
in contrast. We infer that under the bright conditions of our imaging experiments, a
step change in contrast elicits a transient change in LMC membrane potential lasting
less than 100 ms, as described in previous electrophysiological studies. Following this
response, the cell returns to near baseline potential. In contrast, the Ca2+ responses
we measure in axonal terminals can persist for seconds. This diﬀerence is not solely
due to the kinetics of the Ca2+ reporter, because some of the measured timescales
are much longer than the oﬀ rate of the indicator [199]. We hypothesize that similar,
yet diﬀerentially weighted, mechanisms give rise to the diﬀerent kinetics of L1 cell
responses with respect to L2 cell responses. In Chapter 3 we explore the mechanisms
mediating the decay rate of long-term responses in L2 cells in more depth.
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2.4.2

Rectiﬁcation emerges downstream of L1 and L2 terminals

A central aspect of implementing arithmetic multiplication in the brain is thought to
be “half-wave rectiﬁcation” of the inputs to each multiplier [104]. That is, because
it is diﬃcult to conceive of how a single synapse or circuit could implement signcorrect multiplication of all possible combinations of positive and negative inputs,
it seems plausible that multiplied inputs would be rectiﬁed prior to multiplications
so that each sign pairing could be multiplied independently. Given the apparent
need for rectiﬁcation, a key question becomes where these rectiﬁcation events get
implemented within the motion detection circuitry. Recent work used imaging studies
of Ca2+ signals in the L2 axon terminal to argue that the output of this cell was
half-wave rectiﬁed such that it primarily transmitted information about decreases
in brightness [199]. In particular, when these cells were exposed to long periods of
darkness, followed by light ﬂashes, these axon terminals responded strongly to the
onset of darkness, but only relatively weakly to the onset of light.
Our imaging data with the same Ca2+ indicator support the existence of some
asymmetry under similar conditions. However, our data also demonstrate that under
continuous dynamical illumination, the Ca2+ signal in this cell varies nearly linearly
with contrast. In addition, if the outputs of this cell were rectiﬁed, then ﬂies bearing only active L2 cells should be unable to respond normally to any visual stimulus
whose content requires information about increases in brightness (because a rectiﬁed
L2 output cannot transmit this information). However, behavioral studies demonstrate that this is not the case [47]: ﬂies with only active L2 cells respond normally
to one of the two “reverse-phi” minimal motion stimuli. This stimulus consists of a
light increment in one position in space followed by a light decrement in a neighboring
position in space. Thus, a central component of this signal is brightening. Furthermore, the same ﬂies also respond to a normal “phi” minimal stimulus consisting of
brightening in two points in space. Finally, a reasonable prediction from a model
in which L2 outputs are half-wave rectiﬁed would be that the outputs of the L1 cell
would also be half-wave rectiﬁed in the opposite direction. However, the imaging data
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presented here demonstrates that L1 conveys information about both brightening and
darkening to the HRC, similarly to L2. Thus, while a model of the HRC may require
rectiﬁcation, this rectiﬁcation is not implemented within L1 or L2 and therefore must
be implemented in the circuitry downstream of these neurons.

2.4.3

Outlook

The studies presented in this chapter showed that L1 and L2 responses to rapid wideﬁeld contrast changes are similar, while long duration responses show some diﬀerences
in kinetics and contrast polarity sensitivity. Thus, we conclude that rectiﬁcation does
not arise in the outputs of these two cells. Nevertheless, the subtle diﬀerences in
responses that are observed may facilitate rectiﬁcation downstream. In addition, by
keeping all stimuli broad in space, these studies did not probe the eﬀects of the spatial stimulus characteristics on responses. Accordingly, it remains possible that while
the responses of these cells to spatially broad changes in contrast are similar, they
could process local stimuli diﬀerentially. This, in turn, would give rise to diﬀerences
in responses to objects that vary in size in addition to contrast. An indication that
spatial stimulus characteristics may be signiﬁcant comes from both previous electrophysiological studies [247] as well as from the observation of variability in response
shapes even with the broad stimuli presented here (data not shown, but see subsequent chapter). Thus, the studies presented in the next chapter address the broader
question of the spatial as well as the temporal response characteristics of one of these
cells, L2, where strong driver expression enables a more thorough investigation of
response properties.

Chapter 3
Pathway speciﬁc tuning at the
inputs to motion detection circuits
In the previous chapter we compared responses of L1 and L2 cells to increments and
decrements and assessed to what extent an asymmetry in these responses may give
rise to a downstream specialization for the detection of bright and dark moving edges.
We concluded that both cells transmit information about both light increments and
decrements and hence selectivity for moving bright and dark edges must arise via
additional mechanisms downstream of these cells. Here we broaden the scope of
our studies, and explore the functional properties of one of these cell types, L2, in
more depth, to test whether its detailed spatiotemporal sensitivities may facilitate
the downstream detection of dark object motion cues. More broadly, we ask what
information is encoded in L2 cell responses. Furthermore, we seek and ﬁnd explanations to observed variability in the shapes of diﬀerent L2 cell responses. Speciﬁcally,
we ﬁnd how the spatial extent and contrast of inputs into L2 cells shape the kinetics
of responses to intensity changes as a function of time. This functional tuning has
implications for how downstream motion detection computation may be performed
and may become specialized to dark rather than bright moving objects.
We start this chapter by providing some background on the specializations characteristic of early stages of visual processing as represented by L2 cells, and in particular
the suggested roles of lateral inhibition which we identify in L2 cell responses.
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Introduction

The complexity of the visual world demands signiﬁcant neural processing to extract
behaviorally relevant information. What processing strategies enable peripheral visual circuits to capture and transform these inputs? Photoreceptors are tuned to
maximize the amount of information encoded [151], while downstream neurons are
specialized to encode speciﬁc features, such as motion, discarding irrelevant information [27, 91, 166, 211, 215]. How these two competing objectives are functionally and
mechanistically balanced at intermediate processing steps is poorly understood.

3.1.1

The role of lateral inhibition in early visual processing

Lateral inhibitory interactions among peripheral input channels constitute an essential part of neural processing across many sensory modalities in both vertebrates and
invertebrates [33, 53, 137, 262]. In the visual system, lateral inhibition produces a
variety of center-surround receptive ﬁeld (RF) structures in many diﬀerent types of
interneurons, including vertebrate bipolar and retinal ganglion cells, as well as in ﬁrst
order interneurons in ﬂies and other arthropods [53, 63, 73, 80, 103, 247, 113, 127,
153, 178, 214, 260]. Lateral inhibition enhances basic visual features such as edges
and suppresses responses to spatially uniform intensity [145, 150, 152, 198]. Several
theories derive ideal antagonistic center-surround organizations based on assumptions
regarding the goals of early visual processing. Predictive coding, for example, proposes that redundancy is removed from visual inputs by utilizing the spatial and
temporal correlation structure of natural stimuli [7, 14, 187, 228]. Information maximization assumes that RFs encode as much information as possible given neural
signaling constraints [247]. Finally, matched ﬁltering posits that the spatiotemporal
RFs of ﬁrst order interneurons are tailored to detect behaviorally relevant features
such as moving edge velocity distributions [225]. These studies considered the functions of lateral inhibition in the context of ﬁltering constrained by input statistics and
broad behavioral requirements. However, it is poorly understood how input channels
might satisfy broadly eﬃcient encoding goals while simultaneously enhancing features
central to speciﬁc downstream computations.
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3.2

Methods

The methods used to conduct the experiments described in this chapter are similar
to those described in the previous chapter. Accordingly, only diﬀerences between
procedures performed in this chapter and the previous chapter will be described in
this section.
The experiments presented in this chapter were conducted using a similar set-up
for two-photon Ca2+ imaging and presentation of visual stimulation as described in the
previous chapter, but with the following modiﬁcations: Two-photon imaging was performed using a Leica TSC SP5 II microscope (Leica, Bensheim, Germany) equipped
with a pre-compensated Chameleon femtosecond laser (Coherent, Inc., Santa Clara,
CA) and using a Leica HCX APO 20X/1.0 NA water immersion objective (Leica,
Bensheim, Germany). All data was acquired at a constant frame rate of 10.6 Hz and
a line-scan rate of 700 Hz, using unidirectional scanning mode. The frame size was
held constant at 200 × 50 pixels. Imaging experiments lasted no more than 2 hours
per ﬂy.
Synchronization between imaging and stimulus presentation was established using
triggering functions provided by the LAS AF Live Data Mode software (Leica). A
DAQ (NI USB-6211) connected to the computer used for stimulus generation was
used to generate a trigger signal at the beginning of stimulus presentation. This
trigger was read by the imaging software and used to initialize imaging at the same
time. In addition, a trigger was produced by the imaging software to indicate the
beginning of the acquisition of each frame and was acquired via the same DAQ on the
stimulus computer such that stimulus presentation details were saved together with
imaging frame timings and used in subsequent processing.
The output of the digital light projector was passed through an optical ﬁber bundle
as before, but then projected onto a 8 × 8 cm2 back-projection screen positioned in
front of one of the ﬂy’s eyes. The screen span 55◦ of the ﬂy visual ﬁeld horizontally
and 58◦ vertically (Figure 3.1A).
The spectrum of presented stimulation and bandwidths of ﬂuorescence collection
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were also modiﬁed to increase the amount of photons absorbed by R1-R6 photoreceptors with a minimal reduction to YFP ﬂuorescence collection. Speciﬁcally, the visual
stimulus was passed through a 40 nm wide band-pass spectral ﬁlter centered around
562 nm. CFP photons were collected via a 447/60 emission ﬁlter as before and Citrine
photons with a 514/30 emission ﬁlter (Semrock, Rochester, NY). CFP and Citrine
emitted photons were separated via a 495-LP beam splitter (Semrock, Rochester,
NY), as before (Figure 3.1B). A reduction of 15% in YFP collection occurred with
respect to the previous ﬁlter settings. With this modiﬁed setup, the stimulus had a
luminance of approximately 76.4 cd/m2 .
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fiber optic DLP
screen

lens

filter transmission

A objective

1
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0.4
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550
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Figure 3.1: Modiﬁed imaging setup and ﬁlter sets. (A) Schematic illustration of the
modiﬁed imaging set-up. DLP = Digital Light Projector. (B) The modiﬁed set of
emission (CFP, Citrine) and stimulus ﬁlters used.
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3.2.1

Fly stocks and handling

As in the previous chapter, the Gal4 driver 21D-Gal4 (from [203]) was used to express a multi-copy insert of UAS-TN-XXL (from [164]). Thus, the same line of ﬂies
expressing TN-XXL in L2 as in the previous chapter was used:
+ ; + ; 21D-Gal4 / UAS-TN-XXL, Sections 3.3.1-3.3.4,
In addition, a line where the Gal4 driver and the UAS-TN-XXL element were recombined to be on the same chromosome allele (facilitating the addition of additional
transgenic elements used in the subsequent chapter), was also used:
+ ; + ; 21D-Gal4,UAS-TN-XXL/+, Section 3.3.5
Flies were grown, collected and dissected as described in the previous chapter.
Thus, for the experiments shown in Sections 3.3.1-3.3.3; ﬂies were collected on CO2
1-3 days after eclosion and imaged on the same or the next day. However, for the
experiment shown in Section 3.3.5, which also involved knockdown of receptors by
RNAi expression (see Chapter 4), older ﬂies were preferred to increase the knockdown
eﬃciency, thus ﬂies (controls and all experiments) were collected 1 day after eclosion
but imaged 4-8 days later.
Solutions used in imaging were made and applied as described in the previous
chapter.

3.2.2

Data pre-processing

Initial data pre-processing steps included alignment, region of interest extraction and
ratio computation as described in the previous chapter. However, responses and timetraces of presented stimuli were interpolated to 10 Hz rather than to 100 Hz prior
to averaging. Since frame-rates were held constant and near 10 Hz using the setup
described in this chapter, the use of a higher interpolation rate was unnecessary and
was observed to result in the addition of noise. Hence, a lower interpolation rate was
chosen.
Baseline ﬂuctuations were removed as described before. In order to also remove
motion artifacts, the following procedure was added: if the ratio value in raw traces
exceeded the median by 75% or was lower than the median by more than 50%, the
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value was replaced by the median value for the trace to prevent such noise instantiations from strongly aﬀecting computed mean responses.
The average response computation procedure was also slightly modiﬁed. When
computing the mean response to diﬀerent stimulus epochs, we ﬁrst computed the
mean response across presentation of the same epoch to the same cell as before.
However, rather than averaging across all cells in each ﬂy, responses were simply
averaged across all cells from all ﬂies put together. The preliminary step of averaging
across cells within each ﬂy before averaging across ﬂies was eliminated, since for ﬂies
with few imaged cells this step introduced noise into the ﬁnal averages (the relative
weight of these few measurements became large).
Furthermore, in all experiments, responses to moving bars were analyzed ﬁrst, to
localize the centers of the RF of each imaged L2 cell on the screen (as shown in Figure
3.2B). Rather than excluding cells based on their response size, this information was
used to decide what cell responses to include in averages. The average images of all
time-series of the same ﬂy that were acquired in the same depth were compared to
the average image of the moving bar time-series in order to identify the same cells as
they respond to the diﬀerent stimuli. Correspondence between identical projections
belonging to the same cells in diﬀerent time-series was manually established using
both the unique shape of the projection and its location in the medulla with respect to
the other projections. Thus, for all cells in all experiments, when averaging responses
the RF center position on the screen was known, and often used to divide responses
according to the geometry of the stimulus with respect to each cell’s RF. In particular,
responses of cells without identiﬁed RF centers on the screen were not included in
mean response computations. Mean responses to stimuli represent the mean responses
of all cells that had RF centers on the screen, unless otherwise stated (for some stimuli,
the population of responding cells is divided by position with respect to the stimulus
or limited to a single cell as appropriate).
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3.2.3

