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Abstract
State and stimulus dependence in the Drosophila OFF motion detection pathway reveals
how adaptive temporal properties support sensory processing

Jessica Kohn

Sensory systems flexibly adapt their processing properties across a wide range of
environmental and behavioral conditions. Such variable processing complicates attempts to
extract mechanistic understanding of sensory computations. This is evident in the highly
constrained, canonical Drosophila motion detection circuit, where the core computation
underlying direction selectivity is still debated despite extensive studies. Here, I use the high
temporal resolution method of in vivo whole-cell patch clamp electrophysiology to measure
the filtering properties of neural inputs to the OFF motion-detecting T5 cell in Drosophila. 1
find state and stimulus dependent changes in the shape of these signals, which become more
biphasic under specific conditions. Summing these inputs within the framework of a
connectomic-constrained model of the circuit demonstrates that these changes in shape are
sufficient to explain T5 responses to various motion stimuli. Thus, my stimulus and state
dependent measurements reconcile motion computation with the anatomy of the circuit.
These findings provide a clear example of how a basic circuit supports flexible sensory

computation.
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Preface

In the summer of 2011, | was sitting at Bowdoin College trying to keep the dissected heart of
a lobster beating, zombie-like, on a tray for an entire day. | was a student in Professor Patsy
Dickinson's neuroscience lab studying how small neural circuits called central pattern
generators (CPGs) generated di erent patterns of rhythmic activity. In the slightly ghoulish
preparation | was working on, a CPG was producing the rhythmic pattern underlying muscle
contraction. In other words, it was driving the lobster's heartbeat. My job was to
understand how di erent neurochemicals a ected the activity of the CPG - some would slow
down the heartbeat, others would increase the force of each contraction, and so on. This
process, known as neuromodulation, endows small neural circuits with exibility beyond

what they might seem capable of generating based on their size or structure.

Work done by pioneers in crustacean stomatogastric and cardiac CPGs (including
preparations like the lobster heart | was working on) revealed that these simple invertebrate
circuits, consisting of only a few neurons, are capable of generating a rich diversity of activity
patterns based on the presence of one or more neuromodulators [1, 2]. In fact, the sheer
number of functional states they are capable of poses a paradox for traditional circuit
modeling: while ubiquitous exibility might explain how organisms exhibit rich behaviors
given limited neural resources, it makes it more di cult to de ne underlying circuit

mechanisms.

In the years since my work in the Dickinson Lab, the question of how neural circuits function
exibly, and how we as researchers might capture a potentially vast spectrum of response
properties in any given circuit, has been at the forefront of my mind. I've found this

guestion to be particularly compelling when applied to sensory neural systems, as the use
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case for exible function is very obvious. Because the both the environment and the
behavioral state of an animal are constantly changing, a sensory circuit that cannot adapt to
uctuating conditions is less useful for survival. Neuroscientists have long understood that
sensory circuits function exibly in order to adapt to changing conditions. However, it is rare
that exible processing is incorporated into models of small neural circuits. Instead, many

researchers treat the neural components of a model as single, static elements.

This juxtaposition is evident in the visual system ofDrosophila melanogasterwhere groups
have proposed numerous models for the algorithm underlying direction selectivity (the
ability to generate a positive response to motion in one direction over another). Even with a
rich body of work in the system, no model for direction selective cells Drosophila has
unambiguously accounted for circuit output. When | joined Dr. Rudy Behnia's lab in 2016,
my initial goal was simply to understand how one speci ¢ heuromodulator a ected the
function of individual cells in this system. As is often the case in science, however, | found
that this question extended far beyond my initial expectations. Fortunately for me, Dr.
Behnia enthusiastically supported this project as it morphed into the realization that
changes in circuit processing properties could actually clarify the algorithm underlying

direction selectivity.

In presenting this work, there is one takeaway that | hope to stress: in an era where
resources are spent pursuing connectomic data, we limit our perspective without considering
the state and stimulus dependent function of cells within a circuit. While the age of
high-resolution connectomics has provided detailed maps of both vertebrate and invertebrate
brains, the necessity of neuromodulator-induced exibility makes it clear that anatomy alone
cannot completely expose the neural mechanisms underlying function in most circuits [3]. As
| nd here in the case of theDrosophila motion detection system, it is likely that the
mechanisms underlying circuit function are intimately linked to the stimulus and state

dependent function of circuit elements. As neuroscientists, we must consider such variability



when we attempt to explain the ability of any stereotyped neuronal ensembles to process

information across behavioral and environmental conditions.



Chapter 1. Background and Introduction

Excerpts from the following sections were published as Kohn, Heath, and Behnia (2018)

1.1 Early visual processing as a paradigm for neural computation

How do we make sense of the patterns of re ected photons that make up a visual scene,
the unique combination of molecules that constitute the smell of a familiar place, or the
vibrations that comprise the sound of an orchestra? The ability to translate signals from
the world around us into our internal perception of the environment is critical to nearly
everything we do. A broad goal of neuroscience is to understand how the brain achieves
such a feat. Sensory systems, as the rst point of interaction between the brain and the
environment, constitute the rst step in deriving meaning from physical signals. Revealing
the fundamental algorithms that underlie perception is thus a major step toward a deeper
understanding of the human brain. Teasing apart these neural computations in the vertebrate
brain, however, remains an overwhelmingly complex task.

