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Abstract

Through a series of original research articles, this thesis describes the role of neural
network feedback in top-down control of bursty ON and OFF type electrosensory
neurons while processing motion toward (looming) and away (receding) from the
body. Neural codes for motion reversal in weakly electric fish are not simply evoked
by bottom-up sensory input and amplified by feedback; instead, positive feedback
loops must synthesize a directionally invariant representation of motion reversal that
is distributed across both the ON and OFF pyramidal cell populations. Through
balanced excitatory and inhibitory feedback, the system establishes an optimal dis-
tance for motion estimation (a sensory focus) that is maintained by the animal during
a motion tracking behaviour. Remarkably, this sensory focus is size, direction and
speed-invariant. The speed invariance likely derives from the speed-invariance of
the electrosensory afferent response, a consequence of timescale-free spike frequency
adaptation. Since natural swimming movements are associated with tail-bending that
cause spatially diffuse sensory noise, we demonstrate that spatially localized motion
processing of the ON and OFF neurons co-occurs with cancellation of the distraction;
this supports the circuit’s role as a robust ‘sensory searchlight” mechanism for spatial
attention. A simple algorithm for motion tracking is discussed, as well as poten-
tial generalizations of the described coding principles to more complex mammalian

circuits.
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Chapter 1

Introduction

1.1 Motion coding, ON and OFF cells and brain evolution

500 million years. Although it is hard to pinpoint the exact origin of neurons that selectively
encode increases and decreases in sensory input relative to background levels (ON and OFF
cells respectively), the development of the vertebrate retina dates back to an early chordate
ancestor in the Cambrian period, at least 400-500 million years ago [1]. The differentiation of
the ON and OFF visual pathway of flies dates back to the same period [2|. C. elegans, which
diverged from our common ancestor around 500-600 million years ago, also possess ON and
OFF cell types [3,/4]. During this era of intense speciation, chordate expansion saw our own
ancestral line diverge from that of weakly electric fish, whose electrosense is built upon ON
and OFF cells [5]. These electrosensory ON and OFF cells appear to have evolved from cells
of the lateral line, an evolutionarily basal sense found in teleost fish [6], which also gave rise
to ON and OFF cells in the passive (ampullary) electrosense of catfish |7,/8]. With the rapid
proliferation of new species and successful innovations in sensorimotor control began a new
era of strong selective pressure for high-acuity spatiotemporal coding. Given the diversity of
species and sensory modalities that exploit this ON and OFF cell organization, as well as their
diverse biophysical implementations, it can be argued that algorithmic selectivity for increases

and decreases in sensory signal contrast has driven both conserved and convergent evolution
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through improved motion processing and the resulting behavioural success [5] (printed in Ap-

pendix, A.1).

The classical mechanics that dictate natural motion required many early neural systems to
accurately represent signal intensity and its spatiotemporal derivatives. As species transitioned
from water to land during the Cambrian period, the reduced attenuation of light by air led
to huge increases in visual sensory volume that are posited to have enabled the development
of higher cognitive traits, through the need to plan and forecast more complex trajectories in
space and time [9]. When abstracted away from the sensory domain, these coding mechanisms
could be used by the brain to describe dynamic quantities other than spatial relationships. This
view is consistent with the hypothesis that the emergence of abstract cognition and language
in humans was achieved by coopting faculties that originally evolved for more tangible physical
problem-solving and social coordination [10]. The brain is said to be a kludge; in other words,
it builds new systems on top of old ones simply selecting, retaining and repurposing successful
innovations [11,]12]. From this point of view, it is likely that many early and advantageous
computations related to motion processing were carried forward and incorporated into the
higher level cognitive domain, profoundly shaping the development of more complex neural
systems over the next few hundred million years. In my opinion, reverse engineering high level
intelligence necessitates a computational ‘toolbox’ of micro- and meso-circuits compiled from

simple, easy-to-characterize biological systems.

