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NEUROSCIENCE

Distributed burst firing mediates optimized cortical

encoding of natural self-motion

Jerome Carriot', Isabelle Mackrous', Kathleen E. Cullen***°, Maurice J. Chacron'*

Accurate perception of self-motion requires that vestibular input be transformed into neural representations suit-
able for integrating multisensory cues to guide action. Here, we demonstrate that vestibular cortical neurons rep-
resent the self-motion stimuli encountered during everyday activities in a fundamentally different manner than
the artificial self-motion stimuli typically used. Using stimuli whose waveforms reproduce the head dynamics en-
countered in natural behavior, we found that neural activity no longer tracked stimulus velocity through graded
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firing-rate changes, as observed during artificial sinusoidal stimulation, but instead reliably encoded distinct mo-
tion features through burst firing. At the population level, these bursts formed a distributed code that enhanced
information transmission by reducing redundancy. This transformation emerged only during natural stimulation
and was absent in the vestibular thalamus. Together, our results demonstrate that the vestibular cortex constructs
a distributed, feature-based representation of natural self-motion, fundamentally reshaping our understanding of

how cortical circuits encode vestibular signals to mediate perception.

INTRODUCTION

Self-motion is sensed by the vestibular system, contributing to re-
flexes, spatial perception, and motor coordination during everyday
life [reviewed in (1)]. Vestibular sensors detect head movement in-
formation, transmitting this information via afferents to the vestibu-
lar nuclei (VN). Vestibular-only neurons within the VN project to
neurons in the thalamic ventral posteriolateral area (VPL) (2, 3). The
VPL projects directly to multiple cortical areas that are involved in
self-motion processing and perception, including the parietoinsular
vestibular cortex (PIVC), the ventral intraparietal cortex (VIP), area
2v of the intraparietal sulcus, and area 3a in the sulcus centralis (4-7).
Area PIVC further receives both visual inputs from the medial tem-
poral (MT) via the dorsal medial superior temporal (MSTd) cortex
(6, 8-10), projects to the VIP (7), and is furthermore strongly inter-
connected with somatosensory cortex areas 3a and 2v (8). Notably,
PIVC is thought to play a central role in mediating self-motion per-
ception: Stimulation of this area evokes vestibular sensations (11),
whereas lesions instead impair orientation perception (12, 13).

The common wisdom is that neurons within ascending vestibular
pathways exclusively transmit information through changes in firing
rate that are linearly related to the self-motion stimulus [see (I, 14) for
review]. However, the self-motion stimuli experienced during every-
day behavior fundamentally differ from the artificial sinusoidal stim-
uli typically used in neurophysiological studies (15, 16). Subcortical
vestibular neurons in both VN and VPL demonstrate strong nonlin-
earities (17) and respond with markedly different dynamics to natural
versus artificial self-motion (18-21) [see (22, 23) for review]. This
raises a fundamental question: Do cortical representations of vestibu-
lar input driven by artificial stimuli accurately generalize to natural
self-motion? In particular, subcortical neurons respond to naturalis-
tic stimuli using precise spike timing (24), thereby suggesting that
specific action potential patterns carry information. Perhaps one of
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the most commonly encountered action potential pattern is burst
firing (i.e., the tendency of neurons to fire packets of action poten-
tials followed by quiescence) (25). This mode of activity is observed
across diverse brain regions, including the hippocampus (26-28)
and avian forebrain (29, 30) [see (25, 31, 32) for review], and arises
from well-characterized somato-dendritic interactions (27, 33).
Despite its ubiquity and mechanistic understanding, whether burst
firing contributes to the encoding of self-motion within cortical
pathways remains unknown.

