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Abstract

Sensory neurons transform stimuli through multiple adaptive and nonlinear computations.
In Drosophila, auditory receptor neurons adapt to the mean and intensity of acoustic stimuli,
shift their frequency tuning with sound intensity, and employ a quadratic nonlinearity. Although
each of these computations is thought to improve sensory encoding, their combination could
produce a highly ambiguous neural code from which behaviorally relevant information is difficult
to extract. Here, we combine electrophysiology and computational modeling to determine how
these computations jointly encode natural acoustic signals such as courtship song.

We show that a model consisting of a quadratic filter followed by divisive normalization accu-
rately reproduces population responses to both artificial and natural sounds. The model further
localizes adaptive temporal filtering to antennal mechanics and variance adaptation to divisive
normalization downstream of the receptor mechanics. For arbitrary broadband stimuli, these
computations generate an ambiguous representation from which carrier frequency and ampli-
tude cannot be reliably recovered. In contrast, the representation of courtship song is simple
and robust. Quadratic filtering enhances encoding of the song envelope while preserving a
straightforward temporal code for the carrier through frequency doubling. Divisive normalization
removes slow intensity fluctuations arising during social interactions while preserving the rapid
envelope fluctuations that define song structure.

Together, our results show that adaptive and nonlinear computations that appear to compli-
cate sensory coding for arbitrary stimuli instead generate a robust and easily decoded represen-
tation of behaviorally relevant signals by exploiting their natural statistics.

Author Summary

Animals do not need to encode every aspect of the physical world equally well. Instead, sensory
systems must preserve the features of signals that matter for behavior. We studied the auditory
receptor neurons of fruit flies, which respond to courtship song and adapt when sound intensity
changes. We developed a model that captures several computations performed by these neu-
rons and used it to ask how they affect the representation of natural song. The model shows that
changes in the mechanics of the fly’s antenna adjust frequency tuning, whereas a later normal-
ization step reduces the effects of slow changes in sound intensity. A quadratic transformation
doubles sound frequencies. Although this can make arbitrary sounds ambiguous, it preserves the
carrier frequency of fly song and improves representation of its envelope, the slower pattern of
sound intensity. Together, these computations make the neural representation of courtship song
robust to noise and intensity changes while retaining the information needed to recognize song
patterns.



Introduction

Sensory receptor neurons transform physical stimuli into neuronal representations. Constraints
on neuronal dynamic range and bandwidth result in neural codes that represent some aspects of
the stimulus at the cost of others, typically through multiple nonlinear and adaptive computations.
For instance, sensory neurons are known to adapt to the statistics of their inputs: Visual systems
adapt to the luminance and contrast of a visual scene, and auditory systems to the frequency and
intensity statistics of the soundscape [1, 2]. Adaptation creates energy-efficient representations
and improves stimulus discrimination [3—7]. Adaptation can act on two properties of the mapping
from stimulus to neural response: 1) how inputs are integrated in time and/or space (filtering),
and 2) how the integrated input is transformed into spikes (gain control) [7—13]. However, while
adaptive filtering and gain control improve information transmission, they also remove information,
for instance about absolute light or sound intensity levels. This introduces ambiguity for neural
computations in downstream circuits since the meaning of a spike—the pattern and magnitude
of the stimulus it represents—will depend on the stimulus history [4, 14—17]. This ambiguity is
desirable when it introduces invariances to intensity or contrast, but it may distort neural readouts
if the adaptation affects behaviorally relevant stimulus features [4, 18]. Whether adaptation is
beneficial therefore depends not only on information transmission, but also on which stimulus
features downstream circuits must decode.

Like adaptation, other nonlinear transformations are beneficial for making explicit some stim-
ulus features while sacrificing others. For instance, the recognition of acoustic signals—such as
speech—typically relies on two features of a sound: 1) the carrier, or fast oscillations that define
the fine structure of the waveform, and 2) the envelope, relatively slower modulations of the inten-
sity or variance of the carrier. A quadratic output nonlinearity produces responses that depend on
the magnitude but not on the sign of an input stimulus. This operation is considered crucial for
extracting the envelope, but it introduces ambiguity about the structure of the carrier. Importantly,
the impact of this ambiguity on decoding depends on the stimulus: For spectrally simple, pure-tone
carriers, a quadratic nonlinearity produces frequency doubling responses, from which the stimu-
lus frequency can be easily recovered. However, for spectrally complex carriers, the frequency
content of the stimulus cannot generally be recovered after a quadratic nonlinearity. Thus, eval-
uating sensory codes using generic stimulus ensembles can be misleading. The consequences
of adaptation and nonlinear transformations depend on the statistics of the stimuli being encoded
and on the stimulus features that must ultimately drive behavior [19]. The same computation may
therefore simplify neural readout for natural signals while introducing ambiguity for arbitrary stimuli.

We address this issue in the auditory receptor neurons of Drosophila melanogaster. Hearing
plays a central role in Drosophila courtship [20]: Males chase females and produce a courtship
song by vibrating their wing. The male song contains two major modes: The sine song consists of
sustained oscillations with a frequency around 150 Hz, and the pulse song consists of regular trains
of short pulses that can have two distinct shapes [21, 22]. Females, and nearby males, use both
the spectral and the temporal properties of the song to guide social interactions [23-26]. In addition
to acoustic communication, flies use acoustic cues for threat detection based on sudden increases
in the sound envelope [27]. Mechanoreceptor neurons in the fly’s antenna—its “ear—must there-
fore preserve information about the carrier and the envelope of the song for further processing
downstream [28-33]. Flies detect sound using the arista, a feathery extension of the antenna
(Fig. 1A). Sound-induced antennal vibrations, but also slow antennal movement induced by wind
and gravity, activate a diverse population of stretch-sensitive mechanoreceptors in the antenna’s
second segment—the Johnston’s organ neurons (JONs) [34-36]. While some types of JONs en-
code slow antennal movement induced by wind and gravity (JONs C and E) [36], the JON-A and
JON-B subpopulations respond best to fast, sound-induced antennal vibrations in the frequency
range of the courtship song (100—400 Hz) and act as the auditory receptor neurons. These audi-
tory JONs perform several adaptive and nonlinear computations that are thought to improve sound
encoding (Fig. 1B): JONs adapt to the mean and to the variance of receiver movement [27, 37,
38]. Mean adaptation renders responses invariant to slow antennal movement induced by wind
and gravity. Variance adaptation compensates for slow intensity fluctuations, which arise during
the dynamic social interactions caused by the directional and distance-dependent mechanics of
sound reception [39, 40]. The extracellularly recorded bulk spiking activity of JONs A and B—the
compound action potential (CAP) [27, 34, 38] (Fig. 1A)—exhibits frequency doubling responses
for sinusoidal stimuli. For instance, a 300 Hz sinusoidal stimulus evokes 600 Hz oscillations in the
CAP [27, 41, 42] (Fig. 1B). This frequency doubling can be reproduced mathematically by squar-
ing the sinusoidal stimulus, indicating that sound undergoes a quadratic transformation across the
JON population. JONs also exhibit adaptive temporal filtering: the cutoff frequency of the anten-



nal receiver increases with intensity [43] and this effect is linked to the mechanical amplification
of low-amplitude sounds in JONs [44—47]. How these computations interact to encode natural
sounds remains unknown. Addressing this question requires a computational model that simul-
taneously captures mean and variance adaptation, quadratic nonlinearity, and adaptive temporal
filtering while reproducing responses to arbitrary dynamic stimuli.

However, existing JON models focus on individual computations, such as active mechanical
amplification [27, 48] or the interplay between mean and variance adaptation [38]. We therefore
developed and fitted a comprehensive computational model of the JONs based on CAP responses
to artificial and natural stimuli. We based the model on CAP recordings because they currently
provide the only population readout of JON activity with sufficient temporal resolution to capture
all of these computations. The model reproduces all major features of the responses for a wide
range of stimuli including the courtship song and generates hypotheses about the mechanisms
that implement the individual computations and about the contribution of individual processing
steps to the representation of sound in JONs. Specifically, by manipulating individual components
of the model, we identify the contribution of each computation to sound encoding. We find that
the combination of adaptive and nonlinear transformations produces a representation of courtship
song that is both robust and easy to decode, allowing behaviorally relevant features of the carrier
and envelope to be recovered with little ambiguity.
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Figure 1: A quadratic filter with a divisive normalization stage reproduces JON responses to a wide range of
stimuli.

A Schematic of the early auditory system of Drosophila and recording location. Sound-induced vibrations of the arista
induce antennal rotations and activate antennal mechanosensory neurons—the Johnston’s organ neurons (JONs). The
compound action potential (CAP) represents the activity of sound-responsive JONs and can be recorded using an electrode
inserted into the joint between the first and second antennal segments.

B Left: Fast oscillation (carrier, gray line) with a slowly varying baseline (mean, orange line) and slow and fast (gray boxes)
fluctuations of the intensity (variance, black line). Right: Schematic illustration of four JON computations evident from the
CAP (the response feature that changes in subsequent rows is marked in red).

C Structures of the tested models. The linear-nonlinear (LN, top) model consists of a linear filter followed by a static
nonlinearity. The quadratic filter (QF, middle) model consists of a quadratic filter without a nonlinearity. The QF-DN (bottom)
model is a quadratic filter with a divisive normalization (DN) stage. Filters and nonlinearities represent examples of models
fitted to CAP recordings.

D, E, F CAP (black) and model (colored lines) responses of the three different models in C (rows 2—4) for different stimuli
(top row). “Noise” (D) corresponds to band-pass-filtered white noise with constant intensity. “Step” (E) is noise with stepwise
changes in intensity every 100 ms. “Song” (F) corresponds to a male courtship song and contains sustained oscillations,
called sine song, and trains of transient pulses. Data from one representative fly.

G, H Comparison of the performance (coefficient of determination r? between the CAP and model prediction) for the
different models and stimuli in C—F (color coded, see legend). Points correspond to recordings from individual flies. The
LN model performs poorly for all stimuli. The QF model performs well for stimuli with a constant intensity (noise), but
poorly for stimuli with dynamic intensity profiles (step, background, song). The QF-DN model performs well for all stimuli.
“Background” is not shown in D—F and is a noise stimulus of mostly constant amplitude with brief changes in intensity (see
Fig. S6). Numbers of flies for noise/step/background/song are 6/5/9/5.



Results

A model with a quadratic filter and divisive normalization reproduces CAP
responses

To fit a model that captures the multiple computations performed by JONs, we recorded CAP
responses to stimuli with diverse carrier and envelope dynamics (Fig. 1C): Gaussian noise band-
pass filtered between 100 and 1000 Hz (hereafter termed “noise”) with either constant intensity
(Fig. 1D) or step changes in amplitude (Fig. 1E); and the natural courtship song, which exhibits
narrow-band carriers and strong amplitude modulations (Fig. 1F).

A common framework for describing the stimulus-response mapping of sensory neurons is
the linear-nonlinear (LN) model [49, 50] in which the stimulus is 1) linearly filtered to account for
temporal integration properties and 2) transformed by a static nonlinearity to account for neuronal
threshold or saturation (Fig. 1C, top). However, the LN model fails to reproduce the nonlinear CAP
responses (Fig. 1D-F, top; Fig. 1G). Replacing the linear filter with a quadratic filter (QF, Fig. 1C,
middle) accurately captures the fine structure of responses to constant-intensity noise but fails for
stimuli with dynamic intensity changes (Fig. 1D—G). For instance, the QF does not reproduce the
response transients following intensity steps or the relative intensity invariance of the steady-state
responses (Fig. 1E, F).

To account for this adaptive gain control, we added a divisive normalization (DN) stage after the
QF (Fig. 1C, bottom). The DN stage was placed downstream of the QF because variance adap-
tation arises in the JONs after mean adaptation and frequency doubling [27, 38]. Specifically, the
DN stage low-pass filters the rectified QF output to generate an adaptation signal, which divisively
scales the QF output. Adding the DN stage substantially improved model performance for stimuli
with dynamic envelopes, particularly courtship song (Fig. 1E, F, H).