1.2 Why study the electrosense?

The electrosense provides a unique opportunity for understanding neural dynamics in vivo:
simple sensory signals drive suitably complex vertebrate feedback circuits at the earliest stages
of sensation [13]. By avoiding the complicated effect of signal relay through multiple stages
of processing, the role of ‘bottom-up’ sensory input and ‘top-down’ feedback can be readily

interpreted in the electrosensory ON and OFF cells. The electrosensory circuitry offers distilled
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insight into common cellular mechanisms and network organization of the mammalian sensory
cortex; these include topographic columns of bursty pyramidal cells with active dendrites, regu-
lation by local classes of inhibitory interneurons, as well as the dendritic compartmentalization
of both bottom-up input and distinct sources of feedback inputs characterized by various forms
of synaptic plasticity [13-16]. Given the above considerations, one would expect the ancient but
sufficiently advanced vertebrate lineage of weakly electric fish to contain conserved ancestral

circuit principles that led to the proliferation of more advanced neural systems.

1.3 Electrolocation

An essential function of our senses is to determine the 3D location of objects. This is achieved
by interpreting patterns of sensory contrast, that is, relative differences in the level of a phys-
ical signal (such as light, pressure or electric field strength) across space and time. In the
case of the gymnotiform electrosense, object motion causes amplitude modulations (AMs) of a
self-generated electric field, the electric organ discharge (EOD; Figure I). These spatially local-
ized increases or decreases in the electric potential relative to the background water allow the
animal to detect the presence and identity of objects in its environment [5]. Aquatic organisms
and foliage, whose electrical conductivity is higher than the surrounding water, create local
increases in the electric potential sensed across the skin by cutaneous electroreceptors, evoking
ON cell spiking, while suppressing OFF cell spiking. Ligneous plant tissues, sand and rock
are all less conductive than the surrounding water and create local decreases in the electric
potential, evoking OFF cell spiking and suppressing ON cell spiking. Through a combination
of object motion, tail bending, social interactions and communication signals, electrosensory
contrast can vary locally and/or diffusely across the surface of the animal’s body under natural
conditions (Figure I ¢, d). The natural scale-free statistics of electrosensory contrast are similar
to those of light-dark contrast patterns in the visual system [5,/17,[18]. The electrosense has

been extensively reviewed; for further information see [5,[13,[19-21].
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Figure I Natural electrosensory signals a) The formation of static electric images. Conduc-
tive objects, such as those made of brass, cause a localized increase in the amplitude of the electric
field relative to its background levels (driven by the electric organ discharge (EOD)). By contrast,
non-conductive objects, such as plastic, cause a localized decrease in the amplitude of the electric
field. Thus, these two object classes create either positive or negative local to background, or spa-
tial, contrast. The green dot indicates the location of a small recording dipole, which measures the
amplitude of the electric potential experienced across the skin. As the fish swims by an object (a
conductive sphere in this illustration), the EOD is locally increased above its baseline amplitude. The
movement of the sphere through the electric field causes a low-frequency amplitude modulation (AM)
that stimulates cutaneous electroreceptors. c¢) The effects of EOD summation when two fish are in
close proximity. The summation of the EODs of the two fish results in a global, or diffuse sinusoidal
AM; this beat frequency equals the difference of the two EOD frequencies. d) A communication signal
that results from a frequency modulation of the EOD. This creates another type of spatially diffuse
AM, which occurs on timescales shorter than the typical beat period shown in part c¢. Additional
features such as relative motion between fish and an animal’s own body-movements, occuring during
tail bending for example, create further spatially diffuse perturbations to the transdermal potential
(not shown). Much like the common radio, changes in amplitude and frequency of the EOD carrier
wave can communicate rich information to the animal. This thesis focuses primarily on object motion,
generating spatially localized first-order EOD AMs. Figure reprinted from (see Appendix).

Translating sensory contrast patterns into veridical motion perception is a serious problem
for neural systems. For example, characteristics of a visual object, such as its size, shape,

orientation and distance from the observer, create spatial contrast patterns on the retina, a
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two-dimensional sheet of photoreceptors. Many possible combinations of spatiotemporal fea-
tures in the environment can cause the same pattern of contrast. Unequivocally identifying
the state of the stimulus that caused a specific contrast pattern is challenging as there is no
unique solution, especially as one or more of these stimulus features change over time [22] in a
noisy environment. The exact same problem exists for electric fish, which must deduce object
location and identity based on the electric image cast over their planar body surface. The
majority of motion studies for both visual and electrosensory systems have stimulated paral-
lel to the receptor surface, giving rise to a familiar picture of early visual and electrosensory
processing; a topographic representation of visual space, where an object’s location is signalled
by the activation of the associated receptors on the sensory surface. However, movement per-
pendicular to the sensory plane is also important and it’s not obvious how such 3D signals are
encoded. Although motion toward the animal (looming) has been studied in the visual system
with respect to collision avoidance [23,24], far less attention has been devoted to the neural
representations of motion away from the body (receding), which is fundamental to purposeful
interactions with an object as opposed to simply avoiding it. Since adaptive sensory process-
ing generates directional selectivity to moving objects in both invertebrate motion sensitive
neurons and vertebrate ON and OFF retinal ganglion cells [5], it is unclear whether symmetric
representations of object distance can be generated by a topographic coding scheme built upon
adapting ON and OFF cell types in the electrosense. This important question addresses how
adaptive, yet symmetrical neural tuning curves can be generated under conditions of dynamic