Despite obvious di erences in brain size and structure, animals have evolved to process
the same fundamental sensory statistics from the natural environment [4]. The algorithmic
strategies that seemingly disparate sensory systems use to interpret the world often have
striking similarities. Identifying these common underlying mechanisms can reveal broad
principles of circuit function. For example, the study of convergent circuits in the auditory
brainstems of both mammals and birds has clari ed algorithms for temporal coding that
can be broadly applied to computational neurobiology [5]. Similarly, the olfactory systems
of vertebrates and arthropods share similar architectures, indicating comparable functional

strategies for odor discrimination [6, 7]. Such commonalities demonstrate that understanding



the sensory systems of small, simpler brains can provide valuable insight into the broader
algorithmic principles of neural processing.

Amongst sensory modalities, visual input contains an overwhelming quantity of information
that animals must quickly parse. When it rst arrives at photoreceptors in the retina, light
varies in intensity over wavelength, space, and time [8]. Retinal circuits must then identify
meaningful patterns in the spatial and temporal distributions of the light, and relay this
streamlined information to inform critical survival behaviors, including escape, hunting, and
mating. It is no coincidence then that the eyes of most species are located so close to the
brain; a tried-and-true evolutionary trick for reducing lag in information ow. If any sensory
modality bene ts from fast, e cient processing, it is vision. The anatomy and processing
properties that are required for this rapid processing have been streamlined through evolution,
leaving researchers with a compact, computationally optimized sensory system to study.

Visual circuits, particularly those in that constitute the earliest stages of visual processing
in the retina, have thus captivated neuroscientists since the eld's inception. From the early
stainings of Ramon y Cajal to modern convolutional neural networks based o of retinal
architecture, a rich body of work attempts to explain the algorithms that underlie early visual
processing, as well as their neural implementation [9, 10]. This work is complicated, however,
by the fact that visual systems have evolved to function in many di erent environments and
behavioral states. The algorithmic strategy that best suits a bright, sunny day may not apply
to an overcast evening. As such, computational models that might capture circuit function in
only one particular state, or in response to one environmental condition, under-describe the
full spectrum of responses of which a circuit is capable. In order to better understand the
algorithms underlying visual processing, one must ask how the exible function of a visual

system and the algorithms underlying its processing are fundamentally intertwined.



1.2 State and stimulus dependence of visual circuits

Variability is an inherent trait of nearly any sensory neural circuit, as animals must be
able to detect relevant stimuli in ever-changing behavioral and environmental conditions.
Rather than employing di erent circuits for individual circumstances, sensory circuits adapt
to detect salient information.

The question of how and where variable function a ects the output of sensory circuits
has been particularly well-studied in the visual systems of insects, where circuits in the
retina dynamically adjust their sensitivity to di erent stimuli depending on both changing
environmental demands or altered behavioral state of the animal. These adaptive processing
properties result from two broad mechanisms: the release of neuromodulators due to changing
internal/behavioral states, or the intrinsic adjustment of sensory neural processing properties
to better interpret the statistics of a particular stimulus [11, 12, 13, 14, 15, 16, 17]. Studies
of insect visual processing frequently discuss these two forms of adaption independently from
one another. However, theend result of either may result in non-mutually exclusive e ects
on processing within a given circuit. That is, the changes in processing properties induced
by the presence of a neuromodulator might be similar to those caused by adaptation to a
particular stimulus, despite the lack of neuromodulator release. For example, in the eye of
Drosophila melanogasterodor tracking boosts the gain of Hx, a wide- eld interneuron in the
lobula plate selective for front-to-back motion, through the release of the neuromodulator
octopamine (OA) following an olfactory stimulus [18]. Gain modulation allows animals
to maximize the signal to noise ratio of specic circuits depending on circumstance and
necessity. In this case, because Hx activity allowBrosophila to maintain a stable heading
during odor tracking [19, 18], increasing the gain of Hx when an odor plume is appetitive
increases the likelihood of nding a food source. While this example in Hx focuses on gain
modulation due to the release of octopamine, a neuromodulator, gain modulation in response
to changing contrast distributions also takes place in the insect optic lobe [20, 21, 22, 23].

Recent studies of theDrosophila motion detecting pathway have found examples of contrast
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adaptation in the Drosophila motion detecting pathway. In this case, decreasing the contrast
of a particular stimulus decreased the gain of certain cell types. This gain change corresponds
to an ampli cation of smaller signals that allows the cell to produce the same amplitude
responses in di erent contrast regimes, with bene cial implications for motion processing [22,
20, 23].

