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Rapid categorization of vocalizations enables adaptive behavior across
species. While categorical perception is thought to arise in the neocortex,

humans and animals could benefit from a functional organization tailored
to ethologically relevant sound processing earlier in the auditory pathway.
Here we developed two-photon calcium imaging in the awake echolocating
bat (Eptesicus fuscus) to study the representation of vocalizationsin

the inferior colliculus, which is as few as two synapses from the inner

ear. Echolocating bats rely on frequency-sweep-based vocalizations for
social communication and navigation. Auditory playback experiments
demonstrated thatindividual neurons responded selectively to social

or navigation calls, enabling robust population-level decoding across
categories. When social calls were morphed into navigation callsin
equidistant step-wise increments, individual neurons showed switch-like
properties and population-level response patterns sharply transitioned

at the category boundary. Strikingly, category-selective neurons formed
spatial clusters, independent of tonotopy within the dorsal cortex of the
inferior colliculus. These findings support arevised view of categorical
processing in which specified channels for ethologically relevant sounds
are spatially segregated early in the auditory hierarchy, enabling rapid
subcortical organization into categorical primitives.

Vocal communication exemplifies the ecological importance of
categorical perception. Humans can readily discriminate phonemes
that otherwise share many acoustic features. Moreover, categorical
discrimination of vocal communication calls appears to be phyloge-
netically conserved across species, including those that communicate
on land (nonhuman primates', naked mole rats?, mice’, crickets* and
frogs’), sea (dolphins® and pinnipeds’) and air (songbirds® and echo-
locating bats’). Current models of categorical perception propose
that sensory cortical networks are the engine underlying category
formation'®, binding relevant features across a basis set of lower-level
features thatareinitially decomposed from natural scenes by sensory
organs and processed hierarchically in afeedforward manner” . While

the ‘perception’ of categories may first arise in the cortex, categorical
representations at earlier stages in sensory processing would provide
notable computational advantages, conferring increased speed and
fidelity of categorization.

To what extent do categorical representations emerge early
in the sensory hierarchy? Categorical representations may exist in
the form of single-neuron selectivity or population selectivity or even
in spatially segregated ensembles'. We reasoned that two-photon
imaging of large neural populations with single-neuron resolution
in a mammalian species that exhibits a rich repertoire of vocaliza-
tion categories would provide high spatial and sufficient temporal
resolution to assess functional activity and test these possibilities.
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The big brown bat, Eptesicus fuscus, is an insectivorous bat species
that stands out in the animal kingdom for its acoustic repertoire for
echolocation-based navigation® and for social interactions with
conspecifics'®”. E. fuscus fliesin three dimensions throughits environ-
mentand must rapidly distinguish between vocalizations produced for
navigation or social interaction during competitive foraging.

Results

Two-photon calcium imaging in the awake, echolocating bat
One candidate subcortical region for early categorical processing
is the inferior colliculus (IC) because of its key position as an obliga-
tory auditory processing stationinthe central nervous system. The IC
has been suggested to occupy a processing level comparable to the
primary occipital cortex (V1) in the visual pathway®, due to the audi-
tory system’s multiple subcortical stations that project to the IC.
As such, anumber of complex feature encoding properties, such as
duration tuning', and context-dependent responses, such as devi-
ance detection’?, are reported to emerge at the level of the IC. The
nucleus is organized into multiple subdivisions that receive inputs
fromthe auditory brainstem®. One subdivision, the dorsal cortex of the
IC (DCIC), is of particular interest for categorical representations
as it receives both feedforward input and considerable top-down
input from the auditory cortex***. Here, we developed an approach
for two-photonimagingin the IC of the awake, bigbrownbat, E. fuscus
(Fig.1) tostudy spatially resolved single-neuron and population coding
of auditory stimuli. We first sought to characterize the sound-evoked
properties of DCIC neurons and validate the use of two-photon
calcium imaging in this nontraditional animal model. We injected
AAV5-CAMKII-GCaMPéfbilaterally into the DCIC of E. fuscus and used
athinned-skull procedure to gain chronic optical access (Fig.1a,b). We
used two-photon imaging to monitor large populations of excitatory
neurons (Extended DataFig. 1a,b) with single-cell resolution (Fig. 1c).
We imaged from multiple sites in the left and right IC (LIC and RIC;
Fig.1b), and at multiple depths, from the brain’s surface and down
to 200 pm. Using this technique, we recorded neural activity from
9,443 spatially resolved neurons across 27 sites and 5 bats. Awake bats
were presented with anarray of auditory stimuliincluding pure tones
(4-90 kHz), complex stimuli (linear frequency modulated (FM) sweeps
and white noise) and a series of bat and mouse vocalizations. Individual
neurons exhibited robust sound-evoked responses (Fig.1c,d) with most
of the recorded population responding to at least one of the stimuli
presented (Fig. 1e,f, n =3 bats, 79.6 + 3.7%, P < 0.05, paired ¢t-test).

Functional microarchitecture of the DCIC

We next sought to understand the functional microarchitecture of
the DCICin echolocating bats. A fundamental feature of the auditory
systemisthe precise topographic organization of responses to sound
frequency, commonly referred to as tonotopy. Tonotopy emerges
from the biomechanical properties of the basilar membrane in the
inner ear and propagates throughout the central auditory system?.
The central nucleus of the IC (CNIC) in bats and other mammalian spe-
cies exhibits a dorsoventral tonotopic axis?, but less is known about
the topographical organization of sound frequency in the DCIC, in
part because prior studies in the bat have not consistently identified
the precise locations of recording sites®®*’. We presented pure tones
ranging from4 to 90 kHz, matching E. fuscus’ hearing range®°, at 70 dB
with half-octave spacing and then calculated single-neuron tuning
curves to identify a neuron’s best frequency (BF), here defined as the
sound frequency that elicits the highest-amplitude stimulus-evoked
response. Most neurons were significantly tuned to a limited band of
sound frequencies (66.4 + 11%, two-way analysis of variance (ANOVA) for
toneand duration, P < 0.05; Fig. 2a-c) inthe low-to-mid frequency range
(Fig. 2c, 4-32 kHz: 93.3 £ 1.7% of tuned neurons). These findings are
consistent withthose reported in the mouse DCIC using two-photon cal-
ciumimaging®**. Inaddition, these data are consistent with anatomical

evidence showing that anteroventral cochlear nucleus neurons that
encode lower-frequency sounds project more superficially than dorsal
axonal projections®, suggesting a conserved functional microarchi-
tecture across species.

We then used the spatial resolution of two-photon imaging to
reconstruct the precise location of each neuron in three dimensions
with its corresponding BF (Fig. 2d). We aligned across imaging sites
and bats in the rostrocaudal and the mediolateral extents, based on
a common anatomical landmark, the intersection of the IC, superior
colliculus and midline. Zdepth was measured using the optical sec-
tioning capabilities of two-photon imaging coupled with an estimate
ofthe skull-to-brain transition, based on achange in background fluo-
rescence (Extended Data Fig. 2a-c). This allowed us to test whether a
spatial, tonotopic gradient exists in the mediolateral, rostrocaudal or
dorsoventral axes. We determined that a positive linear relationship
exists for both the mediolateral (ML) and the rostrocaudal (RC) axes
butnot for the dorsoventral (DV) axis (Fig. 2e, Py, = 5.02 x 107 (¢=23.7,
R2=0.4), Pyc=4.79 1075 (¢=8, R2=0.07) and Py, = 0.13 (t=-1.5,
R*=0.003); additional example sites in Extended Data Fig. 3a-c). To
capture the direction of this tonotopic axis, we estimated the best-fit
angle per reconstructed DCIC left/right side across bats (Supplemen-
tary Table 1), yielding an average angle of 47.5°, a value remarkably
close to the 50° reported in the mouse DCIC?.. The tonotopic gradi-
ent was computed as the linear fit of the mean frequency along this
rostrolateral axis (Fig. 2f,g) per side and per bat. On average, the BF
increased by 2.1 octaves mm™ along this axis (Fig. 2g,h). To confirm
that there was no observable tonotopic organizationin the dorsoven-
tral axis, we compared tuning at three different depths and observed
similar frequency tuning distributions (Fig. 2i, Friedman test, y*(2) = .8,
Py, =0.4066,n=10).