Visual stimuli and corresponding analysis procedures

Periodic full ﬁeld ﬂash presentation
Light ﬂashes lasting 2 s were periodically displayed, interleaved with 3 s of darkness.
The stimulus was typically presented for approximately one minute or 600 imaging
frames, such that each cell observed at least 10 ﬂashes of light.
Moving bright bar on a dark background
A bright bar, ∼2.5◦ wide, moved at ∼10◦ per second with ∼2.5◦ jumps (i.e., four jumps
with gaps equal to the width of the bar during 1 s) in one of 4 possible orientations
presented in random order: a vertical bar moving left or right across the horizontal
extent of the screen or a horizontal bar moving up or down across the vertical extent
of the screen. A gap was interleaved between the moving bar presentations to allow
responses to fully decay. Thus, the time interval between presentations of moving
bars in diﬀerent orientations was 18 seconds, and the total amount of time it took
to present the bar moving in all 4 orientations was 72 seconds. The stimulus was
typically presented for 1000 imaging frames or approximately 94 seconds, allowing
the cells to respond to the bar passing across the screen at least 5 times.
From raw response traces to this stimulus, RF center positions were identiﬁed for
each imaged cell having an RF center on the screen, as described in Section 3.3.1 and
shown in Figure 3.2B. To compute the mean response to the moving bar passing across
these RF centers (shown in Figure 3.2A) response traces of diﬀerent cells were aligned
in time using these identiﬁed RF center positions. Each trace was aligned such that
the response to the passing of the bar through its RF center occurred at the central
time-point of the time trace. Further alignment was obtained by shifting diﬀerent
time-traces by the delay that brought the cross-correlation between the speciﬁc trace
and the mean trace to a maximal value.
To compare responses to bars moving in diﬀerent orientations, we averaged over
responses of cells with RF centers located at the top medial corner of the screen, from
the ﬂies’ perspective, occupying 15% of the screen area. We then compared mean
responses to bars moving from the bottom edge of the screen to the top edge, and
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moving from the lateral edge of the screen to the medial edge. In this manner, the bars
had ample time to pass through the surround region of the RF prior to reaching the RF
center, so that surround responses could be compared. Furthermore, the frequency of
ﬁnding RF centers in this region of the screen was high, and angular distortions due
to the ﬂatness of the screen were small (Figure 3.25). The surround response strength
was computed by subtracting the mean response over a 4 s wide time interval ending
2.5 s before the beginning of the hyperpolarization epoch from the mean response
during the 1.5 s wide time-interval ending 0.5 s before the hyperpolarization epoch,
during which the bar passed through the near surround region (gray patch in Figure
3.25A)
Partial ﬁeld ﬂash presentation
On an intermediate illumination background, a dark or bright square covering ∼44%
of the screen positioned at its bottom lateral portion from the ﬂy’s point of view was
presented for a variable amount of time (3 s in Figures 3.5A and 3.5B; 0.2 s in Figures
3.5C and 3.5D), and eliminated for 3 s.
The amplitudes and strengths of responses were computed as shown in Figure
3.4 (this amplitude and strength computation method was also used for the analysis
of responses to the presentation of a bar at a random position and responses to
the presentation of circles and annuli around identiﬁed RF centers). To compute a
response amplitude, within the initial 1.2 s of the response, a 600 ms window was
chosen so as to maximize the absolute diﬀerence between the mean response within
the window and the mean response during a 600 ms seconds interval preceding the
stimulus presentation, and ending 200 ms before the presentation (this procedure is
described in Figure 3.4A where the procedure of looking for the peak using this moving
average window is referred to as “smooth, ﬁnd peak”). This window thus deﬁned the
timing of the peak response and the peak value. This procedure of ﬁnding the peak
timing rather than using a window with a constant time interval was designed to
address diﬀerent peak times observed in diﬀerent types of responses, and seen in
depolarizing versus hyperpolarizing responses.
For partial ﬁeld ﬂashes, the diﬀerence between the amplitude of the response to
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light presentation and the amplitude of the response to dark presentation was deﬁned
as the overall response strength (Figure 3.4B). The sign of the response strength was
deﬁned by convention such that cells that decreased their Ca2+ concentration to light
were associated with negative response strengths and cells that increased their Ca2+
concentration to light were associated with positive response strengths. Only cells
with response strengths larger than 0.025 or smaller than -0.015 are included in Figure
3.5A and the mean response of cells with absolute response strengths exceeding these
values are presented in Figure 3.5B.
The amplitude of the response to a 200 ms ﬂash was deﬁned as the diﬀerence
between the mean response during the 2 frames of stimulus presentation, and the
mean response to the ﬂash elimination in a 1 s time window starting 200 ms (or
2 frames) after the ﬂash was eliminated. The overall response strength was deﬁned
as the diﬀerence between the amplitude of the response to the bright ﬂash and the
amplitude of the response to the dark ﬂash. As above, the sign of the response
strength was set such that negative strengths corresponded to cells that decreased
their Ca2+ concentration to light. Only cells with response strengths larger than 0.02
or smaller than -0.02 are included in Figure 3.5C and the mean response of cells with
absolute response strengths exceeding these values are presented in Figure 3.5D.
Circles and annuli presentation around identiﬁed RF centers
Circles and annuli of 12 diﬀerent sizes were presented in a random order. Circles had
radii of 2◦ , 5◦ , 8◦ , 10◦ , 15◦ and 20◦ and annuli had internal and external radii combinations of [2◦ ,15◦ ],[4◦ ,15◦ ],[6◦ ,15◦ ],[8◦ ,15◦ ],[10◦ ,20◦ ] and [15◦ ,20◦ ]. These stimuli were
presented around RF centers that were obtained using the moving bar stimulus presentation and analysis described above. Each cell was shown a complete set of either
dark or bright circles and annuli on an intermediate illumination level background
with a diﬀerent order of presentation. Each shape was presented for 3 s and eliminated for 3 s before the next shape was presented. The stimulus was applied for 2400
frames or ∼226 s such that each shape was presented 3 times. Taking the geometry
of the screen with respect to the ﬂy eye position into account, stimuli were presented
such that they generated circles and annuli from the ﬂy’s viewing perspective.
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Responses were averaged for each cell over repeated presentation of each stimulus
to the same cell, before the average across cells was computed. The amplitude of
the response of each cell to each epoch was computed as described in the analysis
of partial ﬁeld ﬂash presentation and in Figure 3.4B. The signs were set such that
response strengths of cells that showed decreased Ca2+ to light were negative and
the response strengths of cells that showed increased Ca2+ to light were positive. To
compute mean response amplitudes at diﬀerent time points during a response (Figures
3.10, 3.11 and 3.13) the mean response (dR/R) was computed for the following time
intervals after stimulus presentation: 0.2-0.8, 0.7-1.3, 1.2-1.8, 1.7-2.3, and 2.2-2.8
s. The extent of decay was computed as the diﬀerence between the peak response
amplitude and the mean response during a 600 ms window ending 200 ms before the
stimulus presentation ended (Figure 3.12).

3.2.4

Computational model for predicting responses to dark
circles and annuli

We suggest that all responses of L2 cells to dark circles and annuli can be approximated as a diﬀerence between pairs of exponentially rising and decaying inputs associated with diﬀerent time-constants. Thus, we ﬁt a circle-surround model to these
responses [75, 201, 205]. In this model, input components have the following functional form as a function of time from stimulus presentation time, t = 0:
ini (t) = 1 − exp(t/τi )

(3.1)

Two inputs are used in modeling responses to circles. in1 (t) is the primary component
and in2 (t) the antagonistic component. Responses to annuli are also modeled using 2
components, in3 (t) and in4 (t), representing the primary and antagonistic components,
respectively. These components are shown in Figure 3.19.
Each input component is associated with a strength distribution in space that
establishes its amplitude in response to a stimulus by integration. This distribution
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is assumed to be circularly symmetric with Gaussian shape. Thus, it is described by:
Gi (r, θ) = Gi (r) = exp(−r2 /2σi2 ) ,

i = 1, ..., 4

(3.2)

where r is the distance from the RF center. By the circular symmetry, the above
equation deﬁnes the RF shape over a two-dimensional (2D) space. The amplitude with
which any input component is added to shape the response to uniform circles or annuli,
is set by integrating over the 2D shape derived from Gi (r, θ). These components are
shown in Figure 3.16A. Thus, responses to circles were predicted using the following
equation:
circ resp(t) = amp1 · in1 (t) − amp2 · in2 (t)

(3.3)

where


r=Ro



θ=2π

ampi = αi
r=Ri

θ==0



Gi (r, θ)rdrdθ = 2παi σi2 exp(−Ri2 /2σi2 ) − exp(−Ro2 /2σi2 )
(3.4)

with Ri = 0 and Ro = R, the radius of the circle, for i = 1, 2. Responses to annuli were
predicted using a similar equation, replacing components 1 and 2 with components 3
and 4 and setting Ri and Ro to be the internal and external radii of the annuli.
We found corresponding model parameters by solving an optimization problem to
minimize the mean squared error between simulated and measured responses to both
circles and annuli under the constraints of positive amplitudes and standard deviations
larger than 1◦ . The optimal parameters used to predict responses to circles and annuli
are detailed in Table 3.1 and Table 3.2, respectively. For annuli with internal radii
Ri = 2◦ and Ri = 4◦ model predictions were poorly ﬁt with parameters that ﬁtted
other responses well, likely because these stimuli are at the transition region between
responses with and without direct excitation and the behavior in this transition region
is not captured by the above model. Hence, we did not require minimizing the
prediction error for these two responses in setting the model parameters for predicting
annuli responses. However, we could predict these responses using in1 (t) and in3 (t)
as inputs (i.e., while the center response is mediated by the center component as
in circle responses, the surround response is rapid as in responses to annuli) and
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appropriate values for amp1 and amp3 that enabled predicting the responses to these
stimuli well using all other model parameters without change. These amplitudes are
given in Table 3.3.
Parameter
α1
α2
σ1
σ2
τ1
τ2

Value
0.0165 dR/R/(◦ )2
2.78·10−4 dR/R/(◦ )2
1.193◦
10.736◦
0.14 s
1.667 s

Table 3.1: Model parameters for predicting responses to circles
Parameter
α3
α4
σ3
σ4
τ3
τ4

Value
4.98·10 dR/R/(◦ )2
2.43·10−4 dR/R/(◦ )2
10.888◦
20.354◦
0.55 s
1.559 s
−4

Table 3.2: Model parameters for predicting responses to annuli
Ri =2◦ , Ro =15◦
Parameter Value (dR/R)
amp1
0.1125
0.154
amp3
◦
Ri =4 , Ro =15◦
Parameter Value (dR/R)
amp1
0.0388
amp3
0.099
Table 3.3: Model parameters for predicting responses to annuli of two speciﬁc sizes
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Moving sinusoidal gratings
Gratings with sinusoidally varying contrast (100% contrast change within a period)
as a function of space were presented and moved within a virtual cylinder projected
on the screen either around the yaw axis or around the pitch axis. i.e., stimulus
images were projected in a manner that corrected for distortions due to the viewing
position of the screen by the ﬂy such that the spatial period of the stimulus presented
in diﬀerent regions of the screen subtended a constant angle on the ﬂy’s eye. The
stimulus consisted of 8 randomly ordered epochs (the order was changed with each
stimulus presentation) in which gratings with diﬀerent spatial periods (5, 10, 20,
30, 40, 60, 90

◦

and a sinusoidally varying contrast uniformly spanning the entire

screen equivalent to an inﬁnite spatial period) were presented. Velocities (2.5, 5,
10, 15, 20, 30, 45 ◦ /sec) were adjusted such that the contrast frequency remained
constant and equal to 0.5 Hz. Each epoch was presented for 10 seconds, allowing
the cells to respond to 5 periods of contrast change, and followed by presentation
of the intermediate illumination level over the entire screen for 2 s. The stimulus
was applied for 2400 frames or ∼226 s such that each of the 8 diﬀerent epochs was
presented at least twice.
The mean response at each spatial period was computed for the entire 10 s of
presentation across the two epoch presentations and the Fourier transform of this
response was computed. The spectral power density at the 0.5 Hz frequency of the
presented contrast change was used as the response strength metric. After computing
the response strength at every spatial period for a cell, the strengths were divided by
the maximal strength observed for that cell to yield the normalized response curve
as a function of spatial period. The average normalized response curve across cells
was then computed and presented (Figure 3.24). The mean response over the 2nd ,
3rd and 4th response periods within the 10 s of presentation was computed for each
cell prior to averaging over cells (Figure 3.23). The mean response at each spatial
period was divided by the corresponding maximal response strength observed for the
corresponding cell. This was done prior to averaging across cells to extract the mean
normalized response traces.
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Results
L2 responses to light are shaped by antagonistic lateral
inputs

In these studies we focused on the relation between stimulus geometry and L2 cell
responses. Thus, to relate stimulus geometry to L2 responses, we ﬁrst determined the
spatial position of each cell’s direct input from photoreceptors. To do this rapidly,
we examined L2 responses to the movement of a bright bar sweeping across a dark
background. As expected, L2 cells ﬁrst hyperpolarized when the bar reached each
RF center, causing a local light increment (Figure 3.2A). Then, the cells depolarized
as the bar moved away, causing a local light decrement. The spatial coordinates of
the center of the RF were identiﬁed by relating the times at which responses occurred
to the position of the bar which moved in opposite directions, both horizontally
and vertically across the screen (Figure 3.2B). This procedure was performed for all
imaged cells.
We next presented L2 cells with ﬂashes of light covering the entire screen. Interestingly, this uniform stimulus evoked responses from individual L2 cells that varied
in polarity, shape, and kinetics (Figure 3.3A). These responses changed progressively
across individual axon terminals, following retinotopic shifts in RF position across the
screen (Figures 3.3B-D). These observations demonstrated that L2 cells with RF centers directly under the stimulus, hyperpolarized to light, while cells at the periphery
of the screen, whose centers were not directly stimulated by light, depolarized. We
inferred that cells that depolarized to light responded to lateral antagonistic inputs
rather than direct inputs from photoreceptors.
To directly relate these responses to the spatial pattern of light, we generated
a “partial ﬁeld ﬂash” stimulus in which only a portion of the screen was transiently
brightened or darkened. Furthermore, to prevent confusion of responses to direct light
stimulation with responses to indirect eﬀects; for this and all subsequent stimuli only
cells that had RF centers on the screen, based on the moving bar response analysis
described above, were considered for analysis.
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When analyzing responses to “partial ﬁeld ﬂashes”, to compare cellular responses
across conditions, we deﬁned a response strength metric as the mean amplitude of
responses to light increments and decrements, and set the sign of this metric, by
convention, to be negative for cells that hyperpolarized to light (Figure 3.4, Section
3.2). The relation between response strength and RF center locations showed that
cells with RF centers inside the ﬂash region hyperpolarized to brightening and depolarized to darkening, while cells with RF centers outside this region responded with
opposite polarity (Figures 3.5A and 3.5B). Thus, individual cells produced responses
of opposite polarities to both center and surround stimulation, both to decrements
and to increments.
L2 cells provide critical inputs to motion processing circuitry [203]. Behavioral
responses to the motion of rotating square wave gratings display a contrast frequency
optimum between 5-10 Hz [47, 236]. To assess whether surround responses were suﬃciently fast to shape signals relevant to motion vision, we presented brief “partial ﬁeld
ﬂashes” (Figures 3.5C and 3.5D). For ﬂashes lasting 200 ms, we detected responses
of opposite polarity to center and surround stimulation. Both response types were
biphasic and largely diﬀered in amplitude rather than kinetics (Figure 3.5D). The
response shape was consistent with kernels extracted from the responses of L2 cells
to dynamically varying noise stimuli (Figure 2.9). Thus, surround inputs inﬂuence
L2 responses even to rapid stimuli, on timescales that impact motion detection.
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Figure 3.2: L2 cells present a biphasic response to moving bars. (A) Mean response
of all L2 cells (blue) and average responses from a few example ﬂies (gray) to a bright
bar moving on a dark background. In this and all subsequent panels, N denotes the
number of cells, with the number of ﬂies denoted parenthetically. Shading denotes
±1 SEM (standard error of the mean, too small to be observable). (B) Identiﬁcation
of the RF center. A single cell’s response to a bar moving in two opposite directions,
drawn as a function of the bar’s position. The time axis for one of the responses
(black) is inverted. Red X - the identiﬁed RF position.
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Figure 3.3: L2 cells present variable response shapes to light ﬂashes. (A-D) The
relation between L2 cell projection locations within the medulla, RF center positions
on the screen and response shapes. (A) Mean responses of L2 cells to light ﬂashes.
Light ON epochs are denoted with open sections of the bar, light OFF epochs with
dark sections. Diﬀerent colors correspond to signals from diﬀerent regions of interest
(ROIs) shown in (B). (B) Average images of L2 projections at two distinct depths,
overlaid with selected ROIs. Scale bars: 5 μm. (C) Maximum intensity projection
along the medial-lateral axis of a z-stack of the medulla in which the ROIs shown in
(B) reside. Scale bars: 5 μm. (D) Location of RF centers on the screen for the ROIs
shown in (B) and (C).