State and stimulus dependent changes in processing are particularly critical in circuits that
compute motion, as motion detection informs survival behaviors including escape, mating,
and foraging. While the above examples of adaptation focus on gain, another critical form of
adaptation in motion detecting circuits involves the tuning of circuits to motion of varying
frequencies. This is evident in the case of self motion, which causes an increase in the relative
speed of the visual scene. Accordingly, insect motion detection circuits must adjust their
sensitivity to di erent frequencies depending on whether an animal is resting, walking, or
ying [24, 25, 26, 27, 28, 29]. This phenomenon is particularly well studied in a number
of y species. An important feature of y motion vision circuits lies in the sensitivity of
their main outputs, lobula plate tangential cells (LPTCs), which are direction selective to
wide- eld motion. The frequency tuning curves of LPTC responses are bell-shaped, with
peak sensitivity occurring in response to motion stimuli at approximately 1 Hz in quiescent
ies [25, 26, 27, 30, 28].

Work in both fruit ies and blow ies demonstrates that locomotion in the forms of walking
and ying modulates the sensitivity of the LPTC tuning curve toward higher frequencies:
peak LPTC sensitivity in walking ies occurs in response to 2 Hz stimuli [26], while LPTC
sensitivity in ying ies peaks at 5 10 Hz [31]. This corresponds to a shift in circuit sensitivity
toward detecting faster motion [32, 26, 30, 31]. How do motion vision circuits in ies achieve
this shift in LPTC sensitivity? The neuromodulator octopamine (OA), mentioned above for
its role in modulating the gain of the Hx cell inDrosophila, is released in the optic lobe during
locomotion to modulate LPTC tuning [32, 28]. Indeed, application of OA or of chlordimeform

(CDM, an OA agonist) recapitulates the e ects of locomotion on motion vision circuits, as



does experimental activation of octopaminergic cells in the optic lobe. Inhibition of the same
cells abolishes the e ect seen during ight [32, 30, 28, 33, 18, 29].

While the state and stimulus dependent nature of neurons in insect visual circuits is
well-documented, few studies attempt to explain circuit function by integrating adaptive
processing into circuit models. In the case of motion detection in particular, some balance
likely exists between building an interpretable models of visual circuits and accounting for

state and stimulus dependent processing.

1.3 Models of motion vision

At its core, motion detection requires a neural circuit to compare the intensity of light at
di erent points in space over time and detect correlations in intensity variations. Put more
simply, if a dark object is at spatial locationA at timepoint t = 0, detecting a change in
luminance at spatial locationB at timepoint t = 1 caused by the same dark object will reveal
its motion in a speci ¢ direction. Considering this need to compare multiple points in space,
a fundamental feature of motion sensitive neural circuits is input from sources looking at
di erent points in space. Accordingly, classical models of motion detection consist of spatially
asymmetric inputs, followed by a step at which these inputs are compared.

One of the earliest models of motion detection is the Hassenstein-Reichard Correlator,
or the HRC. First proposed in the 1950s and based o of the optomotor respose of the
beetle Cholorphanus the HRC was particularly impactful for the community studying insects.
Indeed, its e ectiveness in predicting the behavioral responses of insects to motion stimuli led
the eld to search for its potential neural implementation for over 50 years [34]. Structurally,
the HRC consists of spatially separated inputs, representing photoreceptors. Information
from one of these input arms is temporally delayed relative to the other, and input from the
two arms is multiplied (Figure 1.1A). Coincidence detection at this multiplicative step endows
the HRC with direction selectivity: moving objects that encounter the delayed arm rst

are considered to be moving in the detector's preferred direction, or PD, and will produce



positive responses, while movement in the opposite, or null direction (ND) produces no
response [35].

While HRC was long understood to be the mechanism underlying direction selectivity
in inverterbrates, a second model known as the Barlow-Levick (BL) detector was thought
to underlie direction selectivity in the vertebrate retina. The BL model is also a correlator-
type motion detector. In contrast to the HRC, it generates a direction selective signal by
suppressingresponses to ND motion [36]. Importantly, both the HRC and BL models require
some form of nonlinearity; either a multiplicative step, which serves to enhance PD responses
in the HRC, or a divisive step to suppress ND responses in the Barlow-Levick.

A third model, the Motion-Energy model, was proposed by Adelson and Bergen in 1985
to explain human psychophysical measurements [37]. While the HRC and BL models require
a nonlinear multiplicative or divisive step, the Motion Energy model sums spatiotemporal
receptive elds of at least two motion detector inputs in order to generate a direction-
selective spatiotemporal receptive eld at the level of circuit output. Surprisingly, despite
dissimilar algorithmic steps, the outputs of both the Motion Energy model and the HRC are
mathematically identical, demonstrating that there are multiple ways to theoretically build
a motion detector [37, 8].

As an anatomically well-de ned circuit in a genetically tractable model organism, the
Drosophila motion detection circuit seemed an ideal circuit in which to search for the neural
implementation of a correlator-type structure [38, 39, 40, 34] (Figure 1.1A and B). However, a
rich body of work in the system as seen multiple potential mechanisms for direction selectivity
in Drosophila including either HRC-like enhancement of "preferred direction" (PD) signals,
BL-like suppression of opposite, "null direction” (ND) signals, or a combination of both
mechanisms [41, 42, 43, 29, 44]. Within these studies, the original two-arm structure of the
HRC was heavily revised [29, 44]. Importantly, the more recent of these studies relied on
calcium imaging techniques to collect functional properties of the circuit. It is thus likely

that the nonlinear transformation from membrane voltage to intracellular calcium prevented



these studies from assessing the true linear nature of the computation [45, 46].