A comparison of model performance using the Bayesian Information Criterion, which penalizes
complex models by considering the number of model parameters, confirms that a model with a
quadratic filter and divisive normalization reproduces JON responses best (Fig. S1E). We refer
to this two-stage model as QF-DN. Because the model accurately reproduces responses to a
wide range of stimuli, it provides a framework for dissecting how quadratic filtering and divisive
normalization contribute to the representation of courtship song. We begin by examining how the
quadratic filter shapes the representation of the song'’s carrier and envelope.

The quadratic filter is a frequency-dependent encoder of sound carrier and
envelope

A linear filter corresponds to a set of weights, h(7), applied to the stimulus s(t — 7) at differ-
ent delays 7: r(t) = > _h(7)s(t — 7) (Fig. 1C, top). A quadratic filter also constitutes a set of
weights, H»(71,72), but these act on products of stimulus values at different delays 7; and 7»:
r(t) = >, ,, Ha(11,72)s(t — 71)s(t — 72) (Fig. 2A). While a linear filter can often be inferred di-
rectly from its set of weights—for instance, purely positive filters smooth the stimulus while filters
with positive and negative lobes are band-pass filters—the stimulus selectivity of a quadratic filter
is much less intuitive. To obtain an interpretable representation, we transformed the QF into a
bank of linear filters with quadratic output nonlinearities using an eigenvalue decomposition of its
weight matrix H, (Fig. 2B, S1) [51, 52]. The outputs of the individual filters (Fig. 2C, D) are then lin-
early combined to predict the CAP: r(t) = .0, >, s(t — 7)vi(r)]°. The eigenvectors, v;, define
the linear filters, whereas the eigenvalues, o;, determine their contribution to the overall response
(Fig. 2C, E). The full model also contains linear and constant terms. However, these contributed
negligibly to model performance (Fig. S1D) and were omitted from the analyses below. This de-
composition allows the quadratic filter to be interpreted as a set of frequency-selective channels
whose outputs are rectified and summed.

This eigenvalue decomposition provides a compact representation of the computation imple-
mented in JONs: Only four filters corresponding to the four largest-magnitude eigenvalues are
sufficient to reproduce the performance of the QF (Fig. S1B-D). The four filters are each well ap-
proximated by Gabor filters (Fig. S2A-B). Because these filters contain both positive and negative
lobes, they respond only weakly to static stimuli and are tuned to fluctuating inputs (Fig. 2C, S2E).
This band-pass structure naturally accounts for mean adaptation in JONs, which suppresses re-
sponses to static antennal deflections. Beyond this common structure, the four filters are organized
into two filter pairs: an excitatory pair with short latency and a suppressive pair with longer latency
(Fig. 2C—F). The suppressive pair resembles a delayed, sign-inverted version of the excitatory pair
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Figure 2: The quadratic filter differentially encodes low and high frequencies.

A The quadratic filter (QF) is a matrix H2 (71, 72) that contains weights for the product of stimulus values for different .
T = 0 corresponds to the time of the response and negative values to the time before the response. The filter was fitted to
CAP responses to noise presented at 0.5 mm/s. Filter matrix values are color coded (see color bar).

B The QF can be transformed into a bank of linear filters with quadratic nonlinearities (LN models, pictograms) using
eigenvalue decomposition (Fig. S1). Eigenvectors v; correspond to the filters (see C) and the eigenvalues o; correspond
to the weights for each eigenvector (see E) in the filter bank. Together with their associated nonlinearities and eigenvalues,
the four eigenvectors with the largest-magnitude eigenvalues form four LN models (LN1-4) that reproduce the performance
of the full quadratic filter (Fig. S1D).

C Eigenvectors associated with the largest positive (top, v and vz, red hues) and negative (bottom, vz and v4, blue hues)
eigenvalues (see E). Each vector was normalized to unit norm.

D The relationship between the stimulus filtered by the eigenvectors in C and the response is quadratic. v; and v, form an
“excitatory” filter pair since filter outputs with large magnitude increase the CAP. By contrast, v3 and v, form a “suppressive”
filter pair. Curves correspond to the average CAP for binned values of the filtered stimulus.

E Sorted eigenvalues of H,. Values for o;—04 are highlighted in color.

F, G Latency of the filters (F) and phase delays between the filters in a pair (G). Dots correspond to individual flies; lines
connect data from the same individual. N=6 flies. See also Fig. S2B-D.

H Frequency transfer functions of each filter in C. Each filter pair contains a filter that responds to low frequencies (vi, v4)
and a filter that prefers high frequencies (v2, v3).

1, J Frequency tuning of the phase-locked component at twice the stimulus frequency in the model (l) and the CAP (J).
Tuning curves were normalized to peak at 1.0.

K, L Responses of the 4 individual LN (2nd row), filter pairs (3rd row), and the full QF (4th row) to 200 Hz (K) and 600 Hz
(L) sinusoidal stimuli (1st row). For low frequencies (K) the four filters combine to produce sustained oscillations at twice
the stimulus frequency. For high frequencies (L) the QF phase-locks weakly and responds strongly to the stimulus onset.
All panels except F, G show data from one representative fly. Filter structure is very similar across individuals (see F, G).



(Fig. 2C). Within each pair, the two filters are phase-shifted by 90° and thus form a quadrature pair
(Fig. 2G). Importantly, this filter organization emerges regardless of the stimulus ensemble used
for model fitting (Fig. S3A-D).

Quadrature-pair filters are well known from auditory nerve fibers in vertebrates [52], complex
cells in the primary auditory and visual cortex of vertebrates [53, 54], and motion-sensitive cells in
the vertebrate visual cortex or the Drosophila optic lobe [55]. Canonical quadrature pairs extract
the stimulus envelope because the outputs of the two filters combine to a phase-invariant, smoothly
varying signal proportional to the stimulus energy [52, 56]. At first glance, this interpretation ap-
pears inconsistent with JON responses, which phase-lock to sounds (Fig. 1D—F). This apparent
contradiction is explained by an asymmetry in the frequency tuning of the filters within each pair
(Fig. 2H). Quadrature pairs act as envelope detectors only for carrier frequencies at which both
filters respond strongly. In JONSs, this occurs only above approximately 400 Hz (Fig. 2H, L). In
this high frequency range, each quadrature pair encodes the stimulus envelope. Because the
suppressive pair is delayed relative to the excitatory pair (Fig. 2C, F), the combined response em-
phasizes transient increases in stimulus energy (Fig. 2L). Thus, the filter structure accounts for
key aspects of variance adaptation, including the transient responses at high frequencies [57-59].
Below 400 Hz, by contrast, only one filter in each quadrature pair responds strongly (Fig. 2H, K).
Consequently, the QF effectively behaves as two linear filters followed by quadratic nonlinearities.
In this regime, it produces sustained responses that phase-lock at twice the carrier frequency,
matching the behavior of the CAP (Fig. 2I-K). Thus, the QF reveals two distinct coding regimes
in JONs: above 400 Hz it extracts changes in stimulus envelope, whereas below 400 Hz it pre-
serves information about the sound carrier through sustained, phase-locked frequency-doubling
responses [42].

Overall, the quadratic filter accounts for several hallmark computations of JONSs, including fre-
quency doubling, mean adaptation, and variance adaptation at high frequencies. We next asked
whether the filter itself adapts by examining how its structure changes with sound intensity.

Adaptive temporal filtering arises from adaptive antennal mechanics

To characterize adaptive processes that shape filter properties, we analyzed QFs fitted to CAP
responses to noise stimuli over a wide range of sound intensities (1/16 mm/s to 4 mm/s, Fig. 3A,
B, S4A, B). Eigenvalue decomposition of these QFs revealed only modest changes in the relative
timing and weight (eigenvalues) of the Gabor filters (Fig. 3C, S4A). The dominant effect, however,
was a narrowing of the negative lobe of all four Gabor filters, increasing their cutoff frequencies by
approximately 200—-500 Hz across the tested intensity range (Fig. 3D). Thus, the temporal filtering
implemented by the QF becomes progressively faster with increasing sound intensity, consistent
with predictions from optimal coding theory [9, 10] and observations in other systems [2, 13].

What gives rise to this adaptive temporal filtering? Previous studies showed that the frequency
tuning of the antennal receiver depends on sound intensity because of active processes driven by
mechanotransducer gating in JONs [43, 47, 60, 61]. Using laser Doppler viborometry, we confirmed
that the antenna’s cutoff frequency increases with sound intensity (Fig. 3E, S4C). We next asked
whether these adaptive antennal mechanics fully account for the observed changes in the QF. To
this end, we decomposed the filter into a mechanical and a neuronal stage: We first passed the
stimulus through the intensity-dependent antennal filter measured by vibrometry (Fig. 3E), thereby
accounting for the mechanical transformation of sound. We then fitted a new quadratic filter to
this mechanically filtered stimulus (Fig. 3F), such that the new filter captures only the remaining
neuronal computations.

We refer to this decomposition as the antQF (antennal QF) model. Accounting for intensity-
dependent antennal filtering dramatically simplified the quadratic filter (Fig. 3F): The resulting filter
retained only the slow components associated with the timing of the excitatory and suppressive
filter pairs present in the original model (Fig. 3B). Eigenvalue decomposition showed that the antQF
is well described by only two eigenvectors, rather than four. Moreover, these eigenvectors lack the
fast oscillatory structure present in the original QF (Fig. 3G, compare Fig. 3D), indicating that this
structure is fully captured by the mechanical antennal filter. Unlike the original QF, both the shape
and frequency tuning of the antQF are intensity invariant.

These results demonstrate that adaptive temporal filtering in JONs arises from adaptive anten-
nal mechanics driven by mechanotransducer gating. The antQF simply decomposes the original
QF into an intensity-dependent linear mechanical stage followed by an intensity-invariant quadratic
neuronal stage (Fig. 3F). Although the two models are computationally equivalent and produce
identical outputs, this decomposition shows that the adaptive frequency tuning previously observed
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Figure 3: Antennal mechanics produce adaptive filtering in JONs.

A CAPs (bottom) for noise patterns (top) of different intensities (color coded, see legend).

B Structure of the quadratic filter (see color bar) at the lowest (left) and the highest (right) intensity tested. The filter struc-
ture along the main diagonal narrows with intensity.

C Latencies (top), durations (middle), and phase delays (bottom) of the four leading eigenvectors (filters) v;—v,4 (color
coded as in D) change little with intensity. Lines and error bars represent median =+ std over 6 flies.

D Shape (top, intensity color-coded, see legend in A) and cutoff frequency (bottom) of the filters v;—v, for different inten-
sities. Filters (top) are from one representative fly. Cutoff frequencies for all filters increase with intensity (r > 0.95,p <
4 x 10~—* for all v).

E Shape (top, example from one fly, intensity color-coded, see legend in A) and cutoff frequency (bottom) for the antennal
filter for different intensities. The filter describes the transformation from sound stimulus to antennal movement, and is
measured using laser Doppler vibrometry. The cutoff frequency increases with intensity (r = 0.97,p = 7 x 107%).

F Accounting for antennal mechanics greatly simplifies the filter structure. In the antQF model, the sound was first filtered
with the intensity-dependent antennal filter (top left) before fitting the QF (top right). The eigenvalue spectrum (bottom) of
the resulting quadratic filter reveals that two filters (¢ and o) are sufficient to reproduce the structure of the antQF (cf.
Fig. 2E).

G Shape (top, example from one fly, intensity color-coded, see legend in A) and cutoff frequency (bottom) for the two dom-
inant eigenvectors of the antQF, v; and v}. The filters are slower and change little with intensity compared to the filters of
the original QF (compare D). r=0.18, p=0.7 (left), r=0.81, p=0.016 (right), slope is negligible in both cases (< 1.7 Hz/intensity
doubling). The outliers stem from weak CAP responses to the lowest intensity in one fly (Fig. S4B).