3.3. RESULTS

A

79

raw trace

smooth, find peak

2%
dR/R

2%
dR/R
1 sec

compute amplitude
&
$ 2%
dR/R

1 sec

1 sec

a

B

Response strength

5%
dR/R

& $
2 sec
b

average amplitudes

a
a = inc. resp. amp.
b = dec. resp. amp.

& $

Response strength
5%
dR/R

& $

&

$

2 sec

average amplitudes
a
b

a = inc. resp. amp.
b = dec. resp. amp.

Figure 3.4: Computation of response amplitudes and strengths. (A) A schematic
description of the procedure for computing response amplitudes. The raw response
trace is ﬁrst smoothed by averaging it using a moving 600 ms window, and the
maximum value within the ﬁrst 1.2 s of stimulus presentation is identiﬁed. The
response amplitude, denoted as a, is deﬁned as the diﬀerence between the maximal
average response identiﬁed as above (averaged over the gray patch denoted as β in
the right most panel) and the average response value in a 600 ms window prior to the
stimulus appearance (averaged over the gray patch denoted as α in the right most
panel). (B) A schematic description of the procedure of averaging the amplitudes of
responses to an increment (denoted as a) and a decrement (denoted as b) to compute
the overall response strength. The amplitudes of the responses to the increment and
the decrement are computed and the response strength is set as the mean absolute
amplitude value, with an appropriate sign. Top: negative response strength example
- the cell hyperpolarizes to light, bottom: positive response strength example - the
cell depolarizes to light.
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Figure 3.5: The shape of L2 cell responses depends on the relative position between
their RF centers and the contrast change area. (A and B) The response of L2 cells to
a contrast change covering a portion of the screen, on a background of intermediate
illumination. (A) Heat map of response strengths as a function of the RF center
location on the screen, indicated by dots. Colors indicate the strength and sign of the
corresponding cell response. Only cells with response strengths >0.025 or <-0.015
are presented. Black arrows and blue dotted lines denote the region of the screen
where the ﬂash was presented. Red dotted lines denote the region of the screen where
surround responses shown in (B) were observed. (B) Mean response of L2 cells to
the ﬂash presentation, separated by polarity and position. Blue - cells within the
ﬂash presentation region, which hyperpolarized to light; red - cells outside of the
ﬂash presentation region, which depolarized to light. Shading denotes ±1 SEM. Top:
schematic description of the stimulus, including the contrast inputs into each group
of cells (red curves corresponding to cells seeing no contrast changes). (C and D)
Same as (A) and (B) for cells responding to a 200 ms ﬂash presentation, including
only cells with response strengths larger than a 0.02 threshold.

3.3. RESULTS

3.3.2

81

The L2 RF has a narrow center, and an extended surround

We next examined how L2 responses vary as a function of the extent of center and
surround stimulation by presenting circles and annuli, of either contrast polarity,
around identiﬁed RF centers. As expected from a RF with an antagonistic centersurround organization, responses to large circles were weaker than those to small
circles (Figure 3.6). In addition, annuli with suﬃciently large internal radii so as to
reduce center stimulation (4◦ and above) produced inverse responses (Figure 3.7). We
infer that surround eﬀects become stronger than center eﬀects approximately 5◦ away
from the RF center, and extend radially to more than 15◦ .
To quantify the eﬀects of surround stimulation, we computed response amplitudes
as a function of the spatial extent of the stimulus (Figure 3.8). While for both dark
and bright circles, increasing the size of the stimulus decreases the amplitude of the
repsonse, this analysis showed that the relative eﬀect of surround stimulation diﬀered
between increments and decrements. For increments, amplitudes of responses to large
circles were ∼50% smaller than responses to small circles (p < 10−4 ). For decrements,
the fractional decrease in amplitude with stimulus size was smaller, and due to larger
noise eﬀects on these measurements this diﬀerence did not reach statistical signiﬁcance.
We ﬁnally also tested whether responses of L2 cells to circles and annuli as a
function of time could be described as linear combinations of center and surround
inputs. To do this, we compared measured responses evoked by combined center and
surround stimulation with linear summation of responses to each individual component. For many such combinations, linearly predicted responses signiﬁcantly diﬀered
from measured responses, particularly for contrast decrements (Figure 3.9). Thus,
the L2 RF is non-linear in space and any model used to describe these responses
must account for this property.
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Figure 3.6: Lateral antagonisms makes L2 cell responses to large circles weaker than
responses to small circles. (A and B) Mean responses to dark (A) and bright (B)
circles of diﬀerent sizes presented for 3 s over an intermediate illumination level background, around identiﬁed RF centers, in a random order, together with the presentation of annuli (Figure 3.7). Dashed curves are mean responses to a circle with a
radius of 5◦ drawn for reference. Shading denotes ±1 SEM.
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Figure 3.7: Lateral antagonisms makes L2 cell responses to annuli with suﬃciently
large radii inverted. (A and B) Mean responses to dark (A) and bright (B) annuli
of diﬀerent sizes presented for 3 s over an intermediate illumination level background,
around identiﬁed RF centers, in a random order, together with the presentation of
circles (Figure 3.6). Dashed curves are mean responses to annuli with Ri =10◦ and
Ro =20◦ and with Ri =2◦ and Ro =15◦ . Shading denotes ±1 SEM.
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Figure 3.8: Amplitudes of L2 cell responses to circles and annuli. (A and B) Mean
amplitudes of responses to dark (A) and bright (B) circles, as a function of the
radius, R. ** a signiﬁcant diﬀerence between the two means was found using one-way
anova, according to Tukey’s honestly signiﬁcant diﬀerence criterion (B). (C and D)
Amplitudes of responses to dark (C) and bright (D) annuli as a function of the internal
and external radii, Ri and Ro . Negative amplitudes represent hyperpolarizations to
light and positive amplitudes depolarizations to light. Error bars denote ±1 SEM
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Figure 3.9: L2 cell responses are non-linear in space. (A and B) Comparing predicted
responses (black continuous traces) to measured responses (blue continuous traces) to
the presentation of a 15◦ circle (top) and a 20◦ circle (bottom), assuming linearity, as
a sum of responses to circles and annuli of appropriate sizes. Dark stimuli responses
(A), bright stimuli responses (B). Shading denotes ±1 SEM.
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3.3.3

Lateral antagonism links spatial structure to response
kinetics

As L2 cells provide inputs to motion detecting circuits, diﬀerent temporal ﬁltering
properties applied to objects of diﬀerent shapes and contrasts by these cells would
change motion sensitive outputs. Responses to circles and annuli revealed that, in
addition to aﬀecting response strength, surround inputs inﬂuence response kinetics.
We quantiﬁed these eﬀects by comparing mean response values at diﬀerent timepoints during the presentation of these stimuli. For small circles, response amplitudes
changed very little during stimulus presentation, while for large circles, signiﬁcant
decreases in amplitude were observed (Figure 3.10). As more inhibition was provided
together with excitation, responses became increasingly transient. As a result, the
spatial RF shape eﬀectively became sharpened over time (Figure 3.11).
The eﬀect of inhibition on decay extent was more pronounced for dark circles as
compared to bright circles with all hyperpolarizing responses presenting some decay
(Figure 3.12). Thus, it is possible that a mechanism that makes hyperpolarizing
responses to increments transient does not act similarly on depolarizing responses
to decrements. Accordingly, only depolarizing responses require surround inputs for
transience. One possibility is that transience in hyperpolarizing responses could be
mediated by extracellular potentials within the lamina cartridge [256], with surround
stimulation potentially contributing to the decay. We note that an imbalance in
the relative strengths of increment versus decrement stimuli may also play a role in
determining decay rates.
A separable spatiotemporal RF is described by the multiplication of a temporal
ﬁlter with a spatial ﬁlter [217]. With such an RF, responses to circles of diﬀerent sizes
are predicted to vary in scale but not in kinetics. However, as we observed that decay
rates increased with surround stimulation while response amplitudes decreased, the L2
RF must be spatiotemporally coupled (not separable). Interestingly, spatiotemporal
coupling can also be observed in responses to annuli, particularly dark ones (Figures
3.13A and 3.13B).
Plotting the mean response values at diﬀerent time points during the presentation
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of annuli of diﬀerent sizes revealed that, at the edge of the RF center, responses grow
stronger over time instead of decaying (Figures 3.13C and 3.13D). Thus, responses
to dark annuli with internal radii of 4◦ or 6◦ are initially hyperpolarizing (left box,
blue curves in Figure 3.13C), and the extent of hyperpolarization increases during the
response (left box, red curves in Figure 3.13C). That is, surround responses next to
dark edges are sustained, eﬀectively enhancing their contrast. Interestingly, surround
responses further away from dark edges, near similarly responding cells, are more
transient (right box, Figure 3.13C). This suggests that L2 responses are shaped not
only by inputs from neighboring columns directly stimulated by light but also by
columns responding only to more lateral inputs. These results argue that models of
L2 responses to either center or surround stimulation should include two components:
one component that gives rise to a sustained center or surround response, and another
component that will transform the sustained response to a transient one.
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Figure 3.10: Surround stimulation makes L2 responses more transient. (A and B)
Mean responses to dark (A) and bright (B) circles of diﬀerent sizes as a function
of time. Dark blue curves represent the mean responses to small circles and bright
blue curves the mean responses to large circles. Amplitudes were measured for the
diﬀerent responses at diﬀerent time points, shown as vertical lines and sample points
in diﬀerent colors, to estimate the dynamical changes in the spatial RF shape. Average
amplitudes were computed over the intervals indicated by colored patches. Cold
colors represent early stages of the response and warm colors late stages. (C and
D) Amplitudes of responses to dark (C) and bright (D) circles, as a function of the
radius R, at diﬀerent time points during the response, represented by diﬀerent colors
as deﬁned in ((A) and (B)). Error bars denote ±1 SEM.
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Figure 3.11: Surround inhibition makes the RF narrower over time during the response. (A and B) Normalized amplitudes of responses to dark (A) and bright (B)
circles of diﬀerent sizes as a function of their radius R, at diﬀerent time points during
the response. Each curve is normalized to the maximal response strength over all
radii. Error bars denote ±1 SEM.
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Figure 3.12: Surround inhibition signiﬁcantly aﬀects decay rates of responses to decrements. (A and B) The absolute change in response amplitudes during circle presentation as a function of the radius, R, for dark (A) and bright (B) circles. Inset:
Comparison of decay extents for large (R = 15◦ , 20◦ ) and small (R = 2◦ , 5◦ ) circles.
Error bars denote ±1 SEM. *p < 0.05 in a two-tailed students t-test with unequal
variances.
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Figure 3.13: Antagonism also aﬀects the decay rates of surround responses. (A and
B) As in Figures 3.10A and 3.10B, describing responses to dark (A) and bright (B)
annuli of diﬀerent sizes. (C and D) As in Figures 3.10C and 3.10D, describing the
strength of responses to dark (C) and bright (D) annuli of diﬀerent sizes.
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A simple model captures L2s inseparable spatiotemporal RF