Accordingly, here we investigated how neurons in the macaque
PIVC encode both natural and artificial self-motion. Consistent with
prior results, PIVC neurons encoded the detailed time course of sinu-
soidal (artificial) motion. In notable contrast, during natural self-
motion, cortical neurons adopted a fundamentally different coding
strategy, reliably signaling distinct stimulus features through burst fir-
ing. This nonlinear transformation emerged within the cortex as the
response of vestibular thalamic neurons in VPL continued to follow
stimulus dynamics under both conditions. Computational modeling
further revealed that this thalamic-cortical transformation emerges
under richer self-motion stimulus statistics. Our modeling also pre-
dicted that PIVC representations of natural stimuli are distributed,
requiring pooling across neurons to recover stimulus dynamics—
a prediction that was confirmed experimentally. Together, these
findings demonstrate that PIVC does not passively relay vestibular
input to higher brain areas with little to no transformation. Rather,
they identify the vestibular cortex as an essential site of thalamic-
cortical transformation that recodes vestibular signals into distrib-
uted, feature-based population representations where each neuron
signals a specific stimulus feature (e.g., upstroke) via burst firing
thereby supporting perception of natural self-motion.

RESULTS

The goal of this study was to investigate how neural populations
within PIVC that receive direct input from VPL neurons encode
natural self-motion (Fig. 1A). To address this question, we delivered
passive motion to head-fixed rhesus macaques (Macaca mulatta)
that were seated on a turntable (Fig. 1B, left) during rotations along
the yaw axis. The time course of these rotations was either sinusoidal
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Fig. 1. Experimental setup and stimuli used in this study. (A) Schematic of the brain showing ascending vestibular pathways. Vestibular afferents transmit head motion
information to neurons within the VN, which, in turn, project to the VPL area of the thalamus as well as the PIVC that mediate self-motion perception. We recorded from
neurons within the VPL and PIVC in this study. (B) Left: The monkey was seated in a primate chair that was mounted on a motion platform. Right: Stimuli consisted of rota-
tions along the YAW axis whose time course was either sinusoidal (i.e., artificial and middle) or closely resembled that experienced during natural behaviors (i.e., natural
and right). (C) Left: Sinusoids contain power only at the stimulus frequency, which is represented by the different colored arrows. Right: Natural stimuli instead display

power for a spectrum of frequencies.

(i.e., artificial; Fig. 1B, middle, yellow curve) or mimicked that record-
ed while the animal performed natural behaviors such as walking or
jumping (i.e., natural; Fig. 1B, right, black curve; see Materials and
Methods). We used sinusoidal stimuli with an amplitude of 15°/s at
frequencies 0.5, 1, 2, 3, 4, 5, 8, and 17 Hz, which span the natural
range. Natural stimuli consisted of 60-s snippets of horizontal angular
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velocity from naturally behaving rhesus macaques (18, 19), played
back through the motion platform. These natural stimuli reached
much higher amplitudes (~200°/s; Fig. 1B) and contained a spectrum
of frequencies (Fig. 1C, right). Our dataset consisted of well-isolated
single neurons from three animals from areas VPL and PIVC (VPL:
N = 27; PIVC: N = 37; see Materials and Methods). All neurons that
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were sensitive to sinusoidal vestibular stimulation and whose isola-  The firing rate and unit activity (UA) of an example neuron during
tion met or exceeded our criteria as well as could be maintained dur-  artificial and natural stimulation are shown in Fig. 2 (B and C), re-
ing stimulation were included in our dataset. spectively. During artificial stimulation, this neuron’s activity was

modulated, such that the firing rate followed the stimulus’ detailed
Vestibular cortical neurons encode the detailed time course  time course (Fig. 2B). We further applied standard models based on
of artificial but not natural self-motion linear systems characterization (9, 34) and found that the predicted
We recorded the activities of vestibular cortical neurons within firing rates matched those observed experimentally for all frequen-
PIVC during artificial sinusoidal and natural stimulation (Fig. 2A).  cies (Fig. 2B, compare shaded gray with dashed lines). In contrast,
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Fig. 2. Vestibular cortical neurons encode the detailed time course of artificial but not natural stimuli. (A) Schematic showing ascending vestibular pathways; re-
cordings were made from vestibular cortical neurons. (B) Angular velocity (top), firing rate (middle), and UA (bottom) from an example vestibular cortical neuron during
artificial stimulation. Shown are stimulus waveforms (top), firing rates (middle), and UAs (bottom) for three frequencies (left: 0.5 Hz; middle: 4 Hz; right: 17 Hz). The firing
rate followed the detailed time course of the stimulus and was well predicted by linear models (dashed line). (C) Same as (B), but during natural stimulation. The firing rate
did not follow the stimulus’ detailed time course and was not well predicted by linear models. Inset: The goodness of fit was significantly higher during artificial stimula-
tion (Wilcoxon signed-rank, Z = 5.3, P ~ 5.71 X 107%). (D) Plots showing the population-averaged stimulus-response (light blue) and square root of response-response
coherence (dark blue) curves as a function of frequency during artificial 4-Hz sinusoidal stimulation. Cl, confidence interval. (E) Plots showing the population-averaged
stimulus-response (light red) and square root of response-response coherence (dark red) curves as a function of frequency during natural stimulation. (F) Whisker-box
plots showing the nonlinearity index during artificial (blue) and natural (red) stimulation. Values during natural stimulation were significantly higher (Wilcoxon signed-
rank test, Z = —4.46, P ~ 8.3 x 107°).
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the response of this same neuron to natural stimulation did not fol-
low the stimulus at all (Fig. 2C, compare dashed red and gray traces).
Linear models performed poorly at predicting the neural response,
which was not related to the stimulus in any obvious manner.