N=6 flies for C—G. P-values from linear fits to the mean across flies. Thin lines in D, E, G (bottom) correspond to individual
flies, the thick line to the median across 6 flies.



in JONs is inherited from antennal mechanics rather than arising from changes in neuronal filtering.
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Figure 4: Divisive normalization explains variance adaptation and the transient responses to changes in intensity.
A Internal structure of the divisive normalization stage used to model variance adaptation. The output of the QF is rectified
and low-pass filtered to obtain an adaptation signal which divides the output of the QF. 7 and 6 control adaptation speed
and strength, respectively.

B, C Parameters of the model fitted to responses to different stimulus types (“bg” = background stimulus type). Adaptation
strength 6 (B) changes with the stimulus type but is > 1.0 for all stimuli, which indicates near complete adaptation for
all types. Adaptation time constants = (C) do not change with the stimulus type. Dots correspond to individual flies. The
p-values are from Tukey-Kramer post-hoc tests after a Kruskal-Wallis test. N=5/9/5 flies for step/background/song (different
populations of flies from Fig. 3).

D, E, F Stimulus (D), stimulus envelope (E, grey) and adaptation signal from the model (E, black). The adaptation signal
lags the changes in stimulus intensity (red arrows). This induces transients in the CAP (F, black) due to over- and un-
dercompensation of the stimulus intensity (red arrows). Vertical black lines in D—F indicate the switches in intensity. The
horizontal red line in F depicts the CAP’s steady-state response.

G, H, | Same as D-F but for song. See also Fig. S5.

Divisive normalization reproduces the strength and dynamics of variance
adaptation

Antennal filtering reproduces the adaptive temporal filtering of JONs, but not the variance adapta-
tion observed in the CAP (Fig. S5). First, whereas CAP responses remain nearly invariant over a
wide range of sound intensities, antennal responses scale almost linearly with the stimulus inten-
sity. Second, CAP responses exhibit prominent transients following intensity steps that are absent
from antennal responses. Although the QF captures some aspects of variance adaptation at high
frequencies (Fig. 2L), it fails to account for adaptation across the full frequency range (Fig. 2K),
including responses to courtship song (Fig. 1F, H). Thus, as indicated by our model comparisons
(Fig. 1C—-H), an additional divisive normalization (DN) stage is required to reproduce the adaptive
gain of JONs [11]. In the DN stage (Fig. 4A), the output of the quadratic filter is divided by an
adaptation signal—a running estimate of the response gain—obtained by rectifying and low-pass
filtering the QF output. The DN stage has two free parameters that determine the strength (9) and
speed () of adaptation. Note that 6 is a phenomenological parameter that captures the effective
adaptation strength for each stimulus class, not the underlying biophysical parameter.

Adaptation is stronger for artificial stimuli than for courtship song because artificial stimuli re-
main at constant intensity for long periods, allowing adaptation to reach steady state (Fig. 4B, S6F,
G). By contrast, the rapidly fluctuating envelope of courtship song prevents adaptation from fully
developing, leading to a lower effective adaptation strength.

The adaptation time constant 7 is approximately 15 ms for all stimulus classes (Fig. 4C). This
timescale reproduces the transient CAP responses for stimuli with dynamic envelopes (Fig. 4D—
I). Following abrupt intensity changes, the adaptation signal lags behind the stimulus because it
is generated by low-pass filtering the QF output (Fig. 4E, H). Consequently, gain compensation
transiently underestimates increases and overestimates decreases in sound intensity (Fig. 4F,



1), giving rise to the observed response transients. Notably, in the CAP, transients are slower for
negative than for positive steps in intensity, and our adaptation model shows that these asymmetric
dynamics arise from the multiplicative nature of adaptation with a single time constant parameter
(Fig. SBA-E).

Overall, the QF-DN model accounts for the adaptive and nonlinear responses of JONs using
just two computations: quadratic filtering and divisive normalization. Each computation improves
one aspect of sensory coding while potentially degrading another. Quadratic filtering, which pro-
duces frequency doubling, distorts the representation of the sound carrier. Adaptive temporal fil-
tering could further increase ambiguity because the transmission of different frequencies depends
on stimulus intensity. Finally, variance adaptation may be too slow—or too fast—to efficiently en-
code transient communication signals such as pulse song. We therefore asked whether these
apparent costs are offset by the statistics of natural courtship song.
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Figure 5: Quadratic filtering improves the representation of the sound envelope and yields a simple scheme for
decoding the carrier frequency of song.

A Encoder-decoder models used to test the role of a quadratic nonlinearity. The song (grey, envelope in black) is passed
through a quadratic (blue, top) or a threshold-linear function (red, bottom). Then noise is added, and the response is
low-pass filtered to reconstruct the stimulus envelope. Colored lines depict the envelope reconstruction from the quadratic
(blue) and the threshold-linear (red) encoder, black lines show the envelope of the original stimulus.

B Reconstruction success (coherence Cs-(f) between original and reconstructed envelope) for different frequency com-
ponents of the envelope for quadratic (blue) and threshold-linear (red) encoders. The quadratic encoder wins for nearly all
frequencies. The noise-to-signal ratio was 0.25.

C Integral coherence over the range from 1-60 Hz for quadratic (blue) and threshold-linear (red) encoders for different
noise-to-signal ratios. This frequency range includes the behaviorally relevant interval between song pulses (25-30 Hz).
The quadratic encoder wins in particular in the low-noise regime. Results are similar when integrating the coherence over
the full frequency range.

D 150 Hz sine stimulus (intensity 2 mm/s) (top) and CAP (bottom).

E Dominant frequency of the CAP response for sinusoidal stimuli with different frequencies. Lines correspond to peaks at
the stimulus frequency (1f) and its double (2f) (see Fig. S7A).

F Pulse with a carrier frequency of 200 Hz (intensity 2 mm/s) (top) and CAP (bottom).

G Same as E but for pulses with different carrier frequencies (see Fig. S7B).

Quadratic filtering enhances the representation of the song envelope

We first asked whether the quadratic filter improves the representation of the song envelope.
Canonical quadrature-pair filters extract the sound envelope [56]. However, the JON filter does
not operate as a canonical envelope encoder over the low-frequency range occupied by courtship
song (Fig. 2H-L). Instead, it behaves like a linear filter followed by a quadratic nonlinearity, pro-
ducing frequency doubling responses in which each cycle of the carrier generates two response
cycles (Fig. 1B, 2K). We hypothesized that this frequency doubling could nevertheless improve
envelope coding by doubling the temporal sampling of the carrier and thereby better preserving
rapid envelope fluctuations. To test this hypothesis, we set up two simple encoders: one that
squares the stimulus just as in JONs and one that simply thresholds the song waveform (Fig. 5A).



We then quantified how well an optimal linear decoder could reconstruct the song envelope from
the responses of these two encoders under varying levels of response noise. To compare the
encoders fairly, we normalized their outputs to have equal average power before adding noise.
Consistent with our hypothesis, the quadratic encoder transmits more information about the song
envelope than the threshold linear encoder (Fig. 5B, C). Thus, rather than being a by-product of
quadratic encoding, frequency doubling enhances the representation of the song envelope.

Quadratic filtering preserves a simple code for the song carrier

Quadratic encoding of the envelope raises an obvious question: can downstream neurons still
recover the carrier? Linear filtering preserves stimulus frequencies, making carrier reconstruc-
tion straightforward. By contrast, quadratic filtering generates pairwise combinations of input fre-
quencies, including the frequency doubling observed in the CAP. For spectrally complex sounds,
these additional frequencies create ambiguity because it becomes impossible to determine which
frequencies were present in the original stimulus. Courtship song largely avoids this ambiguity
because it is spectrally simple. Over the duration of the quadratic filter, both pulse and sine song
are effectively narrow-band, and their dominant frequencies fall within the phase-locking regime of
JONSs (Fig. 5D,F; compare Fig. 2H-K). In this regime, the quadratic filter's main effect is that of fre-
quency doubling—the dominant frequency in the response is twice the stimulus carrier frequency.
Consequently, the carrier frequency can be recovered simply as half the dominant response fre-
quency for both sine and pulse song [42] (Fig. 5E, G, S7). Consistent with this prediction, down-
stream auditory neurons exhibit sharp frequency tuning [32, 62, 63].
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Figure 6: Divisive normalization improves pattern recognition across intensities.

A Two different noise patterns (blue, red) at eight different intensities (color coded, see legend).

B Responses to the noise patterns in A from the CAP (top) and from QF models with (QF-DN, bottom) and without (QF,
middle) a divisive normalization stage.

C Confusion matrices (color coded, see color bar) showing the classifier output for 4 of the 100, 10 ms-long noise patterns
presented at 8 different intensities. Diagonal entries correspond to correct classification. Classification performance was
quantified using mutual information in bits.

D, E t-SNE visualization of the CAP, QF, and QF-DN responses for 10 different noise patterns, each presented at 8 different
intensities. Responses are color coded by intensity (D) or pattern identity (E) (see legends). In the CAP and in a QF model
with divisive normalization, responses cluster by pattern identity (E, top, bottom). In a model without divisive normalization,
intensity is encoded by the stimulus magnitude, corresponding to the distance from the center of the point cloud (D, middle).
F, G Pattern information across intensities for noise (F) and song (G) patterns. CAP and QF-DN responses contain more
information about pattern across intensities than the QF responses. Dots correspond to individual flies (N=6).

Intensity adaptation for song enables robust pattern recognition

Having shown that quadratic filtering preserves information about both the song envelope and
carrier, we next asked whether divisive normalization preserves these representations across the
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large intensity fluctuations encountered during natural courtship. This is relevant since sound
intensity at the female changes drastically during courtship because of the angle and distance de-
pendence of the arista [40, 64, 65]. To do this, we employed a classifier which uses the Euclidean
distance between responses to classify the identity of short stimulus patterns across intensities
[66]. We first quantified recognition of 100 short noise patterns, each presented at 8 different in-
tensities (Fig. 6A). We analyzed both CAP responses and model responses, allowing us to isolate
the contribution of divisive normalization by removing the DN stage (Fig. 6B,C). Responses from
the CAP and the model with DN cluster primarily by stimulus identity rather than intensity (Fig. 6D,
E, S8). By contrast, responses from the model lacking the DN cluster by intensity rather than
pattern identity. Consequently, pattern information is high for both the CAP and model with DN,
reaching ~85 % of the theoretical maximum (Fig. 6F). For the model without DN, pattern infor-
mation is strongly reduced. Thus, divisive normalization transforms an intensity-dependent neural
representation into an intensity-invariant representation of stimulus identity. Courtship song poses
a more demanding test because adaptation is incomplete: rapid intensity fluctuations can occur
faster than the adaptation process itself [38]. We therefore classified stimulus identity for short song
patterns of different intensities. The model with DN achieved near-perfect classification of song
patterns, whereas removing DN markedly reduced performance (Fig. 6G, S8). Together, these re-
sults demonstrate that the strength and timescale of divisive normalization are well matched to the
statistics of courtship song, enabling robust recognition of song patterns across the large intensity
fluctuations encountered during natural social interactions.
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Discussion

Auditory receptor neurons in Drosophila implement multiple adaptive and nonlinear computations,
including quadratic filtering, adaptive temporal filtering, and adaptation to stimulus mean and vari-
ance. We developed a unified computational model that accurately reproduces responses to both
artificial and natural sounds using only two computational stages—a quadratic filter followed by
divisive normalization (Figs. 1, 2). The model extends previous descriptions that focused on indi-
vidual computations, such as active amplification [27, 48] or mean and variance adaptation [38],
and provides a compact description of JON responses that is independent of the still unknown
molecular implementation. Beyond reproducing JON responses, the model yields two central in-
sights. First, it localizes distinct computations to different stages of auditory processing, separating
adaptive antennal mechanics from neuronal gain control (Figs. 3, 4). Second, it reveals that com-
putations which appear to generate an ambiguous and history-dependent code for arbitrary sounds
instead produce a simple and robust representation of courtship song (Figs. 5, 6). Thus, the func-
tion of these computations can only be understood in the context of the statistics of behaviorally
relevant signals. An important advantage of this computational framework is that it links electro-
physiological measurements directly to computational building blocks. As a consequence, genetic
or pharmacological perturbations can be interpreted in terms of changes in specific computations
rather than simply changes in response amplitude or tuning.