To assess whether the variability in decay rates observed in responses to dark stimuli
could arise via simple mechanisms, we constructed a quantitative model of the L2
RF. Previous work demonstrated that a weighted sum of two opposite-signed inputs
associated with diﬀerent time constants can produce responses with diﬀerent decay
rates [75, 76, 201, 205]. Thus, we constructed a model comprising two weighted
inputs: a primary input associated with a fast rising exponential and an antagonistic
input associated with a slowly decaying exponential (Figure 3.14). With appropriate
weights, a fast rising and gradually decaying response, similar to the response to the
presentation of a large dark circle, was produced.
We next tested whether the model’s weights and time constants could be appropriately tuned to the diﬀerent responses observed in L2. Indeed, increasing the weight
of the antagonistic component decreased the amplitude of the response and increased
the rate of its decay (Figure 3.15A) as observed in L2 responses to circles of increasing
sizes (Figure 3.6). Interestingly, delaying the development of the antagonistic input
by increasing the time constant of the exponential decay produced both increased amplitudes as well as reduced decay rates because the excitatory response can develop
further before inhibition suppresses it (Figure 3.15B).
To ﬁt L2 responses with this model using a small parameter set, we assumed that
each input is associated with a circularly symmetric Gaussian structure over space
(Figure 3.16A). Thus, the weight of each model component was set by appropriately
integrating over this structure. As a result, predictions of both responses to circles
and annuli were based on a diﬀerence of Gaussians spatial model structure (Figure
3.16B).
We ﬁrst ﬁtted this model to responses of L2 cells to the presentation of dark
circles of variable sizes (Figures 3.17 and 3.18A; Section 3.2). The primary input in
these responses was associated with the RF center and the antagonistic input with
the surround. The ﬁt parameters are described in Table 3.1. Note that while the
amplitude of the center component is signiﬁcantly larger than the amplitude of the
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surround component, taking into account the small standard deviation associated
with this component, the center and surround strengths shaping these responses are
in fact similar in magnitude, as reﬂected by the spatial RF shape shown in Figure
3.16B. Next, responses to dark annuli with large internal radii (>4◦ ) were ﬁtted with
the same model using diﬀerent parameters (Figure 3.18B), as described in Table 3.2.
The primary model component in this case corresponded to a surround while the
antagonistic component was a surround antagonist that caused surround responses
to decay. The diﬀerent parameters accounted for the spatial non-linearity of the
L2 RF (Figure 3.9), as well as the diﬀerent kinetics of decaying center responses and
surround responses (Figures 3.5B, 3.6, 3.7, 3.9 and 3.19). Thus, the primary surround
input giving rise to responses to annuli was stronger, and had a shorter time constant,
than the antagonistic input that suppressed responses to center stimulation. However,
in spite of amplitude and kinetics diﬀerences, both these inputs were ﬁt by the same
spatial parameter, which is likely set by the columnar structure of the eye. Finally,
the surround antagonist component had a broad spatial extent and a time constant
similar to that of the antagonistic input in the circle response model. We hypothesize
that this component is mediated by lateral inputs from columns in which surround
responses occur.
Overall, the ﬁts to the six circles and four annuli responses explained 98% of
the variance in the measured responses (Figure 3.18). Finally, ﬁtting responses to
annuli with small internal radii (2◦ and 4◦ ), that partially stimulate the center but
also provide signiﬁcant surround stimulation required a distinct weighting of inputs
(Figure 3.20, Table 3.3 and Section 3.2). In contrast, most responses to bright circles
of diﬀerent sizes could be captured simply as scaled versions of the same response
shape (Figure 3.21).
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Figure 3.14: A simple model explaining L2’s inseparable responses to decrements. A
schematic description of the model. The primary component, arising from stimulation
of the RF center, is associated with a fast rising exponential (top); the antagonistic
component, arising from stimulation of the RF surround, is associated with a slow
decaying exponential (bottom). These two inputs are summed to give rise to the
response.
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Figure 3.15: Diﬀerential weighting and time-constants of model components gives
rise to responses with diﬀerent amplitudes and decay rates. (A) The eﬀect of increasing the amplitude of the antagonistic (slow, decaying) exponential on the overall
responses. Cold colors - low antagonism (darkest blue - no antagonism); warm colors
- high antagonism. (B) The eﬀect of delaying antagonism with respect to excitation
by making the antagonistic component time-constant longer. Cold colors - short time
constants (darkest blue - inhibition and excitation constants are the same), warm
colors - long time constants for inhibition.
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Figure 3.16: Gaussian distributions of model components in space. (A) The strength
of the primary (continuous traces) and antagonistic (dashed traces) components over
space used to set the weights of these components in simulations of circle (blue)
and annuli (red) responses. (B) The resulting RF shape inferred from the spatial
distribution of component strengths used in modeling responses to circles (top) and
to annuli with Ri >4◦ (bottom).
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Figure 3.17: The simulated response to a small circle shows no decay. Simulated
(continuous) and measured (dashed) response to dark circle with radius R=2◦
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Figure 3.18: Responses to circles and annuli are well predicted by the model. (A)
Simulated (continuous) and measured (dashed) responses to dark circles of variable
sizes. Dark blue curves correspond to small circles, lighter blue to large circles (as
in Figure 3.6). Responses were simulated as a diﬀerence of an exponential rise and
decay associated with a Gaussian distribution of strength over space. (B) Simulated
(continuous) and measured (dashed) responses to annuli of variable sizes; dark red
curves correspond to annuli with small internal radii and bright red curves to annuli
with large internal radii (as in Figure 3.7).
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Figure 3.19: The temporal components of the model. Each component is associated
with a diﬀerent time constant and contributes either a rising or decaying exponential
response over time to the overall response.
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Figure 3.20: Diﬀerent parameters are required to capture responses to annuli with
small internal radii. Simulated and measured responses (dashed) to an annulus with
Ri =2◦ and Ro =15◦ (left) and an annulus with Ri =4◦ and Ro =15◦ (right). The simulated (dotted) responses to annuli with small radii constitute poor ﬁts to the measured
responses, as a result of underestimation of the relative contribution of excitation to
these responses. Continuous curves show improved model predictions with modiﬁed
parameters (see Section 3.2 for details).
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Figure 3.21: Responses to bright circles of diﬀerent sizes are simply scaled. Responses of L2 cells to bright circles of diﬀerent sizes approximated by simple scaling.
The measured (dashed) and approximated (continuous) responses are overlaid, highlighting the similarity. The approximations are appropriately scaled versions of the
response to a 5◦ large bright circle (scale factor determined by minimizing the mean
squared error between the approximation and the measured response).
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3.3.5

Lateral antagonism creates anisotropic acuity

A center-surround RF should diﬀerentially aﬀect the amplitudes of responses to stimuli with diﬀerent spatial periods (e.g., [63]). Thus, the relative strengths of responses
to sinusoidal inputs with diﬀerent periods provide a measure of acuity. Furthermore,
acuity diﬀerences between diﬀerent axes may represent an early specialization for the
detection of motion in a particular orientation ([226]). To examine whether this occurs in L2 cells, we measured responses to sinusoidal gratings with periods ranging
from 5◦ to 90◦ . The gratings were drawn on a virtual cylinder and projected onto the
screen. Each grating was rotated at a diﬀerent speed so that the temporal contrast
frequency was held constant at 0.5 Hz for all gratings, and was oriented to simulate
either pitch or yaw rotations of the ﬂy (Figure 3.22).
L2 responses to these stimuli were sinusoidal, as expected for a linear system
(Figure 3.23; [47]). Intriguingly, at short spatial periods (10◦ and 20◦ ), responses
to pitch rotations were stronger than responses to yaw rotations (p<10−5 ), Figures
3.23 and 3.24. At a 5◦ spatial period, responses were weak, as expected from retinal
optics and a RF center of approximately 5◦ ([113, 230]), while spatial periods around
40◦ drove the strongest responses. Only slight attenuation was observed at larger
spatial periods (Figure 3.24). This could be for physiological reasons, arising, for
example, from eﬀects of the relative timing of center and surround stimulation on
antagonism. However, this could also result from technical limitations of our stimulus
presentation, as our display spanned slightly less than 60◦ of visual space in each
direction. Nevertheless, as the observed responses at short spatial periods clearly
showed higher sensitivity with pitch rotations, visual acuity must be higher around
this axis, making the L2 RF spatially anisotropic.
Analogous results were obtained using a moving bright bar stimulus. When the
bright bar reached the RF surround, a depolarization occurred. This early response
was weak on average (Figures 3.2A, 3.25) since the bar is bright and narrow, and thus
stimulates the surround only weakly, but some individual response instantiations were
signiﬁcant (Figure 3.2B). The strength of this response depended on the orientation
of the bar. In particular, if the bar moved upward across the screen this phase of the
response was stronger than when the bar moved medially (Figure 3.25).
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Figure 3.22: Sinusoidal moving gratings: schematic. Schematic description of the
stimulus: sinusoidal contrast gratings moving around the yaw (left), and pitch (right)
axes.
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Figure 3.23: Responses to sinusoidal moving gratings are sinusoidal. Normalized
mean responses to moving sinusoidal gratings with diﬀerent spatial periods, moving
around the pitch (continuous) and yaw (dashed) axes. Responses were normalized to
the maximal response amplitude across all spatial periods. Shading denotes ±1 SEM.
Spatial periods where responses to pitch and yaw orientations signiﬁcantly diﬀered
are highlighted in red.
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Figure 3.24: The strength of the response to a grating depends on its spatial period.
Response strength as a function of the spatial period of the grating moving around
the pitch (continuous) and yaw (dashed) axes. Error bars denote ±1 SEM. **p<0.001
in a two-tailed students t-test with unequal variances.
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Figure 3.25: Inhibition in a moving bar response is stronger when the bar moves
from the screen bottom to the top. (A) Mean response to a bright bar moving from
the screen bottom to the top (continuous) or from the side of the ﬂy to its front
(dashed). (B) The extent of inhibition in the response to a moving bar described
in (A), quantiﬁed by averaging over the dark shaded area and subtracting the mean
baseline response.
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Discussion

Using high-throughput methods, we describe a non-linear, spatiotemporally coupled
center-surround antagonistic RF structure in L2 cells that causes these cells to respond
diﬀerently to dark or bright inputs of diﬀerent sizes. These functional properties
have implications for the computations performed by downstream motion processing
pathways. In particular, L2 cells provide non-local inputs to elementary motion
detectors, and the temporal ﬁltering operations applied to intensity inputs depend on
the geometry and contrast of the moving objects.

3.4.1

L2 cells have an antagonistic center-surround receptive
ﬁeld

The L2 RF displays an antagonistic center-surround organization over space (Figures
1 and 2), an observation that is consistent with electrophysiological studies in larger
Diptera [63, 153]. The radius of the RF center is between 3◦ and 5◦ , while the surround
peaks approximately 10◦ away from the RF center. An additional, diﬀuse component
of the surround persists as far as 15◦ or more away from the center. Importantly, this
spatial RF is non-linear. Center responses dominate surround antagonism such that
responses to surround stimulation alone are stronger than predicted from responses
to combined center and surround stimulation. Furthermore, the kinetics of surround
responses diﬀer from the eﬀect of surround inputs on center responses. As a result,
the distance from the RF center at which surround and center eﬀects were balanced
varied with stimulus geometry. Nonetheless, across all conditions, surround responses
were weaker than center responses, consistent with earlier observations [63, 247, 228].

3.4.2

The L2 RF is spatiotemporally coupled yet can be captured by a simple model

Lateral antagonistic signals shape L2 responses to enhance spatial and temporal contrast by generating a biphasic ﬁlter in both space and time, a classical role for inhibition in sensory processing [150, 198]. Furthermore, surround strength decreases with
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the distance from the center, consistent with theories assigning eﬃcient encoding goals
for early visual processing such as predictive coding and information maximization
[247, 228]. However, while such theories often use linearity and spatiotemporal separability to facilitate derivation, L2 responses are inconsistent with these assumptions.
In particular, response kinetics depend on the spatial properties of the stimulus and
its contrast polarity (Section 3.3.3, [247, 148, 153, 172]). Additional non-linearities,
particularly those dependent on light adaptation conditions, have also been observed
at this synapse [122, 145, 255].
Nevertheless, the spatiotemporal inseparability of the L2 RF can be captured by a
simple computational model that combines two linear and separable inputs [75, 201].
The ﬁtted model consists of two diﬀerent sustained components, with distinct timeconstants, representing a primary input and an antagonistic input (Figure 3.14).
For responses to circles, these components correspond to a center and a surround; for
responses to annuli, these correspond to a surround, and a surround antagonist. Thus,
the spatial non-linearity of L2 is captured by utilizing diﬀerent amplitudes and timeconstants of antagonism, depending on whether the center of the RF is stimulated.
Furthermore, for both circles and annuli, the strength of the antagonistic component
is set by the spatial structure of the stimulus and determines the decay rate of the
response. Thus, L2 responses are aﬀected by interactions with neighboring columns,
regardless of whether those columns receive input from stimulated photoreceptors
or from lateral pathways. Similar models have been used to describe other visual
processing neurons [71, 87, 112, 145, 205].

3.4.3

The spatiotemporally coupled L2 RF eﬃciently encodes
dark object motion cues

Given that L2 responds nearly linearly to rapid contrast changes [47], can L2 be
specialized to enhance information relevant to downstream processing? L2 represents
a critical input to a neural circuit that speciﬁcally detects moving dark edges [47,
116]. Interestingly, the detailed characteristics of L2 responses to decrements are
particularly useful for encoding motion related cues (Figure 3.26). When an object
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moves in front of an array of photoreceptors, its motion transforms its spatial structure
into a temporal pattern of activity in each detector. Thus, small objects give rise to
brief cues, observed only by a few detectors at any given time. The challenge posed
by such cues is to diﬀerentiate these small, local signals from noise. Large objects,
on the other hand, give rise to sustained cues, simultaneously observed by many
detectors. The challenge posed by these cues is to remove redundancies in space and
time. Indeed, inhibitory interactions have long been known to reduce redundancy
[14]; but see [194].
L2 response properties present useful strategies for encoding information associated with the motion of both large and small dark objects. Responses to small
dark objects are sustained, enhancing evoked signals (Figures 3.6 and 3.27). On the
other hand, responses to large dark objects rapidly decay, thus speciﬁcally encoding
the contrast changes associated with the moving edges of these objects and reducing
redundancy (Figures 3.6 and 3.27). Separable RFs cannot implement this response
duality because such ﬁlters give rise to identical response kinetics to all objects (Figure 3.26). Thus, cells with such RFs can present only transient responses, which
are disadvantageous for encoding information about small moving objects, or only
sustained responses, which are disadvantageous for encoding information about large
moving objects, but not both. In this manner, the functional properties of L2 reﬂect
an intermediate step in a gradual specialization of early visual processing that balances competing objectives: to eﬃciently represent all available information, and to
highlight speciﬁc features at the expense of other information. Finally, as a result of
delayed surround eﬀects, the spatial shape of L2 RF varies over time, with inhibition
becoming gradually stronger (Figure 3.27).
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L2
‘Separable responses’
sustained
transient

time

time

Figure 3.26: The L2 RF eﬃciently captures cues associated with dark object motion.
Schematic representation of the utility of the spatiotemporal coupling of the L2 RF to
motion encoding. Left column: example stimuli as a function of time. Right column:
schematic responses to stimuli as a function of time. Purple - illustrative L2 responses,
spatiotemporally coupled. Black - illustrative responses of hypothetical cells with
spatiotemporally separable RFs. Dashed - illustrative responses of a hypothetical cell
with sustained responses. Dotted - illustrative responses of a hypothetical cell with
transient responses.
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Figure 3.27: The L2 RF surround is enhanced with time. Schematic representation
of the 2D L2 RF at an early (left) and late (right) stage of the response to a stimulus,
capturing its anisotropy in space with gradually increasing surround lobes.
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The L2 RF is anisotropic

Our data demonstrates that surround antagonism has a key role in deﬁning the spatial
frequency tuning of L2 outputs and gives rise to diﬀerences in tuning properties
around speciﬁc axes (Figures 3.23 and 3.24). Our measurements reﬂect higher acuity
for stimuli rotating around the pitch axis compared to the yaw axis. Thus, ﬁne spatial
features are better captured, producing stronger responses, when they are separated
around this axis. Similar anisotropic center-surround RF structures were identiﬁed in
LMCs of other ﬂies [5, 63, 172, 226] as well as in crayﬁsh [87] and in Limulus [15, 119].
We note, however, that our measurements were largely focused on a particular dorsal
and medial region of the retina. Thus, it remains possible that a distribution of spatial
orientation sensitivities exists across the eye, analogous to the optic-ﬂow sensitivity
ﬁelds of motion sensitive lobula plate tangential cells [253]. Regardless of the global
pattern of acuity, increased inhibition in a speciﬁc orientation accentuates intensity
changes and is thus consistent with early specialization for the detection of motion in
that orientation [226].