stimulation and during natural behaviours.

Weakly electric fish are an important model system for studies of active sensing, a combined
sensory and motor system strategy where animals direct their own sensors to extract task-
relevant information in a closed loop fashion [25,26]. For example, when tracking a moving
object, the relative distance between the fish and the object is reflected by the AM of EOD
intensity (Figure I); relative speed and acceleration are reflected in its first and second order

temporal derivatives. Subsequently, this information is used by the motor system to position
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the body; however, changing the position of the body further influences the sensory input and
closes the sensorimotor loop. The spatiotemporal derivatives of the resulting signal contrast
are central to localization behaviours such as the gradient-based behavioural search methods
employed by bats [27], as well as the chemotaxis behaviour of C. elegans [28], the latter of
which is known to rely on ON and OFF cell types [4]. Although our results are obtained from
immobilized animals, they have interesting implications for feedback and sensorimotor control

during active sensing behaviours.

1.4 Electrosensory circuitry

Bottom-up circuitry: Cutaneous electroreceptors detect AMs through changes in the transder-
mal electric potential and relay this sensory input via electrosensory afferent fibers (EAs) to
two main classes of ON and OFF pyramidal cells, the non-bursty deep cells and the bursty
intermediate and superficial cells (bursting described below). Pairs of ON and OFF pyramidal
cells are found in topographic columns and share a spatial receptive field (RF) with the typical
center-surround structure. These ON and OFF cells are further arranged within three topo-
graphic maps of the electrosensory lobe (ELL): the centromedial (CMS), centrolateral (CLS)
and lateral (LS) segments [19]. The CMS and CLS are responsive to the spatially localized
low-frequency signals associated with motion, while the LS is further specialized for processing
high frequency communication signals [19]. In all maps the EAs drive two classes of output
pyramidal neurons [5}/19,29.30] as illustrated for CLS in Figure II. This thesis centers on the
CLS map, rather than CMS, as the RFs are medium in size, easy to access and their centers
correspond best to the size of the stimulus used in our experiments. The EAs converge directly
onto the AMPA and NMDA receptor-rich basal dendrites of ON pyramidal cells and local
GABAergic interneurons [31-34]. OFF pyramidal cells receive indirect EA input via the local
inhibitory interneurons that invert the sign of the afferent input and are driven electrotonically
via gap junction input issuing from descending excitatory feedback projections [31-34]. The

ON and OFF pyramidal cell populations form an information bottle-neck in the ascending
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electrosensory pathway, projecting to an important midbrain nucleus, the Torus Semicircularis
(TS). The TS occupies the same stage in electrosensory processing as the inferior colliculus

does in auditory processing, projecting to homologues of superior colliculus and thalamus.

Caudal
cerebellum

HECLS

~ g4 S ICMS

Figure II  Electrosensory lobe circuitry a) A coronal section of the electrosensory lobe (ELL)
and the overlying caudal cerebellum, Nissl stained to show cell bodies of the ON and OFF ELL
pyramidal neurons and local interneurons. The ELL contains three topographic maps: the central-
medial segment (CMS) and central-lateral segment (CLS) are primarily concerned with processing
electrolocation information, whereas the lateral segment (LS) specializes in processing communication
signals. Electroreceptor afferent (EAs) ganglion cell bodies are seen near the entry of the EAs into
the ELL. The ELL molecular layer (mol) receives feedback input from the caudal cerebellum that
is not discussed in this Review (see [19]). b) Each map, including the CLS, shown here at higher
magnification, contains two classes of nonlinear output pyramidal neurons : the ON and OFF
cells. ON cells receive direct glutamatergic input from EAs, whereas OFF cells receive disynaptic
input via GABAergic interneurons. The insert shows the ON cell (with basal dendrite) adjacent to
the OFF cell (no basal dendrite), both marked by asterisks. The ON and OFF cells are found in pairs
and organized into topographic columns (marked with dashed lines). The large apical dendrites of
the ON and OFF cells extend into the molecular layer (mol) and receive inputs from distinct brain
regions. Figure reprinted from (see Appendix).