Mechanistic organization of adaptive and nonlinear processing

Our model clarifies how adaptive and nonlinear computations are distributed across the auditory
periphery. Adaptive temporal filtering arises almost entirely from active antennal mechanics. In-
corporating experimentally measured antennal filtering into the model eliminated the intensity de-
pendence of the neuronal filter (Fig. 3), demonstrating that the increase in preferred frequency
with sound intensity originates from adaptive mechanics rather than neuronal processes. This ex-
tends previous work using pure-tone stimulation [43, 47, 60, 61] by showing that adaptive antennal
mechanics account for responses to arbitrary dynamic stimuli, including natural courtship song.

The remaining neuronal filter is largely intensity invariant (Fig. 3G), arguing against substan-
tial contributions from spike generation, spike-frequency adaptation, or axo-axonal interactions to
adaptive temporal filtering [67]. Instead, adaptive temporal filtering likely arises through regulation
of mechanotransduction itself. One possibility is adaptation of the mechanotransducer channels,
such as nompC. Alternatively, gain control may be mediated by accessory components of the
transduction machinery, including inactive and nanchung, which are known to regulate the ac-
tive mechanics of the antennal receiver [45, 68]. Recent work also implicates the voltage-gated
potassium channel Shal (Kv4) in active antennal tuning and auditory mechanotransduction [69].
Although these possibilities remain speculative, the model considerably narrows the range of can-
didate mechanisms.

The model also constrains the origin of the quadratic nonlinearity that gives rise to frequency
doubling (Fig. 2). Although frequency doubling has long been recognized in JON responses [37,
60], its cellular origin remains unresolved. Our analyses show that quadratic filtering acts down-
stream of adaptive mechanical filtering but upstream of divisive normalization (Fig. 3F,G).

Frequency doubling was originally proposed to arise from summation across two receptor pop-
ulations with opposite directional preferences within Johnston’s organ [34]. In this model, one pop-
ulation responds to positive antennal displacements whereas the opposing population responds to
negative displacements, together producing responses at twice the stimulus frequency. However,
more recent anatomical and physiological evidence argues against this interpretation. Frequency
doubling is observed even within subsets of JONs located on one side of Johnston’s organ [70],
and adaptation transfers between positive and negative antennal displacements, suggesting that
both response components arise within individual neurons [27].

Our model is consistent with this latter interpretation. Individual JONs may therefore respond to
both directions of antennal displacement, either because mechanotransduction channels are cou-
pled symmetrically to the cytoskeleton or because distinct channel populations respond preferen-
tially to opposite displacement directions. Distinguishing between these possibilities will ultimately
require recordings from identified individual JONSs.

Our model further separates two mechanistically distinct components of variance adaptation.
First, the delayed suppressive interaction within the quadratic filter suppresses sustained responses
at high frequencies (Fig. 2H-L). This differentiating operation resembles the biphasic filters asso-
ciated with spike generation in olfactory receptor neurons [12, 71] and could similarly arise from
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active conductances during spike initiation. Testing this hypothesis experimentally—for example
by manipulating sodium-to-potassium conductance ratios—would directly examine whether spike
generation contributes to the suppressive component of the filter.

Second, divisive normalization provides gain control across the entire frequency range (Fig. 4).
Because inhibitory interactions between JONs are not known, divisive normalization likely arises
within individual receptor neurons rather than through network interactions, in contrast to many
other examples of divisive normalization [11, 72, 73]. Existing physiological data place variance
adaptation downstream of mechanotransduction and partly after spike generation [38]. The short
adaptation time constant measured here (Fig. 4C) suggests implementation by fast voltage- or
calcium-dependent potassium conductances. Adaptation of subthreshold receptor potentials could
arise through low-threshold potassium channels such as Shaker [74], whereas spike-frequency
adaptation is more likely mediated by high-threshold channels including slowpoke [75] or ether-a-
go-go [76]. More generally, fitting computational models to CAP responses from targeted genetic
perturbations should provide a powerful strategy for assigning specific computations to individual
molecular components.

Adaptive and nonlinear computations simplify the representation of com-
munication signals

Viewed individually, the computations implemented by JONs appear to produce a highly com-
plex neural code. Quadratic filtering generates new frequency components, adaptive temporal
filtering changes frequency tuning with stimulus intensity, and divisive normalization makes sound
intensity coding history dependent. For arbitrary broadband sounds, these transformations indeed
produce an ambiguous representation from which carrier frequency and envelope cannot easily
be reconstructed.

Our analyses show that this apparent complexity largely disappears for the signals that flies ac-
tually use. Courtship song is spectrally narrow-band and occupies the frequency range in which the
quadratic filter behaves as a frequency doubler rather than a canonical envelope detector (Fig. 2H-
L). Consequently, carrier frequency can be recovered simply as half the dominant response fre-
quency (Fig. 5D-G; [42]), while frequency doubling simultaneously improves representation of the
song envelope by increasing its temporal sampling (Fig. 5A—C). Likewise, divisive normalization
removes slow intensity fluctuations arising from changes in the relative position of the male and
female during courtship [40, 64, 65] while preserving the faster envelope fluctuations that define
pulse song (Fig. 6). Thus, computations that appear to increase ambiguity for arbitrary stimuli
instead produce a representation of courtship song that is robust to noise, invariant to behaviorally
irrelevant intensity fluctuations, and straightforward for downstream neurons to decode.

This organization also provides a unified explanation for the dual functions of hearing in flies.
During acoustic threat detection, JONs emphasize rapid increases in sound energy through the
combined action of quadratic filtering and adaptation, providing a simple code for downstream es-
cape circuits [70]. During courtship, the same computations preserve both carrier and envelope
information. Envelope information can be extracted by low-pass filtering, as observed in second-
order auditory neurons [77-79], whereas carrier frequency remains explicitly represented through
frequency doubling. The resulting code is therefore well matched to the natural statistics of com-
munication signals [80].

Efficient coding depends on behavioral goals

Our results illustrate a broader principle for sensory coding. Classical efficient coding theory em-
phasizes maximizing information transmission across ensembles of natural stimuli [4, 7-10, 81].
Judged by this criterion alone, JONs appear inefficient: quadratic filtering introduces ambiguity,
adaptive filtering changes the representation with sound intensity, and divisive normalization dis-
cards information about absolute intensity.

However, animals rarely need to represent arbitrary natural stimuli. Instead, sensory systems
evolved to solve specific behavioral tasks. In Drosophila, these tasks are dominated by acoustic
communication and threat detection. Under these natural stimulus statistics, the computations
implemented by JONs no longer reduce coding efficiency but instead emphasize the stimulus
features most relevant for behavior while suppressing nuisance variables such as slow antennal
movements and intensity fluctuations. In this sense, JONs are not optimized for reconstructing
arbitrary sounds but for robustly extracting behaviorally relevant information.
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More generally, our results suggest that the function of adaptive and nonlinear computations
cannot be evaluated independently of the statistics of the signals they encode. Computations
that appear unnecessarily complex—or even detrimental—when analyzed using generic stimulus
ensembles become both simple and effective once considered in their ecological context.
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Methods

Flies

Virgin females of the Drosophila melanogaster wild-type strain CantonS Tully were used for all
recordings. Flies were sexed and housed in groups of ~10 at 25°C on a 12:12-h light-dark cycle.
All experiments were performed 2-5 days post-eclosion.

Stimulus design and presentation

Stimuli were generated at a sampling frequency of 10 kHz. Band-limited Gaussian noise (from
now on termed “noise”) was produced from a sequence of normally distributed random values by
band-pass filtering using a linear-phase, finite impulse response filter with a passband between
100 Hz and 1000 Hz. The effect of intensity on JON responses was estimated using 5 independent
noise patterns that lasted 5s and were presented at intensities of 1/16, 1/8, ', ¥, 1, 1.5, 2, and
4mm/s (“noise” stimuli in Fig. 1). For probing adaptation, we switched the intensity of the noise
every 100ms in a sequence that contained all transitions between %, %2, 1 and 2mm/s (“step”
stimuli in Fig. 1). The effect of adaptation on intensity tuning was assessed using a noise stimulus
at intensities 4, 2, 1, 2, 4 mm/s (adaptation background) whose intensity was switched every
120 ms for 20 ms to a probe intensity of 1/16, 1/8, %, ', 1, 2, 4, and 8 mm/s (“background” stimuli
in Fig. 1G, H). To minimize artifacts from abrupt changes in sound intensity, each intensity switch
in the step and background stimuli had a duration of 1 ms during which the intensity was linearly
interpolated to the new value. We also assessed responses to natural courtship, recorded from a
Drosophila melanogaster male courting a virgin female [20, 21] (“song” stimuli).

Sound

The sound delivery system consisted of i) the analog output of a DAQ card (PCI-6251, National
Instruments), ii) a 2-channel amplifier (Crown D-75A), iii) a headphone speaker (KOSS, 16 Ohm
impedance; sensitivity, 112dB SPL/1 mW), and iv) a coupling tube (12 cm, diameter: 1 mm).

The stimulus presentation setup was calibrated as in Clemens et al. [78]. Briefly, the amplitude
of pure tones of all frequencies used (100-1000 Hz) was calibrated using a frequency-specific
attenuation value measured using a calibrated pressure gradient microphone (NR23159, Knowles
Electronics Inc., ltasca, IL, USA). To ensure that the temporal pattern of the noise stimuli was
reproduced faithfully, we filtered the presented noise patterns using the inverse of the system’s
transfer function, measured using a pressure microphone (4190-L-001, Bruel & Kjaer) that was
placed at the position of the fly’'s head during recordings.

Electrophysiology

Extracellular recordings were performed using glass electrodes (1.5/2.12 inner/outer diameter,
WPI) pulled with a micropipette puller (Model P-1000, Sutter Instruments). The fly’s wings and
legs were removed under cold anesthesia and the abdomen was subsequently fixed using low-
melting-point wax. The head was fixed by extending and waxing the tip of the proboscis. The
preparation was further stabilized by applying wax or small drops of UV-curable glue to the neck
and the proboscis. The recording electrode was placed in the joint between the second and third
antennal segments and the reference electrode was placed in the eye. Both electrodes were filled
with external saline [82]. The sound delivery tube was placed orthogonal to the arista on the side
from which we recorded JON activity, at a distance of 2mm. The recorded signal was amplified
and band-pass filtered between 5 Hz and 5000 Hz to reduce high-frequency noise and slow base-
line fluctuations induced by spontaneous movement of the antenna (Model 440 Instrumentation
Amplifier, Brownlee Precision). We ensured that the band-pass filter did not distort the recorded
signal; e.g., it did not introduce artefactual response transients. We subsequently digitized the
recorded signal at 10 kHz with the same DAQ card used for stimulus presentation (PCI-6251, Na-
tional Instruments).

Laser Doppler vibrometry

Arista movement was measured using laser Doppler vibrometry (Polytec OFV534 laser unit, OF V-
5000 vibrometer controller, Physik Instrumente, low-pass 5 kHz).
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Data analysis
Pre-processing

The instantaneous amplitude of the CAP was estimated from the envelope of the recorded signal
as the magnitude of the Hilbert transform (Fig. S6A). Tuning curves from the “background” stimuli
were obtained by averaging the CAP amplitude over the first 8 ms of the probe intensities (see
stimulus description above).