3.4.5

The L2 RF structure has implications for elementary
motion detection

A central model of elementary motion detection incorporates two local inputs that
each relay contrast information from a single point in space, and identiﬁes motion
by correlating these signals with a time delay [104]. These inputs are often assumed
to undergo either low-pass or high-pass linear ﬁltering, or both, prior to their multiplication, and the precise characteristics of these ﬁlters critically aﬀect elementary
motion detector outputs [28]. In addition, a recent study has suggested a DC input to
motion computation [69]. Genetic studies have demonstrated that L1 and L2 provide
inputs to elementary motion detectors and thus their outputs must represent some of
these ﬁltering stages [47, 116, 203]. We show that the temporal ﬁltering characteristics of L2 cells are strongly shaped by the light distribution across a broad region in
visual space and thus diﬀer for objects of diﬀerent shapes and sizes. Consequently,
probing elementary motion detectors with minimal motion cues that diﬀer in spatial
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extent could produce diﬀerent results due to input processing properties rather than
diﬀerences in motion detection per se [47, 67, 69, 104]. Similarly, ﬁltering properties
depend on contrast polarity with responses to dark and bright objects having diﬀerent kinetics and amplitudes. These diﬀerences may be used by downstream circuits
to become tuned to either dark or bright motion cues.
More generally, spatiotemporal coupling can give rise to speed tuning [227] and
the model we ﬁt to L2 responses represents a useful precursor for downstream velocity
extraction[75, 76]. Thus, the potential speed tuning properties of the inputs into motion detection, which are diﬀerentially regulated for bright and dark objects (Figures
3.10-3.13) would inﬂuence both the speed tuning as well as the polarity selectivity
of the detectors [24, 120, 227, 269]. Finally, the surround responses of L2 eﬀectively
convert a contrast increment at one spatial location into depolarizing L2 responses at
neighboring locations, providing another route by which increment information could
enter a dark edge detecting pathway, even given downstream half-wave rectiﬁcation
[47].

3.5

Future directions

In this chapter, the functional properties of a ﬁrst order visual interneuron were
studied. The computational specialization presented by this neuron reﬂects a single
processing step with respect to photoreceptor signaling. Thus, a simple relation
between the responses of this neuron and light inputs might be expected. However,
even at this early stage of processing, simple linear as well as linear-nonlinear models
(limited to capturing static or very rapid non-linearities), which are very commonly
used in the visual processing literature [171], would fail to capture the computational
specialization of L2 cells and to predict the cell responses to the wide range of possible
spatiotemporal intensity patterns. Thus, it is likely that this modeling framework will
fail to capture the functional properties of most downstream visual processing cells
that are expected to be at least as specialized as the earliest processing cells are.
Generalizing this conclusion, what this implies is that to experimentally characterize
how the brain processes visual, or other sensory, information, a diﬀerent framework
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enabling researchers to measure a ﬁnite set of responses to stimuli and generalize
these results to all possible inputs is required. Here we make a few suggestions as to
how such a framework may be developed.
A model of the response characteristics of a cell is highly valuable for functionally
characterizing the cell responses as it is reduces the functional characterization task
to the task of estimating the model parameters. One way to limit the set of models
that can be applied to describe a cell’s function is to use information regarding the
physical properties of the sensory system and the anatomy of the neural circuits involved in processing this information. In particular, for characterizing the responses
of any given cell it is useful to take into account the set of inputs available to this
cell and their own spatiotemporal sampling properties. In this manner, the dimensionality of possible inputs is signiﬁcantly reduced: rather than deﬁning the response
as a function of, taking vision as an example, intensity in every point in space over
inﬁnite time, it may only be required to deﬁne the response as a function of intensity in several discrete regions and over ﬁnite intervals of time. For example, in this
chapter we have captured L2 cell responses to dark objects of various sizes using a
simple modeling assumption: that the inputs to these cells can be divided into two
types - center inputs, deﬁned by the spatial sampling resolution of the photoreceptors
providing these inputs, and surround inputs, that in aggregate represent many units
from neighboring ommatidia. To derive a more complete model for L2 cell responses,
surround inputs need to be further divided into sub-components. Ideally, having control over every input into the cell, or at least knowing its source such that its spatial
and temporal sampling properties can be inferred, could signiﬁcantly facilitate modeling of the cell’s function. RNAi constructs (see Section 1.3.3) enabling knockdown of
speciﬁc types of receptors in a speciﬁc cell approach this ideal methodology. However,
tools that enable controlling inputs in an acute manner, to prevent adaptation, may
be even more eﬀective.
Even in the absence of a complete set of tools to manipulate every input into a cell,
progress in characterizing the functional properties of non-linearly and adapting cells,
for which simple models may not yet exist, can be made by probing these cells with
inputs likely to be relevant according to the known function of the pathway in which
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these cells reside. Thus, initial progress in characterizing L2 responses was made by
presenting dark versus bright inputs separately. Furthermore, since no direction or
orientation selectivity was observed in L2 cell responses, and since these cells receive
photoreceptor inputs from a single point in space, we inferred that these cell are
not strongly aﬀected by non-linear integration of inputs from more than one point in
space. Thus, spatial maps of the RF were extracted by the presentation of single bars.
Downstream of L2, where interactions between columns are likely to occur, cells are
likely to be more strongly functionally aﬀected by inter-columnar interactions. Thus,
the presentation of moving inputs in diﬀerent orientations may be more informative
in these cells than it was in L2. Furthermore, probing such cells by presenting pairs
of bars, separated by diﬀerent gaps and located at various distances with respect
to the column in which a cell resides could also be informative. Using elementary
motion cues, such as the ones used for behavioral experiments, may facilitate putting
together the results of this functional characterization with a large body of knowledge
on motion detection in ﬂies (reviewed in [27, 66]).
Additional limitations of modeling a cell function based on Ca2+ imaging data
arise from the technical limitations of this method. In particular, it is unclear to what
extent indicator properties and imaging rate limit our ability to accurately describe
the actual Ca2+ level transients that occur in any cell. Probing responses under
diﬀerent conditions alleviates some of these concerns, as responses that rise or decay
in rates lower than the maximal rates observed, must reﬂect truly slower processes
rather than indicator-based limitations. Thus, for example, surround responses to
dark inputs in L2 cells can clearly be shown to be delayed with respect to center
responses, because the depolarizing response to light decrements applied to the center
is fast, and its decay rate is low without additional surround stimulation, but higher
with surround stimulation. However, the ability to measure the rate of decay of
hyperpolarizing responses to light increments applied to the center is limited; thus,
a model describing responses to bright objects cannot be as accurate as the one that
describes responses to dark objects.
Only by using an indicator with a faster oﬀ-rate will it be possible to overcome this
barrier. Recently developed variants of the GCaMP indicator [3] could be tested for
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this purpose. In particular, given the variety of currently available indicators, it would
be beneﬁcial to use multiple types of indicators for functionally characterizing cells,
such that responses under identical conditions but reported via diﬀerent indicators
could be compared. Neural activity monitoring using imaging is further limited by
a low frame rate. Accordingly, using faster optical sectioning methods, or using line
scans or smaller frame sizes to increase the frame rate of raster scanning two-photon
imaging, could also be beneﬁcial for improving the functional characterization of cells
with these tools. In this manner, it may be possible reveal a more accurate and
physiological shaping of responses.

Chapter 4
GABAergic circuits tune the early
stages of visual processing
The previous chapter presented a detailed characterization of L2 cell responses to
diﬀerent spatiotemporal distributions of light intensities, based on functional imaging
studies. Here, by combining imaging with genetic and pharmacological manipulations
of neural activity, we unravel some of the circuit mechanisms involved in shaping these
responses. These ﬁndings link the dense connectivity of the lamina [170, 204] and the
function of this ﬁrst visual neuropil.

4.1

Introduction: The functional role of dense connectivity in the lamina

Many diﬀerent cell types in the lamina and the medulla of Drosophila provide direct
and indirect feedback into L2 neurons, some via feedback synapses onto photoreceptors and others via direct synaptic connections with L2 cells themselves. Examination
of this dense connectivity pattern gives rise to hypotheses as to what neural mechanisms may mediate the center-surround RF structure characterized in the preceding
chapter. For example, in many systems GABAergic circuits play an inhibitory role
110
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(in vision - [68], in olfaction - [186], in audition - [276]). Two centrifugal cells suggested to be GABAergic, C2 and C3 [34, 138], provide direct input to L2 and C3 also
provides input to photoreceptors. Amacrine and lamina wide-ﬁeld cells receive inputs
from the centrifugal cells and synapse onto both L2 as well as onto photoreceptors,
providing additional pathways for inhibition to reach L2 cells. Furthermore, amacrine
and lamina wide-ﬁeld cells collect inputs from multiple columns, consistent with the
requirement of surround eﬀects. Finally, pharmacological studies demonstrated that
while histamine release from photoreceptors gives rise to L2 responses similar to those
produced by light; other transmitters, particularly GABA, also evoke responses from
L2 cells. In particular, application of GABA depolarizes L2 cells [101]. While the
dense connectivity in the lamina, giving rise to multiple feedback and lateral circuits, has been thoroughly described [170, 204], what functional role this connectivity
plays in shaping the outputs of the lamina has not been determined. We shed light
on this question by exploring the eﬀects of GABAergic circuits, using genetic and
pharmacological manipulations, on L2 cell responses.

4.2

Methods

The experiments presented in this chapter were conducted using the same two-photon
Ca2+ imaging set-up described in Chapter 3.
In these experiments, in addition to using the Gal4 driver 21D-Gal4 to express
a multi-copy insert of UAS-TN-XXL as in Chapters 2 and 3 the Rh1-Gal4 (Bloomington Drosophila Stock Center, BDSC) was also used. In addition, in the experiments described in this chapter, these drivers were also used to express GABAA R and
GABAB R RNAi’s (GABAA R-RNAi from VDRC (KK104293) and GABAB R2-RNAi
from [206]).
Thus, the following ﬂy lines were used in the experiments presented in this chapter:
Flies expressing TN-XXL in L2:
+ ; + ; 21D-Gal4,UAS-TN-XXL/+,
Flies expressing TN-XXL in L2 and photoreceptors R1-R6:
Rh1-Gal4/+ ; + ; 21D-Gal4,UAS-TN-XXL/+,
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Flies used in knock-down experiments:
+ ; GABAA R-RNAi/+ ; 21D-Gal4,UAS-TN-XXL/GABAB R2-RNAi, for knockdown
of GABAA Rs and GABAB Rs in L2 cells,
Rh1-Gal4/+ ; GABAA R-RNAi/+ ; 21D-Gal4,UAS-TN-XXL/GABAB R2-RNAi, for
knockdown of GABAA Rs and GABAB Rs in both L2 cells and photoreceptors R1-R6,
Rh1-Gal4/+ ; GABAA R-RNAi/+ ; 21D-Gal4,UAS-TN-XXL/+, for knockdown of
GABAA Rs in both L2 cells and photoreceptors R1-R6,
Rh1-Gal4/+ ; + ; 21D-Gal4,UAS-TN-XXL/GABAB R2-RNAi, for knockdown of GABAB Rs
in both L2 cells and photoreceptors R1-R6.
Flies were grown, collected and dissected as described in the previous chapter.
A few experiments presented in this chapter used solution containing pharmacological agents for perfusion. In particular, when GABAR and nAChR antagonists were
applied pharmacologically, these antagonists were dissolved into the perfused saline
and applied for the entire duration of the experiment. A stock of 250 M CGP54626
(CGP54626 hydrochloride, from Tocris) was ﬁrst dissolved in DMSO before it was
added to the saline used for perfusion, and was used at a ﬁnal concentration of 50
μM. Picrotoxin (Picrotoxin powder, from Sigma) was dissolved directly in the saline
used for perfusion, and was used at a ﬁnal concentration of 125 μM. Similar concentrations were previously used [186, 206]. Since the perfusate contained DMSO during
application of both Picrotoxin and CGP54626, the same amount of DMSO used to
dissolve CGP54626 was also added to the perfusate during application of Picrotoxin
alone. Mecamylamine (Mecamylamine hydrochloride, from Sigma) and Tubocurarine
(Tubocurarine hydrochloride pentahydrate, from Sigma) were both dissolved directly
in the saline used for perfusion and were both used at a ﬁnal concentration of 50 μM.
For 2 of the ﬂies imaged after application of nAChR antagonists, 1.25 μM bungarotoxin was also added to this solution. Responses did not diﬀer from responses of ﬂies
to which only Mecamylamine and Tubocurarine were applied.
The data presented in this chapter was preprocessed as described in the previous
chapter.
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Visual stimuli and corresponding analysis procedures

Bar presentation at a random position
A ∼10◦ wide dark horizontal or vertical bar was presented over an intermediate illumination level background around one of 19 diﬀerent positions on the screen, located
5◦ apart, at a randomly chosen order. The bar width was chosen such that it ﬁlled
a signiﬁcant fraction of RF surrounds and induced strong surround responses, observable with respect to the background noise levels. The bar was displayed for 3
s and removed from the screen for 3 s before re-appearing at a diﬀerent position.
Thus, it took the bar 114 s to be presented at all possible positions. 10 epochs of
no bar presentation for 6 s were interleaved with epochs of bar presentation to allow responses to decay. Thus, stimulus presentation lasted 174 s. The stimulus was
typically applied for 2000 frames (∼189 s) and the ﬁrst 10 s of the response to the
stimulus were excluded from analysis (allowing the response to the presentation of
the intermediate illumination level across the screen to decay). Thus, the response at
each position was measured once. Responses were aggregated based on distances (in
degrees) between the RF centers of corresponding cells and the nearest edge of the
bar from the view point of the ﬂy (Figure 4.1).
To enable a characterization of the spatial RF shape with a better spatial resolution than suggested by the bar’s width, we took advantage of the ﬁne-grained spatial
distribution of center positions of diﬀerent cells with respect to the bars. Thus, responses were divided into bins separated by 2◦ and aligned to the edge of the bar,
such that each response was associated with the nearest bin center. Based on the
position of the RF on the screen, the screen shape and its distance from the ﬂy, as
well as the position of the bar on the screen, bars at diﬀerent positions were viewed
as having slightly diﬀerent widths by diﬀerent cells. To correct for this distortion,
only responses of cells for which the viewed bar extended between 8◦ and 12◦ of visual
space were kept for further analysis. Response strength was deﬁned as the diﬀerence
between the response amplitude after the bar elimination from the screen and the
response amplitude immediately following the bar presentation, where amplitudes
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were computed as described in the previous chapter for partial ﬁeld ﬂash presentation response analysis (Figure 3.4B). The sign of response strengths of cells was set
such that negative strengths corresponded to cells that presented a Ca2+ decrease to
light. Unless otherwise speciﬁed, in all ﬁgures presented in Sections 4.3.1 and 4.3.2,
responses to vertical and horizontal bars were averaged together. In order to compare the spatial RF shape along the horizontal and vertical screen dimensions, we
averaged over responses in the same top-medial corner of the screen, spanning 15%
of the screen, which was used to characterize orientation dependence in moving bar
responses described in the previous chapter. Responses in this region were separated
depending on the bar orientation, horizontal or vertical, and an average spatial RF
shape was computed for each dimension separately (Figure 4.3B).
Moving sinusoidal gratings
The moving sinusoidal gratings stimulus presented in the previous chapter was used
for manipulation experiments presented here as well (Figures 4.13-4.16). Responses
to moving sinusoidal gratings were analyzed as described in the previous chapter. In
addition, in order to establish the extent to which responses deviated from linearity,
mean responses were compared to sinusoids with identical maximal amplitudes by
computing the diﬀerence of mean responses at every response value of the reference
sinusoid. Mean absolute diﬀerences are presented (Figures 4.13-4.15).