We hypothesized that the inability of vestibular cortical neurons
to follow the detailed stimulus time course during natural stimula-
tion was due to nonlinear encoding. To test this, we compared the
stimulus-response and response-response coherence curves for each
neuron (see Materials and Methods). If a neuron’s response is linearly
related to the stimulus, these two curves should overlap; any differ-
ence thus indicates a response nonlinearity (35-37). During artificial
stimulation, both curves exhibited high coherence and closely over-
lapped (Fig. 2D). In contrast, during natural stimulation, the stimulus-
response coherence curve was near zero (Fig. 2E), as expected because
linear models could not accurately predict the observed responses
(Fig. 2C). Notably, the response-response coherence curve was sys-
tematically higher than the stimulus-response coherence (Fig. 2E),
revealing strong nonlinearities in cortical activity. The nonzero
response-response coherence further confirms that cortical neurons
did respond to the natural self-motion stimulus. We then quantified
response nonlinearity by computing a nonlinearity index (see Materi-
als and Methods) and found much higher values during natural stim-
ulation (Fig. 2F; Wilcoxon signed-rank test, Z = —4.46, P~ 8.3 X 107°),
thereby confirming our hypothesis that vestibular cortical neurons
exhibit markedly nonlinear responses under natural stimulation.

To compare with previous results, we used linear systems identifi-
cation techniques to quantify the gain and phase as a function of fre-
quency during both natural and artificial stimulation (see Materials
and Methods). Response gains and phases obtained during artificial
stimulation were similar to those obtained previously (13, 34). Ves-
tibular cortical neurons displayed high-pass tuning with response
gains that increased as a function of frequency (fig. S1, top left). In
contrast, during natural stimulation, response gain was low irrespec-
tive of frequency (fig. S1, top right), which is expected because re-
sponses were strongly nonlinear (Fig. 2E). As a result, linear models
performed much better at predicting responses to artificial stimula-
tion (Fig. 2C, inset), which is expected as neural responses were then
more linearly related to the stimulus (Fig. 2D).

Vestibular thalamic neurons encode the detailed time
course of both artificial and natural self-motion

Perhaps the simplest explanation for the differential responses of ves-
tibular cortical neurons to natural and artificial stimulation is that
these are simply inherited from vestibular thalamic neurons. To test
this prediction, we performed recordings from vestibular thalamic
neurons within VPL during artificial and natural stimulation (Fig. 3A).
Overall, we found that vestibular thalamic neuron activity followed the
stimulus’ detailed time course during both artificial (Fig. 3B) and natu-
ral (Fig. 3C) stimulation consistent with the previous literature (38,
39). Moreover, the stimulus-response and response-response coher-
ence curves closely matched during both artificial (Fig. 3D) and natu-
ral stimulation (Fig. 3E), indicating that neuronal responses were
linearly related to the stimulus under both conditions.

Nonlinearity index values were much more similar to one another
than for vestibular cortical neurons (compare Fig. 3F with Fig. 2F).
Quantification of results using linear systems identification tech-
niques further revealed important differences between gain and phase
during artificial and natural stimulation (fig. S1, bottom). Such differ-
ences are due to response nonlinearities such as contrast gain control
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that have been well-characterized previously (20, 40-42). However,
such nonlinearities are qualitatively different than those observed for
vestibular cortical neurons above as, in each case, the neural activity
is well predicted by (albeit different) linear models (Fig. 3, B and C).
As such, we conclude that the differential responses of vestibular cor-
tical neurons during artificial and natural stimulation are not inher-
ited from afferent thalamic input.