Adaptation time scale and strength

The adaptation time scale was estimated from the CAP amplitude traces by fitting an exponen-
tial function r(t) = rop + rmax €xp(—t/7) to the falling/rising phases of positive/negative transients
following intensity changes in the “step” stimuli (Fig. S6C).

Modelling
Model Structure

To reproduce the transfer function from stimulus waveform to CAP waveform, we used a dis-
cretized Volterra series truncated at second order, comprising a constant term hy, a linear term h;,
a quadratic term H,, and a residual term ¢(t):

L—1
y(t)=ho+ > hi(r)s(t—7)+ D > Hao(ri,m2)s(t — m1)s(t —m2) + €(t), L =100.
=0 =012=

s(t) and y(t) are the stimulus and the CAP response, respectively. hy describes a constant
offset or bias. h; is a linear filter and describes how stimulus values 7 time steps into the past are
weighted in the response. H, is a quadratic filter and describes how products of stimulus values at
two different time steps in the past, 7; and 7, are weighted in the response. The linear models in
this paper only include the hy and h; terms. The quadratic filter model (QF) consists of all terms up
to and including H,. The temporal support of the filters h; and H., which describes the memory of
the system, was setto 10 ms (L = 100 samples). Model performance saturated at this duration—
in initial tests, a longer temporal support did not improve model performance. This is confirmed by
the lack of filter structure in h; and H, for 7 > 8 ms (Fig. 2A).

Model fitting

The individual terms of the model—hy, h;, and H,—were estimated using linear regression: y'(t) =
o(t)w, where y’ is the predicted response and w is a concatenation of the model coefficients:
[ho, h1, hy]. Exploiting the symmetry of the quadratic filter, H> (77, 72) = Hz(12,71), hy is a vector
containing all upper triangular values including the diagonal of H, (r; > 75). Equivalently, o (t) is
a concatenation of the inputs for each of the model terms: [sp,s;,sz]. For the bias hy, the input
sp = 1. For the linear filter h;, the input s; (7) corresponds to the stimulus in the 10 ms preceding
the response time t: s;(7) = s(t—7) forT = 0,...,L—1. To reduce the number of filter coefficients
to be estimated, we projected s; onto a basis composed of 50 Gaussian bumps with a standard de-
viation of 0.2 ms (2 samples) and a spacing of 0.2 ms (2 samples), with the first bump at 0 ms and
the last bump at 9.8 ms. For the input values to H,, we took the outer product of the stimulus values
in the 10 ms (100 samples) preceding the response to be predicted: S>(71,72) = s(t —71)s(t — 72).
To reduce the number of filter coefficients, we projected each matrix onto a basis composed of
two-dimensional Gaussian bumps, each bump with a standard deviation of 0.3 ms (3 samples)
and a spacing of 0.2 ms (2 samples) (cf. Rajan et al. [56]). We exploited the symmetry of S, and
kept only the unique values of S, for which 7; > 75, flattened into a vector s,. The projection onto
Gaussian bump bases and the exploitation of symmetry reduced the number of free parameters
from 1 +100+100x 100=10,101t01+ 50+ (50%+50)/2 =1,326.

All filter coefficients were then fitted using ridge regression. Ridge regression minimizes the
mean-squared error between the data and the predicted responses and the norm of the filter co-
efficients: Y, (y — y')? + a>_; w? [83]. The first term increases the match between the data and
the model, the second term penalizes filter weights that do not contribute to improving this match.
« controls the influence of the penalty term and was chosen using methods and code from [84].
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Since song is relatively sparse, we only used samples that were within +100 ms of song for model
fitting and evaluation. For visualization and analysis of the filters, h; and H, were projected from
the basis of Gaussian bumps back into the temporal domain.

For linear-nonlinear models, which only contain the first two terms (hy, h;), we estimated an
output nonlinearity based on methods described in [49]. For the quadratic models, the nonlinearity
was approximately linear and did not improve performance. We therefore omitted that step to
simplify model interpretation.

Fitting the antennal filters and the antQF model

The transfer function from stimulus to antennal movement for each intensity was fitted as a dis-
cretized Volterra series with terms hy and h;. This model typically explained more than 90 % of the
variance in antennal responses to noise (Fig. S4C). To account for intensity-dependent antennal
filters in the quadratic model, the intensity-specific antennal filters obtained from one animal were
used to pre-filter the stimulus before fitting the quadratic model. This was necessary because
simultaneous measurement of antennal movement and CAP responses was not possible in our
rig. However, antennal filters are virtually identical across animals (pairwise Pearson correlation
of the filters r = 0.97 £ 0.03 across N = 5 flies; filters from different intensities were concatenated
before calculating the correlations).

Fitting QF-DN

The divisive normalization (DN) stage has the form x’ = x/(1/6 + v), where ~ is the gain-control
signal that divides the input x and is given by (t) = £ [* [x(t — v)| e~*/" dv. 7 is the adaptation
time constant. The adaptation kernel was normalized to have an integral of 1.0 to make the mag-
nitude of the gain control signal independent of . The input to the DN stage, x, is the output of the
quadratic filter. The QF-DN model was fitted using an iterative procedure: We initialized the filter
by fitting a QF model without the DN stage to the data using ridge regression. Then, we optimized
the parameters of the DN stage, 6 and 7, by minimizing the mean-squared error between the CAP
and the model prediction using the MATLAB function “fmincon”, holding the filter coefficients con-
stant. Lastly, we optimized the filter coefficients, holding the DN parameters constant. The model
parameters typically converged after 1-2 cycles of fitting the parameters of the DN stage and the
filter. During fitting, only the magnitude, not the structure, of the filter changed from its initialization.

Estimation of nonlinearities

The nonlinearity for the LN model shown in Fig. 1C was calculated by filtering the stimulus with
the linear filter. We then binned the filtered stimulus values, choosing the 24 bin edges such that
each bin was populated with the same number of samples. The x and y values of the nonlinearity
were given by the average filtered stimulus and CAP values for each bin.

Model evaluation

Model performance was quantified using the squared Pearson correlation coefficient between the
CAP and the model predictions. Initial experiments with cross-validation showed that training and
test performance are within +1 % of each other.

To further rule out overfitting, we compared model performance using the Bayesian Information
Criterion, which penalizes models with more parameters: BIC = NIn(E) + KIn(N) [85]. E is
the mean-squared error between the CAP and the model predictions, K is the number of model
parameters plus 1 for the error variance, and N is the number of samples.

QN representations

To gain insight into the computational structure of the quadratic filter, we represented H, using its
eigenvalue decomposition: H, = >, 0;v;v], where the v; and o; are the eigenvectors and their
associated eigenvalues [51, 52]. This representation is useful, since H, is typically low rank; that is,
a few eigenvector-eigenvalue pairs are sufficient to reconstruct H, with sufficient fidelity (Fig. S1).
This representation is equivalent to a bank of linear-nonlinear models with filters v; and quadratic
nonlinearities y’ = 37, 07 (3 vi(7)s(t — 7))°.

17



Filter cutoff frequency

The cutoff frequency of linear filters was computed in the frequency domain by first computing
the filter's power spectrum and then determining the frequency at which the power spectrum falls
below 0.5 of its maximum.

Subspace overlap

To compare quadratic filters fitted to different stimuli in a manner that is robust to noise, we com-
puted the overlap between the subspaces spanned by the four leading eigenvectors. Specifically,
given two quadratic filters A and B, with eigenvectors v/ and vZ, the cumulative overlap between

i J

271/2
the pairs of the K largest eigenvectors is given by {,1( Zf.‘zl ZJ-K=1 ((VA)TVB) } (Fig. S3D) [86].

Envelope reconstruction

To assess the contribution of the quadratic filter to encoding the envelope, we compared the per-
formance of two simple encoders: a rectified-linear encoder, which thresholds the stimulus at 0,
and a quadratic encoder, which squares the stimulus. For a stimulus that is symmetric around O,
the quadratic encoder produces more response energy because the rectified-linear encoder cuts
off all negative stimulus components. We therefore normalized the output of each of the encoders
to unit norm. Gaussian noise with standard deviation o was then added to the normalized outputs
and the coherence between the model output, r, and the original envelope, s, was estimated from
the stimulus: G, (f) = Ps,P.s/(PssP,.) for different noise-to-signal ratios as a measure of decoding
accuracy.

Pattern classification

For pattern classification, we used a leave-one-out nearest-neighbor classifier. Each of the 100,
10 ms-long response patterns was selected as a template and assigned to the class of its nearest
neighbor, based on the Euclidean distance to the 99 non-template patterns [87]. For the song,
we used 10 different response patterns, each lasting 100 ms. The longer patterns were chosen
because 10 ms barely exceeds the duration of a single song pulse. The classification resulted in
a confusion matrix p(s,s’), which tabulates the joint probability with which a response elicited by
stimulus s was classified as having been elicited by one of the stimuli s’. The mutual information
of p serves as a lower bound on the mutual information between stimulus and response: /(s, r) >
I(s,s") = > s p(s,s")10g, %‘f&). I(s,s") = 0 if and only if p(s,s’) = p(s)p(s’); that is, if the
actual and classified stimulus identities are statistically independent. The maximal value of /(s, s)
is given by the log, of the number of stimulus classes (log,(100) = 6.64 for noise patterns,
log,(10) = 3.32 for song patterns, log,(8) = 3 for intensity) for a perfect, one-to-one mapping
between actual and classified stimulus. We visualized the similarity structure of the representations
using t-SNE of a random subset of 10 patterns [88].
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Figure S1: Eigenvalue decomposition and low-rank approximation of the quadratic filter H».

A Quadratic filter fitted to a noise stimulus (intensity 0.5 mm/s).

B, C Eigenvalue spectrum of H, (B) and cumulative sum of squared eigenvalues (C). The latter corresponds to the fraction
of variance in H, explained. The four eigenvalues with the largest absolute values are marked in color.

D Performance of QF models using different low-rank approximations of H>. The rank corresponds to the number of
eigenvalues used for representing the quadratic filter, equivalent to the number of LN models in the filter bank. The leftmost
bar (pink) corresponds to a rank-0 model that contains only a bias and linear term, but no quadratic terms. A rank-4 model
(with 4 LN models, black outline) is the simplest model with performance close to that of the original full-rank model. Bars
show mean over flies and dots show values for individual flies connected by lines (N=6 flies).

E Model with the lowest score of the Bayesian Information Criterion (BIC) for the four stimulus types. The BIC score is a
measure of performance that penalizes models with more parameters. The QF-DN model has the lowest BIC score for all
stimuli, which confirms the result of our r?-based performance analysis (Fig. 1G, H). Individual points correspond to flies.
Numbers of flies for noise/step/background/song are 6/5/9/5.

F—l Outer product matrix, V; = v;v], of each of the four leading eigenvectors. The waveforms aligned with the x and y
axes show the eigenvectors v; (right).

J, K Sum of the outer-product matrices (weighted by the eigenvalues) for the excitatory (J, o1 V1 + o2 V>) and suppressive
(K, o3 V3 + 04 Vy) eigenvector pairs. The matrix in K is sign-inverted, since o3 and o4 are negative (see B).

L A rank-4 approximation, given by the sum of all 4 outer products Z,f’zl oV, yields a good reconstruction of H, (compare
A, D).

21



V1 V2 V3 V4

— 1/32
— 1/16
—1/8

o sy 7T 1.2 w800
Gabor fit = g . E e » 8 =
original filter
9 5 § 06 & 400
P A = 5 o}
VA VA > © >
S o
T 0 o
V1 V2 V3 V4 Vivavave
eigenvector
4
stimulus o
[mm/s] 5ms
0 d
. 14
normalized
model ﬁ | \l\
response ! ]
o \~ N

Figure S2: Performance, Gabor parameters, and responses to static stimuli.