4.3
4.3.1

Results
GABAergic inputs to R1-R6 photoreceptors provide
surround signals in L2

To explore circuit mechanisms that shape L2 responses, we developed a procedure
for rapidly characterizing the spatial RF using sequential presentations of a dark,
stationary 10◦ wide bar, oriented horizontally or vertically at diﬀerent positions. To
eﬃciently extract an RF shape description with high spatial resolution, we took advantage of the random distribution of distances of the RFs of diﬀerent cells from

4.3. RESULTS

115

the bar edges. Responses of diﬀerent cells were aggregated according to the distance
between their RF centers and the bar’s nearest edge, thereby combining responses of
cells that experienced equivalent RF stimulation. Accordingly, the position of RFs on
the screen and the side of the RF covered by the bar were disregarded (Figure 4.1).
As expected, cells having RF centers within the bar transiently depolarized when
the bar was presented, while cells having RF centers outside the bar responded with
inverse polarity (Figure 4.2). To relate these responses to the spatial RF shape, we
plotted response strength, measured as the mean response amplitude evoked by the
onset and oﬀset of the bar (as in Figure 3.4B), as a function of the distance from
the edge. From this analysis, we obtained a proxy of the center-surround RF shape
(Figure 4.3A). In Figures 4.2, 4.3A, and all subsequent ﬁgures mean responses reﬂect
aggregation over responses to bars with diﬀerent orientations, as the eﬀect of the
anisotropic RF shape on these maps was small (but signiﬁcant; p=0.0014 in a χ2 test
comparing the response curves; Figure 4.3B).
As the neurotransmitter GABA mediates inhibitory responses in many systems,
we next examined whether GABA might mediate surround responses in L2. We took
advantage of RNA interference (RNAi) constructs directed against both GABAA
and GABAB receptors (GABAA Rs and GABAB Rs, respectively), expressed cell-type
speciﬁcally using the Gal4-UAS system [155, 206]. Knockdown of both GABARs in
L2 cells had no eﬀect on the spatial RF shape (Figure 4.4). However, when these
RNAi constructs were simultaneously expressed in both R1-R6 photoreceptors and L2
cells, we observed an increase in the eﬀective size of the center region and a decrease
in the strength of surround responses (Figures 4.5A, 4.6). Thus, GABAergic input
onto L2’s pre-synaptic partner, the photoreceptors, shapes the surround region of the
L2 RF. Interestingly, neither knockdown of GABAA Rs or GABAB Rs alone had any
eﬀect on the RF shape (Figure 4.5B). Thus, both receptors are redundantly required
to mediate surround responses.
Since these genetic manipulations did not completely eliminate surround responses,
we next examined whether GABARs on more distant cells might have additional effects. We therefore applied the GABAA R and GABAB R antagonists, picrotoxin (125
μM) and CGP54626 (50 μM), simultaneously [186, 206]. Under these conditions,
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the normalized strength of surround responses with respect to center responses signiﬁcantly decreased (Figure 4.7A). While this eﬀect was similar to that observed by
knocking down these receptors using RNAi in photoreceptors and L2, the eﬀects of
genetic knockdown were weaker and displayed some subtle diﬀerences. To deﬁne the
distinct contribution of the ionotropic GABAA Rs and the metabotropic GABAB Rs
to L2 cell responses, we next applied the antagonists against these receptors separately. Interestingly, application of the GABAA R antagonist alone was suﬃcient to
suppress the RF surround as strongly as the two antagonists combined (Figure 4.7B),
while application of the GABAB R antagonist alone had no eﬀect on the spatial RF
shape. Other antagonists, targeting other types of GABAA Rs in mammalian systems
[109, 232, 272], Gabazine (50 μM) and Bicuculline (50 μM), had no eﬀect (data not
shown).
Taken together, these genetic and pharmacological manipulations demonstrate
that GABAergic circuits play a critical role in establishing the spatial RF shape
of L2, through pre-synaptic antagonism of photoreceptors. As the pharmacological
block of GABAA Rs strongly suppressed surround responses, while the knock-down
of GABAA Rs alone had no eﬀect, we infer that these manipulations act on overlapping but distinct circuit targets. We further note that surround responses were not
completely eliminated even by the broad pharmacological manipulations. One possibility is that the antagonists had only partial access to the brain. Alternatively,
this could indicate that additional, non-synaptic mechanisms, may also contribute.
Thus, multiple circuit components are likely involved in constructing L2’s extensive
surround.
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Figure 4.1: Rapid RF mapping stimulus: presentation of a bar at random positions
on the screen. Schematic illustration: a dark bar is presented at a random position
on a background of intermediate illumination, while responses are aggregated by the
distance of RF centers from the bar’s edge. Negative distances correspond to RF
centers within the bar.
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Figure 4.2: The response of cells varies as a function of the distance between their
RF centers and the bar’s edge. (A and B) Responses to a dark bar presented on an
intermediate illumination level background. (A) The mean response of L2 cells as a
function of the distance of the RF center from the bar’s edge and the bar presentation
time. Response (dR/R) values encoded as described by the color scale. (B) The mean
response to the presentation of the bar at diﬀerent distances between the RF centers
and the bar’s edge, as a function of time. Blue - mean responses of cells with RF
centers within the bar presentation region, red - mean responses of cells with RF
centers outside the bar presentation region. Shading denotes ±1 SEM.
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Figure 4.3: A proxy of the spatial RF shape. (A) Mean response strength as a function of the distance from the bar’s edge, normalized to the strength at a distance of 4◦ ,
within the bar. Negative strength values correspond to depolarization during the bar
presentation, positive values to hyperpolarization. Error bars denote ±1 SEM. (B)
The mean response strength is computed for horizontal (solid) and vertical (dashed)
bars, spanning the vertical and horizontal dimensions of the screen, respectively.


0



Controls: 263 (13)
L2 GABAR RNAi: 123 (5)

 0 5 10 15 20 25 30
Distance from edge (º)
Figure 4.4: Knockdown of GABARs in L2 cells has no eﬀect on the spatial RF shape.
As in Figure 4.3, showing the normalized mean strength of the response as a function
of the distance from the bar’s edge, following knockdown of GABARs in L2 cells only.
Error bars denote ±1 SEM. Black - controls.
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Figure 4.5: Knockdown of GABARs in L2 cells and R1-R6 photoreceptors decreases
surround eﬀects in L2. As in Figure 4.3, showing the normalized mean strength of the
response as a function of the distance from the bar’s edge. Error bars denote ±1 SEM.
(A) Red - Following knockdown of both GABARs in L2 cells and R1-R6 photoreceptors; gray - controls, TN-XXL expressed in both L2 cells and R1-R6 photoreceptors.
(B) Brown - knockdown of GABAA Rs in L2 cells and R1-R6 photoreceptors; orange
- knockdown of GABAB Rs in L2 cells and R1-R6 photoreceptors.
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Figure 4.6: L2 cell responses following knockdown of GABARs in L2 cells and R1-R6
photoreceptors, plotted as in Figure 4.2. Shading denotes ±1 SEM.
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Figure 4.7: Application of GABAR antagonists decreases surround eﬀects in L2 cells.
As in Figure 4.3, showing the normalized mean strength of the response as a function
of the distance from the bar’s edge. Error bars denote ±1 SEM. (A) Blue - Following
application of both GABAR antagonists; black - controls, TN-XXL expressed in L2
cells. (B) Purple - application of the GABAA R antagonist picrotoxin only; magenta
- application of the GABAB R antagonist CGP54626 only.
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GABAergic inputs are required for L2 to respond to
contrast decrements

This dissection of the contributions of GABAergic circuits to the L2 spatial RF also
revealed that GABAR antagonists induced changes in response amplitudes and kinetics for both the center and the remaining surround responses (Figures 4.8-4.10). We
thus examined these eﬀects in greater detail across additional stimulus conditions.
During responses to moving bright bars on dark backgrounds, L2 transiently hyperpolarized as the bar reached the RF center, causing a local light increment, and
depolarized as it moved away, causing a local light decrement (Figures 3.2A and 4.11,
top). Similarly, during responses to static dark bars, L2 cells with RF centers in
the bar transiently depolarized when the bar was presented and hyperpolarized to a
sustained level when it was eliminated (Figures 4.2A and 4.11, bottom). Application
of GABAR antagonists enhanced the hyperpolarizing responses to increments, and
suppressed the depolarizing responses to decrements in both stimuli (Figure 4.11A).
In addition, in the presence of antagonists, the depolarizing response to the static
bar presentation decayed slowly, and the hyperpolarizing response was no longer
sustained. The ﬁrst of these eﬀects, the reduced rate of decay of the depolarizing
response, was anticipated by our previous observations that decay rates of decrement
responses depend on stimulation of the RF surround, mediated via GABARs (Figures 3.6 and 3.10). However, the decrease in the amplitude of the response to the
light decrement and increase in the response to the increment cannot be explained
by reduced surround eﬀects. Thus, GABAergic circuits must play an additional role
in shaping L2 cell responses to light inputs, speciﬁcally mediating responses to light
decrements while inhibiting increment responses.
To identify which type of GABAergic receptor mediated each of the two eﬀects of
GABAergic circuits, on the strength of surround responses and on the amplitude and
kinetics of center responses, we next applied the GABAA R and GABAB R antagonists
independently. Both the GABAA R antagonist alone, and the GABAB R antagonist
alone suppressed depolarizing responses to decrements (Figures 4.11B and 4.11C),
contributing to the combined eﬀect, but neither enhanced hyperpolarizing responses.
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In addition, both GABAA R and GABAB R antagonists made the hyperpolarizing
response to the elimination of the static bar more transient, but only the GABAA R
antagonist made the depolarizing response to the bar presentation more sustained.
This eﬀect is consistent with the role of these receptors in mediating surround eﬀects.
Interestingly, knockdown of both GABARs in L2 cells and R1-R6 photoreceptors did not have a signiﬁcant eﬀect on the shapes of responses to either static or
moving bar stimuli (Figure 4.12A). Knockdown of GABAA Rs in these cells enhanced
the depolarizing responses to light decrements (Figure 4.12B). In contrast, knockdown of GABAB Rs in these cells suppressed depolarizing responses to decrements,
and made the hyperpolarizing responses less sustained (Figure 4.12C). These eﬀects
were indistinguishable from those caused by pharmacological block of the same receptors (Figure 4.11C). Thus, the eﬀect of GABAB Rs on the shape of L2 cell responses
to light decrements and increments is mediated via receptors on either L2, or photoreceptors, or both. The diﬀerence between the combined eﬀect of GABAA R and
GABAB R antagonists, and the genetic knockdown of both of these receptors may
be explained by the cancellation of opposite eﬀects of the individual receptor knockdowns on decrement responses. This is also consistent with the notion that the eﬀect
of pharmacological block of GABAA Rs is due to receptors distinct from those in L2
cells and photoreceptors. Overall these results demonstrate that GABAergic circuits
play a signiﬁcant role in regulating the amplitude and kinetics of L2 cell responses
to both light increments and decrements applied to the RF center, in addition to
mediating surround responses.
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Figure 4.8: L2 cell responses following application of both GABAR antagonists, plotted as in Figure 4.2. Shading denotes ±1 SEM.
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Figure 4.9: L2 cell responses following application of the GABAA R antagonist picrotoxin, plotted as in Figure 4.2. Shading denotes ±1 SEM.
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Figure 4.10: L2 cell responses following application of the GABAB R antagonist
CGP54626, plotted as in Figure 4.2. Shading denotes ±1 SEM.
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Figure 4.11: GABAR antagonists aﬀect L2 response shapes and kinetics. (A-C)
Mean response of controls and experimental cells to a moving bright bar on a dark
background (top) and to a dark bar on an intermediate illumination level background
(bottom), for cells with RF centers within the bar. Black - controls, TN-XXL expressed in L2 cells only. (A) Blue - application of GABAR antagonists. (B) Purple
- application of the GABAA R antagonist picrotoxin. (C) Magenta - application of
the GABAB R antagonist CGP54626.

