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Abstract

Visual inputs are high-dimensional, dynamically varying, and may consist of signifi-
cant 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 suc-
cessful 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 Ca?* imaging in vivo to monitor the re-
sponses 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 darken-
ing. However, an in depth study of the functional properties of one of these interneu-
rons 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



circuits were found to give rise to a center-surround antagonistic, anisotropic and spa-
tiotemporally 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 im-
plies 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 achiev-
ing 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.
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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 con-
nectivity 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 representa-
tion, 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 cir-
cuit 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 Ca?* 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.
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1.1 Overview of the dissertation

This dissertation describes methods enabling neural circuit dissection and the ap-
plication 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 compu-
tations 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 em-
phasis 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 guid-
ing 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 e-
vector 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 appropri-
ately 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, to-
gether 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 be-
low), 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 be-
havioral 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 behav-
iors, 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 mech-
anisms [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 as-
sumptions 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, un-
derstanding how this specialization arises via earlier visual processing steps, and what
computational operations are implemented as intermediate steps, has been a signifi-
cant 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 di-
rection 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 spatiotempo-
rally 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 spatiotempo-
rally 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 pre-
diction 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 mov-
ing 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 predic-
tions, 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 be-
havior - [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 grat-
ings. 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 tan-
gential 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 compu-
tations 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 activ-

ity in neural circuits

As described above, quantitative studies of behavioral responses to visual inputs en-
able answering the two first questions of neural circuit dissection, defining the goal
of the circuit and the algorithm implemented to achieve this goal. By manipulat-
ing 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 corre-
lated 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 electrophys-
iological 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 (re-
viewed in [96, 108, 160]). The ability to optically probe neural activity is typically
obtained by introducing fluorescent indicators of neural activity into neurons of inter-
est 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. Flu-
orescent 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 Ca®" concentration [177]. In subsequent sections, we first de-
scribe 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 syn-
thetic 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 re-
quired 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 fruit-
fly 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 accord-
ing to the activity parameter which affects their emission rate. Voltage indicators are
highly desired as they provide a direct measure of activity - reporting membrane volt-
age changes. The design of these indicators is often based on native membrane pro-
teins, 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 Ca?* indicators (GECIs), although
improved indicators are continuously being developed. The main challenge for devel-
oping 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 GEClIs, 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



16 CHAPTER 1. INTRODUCTION

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 mul-
tiple mechanisms that tie the intracellular Ca®" concentration to neural activity. For
example, Ca?" concentration is related to membrane voltage via the activity of volt-
age sensitive Ca?* channels allowing Ca?* entry into the cell during depolarization,
leading to an increase in the intracellular Ca?* concentration. Within a pair of active
and connected neurons, Ca?* concentrations may increase pre-synaptically as Ca** is
required for mediating synaptic release and post-synaptically via opening of appropri-
ate synaptic receptors, such as glutamate and nicotinic acetylcholine receptors. The
large variety of existing Ca?* 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 Ca?*
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 Ca?" gives rise to an increase in emitted fluorescence.

A particularly useful class of indicators for in vivo imaging are FRET (Fluo-
rescence Resonance Energy Transfer) - based indicators. FRET is the process of
non-radiative energy transfer from an excited donor fluorophore to an acceptor flu-
orophore, 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 com-
monly used FRET indicator is Yellow Cameleon (YC) 3.6, a member of the cameleon
family of GEClIs, consisting of an ECFP donor and Venus protein acceptor compo-
nents 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 Ca?" 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 Ca®" affinity, defined
by the dissociation constant of the dye, K , the Ca?" concentration at which half of
the indicator molecules are bound to Ca®*, defines the dynamic range of Ca?* that
induces approximately linear changes in fluorescent emission. Thus, indicators must
be matched to the dynamic range of intracellular Ca®" concentration in the imaged
cells. Finally, the kinetics with which the indicator binds and releases Ca®" define
what activity regimes or event rates can be reliably resolved. GECIs have lagged
behind synthetic dyes in Ca?* 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 Ca** 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 de-
velopment 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 Ca?" 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 Ca?" binding proteins. Consequently, a high level of indicator
expression may interfere with the free Ca** 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
Ca?* 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 fluo-
rophores across a sample by fluorescence excitation and emission collection. However,
while this works well when imaging a thin sample; light scatter, the deflection of pho-
tons from their original trajectories, limits the ability to image thicker samples con-
sisting 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, low-
energy, 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 102°-
103 photons/(cm?/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, pre-
compensation 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 par-
ticular enabling to image at a greater depth and limiting photodamage caused by
light excitation. Photodamage, a combined effect of photobleaching and phototoxic-
ity, 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 dis-
tance 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 two-
photon 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 two-

photon 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. How-
ever, only by manipulating the activity in these circuit components can causal rela-
tions 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 manipu-
lating 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 modu-
lation 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 Gald-UAS system [31]. With this system, the Gald 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 exam-
ple, 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 fluores-
cent 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 Gald 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 simultane-
ously 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. Ex-
amples 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 Gald /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 Shibire’® which was used in many of the behavioral
experiments that enabled associating early visual processing cells with specific com-
putations). RINA 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. Alterna-
tively, 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 knock-
down 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 devel-
opment. 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