The distinction between superficial and intermediate pyramidal cells (< 30 Hz) is based on a
correlation between firing rate, coefficient of variation, recording depth and the size of their
extensive dendritic arbors; these highly nonlinear bursty neuron types are distinct from the
non-bursty deep ON and OFF cells which have stunted dendrites, receive very little feedback
and are nearly linear encoders of signal intensity (> 30 Hz) . Consistent with the findings
presented in this thesis, recent work has thoroughly characterized a continuum of properties,

suggesting the classic pyramidal cell categories of deep, intermediate and superficial are rather
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arbitrary [36]. However, deeps receive only static feedback |16], whereas intermediate and su-
perficial cells receive strong plastic feedback [13,37]. Based on the distinct projection patterns
of the deep cells (efferent fibers project to nP and TS) versus intermediate/superficial cells
(efferent fibers project to TS only), as well as the qualitative differences in responses to low
frequency motion, we effectively consider two distinct groups: non-bursty deep pyramidal cells
and bursty intermediate/superficial pyramidal cells. Further anatomical and physiological de-

tails, as well as references are provided within each article.

Lateral connectivity: There is no known lateral connectivity among the pyramidal cell popula-
tions, whose only significant correlated activity arises through shared electrosensory input; no
significant cross-correlation exists for cells sharing less than 20% REF overlap [38]. Although
unusual, this is a useful feature of the electrosense as it helps distinguish true top-down activity

(i.e. from a higher brain region) from local recurrent network activity.

Top-down circuitry: Top-down modulation of the intermediate/superficial ON and OFF pyra-
midal cell response is mediated through the proximal and distal compartments of their large
apical dendrites. This top-down control originates from the hindbrain nucleus (nP), the cere-
bellum and the key midbrain nucleus, T'S, which is a first stage of sparse electrosensory coding
[20]. The anatomy and physiology of these feedback pathways are described in Section 2.5,

when they are first manipulated experimentally.

1.5 Bursting in electrosensory ON and OFF cells

High frequency discharge of action potientials, or burst spiking, is an important feature of sen-
sory processing and neural coding [39]. Although each neuron may define the burst differently,
this high frequency activity is typically near 100 Hz and can be determined from the inter-spike
interval (ISI) histogram or return map in response to stimulation, often Gaussian noise. The

physiological mechanism and dynamics of bursting in electrosnesory ON and OFF cells are



CHAPTER 1. INTRODUCTION 9

briefly summarized here since it is a central theme of the thesis.

When a pyramidal cell fires an action potential, back-propagating spikes issuing from the soma
spread at least 200 pum into the proximal apical dendrites of pyramidal cells, activating voltage
dependent sodium channels and leading to the generation of a dendritic spike [40,41]. The den-
dritic spike current diffuses passively back to the soma creating a depolarizing after potential
(DAP) [42]. With each somatic spike that back propagates into the dendritic arbor, the slow
inactivation of sodium channels becomes more and more pronounced. This has two important
effects: first, sodium channel conductance decreases, which reduces both the rate of rise and
the amplitude of the dendritic spike. Secondly, due to the slower rate of rise, the activation of
the re-polarizing potassium current does not occur as quickly, which causes the dendritic spike
to become broader. This slows the rise of the DAP and lengthens the delay of the dendritic
current’s arrival at the soma [41]. In [42], a phase response curve was generated for a model
pyramidal neuron which indicated that excitatory pulses arriving immediately after the peak
of the spike can barely advance the phase, that is, accelerate the occurrence of the next spike.
On the other hand, excitatory pulses arriving sometime after the spike peak can advance the
phase significantly. This demonstrates that the timing of the DAP is crucial in a transition
from somatic spike trains to bursting. Anatomical work suggests that topographic midbrain
feedback will strongly activate ON and OFF cells through their active dendrites [43]. As such,
the electrosensory feedback circuitry likely amplifies the response to spatially localized motion

signals, enhancing the neural code by generating burst spikes.