More recent studies have rejected the possibility of a multiplicative or divisive step at
the level of columnar input to motion detecting cells. Rather, new evidence suggests that
direction selectivity arises from the simple summation of inputs, similar to what is suggested
by the Motion Energy model [46, 47, 48]. As is the case in visual systems across species,
the Drosophila motion detecting pathway is split into two channels: one for processing light
increments (the ON pathway), and one for light decrements (the OFF pathway). In the
Drosophila OFF pathway speci cally, two recent studies provide compelling evidence for
potential algorithms at the level of the rst direction selective cell in the circuit. Using voltage-
based imaging techniques, Wieneclet al. (2018) [46] report that OFF-pathway direction
selectivity arises as the result of linear summation of inputs. Conversely, electrophysiological
recordings by Gruntmanet al. (2019) [48] suggest that the OFF pathway requires nonlinear
ND suppression via a source of direct inhibition in the circuit. The E/I model proposed by
Gruntman et al. consists of two conductances, one fast excitatory and one slow inhibitory
(Figure 1.1C) [48]. However, a source of direct inhibitory input in the OFF pathway is at
odds with the known anatomy of the circuit: the rst direction selective OFF pathway cell,
receives exclusivelgxcitatory, cholinergicinput from upstream columnar cells [49, 50]. Thus,
while these studies have begun to lead the eld toward agreement on a canonical circuit
mechanism, key questions still remain: is the algorithm underlying direction fundamentally

linear or nonlinear? leading And is a source of inhibition necessary?

1.4 Interpreting models of direction selectivity at di erent levels of complexity

Given the ability of multiple models to accurately predict direction selective responses,
it is clear that multiple algorithms can provide appealing solutions to solving the question
of direction selectivity. The di culty thus lies not in generating algorithms for direction
selectivity, but rather determining which is most biologically relevant. This consideration

extends beyond studies of motion vision - in any given circuit, what type of model should be
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constructed to give a clear, interpretable description of function, and which parameters should
actually be included? While biophysical or conductance-based models such as those used by
Gruntman et al. (2019) and others [48, 51] can capture intricate channel mechanisms and
accurately predict cellular or circuit responses, they frequently rely on many parameters. This
may result in a model being both di cult to interpret and highly sensitive to the methods via
which parameters were measured [52, 53]. Conversely, classical correlator-type models rely on
nonlinear mechanisms that are di cult to implement at the level of a single neuron, and do
not capture the anatomic complexity of the actual circuit, as revealed by connectomic data
[49]. These two extremes imply the existence of a goldilocks zone of complexity, where the
processing properties of circuit elements are complex enough to e ectively predict responses
at the level of individual inputs, but do not require so many parameters that they become

di cult to interpret.

Computational models vary extensively in their complexity, structure, limitations, and
intent. Rather than simply predicting circuit output, what are the optimal constraints to
include in a model of theDrosophila OFF pathway as to best reveal the algorithms driving
direction selectivity? For example, it is well-understood that the processing properties of the
Drosophila motion vision circuit dynamically adapt to process visual input in di erent states
and/or environments [27, 26, 28, 29, 22, 20]. Considering that two recent models of motion
detection in the Drosophila OFF pathway discussed in the previous section, Wienecks al.
(2018) and Gruntmanet al. (2019), employed di erent visual stimuli to record from T5, it
is conceivable that the T5 responses that each study recorded were in uenced by stimulus
dependent changes in T5 inputs [46, 48, 8] Could a model that is constrained by thr@own
anatomy of the circuit, yet able to account for the state and stimulus dependent function of
neural inputs to T5, explain measured response properties?

The dynamic nature of sensory encoding is well accepted at the level of single neurons
in both insect and vertebrate models. However, it has not consistently been considered

or implemented in computational models of whole sensory circuits. In particular, models
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Figure 1.1: Proposed models for direction selectivity in Drosophila vary in com-
plexity A. Schematic of the Hassenstein-Reichardt Correlator (HRC), consisting of two
spatially o set arms (spatial receptive elds schematized as Gaussian distributions above
inputs), one of which is temporally delayed relative to the other (temporal delay represented
by fast/slow temporal Iters and g1/ ¢). Information from the two input arms is multiplied

to give rise to direction selectivity. B. The proposed neural implementation of correlator-type
models (eft) often involves recording the processing properties of motion detector inputs
and tting the combination of this data to predict circuit output. Newer conductance-based
models involve more parameters, and often t proposed processing properties of inputs to
match recorded circuit output. C. The conductance-based E/I model proposed by Gruntman
et al. (2019) [48] consists of an excitatory conductance and an inhibitory conductance,
each parameterized with a spatial and a temporal Iter. Combined input from the two
conductances is passed through a biophysical nonlinearity.

for the emergence of direction selectivity iDrosophila melanogastemotion vision circuits
typically use simple temporal or spatiotemporal lters as inputs, the parameters of which
are dependent on the visual stimulus / neural response pairing from which the lter is

extracted. As such, this technique best predicts responses to stimuli within a similar statistical
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regime as those used to generate the lIter, and has less predictive power for visual stimuli
with markedly di erent statistical properties. Thus, while Iter-based models have been
instrumental for early attempts at de ning the mechanistic and algorithmic processes that
underlie direction selectivity in Drosophilg the link between between anatomy, computation,

and state-dependent function remains unclear.