A The waveforms show an example fit (red) to one of the filters (black). The orange trace shows the Gaussian envelope

of the filter.

B The performance r? for the fits of the Gabor filters to the eigenvectors v;—v,4 of H».

C, D Duration (C) and carrier frequency (D) of the Gabor filters fitted to v;—v4. Dots show recordings of individual flies,

connected by lines (N=6 flies) in B-D.

E QF output (bottom, normalized to peak at 1.0) for the static step stimuli with different intensities (top, intensity is color
coded, see legend). The QF responds to the onsets and offsets of the step stimuli. This lack of responses to static stimuli

is a correlate of mean adaptation.
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Figure S3: The filters of models fitted to different stimuli are similar.

A, B Quadratic filter (A) and four leading eigenvectors v;—v,4 (B) for the four stimulus types used in this study.

C Normalized eigenvalues of the QFs in A for the four stimulus types (“bg” = “background” stimulus). The four eigenvalues
for each stimulus type were normalized to unit norm to account for differences in filter magnitude. Lines and error bars
indicate mean =+ std over flies. The relative amplitude of the eigenvalues is independent of stimulus type.

D The subspace overlap measures the match of the hyperplane spanned by the four filters of models fitted to different
stimuli (B). We take the filters fitted to noise as the reference. Triangles correspond to the subspace overlap for filters
estimated for the same stimuli in different flies and reflect inter-individual variability. Circles indicate the overlap of filters
estimated for different stimuli with those estimated for noise. N=6/5/9/5 flies for noise/step/background/song. The filter
structure is robust to the stimulus type, indicated by the strong overlap between the subspaces spanned by filters fitted to
different stimuli.
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Figure S4: Model structure and performance for different intensities.

A Eigenvalues of the QF, o;—04, fitted to noise stimuli of different intensities.

B Performance (r?) of the QF (black) and the antQF (blue) for different intensities. Each line marks the performance for
a given fly. Except for one outlier recording both models perform identically, highlighting the computational equivalence of
the QF and the antQF models.

C Performance of the linear filter model that describes the transformation from sound stimulus to antennal position for each
intensity. Each line marks the model performance for a given fly across intensities.

D Eigenvalues ¢ (brown) and o/, (green) of the antQF model for different intensities.

Lines and error bars in A and D indicate mean + SD over 6 flies.
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Figure S5: Antennal mechanics do not contribute to variance adaptation.

A, B The gain (standard deviation) of responses from the antenna (A) and the CAP (B) to noise stimuli with different
intensities. While CAP responses change little with intensity, indicating intensity invariance (horizontal green line) created
by variance adaptation, antennal responses linearly scale with the intensity (purple line), indicating a lack of variance
adaptation.

C Responses of the antenna (middle) and the CAP (bottom) to a step in noise intensity (top). Thin grey lines indicate the
signal waveform and thick black lines the signal envelope. Only the CAP produces transient responses to the intensity
step, indicating a lack of variance adaptation in the antenna.
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Figure S6: The model reproduces the asymmetrical dynamics and the sensitivity effects of adaptation.

A-B Response magnitudes (CAP envelopes) for white noise with intensity steps (top) in the CAP (A) and the QF-DN model
(B). Both the CAP and the model exhibit asymmetrical adaptation dynamics: Relaxation to steady state is fast for positive
steps (yellow hues) and slower for negative steps (blue hues). See legend in C for color code.

C The effective adaptation time constants in CAP and model responses are larger—adaptation is slower—for negative
steps than for positive steps (blue and yellow points, respectively; see legend). Note that this is despite the model having
a single, fixed parameter for adaptation speed (B). P-values from one-sided sign test (matched pairs are stimuli with same
step size with different signs, black lines) for model and data.

D, E Linear adaptation signal (D) and the effective adaptation gain (E), given by the log of the adaptation signal for the
model responses in B. Vertical lines in D mark the beginning and end of the adaptation transients from the modelin D. While
the adaptation signal itself is relatively symmetrical for increases and decreases in intensity (D), the effective adaptation
gain—proportional to the logarithm of the adaptation signal—exhibits the asymmetrical dynamics of the CAP (E).

F, G Intensity tuning curves of the CAP (F) and the QF-DN model (G), adapted to different background intensities (color
code, see legend). Tuning curves are plotted on an absolute intensity scale (left, vertical colored lines indicate background
intensities) and with intensity given relative to the background (vertical black line at 1.0 depicts the background). In both
the model and the data, tuning curves shift in proportion to the background intensity.
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Figure S7: Decoding the carrier frequency of sine and pulse song from CAP responses.

A, B CAP power spectra for sine tones (A) and pulses (B) with different carrier frequencies (y-axis) (spectral power of the
CAP is color coded, see color bars). The carrier frequency and its double are marked as stars and open circles, respectively.
The frequency of maximum CAP power is marked with a red dot. See Fig. 5D-G. In the frequency range occupied by song
(100-500 Hz), the CAP oscillates at twice the carrier frequency for both pulse and sine. For higher frequencies, responses
are either weak (A) or oscillate at very low frequencies (B).
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Figure S8: Divisive normalization improves pattern recognition across intensities for song.

A Two different song patterns (blue, red) at eight different intensities (color coded, see legend).

B Responses to the song patterns in A from QF models with (QF-DN, bottom) and without (QF, top) a divisive normalization
stage.

C, D t-SNE visualization of the QF and QF-DN responses for 10 different song patterns, each presented at 8 different
intensities. Responses are color coded by intensity (C) or pattern identity (D) (see legends). In the QF model with divisive
normalization, responses cluster by pattern identity (D, bottom). In the model without divisive normalization, intensity is
encoded by the stimulus magnitude, corresponding to the distance from the center of the point cloud (C, top).

26



References

(1]

(2]

(3]

[13]
[14]
[18]
[16]

[17]

(8]

[19]
[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

D. B. Kastner and S. A. Baccus. “Insights from the Retina into the Diverse and General Computations of Adaptation,
Detection, and Prediction”. In: Current Opinion in Neurobiology 25 (Apr. 2014), pp. 63—-69. pol: 10.1016/j .conb.
2013.11.012.

K. 1. Nagel and A. J. Doupe. “Temporal Processing and Adaptation in the Songbird Auditory Forebrain”. In: Neuron
51.6 (2006), pp. 845-859. pOI: 10.1016/j .neuron.2006.08.030.

J. Benda and M. R. Hennig. “Spike-Frequency Adaptation Generates Intensity Invariance in a Primary Auditory
Interneuron”. In: Journal of Computational Neuroscience 24.2 (2008), pp. 113-136. poi: 10.1007/s10827-007 -
0044-8.

A. L. Fairhall, G. D. Lewen, W. Bialek, and D. Ruyter. “Efficiency and Ambiguity in an Adaptive Neural Code”. In:
Nature 412.6849 (2001), pp. 787—792. por: 10.1038/412787a0.

I. M. Finn, N. J. Priebe, and D. Ferster. “The Emergence of Contrast-Invariant Orientation Tuning in Simple Cells of
Cat Visual Cortex.” In: Neuron 54.1 (2007), pp. 137—152. poi: 10.1016/j .neuron.2007.02.029.

S. Gorur-Shandilya, M. Demir, J. Long, D. a Clark, and T. Emonet. “Olfactory Receptor Neurons Use Gain Control
and Complementary Kinetics to Encode Intermittent Odorant Stimuli”. In: eLife 6 (June 2017), e27670. pol: 10.
7554/elLife.27670.

S. B. Laughlin. “A Simple Coding Procedure Enhances a Neuron&apos;s Information Capacity.” In: 36.9-10 (1981),
pp. 910-912.

J. J. Atick and A. N. Redlich. “Towards a Theory of Early Visual Processing”. In: Neural computation 2.3 (1990),
pp. 308-320.

F. Attneave. “Some Informational Aspects of Visual Perception.” In: Psychological review 61.3 (1954), pp. 183—193.
H. B. Barlow. Possible Principles Underlying the Transformations of Sensory Messages. 1961.

M. Carandini and D. J. Heeger. “Normalization as a Canonical Neural Computation.” In: Nature Reviews Neuro-
science 13.1 (Jan. 2012), pp. 51-62. poi: 10.1038/nrn3136.

K. I. Nagel and R. I. Wilson. “Biophysical Mechanisms Underlying Olfactory Receptor Neuron Dynamics”. In: Nature
neuroscience 14.2 (2011), pp. 208—216. pol: 10.1038/nn.2725.

L. Zhaoping. “Theoretical Understanding of the Early Visual Processes by Data Compression and Data Selection”.
In: Network: Computation in Neural Systems 17.1 (2006), pp. 301-334. poi: 10.1080/09548980600931995.

K. V. Haak and J. Mesik. “Adaptation, the Coding Catastrophe and Disaster Management in Natural Vision”. In: J.
Neurosci. 36.36 (Sept. 2016), pp. 9286-9288. pol: 10.1523/IJNEUROSCI . 1956-16.2016.

P. Seriés, A. A. Stocker, and E. P. Simoncelli. “Is the Homunculus &apos;&apos;Aware&apos;&apos; of Sensory
Adaptation?” In: Neural computation 21.12 (2009), pp. 3271-3304. poi: 10.1162/neco.2009.09-08-869.

C. J. Whitmire and G. B. Stanley. “Rapid Sensory Adaptation Redux: A Circuit Perspective”. In: Neuron 92.2 (Oct.
2016), pp. 298-315. pOI: 10.1016/j .neuron.2016.09.046.

E. Zavitz, H.-H. Yu, E. G. Rowe, M. G. P. Rosa, and N. S. C. Price. “Rapid Adaptation Induces Persistent Biases in
Population Codes for Visual Motion.” In: Journal of Neuroscience 36.16 (Apr. 2016), pp. 4579-4590. poi: 10.1523/
JNEUROSCI.4563-15.2016.

K. J. Hildebrandt, B. Ronacher, R. M. Hennig, and J. Benda. “A Neural Mechanism for Time-Window Separation
Resolves Ambiguity of Adaptive Coding”. In: PLoS Biology 13.3 (Mar. 2015). Ed. by J. Ashe, €1002096. por: 10.
1371/ journal.pbio.1002096.

A. Gomez-Marin and A. A. Ghazanfar. “The Life of Behavior”. In: Neuron 104.1 (Oct. 2019), pp. 25-36. pol: 10.
1016/j .neuron.2019.09.017.

P. Coen, J. Clemens, A. J. Weinstein, D. A. Pacheco, Y. Deng, and M. Murthy. “Dynamic Sensory Cues Shape Song
Structure in Drosophila.” In: Nature 507.7491 (Mar. 2014), pp. 233-237. por: 10.1038/nature13131.

B. J. Arthur, T. Sunayama-Morita, P. Coen, M. Murthy, and D. L. Stern. “Multi-Channel Acoustic Recording and
Automated Analysis of Drosophila Courtship Songs”. In: BMC Biology 11.1 (2013), p. 11. poi: 10.1186/1741-
7007-11-11.

J. Clemens, P. Coen, F. A. Roemschied, T. D. Pereira, D. Mazumder, D. E. Aldarondo, D. A. Pacheco, and M.
Murthy. “Discovery of a New Song Mode in Drosophila Reveals Hidden Structure in the Sensory and Neural Drivers
of Behavior”. In: Current biology 28.15 (Aug. 2018), 2400-2412.e6. poI: 10.1016/j.cub.2018.06.011.

D. Deutsch, J. Clemens, S. Y. Thiberge, G. Guan, and M. Murthy. “Shared Song Detector Neurons in Drosophila
Male and Female Brains Drive Sex-Specific Behaviors”. In: Current biology 29.19 (Oct. 2019), 3200-3215.€5. poi:
10.1016/j.cub.2019.08.008.

X. Li, H. Ishimoto, and A. Kamikouchi. “Auditory Experience Controls the Maturation of Song Discrimination and
Sexual Response in Drosophila”. In: eLife 7 (Mar. 2018), €34348. poi: 10.7554/eLife.34348.