24 CHAPTER 1. INTRODUCTION

output of a cell, or silencing it. Shibire is a dominant-negative mutant' 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. Shibire'® 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]. Shibire’s 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 par-
ticular, delivery of microbial opsin genes, encoding light-sensitive ion channels and
pumps, enables one to manipulate membrane potential and induce or eliminate spik-
ing by light with precise temporal control. Continuous development of optogenetic
tools differing in their spectral sensitivities and conductances increases the flexibil-
ity 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 hyper-
polarize 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

"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 elim-
inated, 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,
dTRPAL1 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 environ-
ment. 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 pho-
toreceptors 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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1.4.2 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 com-
putations. 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 pho-
toreceptors 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-RS, 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 termi-
nating in M3 [74, 235]. Furthermore, behavioral experiments combined with genetic
manipulations of neural activity provided additional evidence for a functional sepa-
ration. 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 green-
yellow 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, consti-
tute 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 en-
code 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 inten-

sity amplitudes may increase by a factor of 10*. Encoding this wide dynamic range



1.4. FLY VISION 29

is enabled via light adaptation mechanisms. A logarithmic transformation relates
input light intensities to photoreceptor voltage outputs, such that a mean depolar-
ization 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 con-
sists 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 pro-
cessing 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
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sample from a single angle in space. A characteristic of the Drosophila brain con-
nectivity 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 to-
gether 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 Ca?*
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 CI~ 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 lam-
ina 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 cir-

cuitry 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 in-
put 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 Mil 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



32 CHAPTER 1. INTRODUCTION

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 wide-
field 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 exter-
nal 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 identi-
cal. 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 1.1 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 Ca?* 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 Ca?* 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 Ca?t 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 func-
tional 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 in-
crements, depolarize to decrements, and have antagonistic center-surround organiza-
tions. 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 shibire’® 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

tU52515 mutants), such that photoreceptor outputs cannot be

all neurons (ort! and or
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. Fur-
thermore, 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 L.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 rota-
tion is sensitive to both. This implies that pathways mediating effects on these two
aspects of behavior must be separate. Furthermore, silencing experiments demon-
strated that the pathways split immediately downstream of photoreceptors. Of these
two pathways, the L2 pathway was found to affect modulation of translation behav-
ior (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 differen-
tial 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 path-
ways 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 mo-
tion 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. Nev-
ertheless, there is controversy in the literature as to what model correctly explains
these results, and one suggested model fits these observations together with rectifica-
tion 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, XLUMPIlanF1) and a pre-compensated Chameleon fem-
tosecond 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 4+ 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 mi-
croscope. 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 x 4 mm coherent optic fiber bun-
dle (100 fibers/mm, 0.63 NA; from Schott, Elmsford, NY). The fiber span a region
covered by ~100 x 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
Ca?* concentration causes an increase in Citrine cpl174 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 '. 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 (low-
pass) 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

LAll 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 Rhl 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

min.

Alignment of cell responses with visual stimulus inputs in time required the si-
multaneous 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 Ca?* 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 Gal4d
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 chromo-
some), 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 4" chromosome is small and flies with insertions in this
chromosomes were never used. Thus, the following fly lines were used in imaging
experiments:

+; 4+ ; 21D-Gal4 / UAS-TN-XXL (“L27)

+; L1-Gal4 / 4+ ; UAS-TN-XXL / 4+ (“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 CO? 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 Ca?*- 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 room-
temperature, Ca?" 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 posi-
tioned 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 us. 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 4+ 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 7pum 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



2.2. METHODS 45

M [

- [“‘“ <M2

Figure 2.2: Images of L1 and L2 cell projections in the medulla. (A) Axonal mor-
phologies of L1 (top panel) and L2 (bottom panel) with two-photon imaging of TN-
XXL expression. L1 axons terminate in two medulla layers, M1 and M5, while L2
terminates in the M2 layer. Scale bar = 25 ym. 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 Lla (layer M1 and M5), and for
L2, from time series data. Scale bar = 20 pm.

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 Ca?*
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 Ca*" 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 fit-
ting a 4" 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 inter-

polated 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. Non-
responding 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 differ-
ences 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 differ-
ent 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 M) traces, a more significant
fraction of traces was excluded by this criterion. Cells were first averaged across di-
rections 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 sig-
nificantly 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 cross-
covariance was less than -0.0022, in units of fractional contrast times fractional re-
sponse. 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
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approximately a 100 ms delay (corresponding to a single frame and thus the mini-
mum 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 com-
puted 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 sub-
sequently 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(T)k(t — 1)dT) (2.1)

where k(t) is the linear kernel and ¢(z) 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()
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:
K (W) = =~ (2.2)

where * denotes a complex conjugate and K (w), R(w) and C'(w) are the Fourier trans-
forms of the kernel k(t), the response r(¢) and the input contrast ¢(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 trans-
formed 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 Results