1.5 The anatomical basis of motion computation in Drosophila melanogaster

A major strength of Drosophila as a model organism lies in its well-de ned neural
architecture [49]. In the y eye, visual sensory input rst arrives at photoreceptors organized
in 800 ommatidial columns in the retina, each observing one point in space. This columnar
architecture is preserved as information ows to lamina monopolar cells (LMCs), is split
into parallel ON and OFF pathways responding to light increments and light decrements,
respectively, and is transmitted to cells in the medulla of the optic lobe. Postsynaptic to
medulla neurons are T4 and T5: the rst motion-sensitive cells in the circuit. T4 is more
sensitive to moving light edges, while T5 responds more vigorously to moving dark edges
[54, 55] In this work, | will focus exclusively on the OFF pathway leading to T5 direction
selectivity, where T5 receives columnar input from the OFF pathway medulla cells Tm1,
Tm2, Tm4, and Tm9, which is spatially o set (Figure 1.2A and B).

How does this stereotyped neural architecture lead to direction selectivity? Is the
computation at the level of T5 direction selectivity is fundamentally linear or nonlinear? And
is a direct source of inhibition necessary?

To address these questions, | recorded the responses of the primary neural inputs to
T5 OFF motion sensing neurons in the presence of a behaviorally relevant neuromodulator,
as well as to stimuli with di erent visual statistics. In addition to previously described
frequency tuning [29] and contrast gain adaptation [22, 20] (Fig. 1.3Aeft and centen), |
found that these neural inputs display state and stimulus dependent changes in the shapes

of their temporal Itering properties, including instances of strong biphasic responses (Fig.
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Figure 1.2: The Drosophila OFF Pathway. A. Schematic of the feed-forwardDrosophila
OFF motion pathway circuit Inset: T5 cells receive the majority of their input from columnar
cells Tml1, Tm2, Tm4 and Tm9. Using the spatial distribution of synaptic inputs to T5
dendrites in the lobula, Shinomiyaet al. (2019) [49] infer the spatial structure of inputs in
the medulla: Tm1, Tm2, and Tm4 are postsynaptic to lamina monopolar cell L2 and look at
the same point in space. They are spatially o set (G) from Tm9, which is postsynaptic to
L3. Voltage responses in T5 are direction selective, depolarizing more strongly to motion
in the preferred direction (PD) than to motion in the opposite, null direction (ND). The
mechanisms underlying the emergence of these signals in T5 are debatBd.Simpli ed
version of theDrosophila OFF motion pathway anatomy.
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1.3A, right). This previously unappreciated aspect of sensory dynamics can have profound
consequences on circuit function. For instance, linearly combining two spatially separated
inputs, when one is biphasic (band-pass), can enhance direction selective responses (Figure
1.3B). To investigate the consequences of this biphasic tuning on T5 responses, | worked
with my colleage, Jacob Portes, to incorporate my measurements into a model based on
the Drosophila optic lobe connectome and summation of the measured responses of neural
inputs. When adjusted to account for the di erences in shape of neural input Iters in
response to di erent motion stimuli, this model resolves discrepancies between previously
reported T5 responses across conditions [46, 48]. My results highlight the exible nature
of this stereotyped circuit, and show that changes in the shape of neural input lters are
necessary and su cient to explain direction selective responses in the context of diverse
stimuli and states. More generally, my work illustrates how a neural circuit can optimize
the computation it performs in response to either changes in behavior or changing statistical

features of the sensory environment.
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Figure 1.3: Neural input adaptation and motion detectionA. The temporal processing
properties of sensory neurons, here represented by idealized temporal lters, have been shown
to be stimulus and/or state dependent, varying in frequency, gain, and biphasic tuning (which
can also a ect frequency tuning).B. Filter shape can have a strong e ect on the output of a
motion detector. The linear combination of two excitatory inputs spatially o set by G, one

of which is biphasic pottom, input 1 is monophasic, while input 2 is biphasic), can e ectively
suppress ND responses, generating an output that is more direction selective than the sum of
two monophasic inputs {op).
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Chapter 2: Spatial and temporal Itering properties of columnar

T5 inputs

The following chapters were published as Kohn and Portes et al. (2021)