M. Versteven, L. Vanden Broeck, B. Geurten, L. Zwarts, L. Decraecker, M. Beelen, M. C. Gopfert, R. Heinrich, and P.
Callaerts. “Hearing Regulates Drosophila Aggression.” In: Proceedings of the National Academy of Sciences 114.8
(Feb. 2017), pp. 1958—1963. pol: 10.1073/pnas.1605946114.

T. Hindmarsh Sten, R. Li, F. Hollunder, S. Eleazer, and V. Ruta. “Male-Male Interactions Shape Mate Selection in
Drosophila”. In: Cell (Feb. 2025), S0092867425000376. 1ssN: 00928674. poi: 10.1016/j.cell.2025.01.008.

B. P. Lehnert, A. E. Baker, Q. Gaudry, A.-S. Chiang, and R. |. Wilson. “Distinct Roles of TRP Channels in Auditory
Transduction and Amplification in Drosophila.” In: Neuron 77.1 (Jan. 2013), pp. 115-128. poi: 10.1016/j .neuron.
2012.11.030.

J. S.-Y. Lai, S.-J. Lo, B. J. Dickson, and a.-S. Chiang. “Auditory Circuit in the Drosophila Brain”. In: Proceedings of
the National Academy of Sciences 109.7 (2012). pol: 10.1073/pnas.1117307109.

27


https://doi.org/10.1016/j.conb.2013.11.012
https://doi.org/10.1016/j.conb.2013.11.012
https://doi.org/10.1016/j.neuron.2006.08.030
https://doi.org/10.1007/s10827-007-0044-8
https://doi.org/10.1007/s10827-007-0044-8
https://doi.org/10.1038/412787a0
https://doi.org/10.1016/j.neuron.2007.02.029
https://doi.org/10.7554/eLife.27670
https://doi.org/10.7554/eLife.27670
https://doi.org/10.1038/nrn3136
https://doi.org/10.1038/nn.2725
https://doi.org/10.1080/09548980600931995
https://doi.org/10.1523/JNEUROSCI.1956-16.2016
https://doi.org/10.1162/neco.2009.09-08-869
https://doi.org/10.1016/j.neuron.2016.09.046
https://doi.org/10.1523/JNEUROSCI.4563-15.2016
https://doi.org/10.1523/JNEUROSCI.4563-15.2016
https://doi.org/10.1371/journal.pbio.1002096
https://doi.org/10.1371/journal.pbio.1002096
https://doi.org/10.1016/j.neuron.2019.09.017
https://doi.org/10.1016/j.neuron.2019.09.017
https://doi.org/10.1038/nature13131
https://doi.org/10.1186/1741-7007-11-11
https://doi.org/10.1186/1741-7007-11-11
https://doi.org/10.1016/j.cub.2018.06.011
https://doi.org/10.1016/j.cub.2019.08.008
https://doi.org/10.7554/eLife.34348
https://doi.org/10.1073/pnas.1605946114
https://doi.org/10.1016/j.cell.2025.01.008
https://doi.org/10.1016/j.neuron.2012.11.030
https://doi.org/10.1016/j.neuron.2012.11.030
https://doi.org/10.1073/pnas.1117307109

[29]

[30]
[31]

[32]

[33]
[34]
[35]

[36]

[37]
[38]
[39]

[40]

[41]
[42]
[43]
[44]
[45]

[46]

[47]

(48]
[49]
[50]
[51]

[52]

(53]
[54]
[58]
[56]

[57]

H. Kim, M. Horigome, Y. Ishikawa, F. Li, J. S. Lauritzen, G. Card, D. D. Bock, and A. Kamikouchi. “Wiring Patterns
from Auditory Sensory Neurons to the Escape and Song-relay Pathways in Fruit Flies”. In: J Comp Neurol (Feb.
2020), cne.24877.

S. Dorkenwald et al. “Neuronal Wiring Diagram of an Adult Brain”. In: Nature 634.8032 (Oct. 2024), pp. 124—138.
ISSN: 0028-0836, 1476-4687. DoI: 10.1038/s41586-024-07558-y.

P. Schlegel et al. “Whole-Brain Annotation and Multi-Connectome Cell Typing of Drosophila”. In: Nature 634.8032
(Oct. 2024), pp. 139—152. 1ssN: 0028-0836, 1476-4687. pol: 10.1038/s41586-024-07686-5.

C. A. Baker, C. McKellar, R. Pang, A. Nern, S. Dorkenwald, D. A. Pacheco, N. Eckstein, J. Funke, B. J. Dickson, and
M. Murthy. “Neural Network Organization for Courtship-Song Feature Detection in Drosophila”. In: Current Biology
32.15 (Aug. 2022), 3317-3333.e7. 1ssN: 09609822. pol: 10.1016/j.cub.2022.06.019.

S. Berg et al. Sexual Dimorphism in the Complete Connectome of the Drosophila Male Central Nervous System.
Oct. 2025. pol: 10.1101/2025.10.09.680999.

A. Kamikouchi, H. K. Inagaki, T. Effertz, O. Hendrich, A. Fiala, M. C. Gépfert, and K. lto. “The Neural Basis of
Drosophila Gravity-Sensing and Hearing.” In: Nature 458.7235 (2009), pp. 165—171. poi: 10.1038/nature07810.

A. Kamikouchi, T. Shimada, and K. E. I. Ito. “Comprehensive Classification of the Auditory Sensory Projections in
the Brain of the Fruit Fly Drosophila Melanogaster”. In: 356.April (2006), pp. 317—-356. por: 10.1002/cne.

S. Yorozu, A. Wong, B. J. Fischer, H. Dankert, M. J. Kernan, A. Kamikouchi, K. lto, and D. J. Anderson. “Distinct Sen-
sory Representations of Wind and Near-Field Sound in the Drosophila Brain.” In: Nature 458.7235 (2009), pp. 201—
205. pol: 10.1038/nature07843.

J. T. Albert, B. Nadrowski, and M. C. Gépfert. “Mechanical Signatures of Transducer Gating in the Drosophila Ear.”
In: Current biology 17.11 (2007), pp. 1000—-1006. po1: 10.1016/j.cub.2007.05.004.

J. Clemens, N. Ozeri-Engelhard, and M. Murthy. “Fast Intensity Adaptation Enhances the Encoding of Sound in
Drosophila”. In: Nature communications 9.1 (Jan. 2018), p. 134. poi: 10.1038/s41467-017-02453-9.

H. C. Bennet-Clark. “Acoustics of Insect Song”. In: Nature 234.5327 (Dec. 1971), pp. 255-259. por: 10 . 1038/
234255a0.

E. L. Morley, T. Steinmann, J. Casas, and D. Robert. “Directional Cues in Drosophila Melanogaster Audition: Struc-
ture of Acoustic Flow and Inter-Antennal Velocity Differences”. In: The Journal of experimental biology 215.14 (2012),
pp. 2405-2413.

D. F. Eberl, R. W. Hardy, and M. J. Kernan. “Genetically Similar Transduction Mechanisms for Touch and Hearing in
Drosophila.” In: J. Neurosci. 20.16 (Aug. 2000), pp. 5981-5988.

S. Tootoonian, P. Coen, R. Kawai, and M. Murthy. “Neural Representations of Courtship Song in the Drosophila
Brain”. In: Journal of Neuroscience 32.3 (2012), pp. 787-798. pol: 10.1523/JNEUROSCI.5104-11.2012.

B. Nadrowski and M. C. Gépfert. “Level-Dependent Auditory Tuning”. In: Communicative &amp; Integrative Biology
2.1 (Oct. 2014), pp. 7-10. poI: 10.4161/cib.2.1.7299.

J. T. Albert and A. S. Kozlov. “Comparative Aspects of Hearing in Vertebrates and Insects with Antennal Ears”. In:
Current biology 26.20 (Oct. 2016), R1050—-R1061. por: 10.1016/j.cub.2016.09.017.

M. C. Gopfert, J. T. Albert, B. Nadrowski, and A. Kamikouchi. “Specification of Auditory Sensitivity by Drosophila
TRP Channels.” In: Nature neuroscience 9.8 (Aug. 2006), pp. 999—-1000. por: 10.1038/nn1735.

M. C. Gopfert, A. D. L. Humphris, J. T. Albert, D. Robert, and O. Hendrich. “Power Gain Exhibited by Motile
Mechanosensory Neurons in Drosophila Ears.” In: Proceedings of the National Academy of Sciences of the United
States of America 102.2 (Jan. 2005), pp. 325-330. por: 10.1073/pnas.0405741102.

M. C. Gopfert and D. Robert. “Motion Generation by Drosophila Mechanosensory Neurons.” In: Proceedings of the
National Academy of Sciences of the United States of America 100.9 (Apr. 2003), pp. 5514-5519. poi: 10.1073/
pnas.0737564100.

B. Nadrowski, J. T. Albert, and M. C. Gépfert. “Transducer-Based Force Generation Explains Active Process in
Drosophila Hearing”. In: Current biology 18.18 (2008), pp. 1365—-1372.

O. Schwartz, J. W. Pillow, N. C. Rust, and E. P. Simoncelli. “Spike-Triggered Neural Characterization.” In: Journal of
vision 6.4 (2006), pp. 484-507. po1: 10.1167/6.4.13.

T. O. Sharpee. “Computational Identification of Receptive Fields.” In: Annual Review of Neuroscience 36 (July 2013),
pp. 103—120. por: 10.1146/annurev-neuro-062012-170253.

P. Berkes and L. Wiskott. “Analysis and Interpretation of Quadratic Models of Receptive Fields.” In: Nature Protocols
2.2 (2007), pp. 400-407. por: 10.1038/nprot.2007.27.

E. R. Lewis, K. R. Henry, and W. M. Yamada. “Tuning and Timing of Excitation and Inhibition in Primary Audi-
tory Nerve Fibers”. In: Hearing Research 171.1 (Sept. 2002), pp. 13-31. issN: 0378-5955. por: 10.1016/S0378-
5955(02) 00290-3.

N. C. Rust, O. Schwartz, J. A. Movshon, and E. P. Simoncelli. “Spatiotemporal Elements of Macaque v1 Receptive
Fields.” In: Neuron 46.6 (2005), pp. 945-956. pol: 10.1016/j .neuron.2005.05.021.

B. Tian, P. Kusmierek, and J. P. Rauschecker. “Analogues of Simple and Complex Cells in Rhesus Monkey Auditory
Cortex.” In: Proceedings of the National Academy of Sciences (Apr. 2013). pol: 10.1073/pnas.1221062110.

A. Borst and M. Helmstaedter. “Common Circuit Design in Fly and Mammalian Motion Vision”. In: Nature neuro-
science 18.8 (Aug. 2015), pp. 1067—1076. poi: 10.1038/nn.4050.

K. Rajan, O. Marre, and G. Tkacik. “Learning Quadratic Receptive Fields from Neural Responses to Natural Stimuli.”
In: Neural computation (Apr. 2013). pol: 10.1162/NEC0_a_00463.

J. Clemens, S. Wohlgemuth, and B. Ronacher. “Nonlinear Computations Underlying Temporal and Population
Sparseness in the Auditory System of the Grasshopper.” In: Journal of Neuroscience 32.29 (July 2012), pp. 10053—
10062. pol: 10.1523/JNEUROSCI.5911-11.2012.