It has become common practice (e.g. [44,145]) to use an ISI of 10 ms or less as a burst
threshold, based on the responses of a biophysically detailed in vitro model neuron [44], a
criterion for deviations of in vivo spike trains from a Poisson point process (yielding an average
threshold estimate of 12 £ 4 ms) [35] and the fact that, generally, ISIs <10 ms are in agreement
with backpropagation dependent burst ISIs reported in vitro [46]. The dynamics of the burst

mechanism have been thoroughly characterized (e.g. [47,/48]); as input intensity increases, a
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sharp transition (i.e. bifurcation) between tonic and burst modes of spiking will occur. Detailed
studies have elucidated the pyramidal cell burst mechanism [41,47,49] and identified numerous

potential modulators of bursting [45,50].
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Original Research Articles

The published research presented here was performed over the course of my doctoral studies
at the University of Ottawa. Each manuscript is formatted according to the standards of
their individual journals with respect to trivial matters such as section ordering and reference
formatting. As per University of Ottawa guidelines for thesis preparation and organization,
figures and figure legends are positioned at appropriate locations within the body of text
for each section. All references have been condensed into a single section at the end of the
document. Each article is prefaced by a contribution statement and a brief description of the
importance, which is intended to provide rationale for the study and to frame the results in
the broader perspective presented in this thesis. Figures are numbered within each manuscript

as 1 through N, for easy reference and compatibility with the text.

11
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2.1 Speed-invariant encoding of looming object distance requires power law spike

rate adaptation

Clarke SE*, Naud R, Longtin A, Maler L (2013). PNAS 110(33): 13624-13629.

Contributions: Author contributions: S.E.C. and L.M. designed research; S.E.C. performed all
experiments and model simulations. S.E.C., R.N., and A.L. performed the analysis of speed
and acceleration dependency for the models of exponential and power law adaptation; S.E.C.
analyzed data; S.E.C., R.N., A.L., and L.M. provided input on the design of the figures, which
were made by S.E.C.; S.E.C., A.L., and L.M. wrote the paper. *S.E.C. is the corresponding

author.

Significance: In response to sustained stimulation, virtually all neurons adapt the frequency
of their action potential discharge, which occurs on timescales ranging from milliseconds to
seconds. One obvious explanation is energetics, the cost of an action potential is high and
sustaining a large firing rate to an unoriginal stimulus is a waste of resource. Additionally,
spike-frequency adaptation and its behaviour over time can have profound effects on neural
coding: one of the most important features of adaptation is its ability to match stimulus
statistics and maintain a dynamic coding rage in the face of different signal intensities. Yet
adaptation is inherently a temporal filtering process and, in many neurons, it is selective for
a specific stimulus timescale. A neuron with only one matching timescale of adaptation gen-
erates different responses to the same stimulus intensity depending on its rate of change over
time. This creates ambiguity in the readout of the instantaneous firing rate and spike counts.
For example, did an object move just a bit closer (small change in firing rate), rapidly (large
change), or, did it move much closer (large change) but slowly (small change)? The ambiguity
of mapping time-dependent stimulus features into a scalar firing rate is yet another sensory
inverse problem (described for signal contrast above). Under the constraints of spike-frequency

adaptation, we show that neurons with a unique functional form of power law adaptation can
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flexibly match the timescale of the stimulus and encode the changing signal intensity (distance)

in real-time with high fidelity, invariant to its rate of change (speed and accelaration).

Reprint Permission: “PNAS authors need not obtain permission for the following cases: 1)
to use their original figures or tables in their future works; 2) to make copies of their papers
for their own personal use, including classroom use, or for the personal use of colleagues,
provided those copies are not for sale and are not distributed in a systematic way; 3) to include
their papers as part of their dissertations; or 4) to use all or part of their articles in printed

compilations of their own works.”
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Abstract

Neural representations of a moving object’s distance and approach speed are essential for
determining appropriate orienting responses, such as those observed in the localization be-
haviours of the weakly electric fish, A. leptorhynchus. We demonstrate that a power law form
of spike rate adaptation transforms an electroreceptor afferent’s response to looming object
motion, effectively parsing information about distance and approach speed into distinct mea-
sures of the firing rate. Neurons with dynamics characterized by fixed timescales are shown to
confound estimates of object distance and speed. Conversely, power law adaptation modifies
an electroreceptor afferent’s response according to the timescales present in the stimulus, gen-
erating a rate code for looming object distance which is invariant to speed and acceleration.
Consequently, estimates of both object distance and approach speed can be uniquely deter-
mined from an electroreceptor afferent’s firing rate, a multiplexed neural code operating over

the extended timescales associated with behaviourally relevant stimuli.