2.1 Introduction

The circuit of the motion pathway in the y eye is well-characterized [56, 49]. Visual input
rst arrives at photoreceptors organized in approximately 800 ommatidial columns, each
observing one pixel in the eld of view of the animal. This columnar architecture is preserved
as information ows to lamina monopolar cells (LMCs) and is subsequently transmitted to
cells in the medulla of the optic lobe, where it is split into parallel ON and OFF pathways
responding to light increments and light decrements respectively [54, 55]. Postsynaptic to
medulla neurons are T4 and T5: these small- eld multicolumnar cells are the rst direction
selective (DS) neurons in the optic lobe. They feed into multiple downstream pathways
that control critical behaviors that depend on motion detection, such as course control [57],
walking speed [58], and escape from looming stimuli [59]. T4 responds to ON motion while
T5 is speci ¢ to OFF motion, with individual neurons of both types preferentially responding
to local motion in one of four directions [55, 41, 47, 48]. Finally, postsynaptic to T4 and
T5, downstream cells in the lobula plate incorporate motion information from T4 and T5 to
compute wide eld motion and optic ow, ultimately endowing fruit ies the exquisite ability
to rapidly avoid obstacles and achieve dynamic, directed ight across environmental conditions
[60, 61]. Multiple studies have used calcium imaging, voltage imaging, and electrophysiology
to tease apart the functional properties of both T4/T5 and their presynaptic inputs [40, 41,
29, 43, 47, 48, 62, 22, 20].
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OFF motion sensing T5 neurons compare changes in luminance at neighboring points in
space to generate direction selective signals. Connectomic data has shown that T5 receives
columnar input (i.e. corresponding to one pixel in the eld of view of the animal) from
medulla cells Tm1, Tm2 and Tm4 in one column and from Tm9 cells in an o set, neighboring
column (Figure 1.2C) [63, 64, 29, 49]. Together these four neurons make up the majority of
feed-forward, columnar inputs to T5, and their responses properties are critical in shaping
the direction selective properties of T5 cells. | therefore recorded from Tm1, Tm2, Tm4 and

Tm9 to determine their processing properties in response to a white noise stimulus.

2.2 Results

2.2.1 Temporal Itering properties of neural T5 inputs in response to white

noise

Linear-nonlinear (LN) models are widely employed to characterize spatiotemporal process-
ing properties of individual cells in sensory systems [65, 40, 41, 29]. Following this approach,
| rst aimed to extract the linear spatiotemporal Iters and associated nonlinearities that
best describe the responses of Tm1, Tm2, Tm4 and Tm9 to a white noise stimulus consisting
of 5° horizontal bars. From cellular responses to this stimulus (Figure 2.1A, B), | extracted
linear spatiotemporal receptive elds via reverse correlation [65, 13, 40, 29] and separated
them into spatial and temporal components. My white noise results are in overall agreement
with previous studies [40, 66, 64, 41, 29].

As expected, the linear temporal lters of all columnar OFF-pathway inputs to T5 consist
primarily of a negative lobe, indicating a sign-inversion between contrast polarity and cellular
response (Figure 2.1A). The peak response times of the four lters | extracted are shorter
than those reported by calcium imaging studies [29], and fall within a similar range to those
found in previous studies of Tm1l and Tm2 using the higher temporal resolution techniques

of either electrophysiology or voltage imaging [40, 45].
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Figure 2.1: White Noise Responses. A. Example white noise spatiotemporal linear lters
extracted for single Tm1, Tm2, Tm4 and Tm9 neurons. Included in the Tml row is an
example of Tm1 white noise responses in the presence of the neuromodulator octopamine;
these data are discussed in the second half of the chapt&.. Comparison of raw data (colored
line), white noise lter linear prediction (grey line) and the white noise lter linear-nonlinear
(LN) prediction (dashed red line) for the same neurons as in AC. ' 2 values are comparable
between linear and linear-nonlinear (LN) predictions for all cells.

In the frequency domain, Tm1, Tm2, and Tm4 exhibit clear band-pass lItering properties,
as previously noted [64, 29]. These band-pass properties correspond to the slight biphasic

character of their linear temporal lters, which have shallow second positive lobes. In contrast
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to results obtained with calcium imaging, which determined that Tm9 is low-pass [66, 64, 29],

I nd that Tm9 also exhibits band-pass Itering properties (Figure 2.1B), albeit weaker than

the other columnar inputs. Recording responses to long, 10 s ashes of light con rmed that
these neurons are indeed band-pass as their responses return to baseline during the course of

the stimulation (Figure 2.4A, B).

2.2.2 Spatial Itering properties of neural T5 inputs extracted from white noise

responses

I nd that Tm1l, Tm2, and Tm4 have narrow spatial receptive elds comprising approxi-
mately 10.8, 8.2°, and 113° full width at half maximum (FWHM) when t with Gaussians
(Figure 2.2C, see Methods) [64, 29]. Tm9 has a slightly wider receptive eld of approximately
153° FWHM [64, 29]. | found an additional subset of Tm9 cells that respond across a
wide region of approximately697° FWHM (Figure 2.3), as previously reported [66]. Tm9
responses fall naturally into two distinct populations based on their spatial receptive elds;
however, with regards to their temporal properties, the two types of Tm9 responses are not
distinct from each other (Figure 2.3). | therefore based my characterization of Tm9's spatial
properties on the population with narrower receptive elds, as these more closely matched
the EM receptive eld prediction from Shinomiyaet al. (2019) [49]. Across cell types, | did
not nd center-surround structure in the spatial receptive elds extracted from the white
noise stimulus (Figure 2.1C).