Single vestibular cortical neurons transmit little information
about the stimulus’ detailed time course during

natural stimulation

We next quantified the information transmitted by the spiking ac-
tivities of vestibular cortical and thalamic neurons during artificial
and natural stimulation. To do so, we quantified the performance of
an optimal linear decoder at reconstructing the stimulus’ detailed
time course from the spiking activity (43, 44). Specifically, the re-
constructed stimulus waveform is obtained by convolving the spike
train with a kernel that is chosen to minimize the mean square error
between the actual and reconstructed stimulus waveforms (Fig. 4, A
and B; see Materials and Methods). Overall, for cortical neurons, we
predicted a much better match between the actual and reconstructed
stimulus waveforms during artificial stimulation. For thalamic neu-
rons, we instead predicted a good match during both artificial and
natural stimulation. Consistent with our predictions, for cortical neu-
rons, the actual and reconstructed waveforms closely resembled one
another during artificial 4-Hz stimulation (Fig. 4A, compare blue and
orange waveforms) but instead strongly differed during natural stim-
ulation (Fig. 4B, compare red and orange waveforms). Similar results
were obtained for all sinewave frequencies (fig. S2). For thalamic neu-
rons, the waveforms closely resembled one another during both arti-
ficial (Fig. 4C, compare blue and orange waveforms) and natural
(Fig. 4D, compare red and orange waveforms) stimulation.

We quantified the quality of the reconstruction by computing the
coding fraction, which ranges between 0 and 1 and represents the
fraction of the stimulus that is correctly reconstructed (see Materials
and Methods). We also computed the mutual information rate be-
tween the original and reconstructed stimulus waveforms (see Ma-
terials and Methods). Overall, during artificial stimulation, coding
fraction and mutual information values were more similar between
vestibular cortical and thalamic neurons (Mann-Whitney U tests;
coding fraction: U = 805; P & 3.7 X 10”/; mutual information:
U = 450; P = 0.86; Fig. 4E). In contrast, during natural stimulation,
both coding fraction and mutual information values were much
lower for vestibular cortical neurons (Mann-Whitney U tests; cod-
ing fraction: U = 875; P~ 5.7 X 10™"!; mutual information: U = 875;
P~62x1071 Fig. 4F). Furthermore, for cortical neurons, coding
fraction values and mutual information obtained for natural stimu-
lation were much lower than those obtained for artificial stimulation
(Wilcoxon rank sum tests; coding fraction: Z =7.19, P~ 6.3 x 107"
mutual information: Z = 5.20, P ~ 2.0 X 1077). To establish that our
results were not limited to velocity-based representations of self-
motion, we repeated our analysis using other representations (e.g.,
position, acceleration, and jerk). We then computed an optimal ker-
nel that was then convolved with the spike train to obtain the recon-
structed stimulus (see Materials and Methods). Overall, the quality
of the stimulus reconstruction was poor as quantified by coding
fraction values near zero independently of sensory representation
(fig. S3). Thus, single vestibular cortical neurons do not transmit in-
formation about the detailed time course of natural self-motion.
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Fig. 3. Vestibular thalamic neurons encode the detailed time course of natural and artificial stimuli. (A) Schematic showing ascending vestibular pathways; record-
ings were made from vestibular thalamic neurons. (B) Angular velocity (top), firing rate (middle), and UA (bottom) from an example thalamic neuron during artificial
stimulation. Shown are stimulus waveforms (top), firing rates (middle), and UAs (bottom) for three frequencies (left: 0.5 Hz; middle: 4 Hz; right: 17 Hz). The firing rate fol-
lowed the detailed time course of the stimulus and was well predicted by linear models (dashed line). (C) Same as (B), but for natural stimulation. The firing rate followed
the detailed time course of the stimulus and was well predicted by linear models (dashed line). Inset: The goodness of fit was not significantly different during both condi-
tions (Wilcoxon signed-rank, Z = —1.61, P ~ 0.11). Goodness of fit values obtained for thalamic neurons during natural stimulation were significantly higher than those
obtained for cortical neurons (Wilcoxon signed-rank, Z= —7.39, P~ 1.42 X 10’13). n.s., not significant. (D) Plots showing the population-averaged stimulus-response (light
blue) and square root of response-response coherence (dark blue) curves as a function of frequency during artificial 4-Hz sinusoidal stimulation. (E) Plots showing the
population-averaged stimulus-response (light red) and square root of response-response coherence (dark red) curves as a function of frequency during natural stimula-
tion. (F) Whisker-box plots showing the nonlinearity index during artificial (blue) and natural (red) stimulation. Values during natural and artificial stimulation, although
significantly different from one another (Wilcoxon signed-rank test, Z = —2.53, P ~ 0.01), were much more similar than for cortical neurons (compare with Fig. 2F).