Functional selectivity to ethologically relevant vocalizations
inthe DCIC

We next sought to characterize the response properties of DCIC neu-
rons in response to playbacks of natural vocalizations from conspe-
cifics. Bats communicate to other bats with a frequency-modulated
bout®**to claim food when competing with conspecifics (social vocali-
zations), while also using echolocation to track prey and steer around
obstacles (navigation vocalizations)***. Social and navigation vocaliza-
tions exhibit largely overlapping spectrotemporal features with subtle
andvariable differences, including shallower FM sweep rate and greater
low-frequency energy™ (see Fig. 3a and Extended Data Fig. 4a-d for
moreinformation on the acoustic distribution). Most recorded neurons
responded to conspecific vocalizations (86 + 18.4%, one-way ANOVA
for responsivity, P < 0.05; Extended Data Fig. 5a) whose spectral con-
tent spans from 22 to 90 kHz, even though BFs of the DCIC neurons
were generally below 32 kHz (Fig. 2c). The population sound-evoked
response was highest for conspecific vocalizations and lowest for pure
tones (Fig. 3b). These data suggest that ethologically relevant vocaliza-
tions drive DCIC neurons more than pure tones or even heterospecific
complex stimuli, such as mouse ultrasonic vocalizations (mouse USV;
Fig.3a). Thisresultis consistent with electrophysiological recordings
in a number of species showing that conspecific vocalizations elicit
larger evoked responses than more artificial stimuli in the IC*. We
observed astriking selectivity withinindividual neurons for categories
ofbat vocalizations (social: 30.2 + 4.5%; navigation:19.7 + 3.7%, Kruskal-
Wallis test, x*(6) =29.4, P=5.0278 x 1075, n = 42, post-hoc Tukey’s
honest significant difference (HSD), Pyociaycone = 0.0001, Payig i/tone =
0.0049, P,,.ias = 0.0146) but little to no selectivity for mouse
USVs (Fig. 3d, P, ione = 0.11; detailed selectivity in Extended Data
Fig. 5b), highlighting the importance of ethological relevance in
auditory response selectivity. Given the lack of selectivity to mouse
USVs, we focused on the bat vocalizations for further analysis. We
calculated the neural selectivity to social versus navigation calls by
computingthe difference in evoked responses between both categories
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Fig.1|Robust sound-evoked responses in the DCIC of awake bats observed (colorindicates stimulus identity displayed in ¢; shading: mean + s.e.m; WN,
using two-photon calciumimaging. a, In vivo two-photon calcium imaging white noise; DS, frequency-modulated downsweep; US, frequency-modulated
methods and timeline graphical representation. b, Composite vasculature map upsweep). The fourth calcium trace is the average trace for the imaged
of anexample LIC with overlaid imaging sites at 2x magnification (white box; population of the example site (shading: mean + s.e.m.). e, Sound-evoked
R, rostral; C, caudal; M, medial; L, lateral). The small black box highlights the heatmap for allidentified ROIs across all sites and bats (n..;; = 7,868, averaged
position of the cells displayed in c. ¢, Example site mean image cropped. The over all stimulus types presented in this manuscript, bat number: b1, b2 and b3).
white boxes surround examples cells presented ind. d, Average (Av.) activity f, Percentage of significantly sound-evoked ROISs per site (light gray, right DCIC;
(Af7f) of three example ROIs to pure tones and complex sounds presentations medium gray, left DCIC) and averaged across site (darker gray) for each bat.

(Fig. 3c-e and Extended Data Fig. 5c,d). While there were neurons  Alinear decoder reliably discriminated between conspecific catego-
selective to both bat vocalization categories (social or navigation), ries on the second imaging frame after sound onset (-32 ms, 31.25 Hz
the DCIC network exhibited a strong preference for social calls (Fig.3e  acquisition rate; Fig. 3f, bottom, and Extended Data Fig. 6a; decoding
and Extended Data Fig. 5d, overall, n=1,383 social-selective neurons,  weightsand selectivity indices (SI) increase linearly 60 ms after sound
n=502navigation-selective neurons; perbat, 24 + 5.4%social-selective  presentation), indicating that the selectivity and population-level
and 8.4 +1.9% navigation-selective, Kruskal-Wallis test, y*(1) =16.3,  representations arise within one to two calls.
P,,=5.3x1075, n=28)*. These data demonstrate that individual
DCIC neurons are selective to conspecific vocalizations withastrong  Categorical representation of ethologically relevant
preference for encoding social vocalizations. vocalizations in the DCIC

Bat vocalizations tend to be grouped in sequences; for example, The high proportion of social-selective neurons and rapid popula-
thesocial vocalizations presented here contain threeto foursuccessive  tion discriminability suggests that the DCIC network may represent
calls. Therefore, categorical information could be carried notonlyby  social vocalizations with high fidelity. To test this, we shifted from
the spectral content but also by the temporal pattern of callsequences.  single-neuron analyses to population decoding. We trained a linear
To determine if the selectivity observed is due to the processing of  decoder for all pairwise stimuli presented to the bats and found that
the spectral information of the first call, the processing of the entire  decoding within category performed best for social vocalizations
sequence or a mixture of both, we analyzed the time course of theneu-  (Fig.3g,h and Extended DataFig. 6b; decoding weights and Slincrease
ral selectivity. The activity of selective neurons diverged rapidly after  linearly), suggesting that the higher proportion of social-selective
the sound onset (Fig. 3f, top) and before the end of the call sequence. neuronsallows the network to encode these vocalizations with higher
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Fig. 2| Superficial tonotopy in the DCIC. a, Left: example site from the RIC of
bat 2, ROIs color-coded by their BF. Right: tone-evoked PSTHs for example cells.
The first cell showed clear tuning to 5.7 kHz and the second to 16 kHz. b, Tuning
curves for all tone-responsive ROIs from the example site presented in a.

¢, Distribution of tuning per bat (gray, n = 3) and averaged (black) as a percentage
of the tuned population. Most of the ROIs’ tuning is in the low-to-mid frequency
range (93.3 £ 1.7% of tuned neurons’ BF between 5.7 kHz and 22.6 kHz).d, 3D
reconstruction of bat 2 LIC (ng = 3, ey = 835). Tuned ROIs are color-coded
according to their BF, showing low frequency rostrally and medially and higher
frequency caudally and laterally. e, ROIs’ BF (individual ROI, small dot; average,
larger dot) as a function of distance along three anatomically defined axes, for
example, LICind, for each frequency (left, ML; middle, RC; right, DV). Linear fit

RL projection (um)

RL projection (um) Frequency (kHz)