2.3.1 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 Ca?" 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 Ca** 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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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, Lla (continuous,
light red) and L1b (continuous, dark red); and responses of L1 projections into the
M5 (dashed, light red) layer, recorded using the Lla driver.
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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 Ca®" 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 tran-
siently before returning to baseline. The L1 M5 terminal displayed a broadly similar
response, but with a smaller amplitude, consistent with the difference in flash re-
sponses (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 (Fig-
ure 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 Ca?* 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. Re-
sponses 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.
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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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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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2.3.2 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
Ca?* levels in both cell types. Periods of decreased illumination induced an increase
in Ca?" levels. To examine whether responses to contrast increases were equal and
opposite to contrast decreases, we plotted the mean Ca?"-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 Ca*" 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.
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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.
‘¢’ 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 inten-
sity 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 pre-
dictions 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 Lla 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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2.4 Discussion

2.4.1 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 Ca?" 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 Ca" 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 condi-
tions, 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 Ca?* responses
we measure in axonal terminals can persist for seconds. This difference is not solely
due to the kinetics of the Ca®™ 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 termi-

nals

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 sign-
correct 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 Ca®* 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 Ca?" indicator support the existence of some
asymmetry under similar conditions. However, our data also demonstrate that under
continuous dynamical illumination, the Ca?" signal in this cell varies nearly linearly
with contrast. In addition, if the outputs of this cell were rectified, then flies bear-
ing 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 demon-
strate 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. Further-
more, 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 .2 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 wide-
field 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 spa-
tial 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 electro-
physiological 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 subse-
quent 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 explana-
tions 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 charac-
teristic 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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3.1 Introduction

The complexity of the visual world demands significant neural processing to extract
behaviorally relevant information. What processing strategies enable peripheral vi-
sual 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 informa-
tion [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 essen-
tial 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, pro-
poses that redundancy is removed from visual inputs by utilizing the spatial and
temporal correlation structure of natural stimuli [7, 14, 187, 228]. Information max-
imization 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 func-
tions 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 Ca?' imaging and presentation of visual stimulation as described in the
previous chapter, but with the following modifications: Two-photon imaging was per-
formed 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 x 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 x 8 cm? 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 photorecep-
tors 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 c¢d/m?.
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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 ex-
press 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-Gald / 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 recom-
bined 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 COq
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 time-
traces 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 instantia-
tions 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 Ca?" concentration to light
were associated with negative response strengths and cells that increased their Ca?*
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 Ca?" 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 combi-
nations 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 pre-
sentation 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 elimi-
nated 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 Ca?t to light were negative and
the response strengths of cells that showed increased Ca?T 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 approxi-
mated as a difference between pairs of exponentially rising and decaying inputs as-
sociated 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 func-

tional form as a function of time from stimulus presentation time, t = 0:
ini(t) =1—exp(t/m;) (3.1)

Two inputs are used in modeling responses to circles. in;(t) is the primary component
and iny(t) the antagonistic component. Responses to annuli are also modeled using 2
components, ing(t) and iny(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,0) = Gi(r) = exp(—r*/207) |, 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 G;(r,#). These components are
shown in Figure 3.16A. Thus, responses to circles were predicted using the following
equation:

circ_resp(t) = ampy - iny(t) — ampy - iny(t) (3.3)

where

amp; = a,/ /9 " (r,0)rdrdf = 2rc;o; (exp(—R;/207) — exp(—R2/207))
A (3.4)
with R; = 0 and R, = 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 R; and R, 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
R; = 2° and R; = 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 inq(t) and ing(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 amp, and ampsz 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

Value

aq
&%)
01
02
71
T2

0.0165 dR/R/(°)*
2.78-107* dR/R/(°)?
1.193°
10.736°
0.14 s
1.667 s

Table 3.1: Model parameters for predicting responses to circles

Parameter

Value

Qs
Oy
03
04
73

T4

10810 * dR/R/(°)?
2.43-10~* dR/R/(°)?
10.888°
20.354°
0.55 s
1.559 s

Table 3.2: Model parameters for predicting responses to annuli

R,=2°, R,=15°

Parameter

Value (dR/R)

amp;
amps

0.1125
0.154

R,=4°, R,=15°

Parameter

Value (dR/R)

alpq
alnps

0.0388
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 29,
3'4 and 4" 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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3.3 Results

3.3.1 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. Inter-
estingly, 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 cen-
ters 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 depo-
larized 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 suffi-
ciently 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 um. (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 um. (D) Location of RF centers on the screen for the ROIs
shown in (B) and (C).
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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 /5 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 a 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 81

3.3.2 The L2 RF has a narrow center, and an extended sur-

round

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 center-
surround 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 < 107%). 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 signifi-
cance.

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 compo-
nent. 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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A B

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 back-
ground, around identified RF centers, in a random order, together with the presen-
tation 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 R;=10° and
R,=20° and with R; =2° and R,=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, R; and R,. 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 time-
points 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



3.3. RESULTS 87

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 initia