4.3. RESULTS

125

A

Controls
L2,R1-R6
GABAAR + GABABR RNAi

B

C

L2,R1-R6 GABAAR RNAi

L2,R1-R6 GABABR RNAi

5%
dR/R
1 sec

5%
dR/R
1 sec

5%
dR/R
1 sec
N = 310 (14)
N = 375 (14)

N = 95 (4)

N = 120 (7)

N = 128 (6)
N = 94 (5)

N = 110 (4)

N = 128 (7)

5%
dR/R

5%
dR/R
1 sec

5%
dR/R
1 sec

1 sec

Figure 4.12: GABAB R knockdown but not GABAA R knockdown in L2 cells and R1R6 photoreceptors has the same eﬀect as antagonists application. (A-C) Mean response of controls and experimental cells to a moving bright bar on a dark background
(top) and to a static dark bar on an intermediate illumination level background (bottom), for cells with RF centers within the bar. Gray - controls, TN-XXL expressed
in L2 cells and R1-R6 photoreceptors. (A) Red - knockdown of both GABARs.
(B) Brown - kncokdown of GABAA Rs only. (C) Orange - knockdown of GABAB R
antagonist CGP54626.
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4.3.3

GABAergic circuits linearize responses to contrast changes

The above described results implied that GABAergic inputs might enable L2 cells to
balance responses to contrast increments and decrements. To test this hypothesis,
we examined whether the linearity of L2 responses to sinusoidal contrast changes was
aﬀected by the application of GABAR antagonists. Indeed, this manipulation significantly altered the responses of L2 to sinusoids, as the responses to the brightening
and darkening phases of this stimulus were no longer similar in amplitude (Figure
4.13). In particular, as with responses to other stimuli, the hyperpolarizing response
to light increments became larger, while the depolarizing response to light decrements
failed to track the darkening input and displayed saturation (Figure 4.13A). We quantiﬁed this deviation from linearity by computing the diﬀerences between measured
responses and sine functions with matched amplitudes. Larger deviations between
measured and predicted responses were found following addition of GABAR antagonists (Figures 4.13B and 4.13C). The same eﬀect on linearity was observed in response
to stimuli moving around either the pitch or yaw axes (Figure 4.14).
Interestingly, knockdown of GABARs in L2 and photoreceptors increased the linearity of responses to sinusoidal gratings (Figure 4.15). Nevertheless, both application
of GABAR antagonists and knockdown of GABARs in L2 cells and photoreceptors
suppressed the diﬀerences between the amplitudes of responses to gratings moving
around the pitch and yaw axes (Figure 4.15). Thus, as the knockdown of GABARs
mediates surround eﬀects but does not aﬀect contrast polarity sensitivity, these observations suggest that, under these stimulus conditions, surround eﬀects cause a
decrease in linearity of L2 responses to contrast. When GABARs are broadly blocked
by antagonists, the small, positive eﬀect of blocking GABARs in L2 and photoreceptors on linearity is overwhelmed by the much larger negative eﬀect induced by
the change in contrast polarity sensitivity mediated by a diﬀerent circuit component.
Thus, the role of GABAergic circuits in regulating contrast polarity sensitivity, not
surround responses, is critical for linearizing responses to contrast in L2.
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Discussion

Using pharmacological and genetic manipulations, we have revealed that GABAergic
circuitry, including pre-synaptic inhibition via GABARs on photoreceptors, mediates
lateral antagonistic eﬀects on L2. Moreover, these circuits are required for L2 to
respond strongly to decrements, a critical component of dark moving object cues.
Thus, these lateral and feedback circuits, rather than purely feed-forward signals
from photoreceptors, enable the downstream circuits to become specialized to detect
moving dark edges. Remarkably, our detailed characterization of L2 reveals that many
visual processing properties are shared with ﬁrst order interneurons in the vertebrate
retina. These strikingly similar computational properties arise via distinct molecular
mechanisms, arguing strongly for evolutionary convergence.

4.4.1

Lateral GABAergic circuits give rise to the centersurround organization of the L2 RF

Both ultrastructural and immunocytochemical studies describe a dense network of
lateral and feedback connections in the lamina [138, 170, 204]. Here we show how
some of these circuits, particularly GABAergic circuits, shape the functional properties of an LMC. Our results demonstrate that appropriately oriented pre-synaptic
and other GABAergic inputs give rise to the anisotropic center-surround RF structure of L2. Photoreceptors receive direct GABAergic input that depends on both
GABAA Rs and GABAB Rs and shapes the RF surround in L2 (and presumably other
LMCs). Synapses elsewhere in the circuit that are dependent on GABAA Rs are required to relay surround inputs into photoreceptors. Five cell-types are pre-synaptic
to photoreceptors in the lamina by ultrastructural criteria. These are L2, the LMC
L4, a type of lamina wide-ﬁeld neuron, amacrine cells, and a centrifugal cell type,
C3 [204]. Of these, only C3 is known to be GABAergic, making this cell type a possible surround input source [34, 138]. Furthermore, since our genetic manipulation
of GABARs aﬀected both L2 cells as well as photoreceptors, we cannot exclude the
possibility that receptors on both cells are redundantly required. In particular, both
GABAergic centrifugal cells, C2 and C3, are presynaptic to L2 and could provide such
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inputs. Additional GABAA Rs have been identiﬁed in L4 and another wide-ﬁeld tangential cell [70, 138] and could mediate the distal eﬀects of manipulating GABAA Rs.
Determining which cell type provides each of these inputs awaits the development of
new cell-speciﬁc genetic tools.
Through multiple mechanisms, modulation of GABAergic signaling in L2 expands
the RF center and increases spatial pooling. Such a change in RF shape increases
signal to noise ratios and occurs under low light level conditions [63, 64]. Thus, we
speculate that one physiological role of GABAergic inputs may be to allow dynamic
modulation of spatial pooling as a function of the ambient light level. Interestingly,
since presynaptic inhibition was also observed in early olfactory processing in ﬂies
[186, 206], in early visual processing in vertebrates [18, 73, 128, 240, 244] and in
many other sensory systems [21, 37, 130], this mechanism appears general.

4.4.2

Lateral and feedback GABAergic circuitry tunes the
L2 pathway for processing dark object motion cues

In addition to mediating surround responses, GABAergic inputs also shape center responses in L2. Blockade of GABAA Rs distal in the circuit increases the amplitude of
hyperpolarizing responses to light increments and makes them more transient, while
decreasing the amplitude of depolarizing responses to decrements and making these
more sustained. Since picrotoxin was used to block GABAA Rs, it is possible that
other picrotoxin-sensitive receptors such as ionotropic glutamate receptors [48] could
mediate some of these eﬀects. However, we note that while picrotoxin acts on other
chloride channels [86, 101], it is unlikely that these eﬀects are mediated by blocking the histamine gated chloride channels that respond to neurotransmitter release
from photoreceptors. In particular, the eﬀects of picrotoxin on L2 were to enhance,
rather than suppress, light-mediated hyperpolarization. Furthermore, GABAB Rs on
photoreceptors or L2 cells have a partially overlapping role with GABAA Rs. These
receptors mediate depolarizing responses to decrements and shape the late stages
of hyperpolarizing responses to increments. These roles of GABA are consistent
with previous electrophysiological studies, which showed that LMC depolarizations
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could be evoked by ionophoretic application of GABA [100], and that receptors distinct from histamine-binding Cl− channels contribute to mediating OFF responses in
LMCs [153, 254].
Previous work demonstrated that calcium signals in L2 cells follow both the
depolarizing and hyperpolarizing changes in membrane potential evoked by light
[47, 63, 113, 122, 145]. Here we show that GABAergic signaling is critical to achieving
this response property, as blockade of GABAergic circuits disrupted the near linearity
observed in the responses of L2 cells to sinusoidally changing contrast modulations.
Thus, linearity requires regulatory inputs that counteract the otherwise non-linear
responses of L2 that would intrinsically favor hyperpolarizing responses to light ON,
reﬂecting direct photoreceptor inputs, over depolarizing responses to light OFF. L2
axon terminals were previously described as half-wave rectiﬁed [199]. However, the
variability in response shapes we describe as emerging from diﬀerential ﬁlling of center and surround regions of diﬀerent cells may account for much of the discrepancy
in the literature [47, 199]. Importantly, in the absence of GABAergic circuit inputs,
depolarizing responses to decrements are nearly eliminated. Thus, these circuits are
required for decrement information to be transmitted to the downstream circuitry and
enable its specialization for the detection of moving dark objects. Furthermore, we
expect the supra-linear relation between intracellular Ca2+ concentration and synaptic transmitter to amplify the eﬀect of GABAergic inputs on responses to decrements,
contributing to the transformation of these intrinsically weak responses to into strong
and robust signals. In addition, GABAergic circuits make responses of L2 cells to
light decrements transient in the presence of surround inputs, enabling transmission
of information about contrast and terminating signals evoked by constant intensity
inputs. Thus, rather than being deﬁned solely by the functional properties of the receptors for the photoreceptor neurotransmitter histamine, lateral and feedback circuit
eﬀects mediated through GABA receptors establish critical aspects of L2 responses.
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4.4.3

Distinct molecular mechanisms give rise to a similar
early visual processing strategy in ﬂies and vertebrates

Early visual processing circuits in ﬂies and vertebrates consist of analogue processing
pathways embedded within a similar structure [39, 211]. In this parallel, LMCs like
L2 are analogous to bipolar cells, ﬁrst order interneurons in the vertebrate retina.
Previous work demonstrated that both cell types have antagonistic center-surround
RFs [54, 247, 113, 126, 148, 153, 172, 173, 214, 243, 260, 270]. However, our detailed
characterization of L2 reveals that the functional parallel between these cells is much
more signiﬁcant. First, in both cell types, spatiotemporal coupling arises from delayed
surround eﬀects (Sections 3.3.3 and 3.3.4; [10, 63, 73, 148, 153, 243, 259, 260]). Second,
in both cell types, GABAergic circuitry shapes responses via multiple pathways, and
aﬀects both response amplitudes and kinetics (This chapter; [62, 72, 158, 159, 189,
220, 250, 273]). Interestingly, a diﬀerential distribution of GABAergic circuit inputs
and receptor types in bipolar cells contributes to heterogeneous responses [73, 240,
271].
Based on these observations, we hypothesize that diﬀerent weightings of the same
circuit elements that shape L2 responses also diﬀerentially shape other LMC responses
to tune their function toward distinct downstream processing pathways. For example,
L1 cells provide inputs to a pathway that is specialized for detecting moving light
edges [47, 116]. We hypothesize that the GABAergic circuit inputs that enhance
L2 depolarizing responses to light decrements act diﬀerently in L1, allowing this
cell’s response to be biased toward the hyperpolarizing responses evoked by contrast
increments, while possibly preserving the advantages of responding to large and small
objects diﬀerently.
In spite of these deep similarities, many of the molecular mechanisms that shape
both center and surround responses in ﬁrst order interneurons are diﬀerent between
ﬂies and vertebrates. In OFF bipolar cells, an OFF response arises through a sign
conserving synapse with photoreceptors, mediated by an ionotropic glutamate receptor, while a metabotropic receptor mediates sign-inverting responses of ON bipolar
cells [60, 167, 179, 208]. However, in L2 cells, the OFF response is not mediated only
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by the histamine binding Cl− channel that transmits photoreceptor outputs, but is
also driven by distinct GABAergic circuit mechanisms. Thus, lateral or feedback interactions are critical to establishing L2’s signature response to contrast decrements.
Moreover, several mechanisms have been suggested to give rise to surround responses in bipolar cells, including pre-synaptic inhibition acting on photoreceptors
[18, 73, 128, 223, 242, 244, 267]. Other suggested mechanisms include an ephaptic
eﬀect as well as proton modulation of the Ca2+ current and neurotransmitter release
in cone photoreceptors [38, 52, 124, 134, 139, 249]. In LMCs, two diﬀerent models,
one based on presynaptic inhibition and one based on local, extracellular changes
in electrical potential, have been proposed to mediate spatial and temporal inhibition as well as adaptation [100, 152, 147, 219, 218, 256]. In L2 cells, we found that
presynaptic inhibition acting on photoreceptors contributes to surround responses,
and GABAA Rs further away from the photoreceptor-LMC synapse are also required
(Sections 4.3.1 and 4.3.3). However, even strong blockade of all GABAergic receptor
activity did not completely eliminate the surround. While it is possible that the block
was incomplete, this suggests that additional mechanisms, such as ephaptic eﬀects,
are also involved in shaping the spatial properties of the L2 RF. Furthermore, synaptic
mechanisms may interact with ephaptic eﬀects, as activity of GABAergic receptors
may give rise to signiﬁcant changes in currents ﬂowing through lamina cartridges.
Overall, the striking similarities between the functional properties of early visual
processing circuits across taxa highlight the importance of these properties for eﬃcient
processing of visual information. Since these functional properties arise from diﬀerent
molecular mechanisms in ﬂies and vertebrates, these similarities are unlikely to result
from a common ancestral source. Rather, we propose that these parallels reﬂect
convergence on a common processing strategy driven by similar biological constraints
and natural input statistics. We speculate that analogous parallels will be found in
many aspects of visual processing.
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4.5
4.5.1

Future directions
Dissecting the microcircuits that shape L2 responses

Having observed many eﬀects of GABAergic circuits on both the spatial as well as
the temporal and contrast sensitivity properties of L2 responses, we next wanted
to assess whether other circuit components may play additional roles in shaping L2
responses. In particular, via L4, L2 neurons receive input from nearby dorsal and
ventral posterior columns. L2 neurons, in turn, are thought to be the main inputs
to L4 cells from all three columns. Both L2 and L4 are likely cholinergic as they
express Cha, the choline acetyltransferase and both cells express several nicotinic
acetyl choline receptor (nAChR) subunits, suggesting a fast, excitatory interaction
between these cells [234].
To test the potential functional roles of this cholinergic network (or additional
cholinergic circuit components), we applied nAChR antagonists and monitored L2
responses to the same stimuli presented above. Responses of L2 cells to static dark
bars revealed that these receptors play signiﬁcant roles. In the presence of antagonists,
L2 responses to both center and surround stimulation were signiﬁcantly enhanced
(Figure 4.17). In addition, both the center and the surround components of the spatial
RF expanded, which could, at least in part, account for the response enhancement
(Figure 4.18). In particular, we hypothesize that increased spatial pooling in both
the center as well as the surround regions of the RF mediates response enhancement
and increases SNR via averaging over more inputs.
Similarly, the hyperpolarization response to a moving bar passing through the cell
RF was expanded in time, consistently with an expansion of the RF center (Figure
4.19). Furthermore, the depolarization response to the light decrement which occurs
when the bar moves away from the RF was enhanced. Since the depolarization response to the moving bar is consistent with both a light decrement which occurs in the
RF center as well as with stimulation of the surround region of the RF by the bright
bar, additional experiments will be required to establish whether this enhancement
is due to stronger center responses to decrements, a larger surround region, or both.
Interestingly, preliminary experiments performed by Helen Yang indicate that the
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eﬀects of cholinergic circuits on the shape of L2 responses are mediated at least in part
via nAChRs expressed by L2 cells themselves. In these experiments, RNAi constructs
were used to knockdown the Dα7 subunits of these receptors and similar eﬀects to
application of nAChR antagonists were found (data not shown). Further exploration
of the exact manner in which receptors expressed by diﬀerent cells give rise to the
diﬀerent eﬀects observed following nAChR antagonist application is required to inform
what micro-circuits are involved in this response shaping.
In order to fully understand how L2 responses are shaped, and unravel the structural characteristics of the microcircuits mediating these eﬀects, additional experiments are required. In particular, while two types of circuits, GABAergic and Cholinergic, were found to shape L2 responses, we do not yet know how these circuits interact
and to what extent they overlap. To deﬁne these interactions both circuits must be
manipulated simultaneously. In addition, the cells that provide these inputs to L2
cells and photoreceptors must be identiﬁed. Input sources can be identiﬁed by silencing candidate cells such as L4 (in the case of potential cholinergic inputs) and C2 and
C3 (in the case of potential GABAergic inputs). In addition, other circuits, such as
glutamatergic circuits, may still pay additional roles in shaping L2 cells which can be
identiﬁed by manipulating these circuit components as well. In particular, as the RF
shape of L2 cells in the absence of signaling through nAChRs reﬂects spatial pooling
of inputs from more than the set of receptors sampling a single point in space (the
acceptance angle of the L2 RF following this manipulation is larger than that measured in photoreceptors), there must be an additional mechanisms mediating spatial
pooling.
Finally, it will be beneﬁcial combine manipulations of synaptic inputs with models
capturing the eﬀects of these manipulations on the extracellular polarization which
may also play a role in shaping L2 responses [256].
The set of experiments described in this and the previous chapter provide a toolset with which the eﬀects of manipulations on L2 function can be probed. Using
this tool-set to unravel the details of the microcircuits shaping L2 responses may be
beneﬁcial in two ways: ﬁrst, it may enable identifying circuit motifs and in particular
feedback circuit structures that are useful for endowing particular ﬁltering properties
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to cells and may be utilized in other circuits as well. Second, it may enable linking
ﬁltering properties incorporated into early stages of visual processing to downstream
motion computation, as it is possible to measure both the eﬀect of the manipulation
at the early processing stage as well as its eﬀect on motion detection via subsequent
behavioral experiments (see below).
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Figure 4.17: L2 cell responses following application of nAChR antagonists, plotted as
in Figure 4.2. Shading denotes ±1 SEM.
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Figure 4.18: Application of nAChR antagonists expands the spatial RF. As in Figure
4.3, the normalized mean strength of the response as a function of the distance from
the bar’s edge. Error bars denote ±1 SEM. Cyan - Following application of nAChR
antagonists. Black - controls, TN-XXL expressed in both L2 cells.
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Figure 4.19: Application of nAChR antagonists expands the response to a moving
bar in time. Mean response of controls and experimental cells to a moving bright bar
on a dark background. Black -controls, TN-XXL expressed in L2 cells only. Cyan Following application of nAChR antagonists