(blackline, one per anatomical axis) is significant for ML and RC but not for DV
(n=835cells; bestline fit; =23.7, R*= 0.4 and P=5.02 x 10", ¢ =8, R*= 0.07 and
P=4.79 x1075,¢t=-1.5,R?>=0.003 and P= 0.13, respectively; n.s., not significant).
f, 2D reconstruction of bat 2 LIC. Tuned ROIs are color-coded according to their
BF, showing frequency bands oriented rostromedially. g, Mean BF (in black,
shading: mean + s.d.) and its linear fit (in red) along the 50° RL axis for LIC in

f. The mean tuning increases along this axis, confirming the existence of a
tonotopic gradient. h, Linear fit (red) of tuning along the 50° RL axis for each bat
hemisphere (red; Ind., individual fit) and the average (gray). Tuning increases
asafunction of RL distance by 2.1 octaves mm™ on average. i, Distribution of BF
across bats along the DV axis (50-pm bins from 0 to 150 um, n =10). Tuning does
notsignificantly vary with depth (Friedman test, x*(2) = 1.8, P, = 0.4066, n = 10).

fidelity. We then sought to test the extent to which the DCIC network
encoded call category by looking at decoding strength within versus
across categories. Interestingly, decoding accuracy was significantly
higher across than within categories for all category types (Fig. 3g,h,
within social mean: 80 + 2.3, across social/navigation: 87 + 1.3, across
social/USV: 91.1 £ 1.5, across social/USV: 91.8 + 1, one-way ANOVA,
F(6,436) =101.6,P=1.3408 x 10”7°, post-hoc Tukey’s HSD, Py s = 0.0002,
Py <1x107*and Py <1x107*). Despite the lack of single-neuron
selectivity to mouse USV’s, the DCIC network reliably decoded indi-
vidual calls within the mouse USV category (70 + 2.5%; Fig. 3g), but to
alesser extent than across categories of bat vocalizations (91 + 1.4%;
Fig.3g), which was similar to conspecific categorical decoding (Fig. 3h,
87 £1.3%, 91.1 £1.5% and 91.8 + 1% respectively, ANOVA, P55,y = 0.58,
Pys/nu=0.28). The similarity in cross-category decoding between
conspecific vocalizations (social versus navigation) and conspecific
versus heterospecific (social versus mouse USV, navigation versus
mouse USV), is at odds with the sounds’ spectral distances (see Sup-
plementary Table 2 for asummary of decoding accuracy as afunction
of acoustic distance) and indicates that the DCIC network contains a
higher-fidelity representation of conspecific calls, probably relying on
species-specific spectrotemporal filtering properties.

Totest whether this proposed species-specific filtering is limited
to social calls or covers both conspecific vocalization categories, we
performed additional experiments and varied the spectral properties
of the navigation sequences while preserving the matched temporal
structure. We also added three additional social vocalization sequences
to tile the acoustic space (Extended Data Fig. 4a-d). Population pair-
wise decoding in two bats (n., =1,575) provided similar results with
the original set of stimuli (Extended Data Fig. 7a). When spectral vari-
ation to the navigation sequences was introduced (Extended Data
Fig.7b), navigation sequences could now be decoded from one another
(mean 62.43%, s.e.m. 1.2%). However, this improvement in decoding
accuracy did not bridge the gap across categories (mean difference,
within navigation versus across:10%, one-way ANOVA, F(6,655) = 67.2,
P=4.5820 x10%, post-hoc Tukey’s HSD, Pyy/s = 9.4866 x 107°%).

We next sought to understand whether neural selectivity to dis-
tinct conspecific vocalizations could be explained by differences in
lower-level auditory feature responses. For example, social calls have
shallower frequency-modulated component at the lower-frequency tail
of the sweep compared with navigation calls, and social-selective neu-
rons may more strongly encode low-frequency stimuli, clustering along
the tonotopicaxistoreflect their tuning preference. Surprisingly, this
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was not the case. The ratio of social-selective and navigation-selective
neurons was uniformly distributed along the recorded tonotopic axis
(Fig. 3i). Importantly, other low-level features, including frequency
tuning, bandwidth, the relationship between tuning and bandwidth,
duration and complex sound (linear sweeps and white noise bursts)
responses, were similar for social- and navigation-selective neurons
(Fig. 3j-1, tuning: Friedman test, x*(2) = 0.06, P=0.9688; bandwidth:
two-way ANOVA, F(2,76) = 0.2, P=0.7992; downsweep rate tuning:
two-way ANOVA, F(2,44) = 0.03, P= 0.9682; Extended Data Fig. 8a,b;
probability density estimate for social- and navigation-selective cells’
tuning and bandwidth: two-sample Kolmogorov-Smirnov test, KS
statistic 0.1889, P=0.0707; see Extended Data Fig. 8c-e for other tun-
ing properties). Thus, low-level features could not explain categori-
cal selectivity, indicating that neural selectivity for vocalizations in
the DCIC may reflect a higher-order categorical representation. To
ascertain the degree to which IC neurons encode species-specific
spectrotemporal features, we performed a stimulus-reversal experi-
ment in which calls in each sequence were reversed and presented to
two bats. The reversal transforms conspecific downsweep calls into
upsweeps, while preserving the overall spectral content and duration
(see Extended Data Fig. 7c (left) for a stimulus example). We assessed
individual cell sensitivity to the reversal by computing the response dif-
ference between forward (natural vocalizations) and reversed stimuli
and quantified this using ashuffling procedure. While some individual
neurons were insensitive to this reversal, a large percentage of cells
was sensitive to the reversal for social calls (31.2%), followed by naviga-
tion calls (22.8%), and asmaller fraction showed reversal sensitivity to
mouse USVs (15.9%) (Extended Data Fig. 7c). This heightened sensitiv-
ity to reversal for conspecific vocalizations mirrors the population
decoding results, underscoring a more faithful representation of the
vocalization per serather than underlying spectral features or duration.

To further assess the categorical nature of the encoding at the
cell level, we constructed a set of four stimulus continua that mor-
phedasocial vocalizationinto anavigation vocalizationin astep-wise
fashion (STRAIGHT-TANDEM toolbox*, modified for bat vocalization

parameters; see Fig. 4a for spectrograms of a continuum), similar to
speechmorphing®. Each continuum is composed of a series of stimuli
that span the fundamental frequency (f,) space between social and
navigation calls in equidistant steps. There is a total of seven stimuli,
progressing in 20% increments, with an additional step at 50%. Fol-
lowing a procedure that revealed learned categories in prefrontal
cortical neurons of monkeys*’, and of stimulus categories in the owl
optic tectum*’, we reasoned that, if single cells exhibited categorical
sensitivity to vocalizations, the response at the boundary between
categories would be larger than within categories for equidistant
spectral steps. Single neurons responded reliably more to one side of
a continuum than the other (Fig. 4b, top: example cell preferring the
navigation side of the continuum, bottom: example cell preferring
the social side of the continuum). The category sensitivity of each
neuron was assessed using a category index (CI)**™*°, which reflects
the difference in response between categories and within categories
(see Fig. 4a and the Methods for the computation). We found that a
substantial portion of the sound-evoked population (294 neurons,
21.75%) was category sensitive to one of the continua. The responses
of individual neurons with a significant Cl were scaled by dividing
by their maximum response to more clearly illustrate the shape of
the transition along the continuum (Fig. 4c). Some neurons showed
switch-like transition (Fig. 4c, left,example neuron social tuned 1), while
othersshowed more graded responses (Fig. 4c, right, example neuron
navigation-tuned 5). Population response patterns transitioned from
being dominated by social-tuned neurons to navigation-tuned neurons
at the category boundary (Fig. 4d,e, left to right). To determine if the
population responses were more similar within categories thanacross
categories, we computed a correlation matrix representing the pairwise
similarity between pairs of population responses (Fig. 4f, Pearson cor-
relation coefficient). The response patterns were grouped along the
continuum’s category boundary and showed an abrupt transitionat the
boundary (Fig. 4f), consistent with markers of categorization. Interest-
ingly, excluding these neurons from the pairwise decoding analysis did
not affect the within-category or across-category decoding accuracy,