Introduction

Determining how nervous systems maintain perceptual invariance in the face of multi-
featured sensory input is a general problem when attempting to connect sensory physiology
to high level perception. For instance, spatial parameters such as an object’s size, distance,
and orientation are inextricably confounded in sensory images projected onto the retina [22].
This becomes an even more acute problem for the encoding of dynamic stimuli [22]; when
presented with a temporally modulated visual stimulus, retinal ganglion cells are sensitive
to as many as six different features of the input [51]. In its most reduced form, a generic
neuron’s conversion of input current into membrane potential is characterized by a membrane
time constant (SI Appendix). A single response time constant endows a neuron with the
ability to faithfully encode variations in stimulus intensity over one specific timescale. Since
naturalistic stimuli can vary over a wide range of timescales, there will be inevitable mismatches
between the rate at which the stimulus intensity changes and the temporal dynamics that

define a neuron’s response. Therefore, during sensation, neurons may be highly sensitive to
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both stimulus intensity and the time course over which it evolves. This introduces ambiguity
into the estimation of stimulus features from a neuron’s firing rate, and presents a further
challenge for understanding how neural systems maintain perceptual invariance.

An object moving towards an animal provides a concrete example of such a problem, since
two variables of interest, the object’s distance and approach speed, are both expected to in-
fluence the firing rate of a primary sensory neuron. These ‘looming’ stimuli arise commonly
in many sensory systems, including the electrosense, and appear to pose the same rate-coding
dilemma for the electroreceptor afferents, whose firing rate has previously been described as
sensitive to both stimulus intensity and its temporal derivative [52]. By studying responses
of the electroreceptor afferents to this natural problem of distance perception, we identify a
mechanism for the temporal disambiguation of stimulus intensity from a neuron’s firing rate.

Looming stimuli are obviously important for survival and are processed by central nervous
system networks of both invertebrates [23] and vertebrates [24]. During environmental navi-
gation, looming motion forms a basic component of the electrosensory signals experienced by
A. leptorhynchus, particularly during prey capture [53,54]. As an object draws near the body,
its presence is sensed by the fish as a perturbation to a self-generated electric field, whose
amplitude drives the activity of approximately 16, 000 cutaneous electroreceptors [29].

An approaching object, whose electrical conductivity is greater than that of the surrounding
water, causes the electric potential to rise locally (Fig. 1A) and evokes increases in the dis-
charge rate of the electroreceptor afferents. Previous work has carefully detailed the change
in transdermal electric potential as a function of object distance [55]. Following this protocol,
we implanted a transdermal recording dipole on an immobilized fish and moved a brass sphere
at constant speeds along the lateral axis, towards the dipole center. Figure 1B shows data
obtained from the recording dipole with an overlay of the expected change in electric potential
according to an empirically derived relationship [55]. Using this model, we generated mimic
looming signals corresponding to object approach for 6 cm along the lateral axis, at speeds
ranging from 0.5 to 5 cm/s. These signals were used as input for spike rate adaptation models,

and as looming stimuli while recording in vivo from electroreceptor afferents.
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A mV

Lateral distance (cm)

Figure 1 Object distance and the electrosense. A) A model plot of the electric potential (mV)
produced by the self-generated electric field of A. leptorhynchus. The presence of conducting objects,
such as this brass sphere (r = 0.635 cm), cause a local increase in the electric potential as measured by
a transdermal recording dipole (white dots). Natural examples of relative conductors include aquatic
plants, predators and prey. B) The recorded stimulus-induced change in transdermal potential (blue)
is plotted as a function of the brass sphere’s lateral distance. The overlying red curve is the change
in potential predicted by a previously existing model . Signals of this form are considered in the
following.