The static nonlinearities extracted from this dataset show that all four columnar T5
inputs respond linearly for small de ections in their membrane potential, but nonlinearly
at the upper and lower boundaries of their dynamic ranges, with greater-than-linear depo-
larization amplitudes, and less-than-linear hyperpolarization amplitudes (Figure 2.2D). For
stimuli that cause small de ections, the static nonlinearity only slightly improves ts (Figure
2.1C). However, | do nd that the contribution of the static nonlinearity is more prominent

with stimuli that cause large de ections such as high contrast ashes, where the negative
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Figure 2.2: Linear temporal Ilters/associated nonlinearities and spatial receptive

elds of columnar T5 inputs A. Normalized mean temporal lters extracted via white
noise analysis in saline (darker colored lines, Tm1 (n=8), Tm2 (n=5), Tm4 (n=6), and TmM9
(n=7)). Shaded area represents standard deviatiorB. Normalized mean frequency tuning
of temporal lters from A, when linearly convolved with sine waves of increasing temporal
frequency. All four Tm neurons are band-pass. Tm9 shows lower temporal frequency optimum
than Tm1/Tm2/Tm4. C. Mean spatial receptive elds extracted from spatiotemporal lters
with full width at half maximum (FWHM) of 10-8° for Tm1, 8¢2° for Tm2, 11+3° for Tm4
and 153° for Tm9 when t with Gaussians (see STAR Methods). Spatiotemporal Iters were
extracted in response to white noise presented &S horizontal bars. D. Static nonlinearities
show partial recti cation.

components of the responses have lower amplitudes than the positive components (Figure
2.4B). While this partial recti cation is in line with previous studies for Tm1 and Tm2 [40,

45], calcium imaging studies have reported complete recti cation for Tm1l, Tm2 and Tm4
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Figure 2.3: Two subsets of Tm9 cells have wide vs. narrow receptive eldsA.
Example spatiotemporal receptive elds for narrow (n=6) and wide (n=8) Tm9 cellsB.
Narrow and wide spatial receptive elds (FWHM=154°, FWHM= 60-3° when t with a
Gaussian)C. Temporal Iters do not signi cantly dier D. Static nonlinearities do not
signi cantly di er.

and a more linear response in Tm9 [64], in contrast to my ndings.

2.3 Summary

The physiological properties of both the neural inputs and the outputs of y motion
detecting ON and OFF pathways have been characterized in previous work [66, 67, 41, 45,
29, 68, 8, 69]. However, a majority of these studies relied on two-photon imaging paired with
calcium indictors to characterize spatiotemporal Iters for Tm1, Tm2, Tm4, and Tm9 [66, 67,
41, 29]. In comparison to the methods used in these studies, the electrophysiological methods
I employ a ord much higher temporal resolution. While I nd similar spatial receptive elds
for these cells, the white noise lters | extract are faster than those previously reported.

Furthermore, in contrast to previous reports that Tm9 is low-pass [66, 64, 29], | nd that Tm9
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Figure 2.4: Columnar T5 inputs exhibit recti ed responses to stimuli that cause

high amplitude de ections in membrane voltage A. A low-pass lter (top) produces

a response that fails to return to baseline until the stimulus ends, while a band-pass Iter
produces a response that returns to baseline during the course of a long stimulus. A linear
band-pass lIter produces symmetric responses to OFF and ON stimulmiddle), while a
partially recti ed band-pass Iter produces asymmetric response to OFF and ON stimuli
(bottom) B. Tm1 (n=4 saline, n=4 OA), Tm2 (n=6, n=4), Tm4 (n=4, n=2) and Tm9 (n=11,
n=10) responses to 10 s OFF ashes and 10 s ON ashes in saline and in OA. All four neurons
return to baseline during the ashes and therefore exhibit band-pass properties. They all
show partial recti cation in their ON responses. Tm9s presented more variability in their
responses, with some cells showing depolarizing ON responses, resulting in depolarizing ON
average.

also exhibits weak band-pass lItering properties. These temporal and spatial lters, along

with their associated static nonlinearities, o er a description of how Tm inputs to T5 process a
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white noise stimulus. But do they capture the full range of response properties that these cells
can generate? To answer this question, | next investigated state dependent changes, which
have also been found to dramatically a ect the encoding properties of sensory neurons through
the action of small molecule neuromodulators [1, 3, 70], by recording responses of Tm1, Tm2,

Tm4 and Tm9 to the same white noise stimulus in the presence of a neuromodulator.