Fig. 3| Categorical representation of bat vocalizations in the DCIC. a, Example
spectrograms for the vocalization categories presented. Left: social call sequence.
Center: temporally matched navigation call sequence. Right: mouse ultrasonic
vocalization (USV). b, Population sound-evoked response as Af/ffor all stimulus
types presented (n,, = 2, . = 2,232). Conspecific bat calls evoked the highest
evoked response followed by mouse USVs and white noise, with tones evoking

the smallest. All stimuli evoked significantly different responses (Friedman

test on peak amplitude, post-hoc Bonferroni, x*(6) = 5,875.7, P< 0.05,n=2,232)
apart from USVs and navigation calls. ¢, Example cells’ sound-evoked responses
(Af/f, median, shading: mean + s.e.m.) for two social (red) and corresponding
navigation (blue) call sequences. Top: example social-selective cell. Bottom:
example navigation-selective cell. d, Average population selectivity for stimulus
categories (error bar: mean + s.e.m., black dot: mean selectivity for each pair

of stimuli). Theimaged population is more selective to the bat calls than other
stimulus types (Kruskal-Wallis test, Y*(6) = 29.4, P=5.0278 x 1075, n = 42, post-hoc
Tukey’s HSD, Py,ciaijtone = 0.000L, Pyig cone = 0.0049, Pyyis = 0.0146). For statistical
comparison between pairs of stimuli, the numbers of cells, sites and bats are
combined (My, = 3, Nges = 14, Ny = 5,860 for tone, social, navigation and USV and
Npaes = 2, Nires = 6, Neeis = 2,595 for DS, US and WN). e, Average percentage of selective
cells per bat (left: black dot percentage of selective cells per site, bat 1: ng.., =3,
bat 2: ng., = 8, Nges = 3) and across bats (right: 1y, = 3, Nges = 14, Neeys = 5,860, error
bar: mean + s.d., black dot: mean per bat). The neuronal population shows a bias
toward social selectivity (Kruskal-Wallis test; bat 1: x*(1) = 3.8, Py, = 0.0495,n = 6;
bat2: x*(1) =11.3, P,,, = 0.0008, n =16; bat 3: x*(1) = 3.9, P, .., = 0.0495, n = 6; all:
x(1)=16.3,P,;=5.2683 x10°, n = 28).f, Time course of population selectivity.

Call sequence onset and offset are indicated by the black lines. Top: difference
between mean social-evoked and navigation Af/ffor top 5% social-selective cells
(red, average across bats, shading: mean + s.e.m.) and top 5% navigation-selective
cells (blue). Note that the difference in activity between social and navigation
preferring cells increases rapidly after stimulus onset. Bottom: the time course

of decoding accuracy (social versus navigation, mean across bats: plain line,
shading: s.e.m.). The star indicates significance compared with chance level
decoding (dashed line, permutation test, a < 0.05). The bat call category can be
decoded from neuronal population 60 ms after sound onset before the end of
the call sequence. g, Pairwise decoding accuracy averaged across bats for each
call (conspecific or heterospecific) exemplar pairs. Decoding accuracy within
categories is lower than across category (white, chance; red, 100% accuracy).
h,Mean decoding accuracy within and across categories (error bar: mean + s.e.m.).
Identity decoding (‘same’) in black represents chance level. Higher-than-chance
decodingaccuracy isindicated by asingle star above each bar. Decoding accuracy
is significantly lower within versus across categories (within social mean: 80 £ 2.3,
across social/navigation: 87 +1.3, across social/USV: 91.1+ 1.5, across social/USV:
91.8 +1; one-way ANOVA, F(6,436) =101.6, P=1.3408 x 107, post-hoc Tukey’s
HSD, Py 5= 0.0002, P,y <1x107*, Py s <1x 107 and Pygy <1x 107*). Note that
decodingaccuracy is not significantly different between groups within (one-way
ANOVA, P, = 0.1288) and groups across (ANOVA, Py;ss; = 0.5762, Pys)y = 0.2839,
Psjumu=0.9996). For statistical comparison, each pairwise comparison was
computed per bat over sites and cells (1, = 3, Njtes = 14, Nces = 5,860). For each
comparison, the mean decoding accuracy per batis displayed as ablack dot.

i, Average linear fit of cell ratio along the tonotopic gradient (gray) for both social-
selective (red), navigation-selective (blue) and cell density over bats and IC side
(shading: mean + s.e.m.). Only the tonotopy ratio slope is significantly different
from the cell density slope ratio (one-way ANOVA, F(3,12) =24.2, P=2.2264 107,
post-hoc Tukey’s HSD, P= 0.0001). j, Mean BF-normalized distribution for

social, navigation and nonselective cells (shading: mean + s.e.m., Friedman test,
Xx*(2)=0.06,P=0.9688,n=10).k, Average bandwidth distribution normalized

for social, navigation and nonselective cells (shading:s.e.m., two-way ANOVA,
F(2,76)=0.2, P=0.7992).1, Mean downsweep rate tuning as peak Af/fnormalized
for social, navigation and nonselective cells (shading: mean + s.e.m., two-way
ANOVA, F(2,44)=0.03,P=0.9682).
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yielding amaximum difference of only 1.75% inaccuracy for decoding
(Friedmantest, x*(2) = 0.09, P=0.7697, n = 28). This indicates that, while
these neurons exhibit category sensitivity to f, features, they are not
the sole contributors to the population’s categorical representation.
Finally, we computed the Clfor all possible boundaries (10%, 30%, 50%,
70% and 90%) and then computed the population average of all cells.
For example, for the 10% boundary, we compute a Cl for each neuron
and each continuum using10% as the boundary. Importantly, we found
that, even when we aimed to maximize the difference at this other
boundary (for example, 10%), the population average continued to dis-
play asharp shift centered around 50% (Extended Data Fig. 9a-e). The
effective boundary that we obtained using this approachis 54.2 + 9.4%
(Extended DataFig. 9e,f).

Spatial organization of vocalization category selectivity

Finally, we sought to evaluate whether the neural encoding of vocali-
zations in the IC is spatially organized by exploiting the high spatial
resolution of two-photonimaging. For each category-selective neuron,

we computed the percentage of neighboring neurons that were also
selective to the same category in 30-um steps in a site-specific man-
ner. Surprisingly, this revealed clusters of category-selective neu-
rons to either social or navigation calls for all bats in both the left
and right DCIC (Fig. 5). The percentage of social-selective neigh-
boring cells is significantly higher than what would be expected
by chance from a ‘spatial shuffle’ for distances of 30 pm and 60 pm
(Fig. 5b,c, permutation test two-sided, P;, = 0.01, P, = 0.01, see
inset, one-way ANOVA, F(9,13195) =39.8, P=1.3669 x 107°, post-hoc
Tukey’s HSD, P00 <1 % 107%). The same relationship was observed
in navigation-selective cells (Fig. 5f~h, permutation test two-sided,
P,,=0.01, seeinset, one-way ANOVA, F(9,4867) =39.8,P=1.3199 x 1075,
post-hoc Tukey’s HSD, P50 = 0.001). To further describe the spatial
organization of these selectivity clusters, we identified cluster centers
and used acomposite map to compare their location with the anatomi-
cally defined tonotopic gradient (Fig. 5d,h). Clusters centers are distrib-
uted along the tonotopic axis and follow the cell density distribution
(see Extended Data Fig. 10a,b for an example site and Extended Data
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categorical encoding of social stimuli. Right: neurons showing categorical
encoding of navigation stimuli. d, Response pattern of the categorical
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with significantly positive CI, sorted by continuum preference (social at the
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P5,=0.01, P,, = 0.01) (shading: mean + s.e.m.) and lower at 300 pm (permutation
test two-sided, P;o, = 0.01). In addition, the percentage (normalized) decreases
significantly between 30 pm and 90 um (one-way ANOVA, F(9,13195) = 39.8,
P=1.3669 x107°, post-hoc Tukey’s HSD, Py,90 <107*), as displayedin the inset.
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overlaid as black dots. d, Social cluster centers (gray dots, dot size is proportional
to number of cells in the cluster) are distributed across composite tonotopic
gradient (BF color-coded). e, Example site in a. The gray circle highlights