In contrast, for thalamic neurons, coding fraction and mutual ~PIVC neurons reliably signal the occurrence of specific
information values were high during both natural and artificial natural stimulus features via burst firing
stimulation, indicating faithful representation of the stimulus’ de-  Thus far, our results show that vestibular cortical neural activity does
tailed time course in both cases. Coding fraction and mutual infor-  not convey information as to the stimulus’ detailed time course dur-
mation values were significantly higher during natural stimulation  ing natural but not artificial stimulation. This difference is not simply
(Wilcoxon signed-rank tests; coding fraction: Z = —4.08, P~ 4.4 X  inherited from thalamic afferent input. We therefore next investi-
1077 mutual information: Z = —4.94, P~ 7.9 X 1077). gated whether specific spike patterns carried information about the
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Fig. 4. An optimal linear decoder can recover information as to the stimulus’ detailed time course from the spiking activities of vestibular thalamic but not
cortical neurons during natural stimulation. (A) Top: Original (blue) and reconstructed (orange) stimulus waveforms from an example cortical neuron during artificial
stimulation. Bottom: Time-dependent firing rate and UA. Inset: Optimal filter that, when convolved with the UA, gives rise to the reconstructed stimulus waveform.
(B) Same as (A) and for the same cortical neuron, but during natural stimulation. Note the poor reconstruction. (C and D) Same as (A) and (B), but for an example tha-
lamic neuron. Note the good quality of the reconstruction in both cases. (E) Whisker-box plots for coding fraction (CF) (left) and mutual information (MI) rate (right) for
thalamic and cortical neurons during artificial stimulation. The coding fraction was significantly higher for thalamic neurons (Mann-Whitney U test, U= 805; P~ 3.7 X 1077)
but not the mutual information rate (Mann-Whitney U test, U= 450; P ~ 0.86). (F) Same as (E), but during natural stimulation. Coding fraction and mutual information rate
values were significantly higher for thalamic neurons (coding fraction: U = 875; P ~ 5.7 X 10~"'; mutual information: U = 875; P ~ 6.2 x 10~"").“*”indicates statistical sig-
nificance at the P < 0.05 level using a Mann-Whitney U test.

Carriot et al., Sci. Adv. 12, eaee8327 (2026) 7 August 2026 60of 19

9202 ‘ZT 13nBnYy uo AlsiAIUN suiydoH suyor Te B10°80us 105 MMM//:Sdly WoJ) pepeojumoa



SCIENCE ADVANCES | RESEARCH ARTICLE

stimulus. A closer inspection of spiking responses revealed that ves-
tibular cortical neurons tended to fire clusters of action potentials in
response to natural stimulation (Fig. 5A). The interspike interval (ISI)
distribution was bimodal with the trough located at 8.0 ms (Hartigan’s
dip test; dip = 0.09, P = 0.0; Fig. 5A, right inset), which is a signature
of burst firing (25). We thus separated the spikes that belong to bursts
(i.e., the burst train) from those that did not (i.e., the isolated spike
train) using an ISI threshold whose value was set to that correspond-
ing to the trough of the ISI distribution (Fig. 5A, right inset, red ar-
row; see Materials and Methods). Such methodology has been used in
other systems (44-47). We next examined the relationship between
the burst and isolated spike trains and the stimulus. Overall, we found
that bursts occurred during specific stimulus features (Fig. 5A, com-
pare green train and dashed black waveform). The stimulus wave-
forms that triggered bursts all closely resemble one another when
z-scored as seen from large overlap when superimposed (Fig. 5A,
middle right inset). In contrast, isolated spikes were triggered by a
wide variety of stimulus waveforms that did not overlap when super-
imposed (Fig. 5A, bottom right inset). Feature detection via burst fir-
ing was not observed during artificial stimulation as the stimulus
segments preceding bursts did not overlap (Fig. 5B).