Results

Speed invariant coding of object distance. We recorded from 24 electroreceptor afferents (7 fish)
whose range of spontaneous firing rates (100 to 400 Hz) was similar to that previously reported
. Although a function of object distance as expected, Fig. 2A demonstrates the remarkable
fact that the firing rate of an electroreceptor afferent is practically independent of approach
speed (regardless of object size - SI Appendix). In the absence of stimulation, fluctuations in
electroreceptor afferent firing rate are normally distributed and thought to represent intrinsic
noise ,. [Mustrated in the context of this variability, Fig. 2B shows the largest difference
in firing rate between the looming speed responses of Fig. 2A, plotted as a function of distance.
These small discrepancies in rate are clearly insignificant as they are masked by the inherent
fluctuations in spiking activity. Furthermore, speed induced variations to a distance-rate code

are negligible when compared to the high firing rates over which the electrosensory afferents

operate [52].
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Figure 2 Electroreceptor afferents encode object distance, invariant to approach speed.
A) The averaged responses of a single electroreceptor afferent to looming stimuli with approach speeds
spanning an order of magnitude (0.5 to 5 cm/s). Remarkably, the firing rate is a function of object
distance only and is invariant to approach speed. B) The maximum difference in firing rate for the
approach speeds of Fig. 2A is plotted as a function of distance. The distribution of fluctuations in
spontaneous firing rate, centered about the mean, is shaded and the value of one standard deviation
is marked by the green line. This value (21.33 4+ 5.5 Hz) was previously determined as an average
over many electroreceptor units [52] for a bin-width of 32 ms. Note that our comparison with this
data is justified since our firing rates were computed using a smoothing kernel of comparable duration
(methods). C) At each point along the lateral axis, the differences from Fig. 2B are weighted as a
percent error of the average firing rate at that distance. The error is small and essentially constant,
highlighting the insignificance of any speed-related differences in firing rate.

At each point along the lateral axis, Fig. 2C shows the maximum differences from Fig. 2B
plotted as a percent error of the averaged firing rate for that given distance. This measure of
rate-code corruption was determined for all 24 cells in response to the looming stimuli, and
an average error was computed. This global error measure showed no significant trend as a
function of distance (SI Appendix), therefore we calculated a total average of 0.98%. At a

distance of 6.25 cm from the fish’s skin, the brass sphere from Fig. 1 causes a change in
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transdermal potential of 0.15 ©V, a signal weaker than the limit of behavioral detection [58].
The percent error measured at this point is not significantly different from when the sphere
is 0.25 cm away, causing a change in transdermal potential of 350 pV. This confirms that
minute discrepancies in firing rate, introduced by approach speed, are no more deleterious for

a distance-rate code than endogenous noise acting in the absence of stimulation.

Speed invariance arises from power law adaptation. The electroreceptor afferents are not passive
rate coders and show strong spike rate adaptation in response to sustained stimulation [59}60].
Spike rate, or spike frequency adaptation (SFA), is a ubiquitous and conserved feature of neural
processing, which has been well-documented in systems ranging from invertebrate sensory
neurons to mammalian cortex [61,/62]. A generic model of SFA consists of cellular- or circuit-
level mechanisms that integrate the response of a neuron and exert negative feedback to control
its output firing rate [63,64]. The different types of SFA observed experimentally are dictated by
the specific form of the integrator, which is often described as a single exponential process [61,
65]. As an example, exponential SFA permits the electroreceptor afferents of A. leptorhynchus
to act as selective filters for communication signals [60]. However, many neurons display
multiple adaptive timescales, indicative of multi-exponential or power law adaptation |64, 66/
71]. A wide range of adaptive timescales has also been identified in the electroreceptor afferents
[59], prompting a demonstration that power law dynamics can account for the experimentally
observed SFA [64]. Therefore, we investigated two existing SFA models of the electroreceptor

afferents in an attempt to understand the observed looming speed-invariance.

Figure 3A shows the looming responses of an existing model of electroreceptor afferent
activity which incorporates an exponential form of adaptation [56]. Previous experiments and
modeling studies have shown that the time constant of exponential adaptation is very short (&
10 ms) and can successfully account for spontaneous inter-spike-interval correlations, as well as
responses to constant intensity stimuli and high frequency communication signals [56,/60,(72].
However, when processing looming signals, such rapid adaptation is not well suited for accurate