the navigation-selective cell presented in f. Here, the concentric dotted blue
circles indicate the distance in 30-pum steps to the example cell. f, Percentage

of navigation-selective cells as a function of distance from navigation-selective
cells (shading: mean + s.e.m.) for the example site in d. For the example cell
highlighted in d (gray line), the site average (plain blue line) is significantly higher
than the spatial shuffle (dotted blue line) at 30 pm (permutation test two-sided,
P5,=0.01) and decreases below the shuffle line above 90 pm (permutation test
two-sided, Py, = 0.01). g, Percentage of neighboring navigation-selective cells as
afunction of distance from navigation-selective cells normalized across all sites
and bats (M, = 3, Nyies = 14, Neeys = 5,860, Ny = 502). The average is higher (plain
blue line) than spatial shuffle (dotted blue line) below 30 pm (P5, = 0.01) (shading:
mean +s.e.m.). Inaddition, the percentage (normalized) decreases significantly
between 30 pmand 90 pm (one-way ANOVA, F(9,4867) =39.8, P=1.3199 x 107,
post-hoc Tukey’s HSD, P59 = 0.001), as displayed in the inset. The average local
percentage of navigation cells (normalized) per recording site is overlaid as black
dots. h, Navigation cluster centers (gray dots, dot size is proportional to number
of cells) are distributed across composite tonotopic gradient (BF color-coded).

Fig.10cfor the cluster distribution). Neurons exhibiting call selectivity
were, thus, spatially clustered into functional microdomains largely
independent of the larger-scale tonotopic gradient.

Discussion

Current models of categorical sound processing rely on the idea that
the periphery and midbrain serve primarily a feedforward and filter-
bank role'***>, However, our datademonstrate that categorical repre-
sentations of vocalization category at the single-neuron and population
level emerge earlier in the auditory hierarchy than posited by tradi-
tional models and display ‘hotspots’ of spatially clustered, categorical
encoding. The dorsal cortex is one of three subdivisions of the IC. Its
role in auditory processing has been less studied compared with the
CNIC, mainly due to its unique connectivity patterns and superficial
anatomicallocation. The DCIC has strong feedforward input, exhibits
local colliculo-collicular connections and receives prominent projec-
tions from the cerebral cortex®”. This interaction between multiple
inputs makes it challenging to determine precisely what drives the
emergence of categorical representationinthe DCIC. The rapid decod-
ingand the similarity of these responses to those reportedin the CNIC,
however, suggests that local computations play animportant role.
Top-down signals probably contribute to this—and potentially even
more so during active behavior—by further sharpening the categorical

nature of these signals or making them context dependent. Future work
thatleverages projection-specific molecular, optical and physiological
tools—techniques that remain challenging in nontraditional species
but are becoming increasingly possible**—will be required to address
thisimportant question.

The categorical representations we observe appear to be inde-
pendentofthe superficial tonotopy in the DCIC. This surprising finding
can be contextualized by earlier research on the tuning properties of
ICneurons. Several studies investigating the encoding of vocalizations
(both conspecific and heterospecific) across various species have
highlighted the difficulty in predicting neural responses to vocaliza-
tions based on responses to other (simple) auditory stimuli, in both
the auditory cortex and the IC*****, For example, Machensetal. found
that, evenusing finely characterized spectrotemporal receptivefields,
they could predict only 11% of the responses to communication sounds
and environmental noise in the rat auditory cortex*¢. One explana-
tion is that BF or excitatory frequency tuning curves alone do not
adequately describe neuronal response properties, even at the IC
level, which depend on local circuitry and inhibitory processes®. IC
neurons exhibit complex response properties, such as FM direction
selectivity”’, sound duration tuning' and multipeak tuning curves*s.
Inaddition, combination-sensitive neurons, which respond to the spe-
cific spectrotemporal features of two distinct acoustic components,
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have beenreported in the mustached bat*~*', mouse*and anuranIC>.
Our data suggest that the observed categorical representations
could not be explained by a number of low-level features. Future
work will be needed to identify the combinatorial set of features that
allows rapid discrimination of one particular vocalization category
fromanother.

More broadly, our data support a revised view of categorical
sound processing inwhich ethologically relevant sensory streams are
instantiated at the single-neuron and populationlevelin early auditory
centers to provide specified and spatially segregated acoustic channels
of categorical information to recipient regions. These categorical
primitives may serve to increase the speed of transmission (by virtue
of being early in the sensory pathway) and reduce the wiring costs
(through spatially organized channels) for echolocating bats, and
these computational principles could extend to other species that must
rapidly extract sound meaning fromrich vocal repertoires.
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Methods

Animals

Data were collected from five adult big brown bats (E. fuscus, three
females and two males, wild caught) collected from exclusion sites
in the State of Maryland. The bats were collected under the permit
issued by the Maryland Department of Natural Resources (no. 55440).
Epiphyseal-diaphyseal bone fusion was used to determine that all
bats included in this manuscript were adults®. All procedures were
approved by the Institutional Animal Care and Use Committees at
Johns Hopkins University (protocol no. BA17A107), where thisresearch
was conducted. The number of animals and cells for each result and
corresponding figure is presented in Supplementary Table 3.

Anesthesia and pain management. All surgical procedures were
performed under isoflurane anesthesia (1.5-3%) with 0.8 oxygen flow
inaccordance with the protocol no. BA17A107. Thirty minutes before
anesthesiainduction, animals received halfa dose of meloxicam (Meta-
cam) orally forits analgesic effect. The second half dose was delivered
once the animal awoke, as well as sulfamide, for antibiotic coverage.
Postsurgery recovery lasted 4-5 days with a daily dose of meloxicam
and sulfamide.

GCaMP6f viral transfection. We injected AAV5-CamKII-GCaMP6f
(Addgene, 100834-AAVS5) bilaterally in the IC. We first resected the
muscle located on top of the skull (temporalis medius), working from
an incision placed above the midline to uncover the IC skull surface
bilaterally. To avoid disrupting the recording surface, we entered the
IC at an angle of 35° to 50° and traveled ~1 mm to reach an injection
site at the center of the DCIC at a depth of ~600 pm (see Fig. 1a for a
visualization). We used a Hamilton syringe (10 pl, 700 series, 34 gauge)
preloaded with the virus (1 pl per side) and injected using a syringe
pump (Harvard Apparatus) at 75 nl min™ and a force of 30%. We kept
theneedleinplace foranadditional 5 minafterinjection before slowly
removing from the brain. Animals were allowed to recover for at least
1monthbefore the next procedure (to allow viral expression).

Headpost implantation. We resected the muscle on the rostral part
of the skull. A custom-built flat two-pronged headpost (Fig. 1a) was
cemented with dental cement (Metabond) to the craniumatadistance
ofatleast4 mmfromthelC center,identified visually. The bat was then
put on rest for at least one day before the thinned-skull procedure to
allow the cement to cure.

Thinned-skull approach. We adapted the thinned-skull approach
developed for mice*>*°. Using a surgical drill, we carefully thinned the
skull above both sides of the IC, without piercing the skull layer. The
skullwasthendried, and athinlayer of transparent fast-drying adhesive
was applied above the thinned area. Bats were allowed to recover for a
day before data collection.