28


https://doi.org/10.1038/s41586-024-07558-y
https://doi.org/10.1038/s41586-024-07686-5
https://doi.org/10.1016/j.cub.2022.06.019
https://doi.org/10.1101/2025.10.09.680999
https://doi.org/10.1038/nature07810
https://doi.org/10.1002/cne
https://doi.org/10.1038/nature07843
https://doi.org/10.1016/j.cub.2007.05.004
https://doi.org/10.1038/s41467-017-02453-9
https://doi.org/10.1038/234255a0
https://doi.org/10.1038/234255a0
https://doi.org/10.1523/JNEUROSCI.5104-11.2012
https://doi.org/10.4161/cib.2.1.7299
https://doi.org/10.1016/j.cub.2016.09.017
https://doi.org/10.1038/nn1735
https://doi.org/10.1073/pnas.0405741102
https://doi.org/10.1073/pnas.0737564100
https://doi.org/10.1073/pnas.0737564100
https://doi.org/10.1167/6.4.13
https://doi.org/10.1146/annurev-neuro-062012-170253
https://doi.org/10.1038/nprot.2007.27
https://doi.org/10.1016/S0378-5955(02)00290-3
https://doi.org/10.1016/S0378-5955(02)00290-3
https://doi.org/10.1016/j.neuron.2005.05.021
https://doi.org/10.1073/pnas.1221062110
https://doi.org/10.1038/nn.4050
https://doi.org/10.1162/NECO_a_00463
https://doi.org/10.1523/JNEUROSCI.5911-11.2012

[58]
[59]
[60]
[61]
[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]
[72]
[73]
[74]
[75]

[76]

[77]

[78]

[79]

(80]

(81]
[82]

(83]
(84]

K. Rajan and W. Bialek. “Maximally Informative Stimulus Energies in the Analysis of Neural Responses to Natural
Signals.” In: PLoS ONE 8.11 (2013). Ed. by A. Samuel, e71959. poi: 10.1371/journal .pone.0071959.

S. J. Slee, M. H. Higgs, A. L. Fairhall, and W. J. Spain. “Two-Dimensional Time Coding in the Auditory Brainstem.”
In: Journal of Neuroscience 25.43 (2005), pp. 9978-9988. pol: 10.1523/JNEUROSCI . 2666-05.2005.

M. C. Gopfert and D. Robert. “The Mechanical Basis of Drosophila Audition.” In: The Journal of experimental biology
205.Pt 9 (2002), pp. 1199-1208.

O. Riabinina, M. Dai, T. Duke, and J. T. Albert. “Active Process Mediates Species-Specific Tuning of Drosophila
Ears.” In: Current biology : CB 21.8 (2011), pp. 658—664. poi: 10.1016/j.cub.2011.03.001.

P. Patella and R. I. Wilson. “Functional Maps of Mechanosensory Features in the Drosophila Brain”. In: Current
biology 0.0 (Apr. 2018). poi: 10.1016/j . cub.2018.02.074.

D. A. Pacheco, S. Y. Thiberge, E. Pnevmatikakis, and M. Murthy. “Auditory Activity Is Diverse and Widespread
throughout the Central Brain of Drosophila.” In: Nature neuroscience 24.1 (Jan. 2021), pp. 93—-104. por: 10.1038/
541593-020-00743-y.

P. Coen, M. Xie, J. Clemens, and M. Murthy. “Sensorimotor Transformations Underlying Variability in Song Intensity
during Drosophila Courtship”. In: Neuron 89.3 (Feb. 2016), pp. 629—644. pol: 10.1016/j .neuron.2015.12.035.

E. L. Morley, T. Jonsson, and D. Robert. “Auditory Sensitivity, Spatial Dynamics, and Amplitude of Courtship Song
in Drosophila Melanogaster”. In: The Journal of the Acoustical Society of America 144.2 (Aug. 2018), pp. 734-739.
DOI: 10.1121/1.5049791.

J. Clemens, O. Kutzki, B. Ronacher, S. Schreiber, and S. Wohlgemuth. “Efficient Transformation of an Auditory
Population Code in a Small Sensory System”. In: Proceedings of the National Academy of Sciences 108.33 (2011),
pp. 13812-13817. poI: 10.1073/pnas. 1104506108.

A. Kamikouchi, J. T. Albert, and M. C. Gopfert. “Mechanical Feedback Amplification in Drosophila Hearing Is Inde-
pendent of Synaptic Transmission.” In: The European journal of neuroscience 31.4 (Feb. 2010), pp. 697-703. pol:
10.1111/3j.1460-9568.2010.07099.x.

T. Effertz, B. Nadrowski, D. Piepenbrock, J. T. Albert, and M. C. Gépfert. “Direct Gating and Mechanical Integrity of
Drosophila Auditory Transducers Require TRPN1”. In: Nature neuroscience 15.9 (July 2012), pp. 1198—1200. por:
10.1038/nn.3175.

E. S. Gregory, Y. Y. J. Xu, T.-T. Lee, M.-l. A. Joiner, A. Kamikouchi, M. P. Su, and D. F. Eberl. “The Voltage-
Gated Potassium Channel Shal (Ky 4) Contributes to Active Hearing in Drosophila”. In: eneuro 12.1 (Jan. 2025),
ENEURO.0083-24.2024. issN: 2373-2822. pol: 10.1523/ENEUR0Q. 0083-24.2024.

A. Pézier and J. M. Blagburn. “Auditory Responses of Engrailed and Invected-Expressing Johnston’s Organ Neurons
in Drosophila Melanogaster”. In: PLoS ONE 8.8 (Aug. 2013). Ed. by M. N. Nitabach, e71419. poi: 10.1371/journal.
pone.0071419.

B. N. Lundstrom, M. H. Higgs, W. J. Spain, and A. L. Fairhall. “Fractional Differentiation by Neocortical Pyramidal
Neurons.” In: Nature neuroscience 11.11 (2008), pp. 1335-1342. por: 10.1038/nn.2212.

S. R. Olsen, V. Bhandawat, and R. I. Wilson. “Divisive Normalization in Olfactory Population Codes.” In: Neuron 66.2
(2010), pp. 287—299. pol: 10.1016/j.neuron.2010.04.009.

S. R. Olsen, D. S. Bortone, H. Adesnik, and M. Scanziani. “Gain Control by Layer Six in Cortical Circuits of Vision”.
In: Nature 483.7387 (2012), pp. 47-52. por: 10.1038/nature10835.

D. Pimentel, J. M. Donlea, C. B. Talbot, S. M. Song, A. J. F. Thurston, and G. Miesenbéck. “Operation of a Homeo-
static Sleep Switch”. In: Nature (Aug. 2016). pol: 10.1038/nature19055.

Y.-H. Liu and X.-J. Wang. “Spike-Frequency Adaptation of a Generalized Leaky Integrate-and-Fire Model Neuron”.
In: J Comput Neurosci 10 (2001), pp. 25—45.

L. C. Griffith, J Wang, Y Zhong, C. F. Wu, and R. J. Greenspan. “Calcium/Calmodulin-Dependent Protein Kinase
Il and Potassium Channel Subunit Eag Similarly Affect Plasticity in Drosophila.” In: Proceedings of the National
Academy of Sciences 91.21 (Oct. 1994), pp. 10044—10048. issN: 0027-8424, 1091-6490. pol: 10.1073/pnas.91.
21.10044.

A. W. Azevedo and R. I. Wilson. “Active Mechanisms of Vibration Encoding and Frequency Filtering in Central
Mechanosensory Neurons”. In: Neuron (Sept. 2017), pp. 1-25. pol: 10.1016/j .neuron.2017.09.004.

J. Clemens, C. C. Girardin, P. Coen, X.-J. Guan, B. J. Dickson, and M. Murthy. “Connecting Neural Codes with
Behavior in the Auditory System of Drosophila”. In: Neuron 87.6 (Sept. 2015), pp. 1332-1343. poi: 10.1016/j .
neuron.2015.08.014.

D. Yamada, H. Ishimoto, X. Li, T. Kohashi, Y. Ishikawa, and A. Kamikouchi. “GABAergic Local Interneurons Shape
Female Fruit Fly Response to Mating Songs”. In: J. Neurosci. 38.18 (May 2018), pp. 4329-4347. por: 10. 1523/
JNEUROSCI.3644-17.2018.

R. Wehner. “&apos;Matched Filters&apos; A€” Neural Models of the External World”. In: Journal of Comparative
Physiology A: Neuroethology, Sensory, Neural, and Behavioral Physiology 161.4 (1987), pp. 511-531. por: 10.
1007/BF00603659.

B. A. Olshausen and D. J. Field. “Emergence of Simple-Cell Receptive Field Properties by Learning a Sparse Code
for Natural Images.” In: Nature 381.6583 (1996), pp. 607—-609. poi: 10.1038/381607a0.

M. Murthy and G. Turner. “Whole-Cell In Vivo Patch-Clamp Recordings in the Drosophila Brain”. In: Cold Spring
Harbor Protocols 2013.2 (Feb. 2013), pdb.prot071704—pdb.prot071704. pol: 10.1101/pdb.prot071704.

A. N. Tikhonov and V. Y. Arsenin. “Solutions of lll-Posed Problems”. In: 1977.

M. Park and J. W. Pillow. “Receptive Field Inference with Localized Priors”. In: PLoS Computational Biology 7.10
(2011). Ed. by O. Sporns, €1002219. pol: 10.1371/journal.pcbi.1002219.

29


https://doi.org/10.1371/journal.pone.0071959
https://doi.org/10.1523/JNEUROSCI.2666-05.2005
https://doi.org/10.1016/j.cub.2011.03.001
https://doi.org/10.1016/j.cub.2018.02.074
https://doi.org/10.1038/s41593-020-00743-y
https://doi.org/10.1038/s41593-020-00743-y
https://doi.org/10.1016/j.neuron.2015.12.035
https://doi.org/10.1121/1.5049791
https://doi.org/10.1073/pnas.1104506108
https://doi.org/10.1111/j.1460-9568.2010.07099.x
https://doi.org/10.1038/nn.3175
https://doi.org/10.1523/ENEURO.0083-24.2024
https://doi.org/10.1371/journal.pone.0071419
https://doi.org/10.1371/journal.pone.0071419
https://doi.org/10.1038/nn.2212
https://doi.org/10.1016/j.neuron.2010.04.009
https://doi.org/10.1038/nature10835
https://doi.org/10.1038/nature19055
https://doi.org/10.1073/pnas.91.21.10044
https://doi.org/10.1073/pnas.91.21.10044
https://doi.org/10.1016/j.neuron.2017.09.004
https://doi.org/10.1016/j.neuron.2015.08.014
https://doi.org/10.1016/j.neuron.2015.08.014
https://doi.org/10.1523/JNEUROSCI.3644-17.2018
https://doi.org/10.1523/JNEUROSCI.3644-17.2018
https://doi.org/10.1007/BF00603659
https://doi.org/10.1007/BF00603659
https://doi.org/10.1038/381607a0
https://doi.org/10.1101/pdb.prot071704
https://doi.org/10.1371/journal.pcbi.1002219

[85]

(86]

[87]

(88]

G. Schwarz. “Estimating the Dimension of a Model”. In: The Annals of Statistics 6.2 (Mar. 1978), pp. 461-464. IssN:
0090-5364, 2168-8966. DOI: 10.1214/205/1176344136.

P. A. Romo, C. Wang, N. Zeater, S. G. Solomon, and B. Dreher. “Phase-Sensitivities, Excitatory Summation Fields
and Silent Suppressive Receptive Fields of Single Neurons in the Parastriate Cortex of the Cat.” In: Journal of
neurophysiology (2011). pol: 10.1152/3jn.00894.2010.

C. K. Machens, H. Schiitze, A. Franz, O. Kolesnikova, M. Stemmler, B. Ronacher, and A. V. M. Herz. “Single Auditory
Neurons Rapidly Discriminate Conspecific Communication Signals.” In: Nature neuroscience 6.4 (2003), pp. 341—
342. pol: 10.1038/nn1036.

L. van der Maaten and G. Hinton. “Visualizing Data Using T-SNE”. In: Journal of Machine Learning Research 9.Nov
(2008), pp. 2579-2605.

30


https://doi.org/10.1214/aos/1176344136
https://doi.org/10.1152/jn.00894.2010
https://doi.org/10.1038/nn1036