4.5.2

GABAergic and Cholinergic circuit components provide L2 cells with two alternate ways to adapt to light

Both GABAergic and cholinergic circuits aﬀect the spatial RF shape of L2. By
modulating the strength of surround inputs, GABAergic circuits may enable L2 cells
to adapt to diﬀerent light levels. In particular, in dark adapted conditions suppression
of GABAergic surround inputs makes the RF center eﬀectively larger. As a result, RF
center signals reﬂect increased spatial pooling that makes these signals more robust
against the deleterious eﬀects of photon shot noise. However, this beneﬁt comes at
the expense of losing the ability to use predictive coding for eﬃcient encoding of
intensity inputs, which is enabled by a center-surround antagonistic RF structure
[247, 227, 228]. Interestingly, Cholinergic inputs provide L2 with an alternate way to
adapt to low light levels. Speciﬁcally, suppression of cholinergic inputs expands both
the RF center as well as the RF surround. Thus, the robustness of both center and
surround responses is increased by spatial pooling, but the ability to use predictive
coding to eﬃciently represent light inputs is not lost. The qualitative eﬀects of these
two circuits on the shape of L2 RFs are captured by a schematic (Figure 4.20).
Further experiments will be required to assess under what input conditions each of
these mechanisms is used, and to what extent these mechanisms promote contrast
sensitivity or encoding of information under low light levels.
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RF expansion

Figure 4.20: Mechanisms of light adaptation. Left - suppression of surround responses
gives rise to an eﬀectively wider center RF region, increasing spatial pooling. Right expanding both components of the RF, the center and the surround, increases spatial
pooling and the robustness of signaling for all input types and allows to combine these
eﬀects with the beneﬁts of predictive coding.
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Linking early visual processing characteristics with downstream motion detection computation

One of the important ﬁndings presented above is that the kinetics of L2 responses to
dark and bright inputs of diﬀerent sizes are diﬀerent. Since ﬁltering of visual inputs
in L2 cells is hypothesized to represent the ﬁltering stages performed within the arms
of elementary motion detectors, a clearly useful next step for interpreting our results
is to incorporate our ﬁndings in such models. As a ﬁrst step, it would be useful to
simulate responses of a single detector that has input units with center-surround antagonistic and spatiotemporally coupled RFs, where surround responses are delayed
with respect to center responses, in both its arms. In particular, it would be of interest to probe the responses of this type of detector to bar pairs presented not only
directly on the detector arm input centers but also nearby in the surround regions.
This type of simulation may facilitate interpreting the results of behavioral experiments where some detectors are inactive (e.g., due to genetically induced silencing as
described in Section 1.3.3), and an unusual response of a detector to surround inputs
may compensate for the eﬀects of the manipulation. More speciﬁcally, this type of
simulation can determine whether a depolarizing response to a bright surround input
can mediate responses to bright motion inputs given a rectiﬁcation step that eliminates hyperpolarizing signals downstream of L2 cells, when L1 cells are silenced and
hence the bright moving edge detection pathway is eliminated. Due to the delayed
nature of surround responses the kinetics of this response are expected to be diﬀerent
from the kinetics of the response to center stimulation. Since behavioral responses in
these two contexts also diﬀer in kinetics [47], it would be interesting to ﬁgure out in
what conditions these responses are likely to arise and whether the simulated kinetics
diﬀerences match and thus explain the observed behavioral ones.
In addition, it would be informative to probe how spatiotemporal coupling, giving
rise to diﬀerent response kinetics for diﬀerent moving object sizes, and diﬀerential
responses to bright and dark objects, aﬀects motion detector outputs in these diﬀerent contexts. These predictions can then be compared with measured behaviors and
may explain discrepancies currently existing in the literature which reﬂect diﬀerent
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response properties to diﬀerent minimalistic motion cues [47, 67, 116]. For this purpose, it would be useful to further assess what novel response properties arise when
an array of such receptors acts together to respond to motion inputs, as occurs in a
behaving animal.
While the above described modeling eﬀorts will shed light on the relation between
input ﬁltering and motion detector responses, it is also of interest to understand the
role of each circuit involved in giving rise to these ﬁltering properties in the context
of motion detection. To understand the functional role of response shaping in the
context of motion detection it would be beneﬁcial to conduct behavioral experiments
while eliminating activity in circuit components with known eﬀects on the early stages
of processing. Elimination of surround eﬀects or expansion of both center and surround regions of the RF should change the spatial frequency tuning properties of
behavioral responses to moving gratings as it does for L2 cells, in particular for long
spatial periods. These eﬀects can be tested both by modeling and by behavioral experiments. Furthermore, both knockdown of nAChRs in L2 cells and knockdown of
GABAB Rs in L2 cells and R1-R6 photoreceptors aﬀect the strength and kinetics of
depolarizing responses to light decrements. Thus, it would be useful to ﬁgure out, via
both modeling as well as behavioral experiments, if these inputs indeed play a role in
balancing the strength of responses to light and dark moving edges (as can be assessed
by presenting opposing edges or individually moving edges of diﬀerent contrasts, as
in [47]). Furthermore, the speed tuning of responses to moving dark edges may be
modiﬁed, and this can be similarly assessed by presenting, and simulating, responses
to dark edges moving at diﬀerent speeds.
If an eﬀect for knocking down some of these receptors is found, it would be further
interesting to probe the sensitivity of this modulation to contrast and illumination
conditions. We hypothesize that suppression of surround responses mediated via
GABARs, or expansion of the RF via blocking of nAChRs, are useful under dark
adapted conditions. This hypothesis can be tested by applying the knockdowns in
both light adapted and dark adapted conditions and assessing whether indeed, the
knockdowns are only eﬀective under high levels of illumination, suggesting that under
dark adapted conditions these inputs are indeed suppressed in WT ﬂies as well.

Chapter 5
Conclusion
In this dissertation I have presented studies characterizing the functional properties
of early visual processing neurons in the fruit ﬂy, Drosophila. To enable this characterization, we designed stimuli and analysis code for using two-photon Ca2+ imaging
data to characterize responses to visual inputs in detail. In particular, our stimuli
enabled the rapid characterization of spatial RF shapes via Ca2+ imaging. These
methods can be applied to many diﬀerent cell types following diﬀerent manipulations
and thus may facilitate future studies of early visual processing cells via imaging in
diﬀerent animal models.
The presented studies focused on the characteristics of L1 and L2 neurons in
the Drosophila optic lobe, which receive direct photoreceptor inputs and relay their
outputs to motion detecting circuits. Interestingly, while the pathways downstream
of these neurons are specialized for the detection of bright and dark moving edges,
respectively, both these neurons relay information about both light increments and
light decrements (Chapter 2). Responses of these neurons diﬀered only in their detailed kinetics and adaptation properties, albeit some asymmetry in the amplitude
of responses to light and dark stimuli was also noted, with L2 cells responding more
strongly to decrements and L1 cells responding equally to both inputs. Nevertheless, an in depth characterization of the sensitivities of L2 neurons to spatiotemporal
distributions of light inputs revealed that responses of these cells to dark and bright
inputs do diﬀer, and thus the function of these cells represents a tradeoﬀ between
141
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transmitting all light input information and facilitating the computation conducted
in a downstream circuit specialized for detecting moving dark edges (Chapter 3). We
expect this tradeoﬀ, between eﬃcient encoding of all information and specialization
to extract speciﬁc features, to be reﬂected in the function of many similar ﬁrst-order
interneurons in many systems.
Our detailed studies of the functional characteristics of L2 cells revealed that these
cells have an antagonistic, anisotropic and spatiotemporally coupled receptive ﬁeld
structure. Furthermore, L2 cell responses reﬂected non-linear integration of light inputs over space. Nevertheless, the functional properties of L2 cells were captured by a
simple computational model which posits that L2 cell responses arise from a weighted
combination of center inputs with delayed antagonistic inputs. In L2 cells, and likely
in many similar visual processing cells, linear systems analysis fails to capture the
critical RF properties that are required for the function of the downstream visual
pathway. Nevertheless, as in the case of L2 cells, it is still possible to derive the
functional properties of such cells using a limited set of inputs, albeit via a diﬀerent
approach for functional characterization. In particular, knowledge of the downstream
pathway specialization from behavioral experiments and of the functional properties
of inputs into the cells to be characterized, can be used to give rise to hypotheses for
computational functional models which may apply to these cells. Using these models,
appropriate inputs can be displayed to refute or prove the ﬁt of the hypothesized
models to the cell function. We hope that this approach will enable the characterization of many visual processing cells in diﬀerent systems in the future as it enabled
the characterization of L2.
An attractive future direction for these studies of early visual processing cells in
Drosophila is to integrate L2 functional properties, or similarly characterized functional properties of other lamina cells, with motion detection models to infer the
exact contribution of mechanisms shaping the inputs to motion detecting circuits to
the motion computation itself. Hypotheses derived from such modeling studies can
then be experimentally tested if the detailed mechanisms shaping L2 (or other lamina
cell) responses are also inferred and thus can be genetically manipulated while behavioral responses to motion are monitored. Such studies may shed light on controversies
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that currently exist in the literature regarding how the specialization of the L1 and
L2 pathways for dark and bright moving edges arises [47, 69, 116, 117]. For example,
since L2 responses to bright and dark objects of diﬀerent sizes diﬀer, speed tuning
and diﬀerential polarity sensitivity of the downstream pathway may arise from speed
tuning and diﬀerential polarity sensitivity at the input stage. Furthermore, these
studies may facilitate identifying which of many diﬀerent suggested models of motion
computation is in fact implemented by the brain [1, 104].
Using pharmacological and genetic manipulations of speciﬁc types of receptors,
our studies further revealed that responses of L2 cells to dark objects are enhanced
by lateral and feedback GABAergic circuits modulating the direct eﬀects of photoreceptors inputs on these cells (Chapter 4). Accordingly, these circuits play a critical
role in enabling the downstream circuit to be specialized for the detection of moving
dark edges. In particular, we have found that surround responses in L2 are mediated
at least in part presynaptically by GABA receptors on photoreceptors. Additional
GABAergic circuits acting more indirectly enhance the center response of L2 cells
to dark objects. Furthermore, other, cholinergic circuits, also play a role in shaping
L2 cell responses. These circuits control the size of the entire RF, consisting of both
its center and surround regions. As a result, the extent of spatial pooling used in
giving rise to center and surround responses is controlled by these circuits. Thus,
these studies associate functional roles with the dense connectivity of the lamina, the
ﬁrst visual neuropil of the ﬂy, which has been previously characterized in anatomical
studies [170, 204]. Importantly, we suggest that similar circuits to the ones acting on
L2 cells may act to shape responses of other lamina neurons providing inputs to other
pathways. Even more broadly, similar circuits may shape responses of early visual
processing neurons in many diﬀerent systems.
In support of the expectation that studies of early visual processing in the ﬂy
will shed light on mechanisms of visual processing in other model animals and even
humans, the detailed functional characterization of L2 cells revealed strikingly similar characteristics of these cells and ﬁrst order interneurons in the vertebrate retina
- the bipolar cells. Since these characteristics are arrived at using diﬀerent molecular mechanisms in each system, this argues for evolutional convergence due to the
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functional signiﬁcance of these characteristics. i.e., these diﬀerent visual processing
systems have converged on the same strategy for processing visual cues. Furthermore, similarly to how L2 neurons have functional characteristics that facilitate a
downstream, pathway speciﬁc, computation, and arrive at these characteristics via
lateral and feedback circuits; it is likely that other early visual processing neurons
providing inputs to specialized pathways in both ﬂies and vertebrate retinas use similar circuit patterns to arrive at similar specializations. Thus, a clear future direction
for these studies is to characterize additional early visual processing neurons in different systems and the microcircuits shaping their outputs to identify the set of tools
used by the nervous system to shape early sensory processing. This endeavor will
be of particular interest if theoretical explanations are found for how these tools give
rise to eﬃcient and robust visual processing and more speciﬁcally how early visual
processing is transformed to downstream computational specialization. This, in turn,
will enable answering questions such as to what extent computational specialization
observed at the outputs of sensory processing systems such as the retina are arrived
at gradually? To what extent do diﬀerentially specialized pathways interact and use
modular computational units that can serve these diﬀerent pathway computations?
To what extent are such units similar across species in spite of diﬀerent requirements
posed to these circuits by diﬀerent behaviors, environments and needs? Thus, while
our studies were focused on speciﬁc cells in the visual processing circuits of the fruit
ﬂy, we hope that a deeper understanding of how the brain computes and in particular
how sensory information is represented and processed will eventually emerge from
this and similar endeavors.

Bibliography
[1] Adelson, E. H., and Bergen, J. R. Spatiotemporal energy models for the perception of motion. J. Opt. Soc. Am. A, 2(2), 284–299, 1985.
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[177] Mutoh, H., and Knöpfel, T. Probing neuronal activities with genetically encoded optical indicators: from a historical to a forward-looking perspective.
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