24



Chapter 3: The temporal Itering properties of columnar T5 inputs

are state and stimulus dependent

3.1 Introduction

In the previous chapter, | describe my initial characterization of the spatiotemporal
processing properties obrosophila OFF-pathway transmedullary cells Tm1, Tm2, Tm4, and
Tm9, which provide columnar input to the direction selective cell T5. While my ndings
o er a higher resolution characterization of the temporal processing properties of each of
these cells, | was particularly motivated to demonstrate that even these electrophysiological
data are not su cient to capture the full dynamic range of these cells. The initial instinct of
many who model small circuits is to treat each of these neural inputs as a simple low-pass
Iter. Yet, as | discuss in earlier sections, it is well-understood that the shape and gain
of neural temporal lters across sensory systems are sensitive to the both the presence of
neuromodulators, as well as to the statistical properties of stimuli [1, 3, 11, 12, 13, 14, 15,
17]. A number of studies have highlighted the fact that, as in vertebrate systems, circuit
elements in theDrosophila motion detection system also change their response properties
in di erent behavioral states [27, 26, 28, 29] and for di erent stimuli [22, 20]. However,
the relationship between adaptive sensory encoding and motion computation has not been
explicitly investigated. How do the baseline temporal processing properties | measure in
saline change in response to di erent behavioral states or environmental conditions?

To begin exploring this relationship, | rst recorded the responses of Tm1, Tm2, Tm4,
and Tm9 in the presence of a behaviorally relevant neuromodulator (octopamine, abbre-
viated as OA). OA is released by tyrosine decarboxylase-2 (Tdc2)-expressing cells during

locomotion, and is the insect correlate of norepinephrine/noradrenaline[28]. Previous work
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has demonstrated that OA acts to shift tuning within the Drosophila motion vision circuit
toward faster frequencies [26, 28, 44, 29]. In particular, Areret al. (2017) [29] report a shift

in frequency tuning toward higher frequency stimuli of T4 and T5, as well as their inputs,
with application of chlordimeform (CDM), an OA agonist. Here | use application of OA to
the brains | record from as a proxy for a locomotive state, and explore how octopaminergic
neuromodulation a ects the same white noise-derived processing properties that | extracted
in Chapter 1. Speci cally, | investigate the extent to which the responses properties of these
neural inputs depend on stimulus and state, and measure the responses of Tml, Tm2, Tm4,
and Tm9 in the absence/presence of OA.

Moving beyond changes due to the presence of a neuromodulator, | also wanted to
determine the extent to which the processing properties of columnar inputs to T5 change
dynamically with stimulus statistics. In this case, | shifted my stimulation paradigm to
include visual stimulation with di erent statistical properties than white noise, including
stimuli employed by recent studies of circuit output at the level of T5 [46, 48], and compared
the resulting temporal and spatial Iters extracted in these di erent stimulus conditions.
Finally, 1 examined the relationship between changes in temporal properties induced by
octopamine and di erent stimuli, and how these changes relate to the white noise-derived

lters from Chapter 1.

3.2 Results

3.2.1 Octopamine changes both the frequency tuning and the shape columnar

T5 input temporal Iters

Bath application of OA or an OA agonist has previously been shown to increase the
kinetics of the responses of inputs to motion detectors [29, 44]. Thus, | rst focused on
its e ect on the waveforms of cellular responses of neural inputs to T5. | found that while

the application of OA did not exert any signi cant e ect on the spatial receptive elds or
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static nonlinearities of any columnar T5 input (Figure 3.1C, D), it had strong e ects on

the temporal lters of Tm1, Tm2, and Tm4 (Figure 3.1A). In addition to inducing faster
temporal Iter peaks, which manifests in the frequency domain as a shift toward higher
frequencies (Figure 3.1B), OA induces a biphasic character in the temporal lters of Tm1,
Tm2, and Tm4, with a sharp, positive second lobe emerging (Figure 3.1A). Corresponding
to this emergent biphasic character, responses are more band-pass in the frequency domain
(Figure 3.1B). In the case of Tm9, the temporal Iter becomes narrower, but does not present
the biphasic character that the other Tm neurons acquire in OA.

These results o er a high resolution look into how Tm inputs to T5 process a white noise
stimulus, and demonstrate that OA a ects the temporal responses of T5 inputs di erently.
These e ects can occur along multiple axes: for example, OA shifts the peak response time of
Tm1, Tm2 and Tm4 lters to be faster, but also causes a strong biphasic character in Iter

shapes.

3.2.2 Stimulus dependence can elicit changes in response shape similar to those

produced by octopamine

Neuromodulator-mediated adaptive changes in the processing properties of neurons,
corresponding to di erent brain states, have been described in all sensory systems [1, 3].
Furthermore, neurons across sensory systems exhibit another form of adaptation that depends
on the statistics of a particular sensory stimulus [11, 12, 13, 14, 15, 17]. This stimulus
dependent adaptation may arise from nonlinearities inherent to the system rather than true
dynamical changes, and is also widespread [11, 71]. Thus, | next asked whether the shape
changes seen in the presence of OA can also be induced by probing cells with di erent
visual stimuli. To answer this question, | recorded the responses of Tml1, Tm2, Tm4, and
Tm9 to another type of visual stimulus: full- eld, high contrast brightness decrements of
varying durations from a mean of grey. These ash responses in Tml, Tm2, and Tm4

are clearly biphasic (Figure 3.2A). | compared these responses to predictions made from
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