distance estimation (SI Appendix). In fact, regardless of the choice of time constant, the
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exponential adaptation model’s firing rate is a function of both object distance and approach
speed, confounding estimates of these values (SI Appendix). In this case, a decoder of firing
rate must extract information about both the spatial and temporal features of a moving object
from a scalar value, a problem for which no invertible mapping exists. Since the firing rate
is a non-separable function of speed and distance (SI Appendix), it is not immediately clear
how this response could be decoded so as to enable the accurate electrolocation observed in
behavioral experiments [53,54]. Therefore, we tried a model of SFA that incorporates a power
law [64], in order to account for the weak SFA observed over longer time scales [59]. Figure
3B shows that the model responses, like the data, only encode distance information and are
nearly invariant to approach speed. Power law adaptation is able to transform a neuron’s
response to non-stationary looming signals, and permits the formation of a well-defined map
between changes in firing rate and the distance of a looming object. As shown in Fig. 3C, the
firing rate of the electroreceptor afferents is also a linear function of looming stimulus intensity,
until the signal becomes very strong and the response saturates. The power law adaptation
model does not incorporate a saturating component and maintains a linear encoding for all
intensity values (Fig. 3C). This adaptation model is based on a power law function with an
exponent of negative one [64]. Below, we demonstrate analytically that this is the only form
of adaptation able to modify a neuron’s response to looming stimuli such that the firing rate
is independent of speed. Using the same formalism, we show why the outputs of exponential
adaptation models depend on speed, explaining the divergent responses seen in Fig. 3A (SI
Appendix). The exponential adaptation model is not capable of rescaling the firing rate in

response to a looming stimulus and cannot linearly encode stimulus intensity (Fig. 3D).
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Figure 3 Power law adaptation generates speed invariant responses. A) Responses of an
electroreceptor model with exponential adaptation [56] to our looming stimuli. Significant speed-
induced discrepancies in firing rate occur for distances less than 2 cm, a range important to the fish
during hunting and tracking behaviors [53] [54]. Since the estimated time constant derived from
exponential models of adaptation (=10 ms) performed poorly (SI Appendix), the model responses
illustrated here were obtained using the best possible time constant of adaptation for our range of
speeds (420 ms; inset), which was chosen to yield the smallest possible differences in firing rate (see
also Fig. S3). B) The firing rates of an established power law adaptation model [64] to the same
stimuli. In this case, firing rate is essentially a function of looming object distance only. The figure
inset shows a model response (blue) overlaid onto the data of Fig. 2A (grey) with superb agreement.
C) The electroreceptor responses (grey) and the power law model response (blue) are plotted against
the intensity of the looming stimulus, displaying a linear relationship. Consistent with previous results
[52], we see the data begins to saturate and deviates from the linear coding regime for high signal
intensities. D) The exponential adaptation model responses are plotted as a function of stimulus
intensity, clearly demonstrating the failure of exponential adaptation to produce linear coding.

Many studies describe the role of SFA as a means to filter out static and low frequency
components of a stimulus [60] or to regulate a neuron’s response to prolonged stimulation at

various intensities [70,/71,73]. With a few notable exceptions [68,74,75], little has been done to
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investigate the role of SFA in processing natural, non-stationary signals. Our results show that
power law adaptation implements a real-time sensory transformation, which shapes a neuron’s
transfer function to achieve a systems level coding goal. By removing the effects of speed, this
transformation permits a primary afferent’s firing rate to serve as a foundation for dynamic
distance perception. Furthermore, although its effects on the response are neutralized, the

approach speed can still be uniquely determined from the firing rate as described below.

Estimating approach speed from firing rate. The derivative of the electroreceptor afferent firing
rate (\), with respect to time, is given by A = v - d\/dz, where v = dx/dt is the speed of the
looming stimulus. Since A is independent of speed, so is its spatial derivative. Therefore, at
a fixed distance, the temporal derivative of firing rate is directly proportional to speed. For
illustrative purposes, three different looming responses are plotted as a function of time in Fig.
4A. For each curve, a linear approximation to the tangent was evaluated at a distance of 1.5
cm: faster approach speeds produce steeper slopes. When evaluated at one particular distance,
the firing rate’s temporal derivative ()\) provides a simple, linear encoding of the object’s speed
(Fig. 4A inset). Figure 4B shows A as a function of lateral distance for all the looming speeds
considered. Since A is a function of both distance and speed, it can achieve the same value for
different combinations of these two variables. Therefore, unambiguously extracting looming
speed from A relies on a downstream computation: a decoder must use the distance information
contained in the firing rate in order to calibrate the speed estimate. Provided this occurs, an
invertible mapping from )\(t) to the object’s approa