Two-photon calcium imaging acquisition. Two-photon calcium
imaging was performed using a two-photon resonant microscope
(Neurolabware) equipped with a 16x objective (Nikon). Two-photon
fluorescence was excited at 980 nm using an Insight X3 laser
(SpectraPhysics). Data contained in this manuscript were collected
at 31.25 Hz over one plane at either 4x (294 pm x 192 um, cropped)
or 2x (568 pm x 374 um, cropped). In addition, a volumetric stack
(zstack) was collected at the end of each session in 2-pm or 5-pm steps
from the skull surface up to 200 pm below the surface.

Two-photon calcium imaging preprocessing. We used suite2p*
to register and align each session. We drew regions of interest (ROIs)
on the session mean image using ImageJ (NIH, 2.9; Java 1.8), as auto-
matic ROlidentification was perturbed by large differencesin bright-
ness related to changes in skull thickness over the field of view (FOV).

Fluorescent time traces of individual ROIs were extracted using a cus-
tom MATLAB-based toolbox. Af/f, the change in fluorescence intensity
over the baseline fluorescence, was computed per ROl and sound
presentation by dividing the raw fluorescence by the median fluores-
cence for a baseline period defined as the ten frames (312.5 ms) that
immediately preceded sound onset.

Site alignment. Each imaging site position on the surface of the IC
was determined by manually matching the site’s vasculature with the
corresponding widefield vasculature image (larger). All widefield
images collected for one side were then tiled using the vasculature
as alandmark, creating a composite map per side (for an example of
imagingsites overlaid onacomposite widefield image, see Fig.1b). The
relative position of each imaging site to the most anterior and medial
widefield image was then computed, allowing us to generate ML and
RC coordinates within one side. Those coordinates were then placed
inthe bat’s coordinate system by manually matching the vasculature
fromthe obtained composite maps toimages covering the full extent
of bothICs, obtained during the skull thinning.

ROI coordinates. Mediolateral and caudorostral coordinates for each
cell were obtained by aligning recording sites within side and ani-
mal (ny, =3, Npemi = 4, Ngires = 20) to an anatomical landmark obtained
fromsurgery images covering both sides: the rostro-medialboundary
between SC and IC marked by the confluence of the superior sagittal
and lateral sinuses. ROl depth was obtained by estimating the skull
thickness above each ROl and subtracting that value from the overall
site depth from brain surface identified using the z stack. Skull thick-
ness was computed for each FOV as points above a 95% fluorescent
boundary based onthe FOV raw fluorescence distribution (skull bright-
ness is very high; Extended Data Fig. 2 illustrates this method for an
examplesite).

Auditory stimulation. All auditory stimuli were presented contra-
laterally to the imaging site using one free-field electrostatic speaker
(ES1, Tucker-Davis Technologies (TDT)) placed at 45° angle, 5 cm away
and ata 0° azimuth from the bat’s head. All auditory stimuli were pre-
sented to the awake passively listening bat using a high-frequency audi-
tory signal processor (RZ6, TDT) at a 200 kHz sampling rate. Sounds
were generated in TDT (pure tones, white noise, upsweep, downsweep)
or wererecorded as Waveform Audio File Format (WAV) files and then
played back via the TDT. All stimuli were calibrated at 70 dB sound
pressure level (SPL) using a GRAS Sound & Vibration microphone
(GRAS 46DP), placed at the bat’s ear putative position. For each bat
call sequence, the amplitude of the waveform was normalized by the
peakintensity and set to 70 dB SPL.

Auditory stimuli. A series of stimuli were presented: pure tones rang-
ing from 4 t0 90.51 kHz, 2 octave spaced (ten tones, pseudo-random
presentation, durations: 2, 4, 6, 10 and 20 ms), white noise, upsweep
and downsweep (4 kHz to 90.51 kHz, durations: 2, 4, 6,10, 20, 50,100
and 200 ms) and bat and mouse vocalizations (five or six exemplars:
food-claiming call sequences®***, five or six exemplars: temporally
matched echolocation call sequence®, two or four mouse ultrasonic
vocalizations™). Each sound was typically repeated 10 times (1 out of
23 analyzed sessions had 5 repetitions) and the intersound interval
was kept constant at 1.2 s for all stimuli. In two bats, the same series
of stimuli was presented with the following modifications: pure tone
durations were fixed at 4 ms and were spaced V4 octave apart within
thesamerange. Inadditionto the original set of vocalizations, we also
presented an expanded and more acoustically varied version of the
vocalizations set, consisting of nine exemplars of food-claiming call
sequences and nine exemplars of temporally matching but spectrally
varying navigationsequences™’. Furthermore, we presented areversed
version of this set of exemplars, which was obtained by reversing the

Nature Neuroscience


http://www.nature.com/natureneuroscience

Article

https://doi.org/10.1038/s41593-025-01932-3

direction of each call in a sequence using Adobe Audition. Finally, we
presented aset of four vocalization morphing continua. Morphed ver-
sions of the vocalizations were created using the STRAIGHT toolbox®°.
The fundamental frequency (f,) of each call in each sequence was
extracted, and morphing was accomplished by calculating the shortest
trajectory between the fundamental frequencies of two vocalization
exemplars. Morphed versions of both a social vocalization sequence
and a navigation vocalization sequence were created at intervals of
0% (reconstructed social),20%,40%, 50%, 60%, 80% and 100% (recon-
structed navigation sequence). Intotal, four morphing continua were
created, derived from two vocalization exemplars and four temporally
matched navigation exemplars. Auditory stimuli were presented in
blocks and randomized within each block.

Histology. At the end of the experiment, the bats were perfused tran-
scardially with 15 ml of 1% phosphate-buffered saline followed by 20 ml
of 4% paraformaldehyde in 1% phosphate-buffered saline. The fixed
partofthe brain containing the IC was sectioned in 50-um slices coro-
nally. To ascertain the excitatory expression of GCaMPé6f viral expres-
sion, immunochemistry was performed following a double-staining
procedure for GFP and GAD67 (ref. 61) (Extended Data Fig. 1a,b). For
GFP staining, a goat anti-GFP primary antibody (Novus Biologicals,
cat. no. NB100-1770) was used at a 1:500 dilution, followed by a don-
key anti-goat Alexa Fluor 488 secondary antibody (Jackson Immuno-
Research, cat.no.705-545-003) ata1:500 dilution. For GAD67 staining, a
rabbit anti-GAD67 primary antibody (ThermoFisher, cat.no. PA5-21397)
was used at a 1:1,000 dilution, followed by a donkey anti-rabbit Cy3
secondary antibody (Jackson ImmunoResearch, cat. no. 711-165-152)
at a1:500 dilution. This procedure was performed on brain sections
from two experimental bats: one pilot bat (male, adult) and one bat
included in this study (B3, female, adult).

Statistics and reproducibility. All data analysis with data collected
from five adult big brown bats and statistical testing were performed
using custom functions written in MATLAB 2018b or 2021b (The Math-
Works). The normality of data was assessed before statistical testing
using a one-sample Kolmogorov-Smirnov test. ANOVAs were per-
formed when the distribution was normal, whereas nonparametric
tests were applied (Kruskal-Wallis or Friedman) when the datadid not
follow anormal distribution. The tests used to assess significance are
specified in the main text and in the figure legends. The fluorescent
example traces depicting single-cell responses (refer to Figs. 1d and
4b) have been smoothed for enhanced visualization. However, it is
important to note that the average Af/f curves remain unsmoothed,
and all analyses, particularly those involving time course dependen-
cies, were conducted using the unaltered traces. No statistical method
was used to predetermine sample size. Imaging sites with lower qual-
ity were excluded from the vocalization data analysis (as shown in
Extended Data Fig. 5a). This assessment was based on the number of
tone-responsive ROIs to prevent contamination of the SI. The investiga-
tors were not blinded to allocation during experiments and outcome
assessment.