We next used signal detection theory (48) to quantify the efficacy
of bursts at detecting specific stimulus features (44, 47) (Fig. 6A; see
Materials and Methods). Specifically, the distribution of stimulus
waveforms within a time window of 30 ms corresponding to the
integration timescale for neurons within ascending vestibular path-
ways (18) that preceded either burst spikes, all spikes, or isolated
spikes were compared to those that preceded the absence of spiking
and the separability between these were assessed by computing the
receiver operating characteristic (ROC) curve. The ROC is a plot of
the probability of correct detection as a function of the probability
of false alarm and quantifies the performance of an ideal observer
at correctly deciding which distribution a given sample is coming
from. If performing at chance level, then the probability of correct
detection is equal to the probability of false alarm (Fig. 6A, right,
dashed blue line). In contrast, for perfect performance, the probabil-
ity of correct detection is equal to 1 whereas the probability of false
alarm is equal to zero.

Figure 6 (B and C) shows the ROC curves obtained from bursts
(green), isolated spikes (gray), and the full spike train (black) for
an example vestibular cortical neuron during natural and artificial
stimulation, respectively. Overall, during natural stimulation, the
ROC curve for bursts was always above those of the full spike train
and isolated spikes (Fig. 6B). In contrast, during artificial stimula-
tion, all three curves overlapped (Fig. 6C). We quantified results by
computing the area under the ROC curve (AUC). Overall, AUC val-
ues were significantly higher for bursts during natural stimulation
than during artificial stimulation (Mann-Whitney U test; U = 1053;
P =2.4x1077), as well as those obtained for the full spike train or
isolated spikes (Kruskal-Wallis test; H=72.8; P=1.6 X 10716, Fig. 6D)
across all sinusoidal stimulation frequencies (fig. S2). In particular,
all PIVC neurons that met our isolation criterion displayed burst
firing and increased feature detection via burst firing during natural
stimulation (Fig. 6D). It is important to note that differences between
AUC values for bursts during natural and artificial stimulation were
not due to differences in stimulus amplitude. Restricting the analysis
to low-amplitude segments of the natural stimulus gave similar results
(fig. S3). Significantly higher AUC values were obtained for bursts
across a wide range of time window values (fig. S4).

Carriot et al., Sci. Adv. 12, eaee8327 (2026) 7 August 2026

We next performed a similar analysis for vestibular thalamic neu-
rons. Because the ISI distributions were not bimodal (fig. S5), we
used the same burst threshold values as for vestibular cortical neu-
rons, thereby considering “burst trains” with similar ISI values as for
vestibular cortical neurons. Overall, the performance of bursts, the
full spike train, and isolated spikes were all similar to one another and
close to chance level during either of natural or artificial stimulation
(Fig. 6, E to G). Last, comparison of performance at feature detection
and information transmission revealed a trade-off between both
quantities when comparing cortical and thalamic neurons during
natural stimulation but not artificial stimulation (fig. S6). We con-
clude that vestibular cortical neurons reliably signal the occurrence
of specific stimulus features via burst firing during natural but not
artificial stimulation and that this property is not inherited from ves-
tibular thalamic neurons that instead transmit information about the
stimulus’ detailed time course during both conditions.