Best frequency identification. Best frequency (BF) was defined as
the sound frequency evoking the highest response measured as the
median of the peak amplitude across 50 trials (10 frames from stimulus
onset, 312.5 ms) at the sound level presented (70 dB). BF analysis was
restricted to neurons that exhibited significant tone-evoked activity
(paired t-test, a < 0.05).

Tonotopic gradient characterization. We first established the rela-
tionship between three anatomically defined axes, rostrocaudal,
mediolateral and dorsoventral (RC, ML and DV, respectively), and BF
tuning (limited to the 4-22.7 kHz range that comprises most of the
tuning, Fig. 2c) per side and animal, using a linear regression. We then

computed the angle that explained the tuning best by reducing the
meansquare error per side and bat (Supplementary Table1). The angle
used fortherest of the analysisis the bat-averaged angle 48°. The com-
posite theoretical tonotopic gradient (Fig. 4d,h) was obtained using the
averaged angle and averaged linear regression coefficients across bats.

Sound selectivity. An individual cell is referred to as selective if its
response shows invariance to members of one category while show-
ing different responses to a second category®>%, We computed the
selectivity index for each cell as

SI=1/nYy (X = )X + Y),

where X;is the median activity evoked within the response window (ten
frames after sound onset, 312.5 ms) by exemplar i of a stimulus type and
Y;is the corresponding activity evoked by an exemplar i of a second
temporally matched stimulus. Because multiple exemplars were pre-
sented, Slcorresponds to the average of the selectivity index computed
for pairs of temporally matched exemplars. SIranged from1to -1, with
positive Slindicating selectivity to the first category and negative SI
indicating selectivity to the second category. Permutation tests were
performed to assess cell selectivity significance (two-sided, a < 0.05).

Category decoding. We evaluated the accuracy with which the popula-
tionactivity could be classified as a natural stimulus exemplar by train-
ing and testing a linear discriminant classifier® in a pairwise fashion,
using aleave-one-out cross-validation. Two training population vectors
(cy, €,,) Were obtained by averaging the activity for 320 ms (ten frames)
after stimulus onset for each stimulus pair and each ROIs for asubset of
randomly selected repetitions. The decoding vector w was defined as

W=C5 —Cs

andthebiasas

b =(—(cy X W+ €5y X W))/2.

Thetest population vector (remaining repetition, x) was classified
asstimulus1or 2, following the rule

yx)=wxx+b.

Ify(x) > 0, xis classified as stimulus 1, and as stimulus 2 if y(x) < 0.

Werepeated this procedure 100 times and averaged the accuracy
computed for each stimulus pair per bat. The accuracy presented in
Fig.3g and Extended Data Fig. 6ais averaged across bats. To determine
if decoding accuracy is higher than chance level, we compared each
group with the identity decoding (same stimulus decoding, different
trials, 100 times). The statistical significance for each type of category
comparison (within/across) reported in Fig. 3h was assessed using an
ANOVA run on the distribution of pairwise comparison over all bats.
Similarly, for Fig. 3f we evaluated the accuracy with which the popula-
tion could discriminate between the two bat call categories using all
exemplarsofeach category per time point (corresponding to the timing
ofaframe) and the same approach.

The weights shown in Extended Data Fig. 6b correspond to the
average vector w over 100 cross-validations.

Basic auditory feature characterization. To determine if basic func-
tional auditory features could underlie the population selectivity to
natural bat calls, we compared a number of auditory functional fea-
tures for the selective and nonselective populations, including BF tun-
ing, tuning curve bandwidth, amplitude of evoke response to various
sounds, and upsweep and downsweep tuning (Fig. 3i-1 and Extended
Data Fig. 8). Bandwidth is defined as the area under the curve for a
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normalized tuning curve (small if the tuning is sharp and large if the
tuning is broad). Population tuning to downsweep and upsweep rate
and white noise duration was computed as the average of the tuning
curves normalized by the peak amplitude.

Category index computation. To determine the categorical nature
of the response to different vocalization categories (social versus
navigation) at the individual cell level, we computed a category index
(CI)**° as described below. For each neuron the within-category dif-
ference (WCD) corresponds to the difference between the average of
the evoked response (within a 320-ms window after stimulus onset) to
morphs20%and 40% on one side of the continuum and 60% and 80% on
the other side of the continuum. We then obtain the between-category
difference (BCD) as the difference of the evoked response to morphs
of40%and 60%. The Clis the difference between the BCD and the WCD
divided by their sum,

_ BCD-WCD
" BCD+WCD’

such that neurons showing a Cl >0 present a larger difference in
responses between than within categories. The confidence intervals
onthe Clwere created with ashuffling procedure (shuffle of the labels,
100 times). Neurons with a Cl higher than the 95th percentiles of the
shuffled distribution for each continuum were identified as being
category sensitive.

Spatial clustering analysis. The local percentage of selective cells was
computedin30-umradialincrements for each selective cell for either
social or navigation selectivity per recording sites. Given the variations
in site selectivity, the local percentage was divided by the site overall
selectivity to compute alocal selectivity ratio asafunction of distance
per bat. Spatial shuffle distributions were computed per 30-pm radial
increment and imaging site using the xand y coordinates (unpaired) to
determine significance using apermutation test (two-sided, a < 0.05).
Selective clusters were identified on acomposite map across sites and
bats using density-based spatial clustering of applications with noise
(DBSCAN, based on the pairwise Euclidean distance between ROIs).
The cluster minimum number of cells was set to 3, and epsilon was
setto30 pm.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The preprocessed imaging data are publicly available via Zenodo at
https://doi.org/10.5281/zenodo0.14743696 (ref. 63). The raw data will
be made available upon request to the corresponding author.

Code availability
The custom-built MATLAB code used for stimulus generation and analy-
sis willbe made available upon request to the corresponding author.
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a

Extended Data Fig. 1| Histology and immuneostaining for GCaMP6fand GAD67.
a, GFPimmunostaining shows expression of GCaMPé6f throughout the IC. The
black box indicates the location of the site highlighted inb. b, Immunostaining for
IClocus highlighted in afor cell nucleus (DAPI, top left), GCaMP6f (GFP, top right),
inhibitory neurons (GAD67, bottom left), and merged image (bottom right).

— GcAMP6f

20um

GAD67 __ MERGE ¢ A

20pm g 2
Merged image suggests minimal overlap between GCcAMP6f and GAD67
expression. Example neurons numbered on the merged image are displayed on
theright: 1) GAD67+ and GcAMP6f+ (yellow), 2) GcAMP6f+and GAD67- (green),
3) GcAMP6f- and GAD67+ (red). The staining procedure was repeated on the
brains of two bats.
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Extended Data Fig. 2 | Site depth estimation corrected by skull thickness. longer high fluorescence tail indicating a larger skull coverage. The criterion

a, Meanimages (150 frames) from 1X volumetric stack for example 2X imaging used for skull identification (95th percentile of the overall volumetric stack

site (highlighted by the black to gray box, colors correspond to depth inb) every distribution) is displayed in the dashed line. ¢, Skull thickness and corresponding
10 pm until example site imaging depth (bottomimage). b, Raw fluorescence depth estimation for example volumetric stackinaandb.