Feature detection via burst firing emerges under complex
stimulus statistics

To gain understanding as to how reliable feature detection by burst
firing in vestibular cortical neurons emerges, we built a mathemati-
cal model based on the Hodgkin-Huxley formalism and analyzed
the model’s spiking output in the same way as our experimental
data (fig. S7A; see Materials and Methods). Overall, AUC and cod-
ing fraction values for the model closely matched experimental ob-
servations for the burst, full spike train, and isolated spike train
during natural stimulation and artificial stimulation (fig. S7, B and
C). Because our analysis strongly suggests that these cannot be ex-
plained by differences in stimulus amplitude (fig. S2), we instead
focused on the fact that natural but not artificial stimuli contain a
spectrum of frequencies and are thus more complex (Fig. 6H). We
first used a methodology that allowed us to transition between ar-
tificial and natural stimuli. Specifically, we expanded the natural
stimulus into a Fourier series (see Materials and Methods). Com-
plexity was quantified using the sample entropy (49) (see Materi-
als and Methods). We found that, as we included more terms in
the Fourier series, thereby making the resulting stimulus waveform
more complex and more similar to that of the natural stimulus, reli-
ability of feature detection by bursts as quantified by the AUC in-
creased (Fig. 6I). Stimuli with complexity as low as 40% that of
natural stimuli gave rise to reliable feature detection irrespective of
amplitude (Fig. 6I). Next, we tested whether artificial stimuli with
sufficient complexity could give rise to reliable feature detection. To
do this, we progressively added more sinewaves with different am-
plitudes and frequencies (see Materials and Methods). Overall, we
found that such stimuli also gave rise to reliable feature detection
by bursts provided that complexity was sufficiently high (Fig. 6]).
Thus, our modeling results show that differences in feature detec-
tion are associated with natural stimuli being more complex than
artificial stimuli. They show that feature detection by bursts emerg-
es for stimuli containing multiple temporal frequencies (i.e., are
sufficiently complex).

PIVC neurons form a distributed representation of

natural stimuli

Our results show that single PIVC neurons do not provide reliable
information as to the detailed time course of natural stimuli (Fig. 2).
However, further analysis revealed that individual neurons reliably
signal the occurrence of specific stimulus features via burst firing
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Fig. 5. Vestibular cortical neurons reliably signal the occurrence of specific natural stimulus features through burst firing. (A) Natural stimulus waveform (top) with
a portion shown in dashed line. The portion of the stimulus waveform (dashed) is shown along with the spiking activity of an example cortical neuron (bottom; black). The
ISI distribution from this same neuron was clearly bimodal (top right; Hartigan’s dip test; dip statistic: 0.09; P ~ 0.0). As such, an ISI threshold (red arrow) of 8.04 ms was
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slope (green portions of the stimulus) that were well aligned with each other (middle right), whereas this was not the case for isolated spikes (gray portions of the stimu-
lus and bottom-right panel). (B) Same as (A) and for the same example cortical neuron, but during artificial 4-Hz stimulation. Note that the stimulus waveforms preceding

both bursts and isolated spikes were not well aligned with one another in both cases.
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(Fig. 5). Although burst firing from a single neuron by itself is not
sufficient to transmit information as to the stimulus’ detailed time
course, it is conceivable that pooling the burst spike trains of multi-
ple PIVC neurons could provide such information, but only if dif-
ferent neurons were to signal different stimulus features. To test
whether this hypothesis is viable, we first constructed a population
of model PIVC neurons that each signaled the occurrence of differ-
ent stimulus features via burst firing (Fig. 7A) before experimental
validation. We found that, when summing the burst spike trains of
only six neurons to obtain the network activity, burst firing occurred
on most of the stimulus waveform (Fig. 7A, bottom). We quantified
the ability of an optimal linear decoder at reconstructing the stimu-
lus’ detailed time course from the burst spike trains using the stimu-
lus reconstruction technique (Fig. 7B). Each neuron’s activity was
convolved with a kernel before being summed to obtain the recon-
structed stimulus (see Materials and Methods). As for single neu-
rons, the kernels are chosen such as to minimize the mean square
error between the actual and reconstructed stimulus waveforms. We
found that pooling the activities of vestibular cortical neural popu-
lations allowed for accurate reconstruction of the natural stimulus
waveform (Fig. 7C) as quantified by the coding fraction which in-
creased with population size (Fig. 7D).