distribution for images displayed in A. Note that shallower images possess a
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Bat 2 LIC Site 21
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Extended Data Fig. 3| Tonotopic gradient in example sites for 3 separate bats. a, Example site from the left DCIC (LIC) of bat 1. Cell ROIs are color-coded according
to their best frequency (scaleinb). Cells without an observable tuning are shown ingray (‘NT’ for not-tuned). b, Example site from the left DCIC of bat 2. ¢, Example site

from the right DCIC (RIC) of bat 3.
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Extended Data Fig. 4 | Acoustic distribution of vocalization. a, Average power navigation: 29.7 kHz KW test, p = 0.012 and p = 9.2e-4, respectively). c, Average
spectrum for each vocalization sequences normalized by its max. b, Average vocalization duration as a function of duration. Social and navigation sequences
vocalization sequence fO end frequency as a function of start frequency. canbe separated by duration (mean social: 8 ms, mean navigation: 4.5 ms, KW
Individual point represents each sequence (social: red, navigation: blue, test, p =4.9e-4).d, Vocalization fO slope as a function of fO peak frequency.
mouse USVs: orange). Black circles highlight the stimuli presented in Fig. 3, Social vocalizations present shallower slopes (mean social: 0.08 oct./ms, mean
all stimuli were presented for Extended Data Fig. 7a, b. Conspecific sequences navigation: 0.17oct./ms, KW test, p = 3.5e-4).

end and start frequency are significantly different (mean social: 22.9 and mean
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is consistently higher than other categories. ¢, Average sound-evoked Af/f
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Extended DataFig. 6 | Linear decoding method. a, Decoding weights for time R?=0.243,p <107*). b, Mean decoding weights from pairwise decoding for
course decoder (Fig. 3f) as a function of selectivity index per cell (black dot). social vs navigation (Fig. 3g,h) increase with Sl (linear regressionin red, adjusted
Left: decoding weights does not increase (linear regressionin red, adjusted R?=0.0374, p =9.12e-51), but not for same stimulus decoding (social only, in grey,
R?=-0.000129, p = 0.623) with Sl at O s after stimulus onset. Right: decoding linear regression purple, adjusted R*=2.03e-05, p = 0.29).

weightsincreases linearly with Slat 60 ms after stimulus onset (adjusted
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Extended Data Fig. 7| Population categorical boundaries are maintained
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the set of stimuliin Fig. 3g-h averaged across additional bats (n,,=2, 1 male,
1female, n s =1,575). Similarly, to Fig. 3g-h, decoding accuracy within categories
islower than across category (white =50% chance, red =100% accuracy). Right:
Mean decoding accuracy within and across categories (error bar: mean+-SEM).
Higher than chance decoding accuracy is indicated by a single star above each
bar. Decoding accuracy is significantly lower within vs. across categories (one-
way ANOVA, F(6,337) =33.3, p = 1.7728e-31, post-hoc Tukey’s HSD, pg/s <107,
Psssu <107, psyu <107*) in addition decoding accuracy across bat calls is
significantly lower than across bat calls and mouse USVs (py;s/s,y = 0.0057).

b, Left: pairwise decoding accuracy with an extended set of stimuli (n,;=2, same
asa). Social exemplars extended from 6 to 9, temporally matched navigation
exemplars are spectrally varied, USVs remain the same. Decoding accuracy

remains significantly lower within vs. across categories (one-way ANOVA,
F(6,655) =67.2, p=4.5820e-65, post-hoc Tukey’s HSD, pyy/s = 9.4866€-09,

Prsiu <107, P <1074, pgjsu <107, psnu = 3.5542€-15). In addition, decoding
accuracy across bat vocalizations is significantly lower than across bat versus
mouse USVs (Pys/suy = 2.5996€-10, pysny = 2.1133e-18). ¢, Population response to
stimuli reversal. Left: example spectrograms for forward (original vocalizations)
and corresponding reverse stimulus for a social sequence exemplar. Center:
distribution difference between mean evoked response forward and reverse

for each category (black, normalized) and corresponding shuffle (100 shuffle,
normalized, gray). Numerical value: Percentage of cells sensitive to reversal

(< 0.05, two-sided from shuffle) per category. The percentage of cells that
changed their response when the stimuli is reversed is highest for social stimuli
(31.2%), followed by navigation stimuli (22.8%) and lowest for mouse USV (15.9%).
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Extended Data Fig. 8| Additional auditory features for selective and and upsweep (US), for social, navigation and non-selective cells (shading:
non-selective populations. a, Probability density estimate of tuning and mean+-SEM, two-way ANOVA, F(2,14) = 0.03, p = 0.9721). d, Mean upsweep rate
bandwidth for social selective cells (left) and navigation selective cells (right). tuning as peak Af/f normalized for social, navigation and non-selective cells
b, Probability density estimate for both cell population represented as (shading: mean+-SEM, two-way ANOVA, F(2,44) = 0.06, p = 0.9459). e. Mean
contours, showing alarge density overlap (Two-sample Kolmogorov-Smirnov white noise duration tuning as peak df/f normalized for social, navigation and
test, KS Statistic= 0.1889, p = 0.0707) ¢, Average peak evoked-responses as non-selective cells (shading: mean+-SEM, two-way ANOVA, F(2,44) = 0.04,
Af/fto different type of complex sounds: white noise (WN), downsweep (DS) p=0.9648).
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Extended Data Fig. 9| The 50% continuum boundary is the most salient for
therecorded dataset. a, Example continuum and schematic representation of
Clcomputations for different boundaries (between category difference, BCD,
ingray and within category difference, WCD, in black for each tested boundary).
b, Average population activity as Af/f for continua-responsive cells (n = 2 bats,

n =1122 cells with significant sound-evoked responses). The population average
exhibits ashift from high to low activity centered around the 50% boundary,
indicating a preference for the social segment of the continua. This patternis
reminiscent of the higher proportion of social-selective cells. ¢, Distribution of

the category index for the 50% boundary (selecting for the preferred continuum).

The distribution is positively skewed, suggesting a trend toward categorical

responses. d, 95th percentile for shuffle (gray) and data (black) for each
boundary. The 95% percentile for the data lies outside the shuffle distribution
only for the 50% boundary, indicating that for other boundaries the Cls are not
significantly different than the noise. e, Population. average (Af/f, normalized per
cell, error bar: mean+-SEM) along the morphing continuum for each boundary
(n=2bats, n=1122 cells with significant sound-evoked responses). A 4-parameter
logistic fit of the population average centers around the 50% boundary,
regardless of the tested boundary. f, Point of inflection for each logistic fit

per boundary (black dot) and its average (dotted black line). The population
transition is centered around the 50% boundary, regardless of the computed CI
boundary (54.2+-9.4%).
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Extended Data Fig. 10 | Relationship between tuning and selectivity index
examples and composite view. a, Tuning map for example site in Fig. 4
color-coded according to the best frequency of the neuron. b, Corresponding
social/navigation selectivity map for the same example site, color-coded by

the neuron’s selectivity index. Note that the selectivity ‘hotspots’ do not follow
the tonotopic gradient. ¢, Cumulative distribution for cluster centers and
corresponding shuffle distribution (randomly selected from all cells coordinates,
ingray) along the composite RL gradient of allimaged sites. Left: social cluster
falls just outside of the shuffle distribution (two-sided permutation test,
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p <0.01), perhaps dueto the increase in cluster size with cell density.

Center left: navigation cluster centers fall within the 95% confidence interval
therefore following cell density independently of the tonotopic gradient.
Center right: cells tuned to low frequencies (4 and 5.7 kHz, in dark blue) are
located more rostromedially than the corresponding shuffled distribution
(two-sided permutation test, p < 0.01). Right: cells tuned to high frequencies
(16 and 22.7 kHz) are located more caudolaterally than the corresponding
shuffled distribution (two-sided permutation test, p < 0.01).
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