We tested modeling predictions by performing the same analy-
sis on experimental data. Experimental data revealed that different
PIVC neurons reliably signaled the occurrence of different stim-
ulus features via burst firing (Fig. 8A), such that burst firing oc-
curred during most of the stimulus waveform when considering
only six neurons (Fig. 8A, bottom). We next used the stimulus re-
construction technique but assigned different filters to the different
neurons (Fig. 7B). Increasing population size gave rise to improved
coding fraction (Fig. 8B, left) and mutual information (Fig. 8B,
right). Specifically, pooling the activities of 30 vestibular cortical
neurons gave rise to accurate stimulus reconstruction (Fig. 8B, left,
inset). In contrast, the activities of thalamic neurons were much
more similar to one another (fig. S8A). Pooling the activities of ves-
tibular thalamic neurons did not lead to as great of a relative im-
provement as cortex when considering either coding fraction or
mutual information (Fig. 8, B to D, and fig. S8B). We quantified
spike train similarity by computing pairwise correlation coeflicient
between the responses of different neurons. Overall, the correlation
coefficient distribution for cortex had a lower median and was sig-
nificantly different than that for thalamus (Kolmo§orov—5mirnov
test; Kolmogorov-Smirnov = 0.32; P = 4.9 X 10™~; Fig. 8C). We
also computed the redundancy (see Materials and Methods) and
found significantly greater values for vestibular thalamic neurons
(Mann-Whitney U test; U = 0; p = 5.7 x 10™'"; Fig. 8D, right).
Thus, our results demonstrate that nonlinear coding via distributed
burst firing in the vestibular cortex optimizes coding by reduc-
ing redundancy.

Crucially, such differences were not found during artificial stim-
ulation, as the activities of vestibular cortical and thalamic neural
populations more closely resembled one another (fig. S9, A to C).
As such, the absolute pairwise correlation coefficient between ves-
tibular cortical and thalamic neurons was signiﬁcantly higher dur-
ing artificial stimulation (P ~ 1.14 x 107 fig. S10). Moreover,
plots of the coding fraction and mutual information as a function
of population size closely overlapped one another for both areas
(fig. S9D). The implications of our results are summarized and dis-
cussed below.

Carriot et al., Sci. Adv. 12, eaee8327 (2026) 7 August 2026

DISCUSSION

Summary of results

Our findings reveal a fundamental transformation of vestibular pro-
cessing between the thalamus and the cortex. Although both ves-
tibular thalamic and cortical neurons encoded the detailed time
course of artificial sinusoidal motion, consistent with earlier reports,
cortical responses diverged notably from their thalamic inputs dur-
ing naturalistic self-motion: Whereas thalamic neurons continued
to encode the overall dynamics of the stimulus through graded fir-
ing rate modulations, cortical neurons instead used a qualitatively
distinct coding strategy. Further analysis revealed burst firing that
was reliably triggered by specific stimulus features of natural mo-
tion, such as stimulus upstrokes. In contrast, isolated spikes—or
even the full spike train considered as a whole—failed to show the
same level of feature detection. For artificial stimulation, bursts, iso-
lated spikes, and the full spike trains all exhibited comparatively weak
coding, underscoring the selectivity and specificity of burst-based
coding for natural stimuli. A simple model of burst generation repro-
duced these experimental results, showing that reliable feature detec-
tion by bursts emerges when stimulus statistics are sufficient complex
by containing multiple frequencies. Together, these results establish a
previously unrecognized cortical computation for vestibular signals:
PIVC transforms thalamic input into a distributed, population code
optimized for detecting specific features of natural self-motion (e.g.,
upstrokes) by reducing redundancy. As detailed below, we hypothe-
size that this representation is a signature of nonlinear mixed selec-
tivity, which further optimizes decoding by downstream areas during
multisensory integration. Overall, our results argue that a critical re-
thinking of how self-motion perception arises during natural behav-
iors is necessary.

A distributed representation of natural self-motion stimuli
by burst firing in the vestibular cortex: implications for

other systems

To our knowledge, all previous investigations of neural responses
within the vestibular cortex have considered all action potentials col-
lectively and therefore did not focus on specific action potential pat-
terns such as bursts (9, 10, 13, 34, 50). Here, we demonstrated that
taking burst firing into account revealed a fundamental property of
vestibular cortical neurons, namely, their ability to reliably signal spe-
cific stimulus features. Burst firing is a commonly encountered action
potential pattern observed across systems (e.g., visual, auditory, so-
matosensory, and electrosensory), brain regions ranging from sensory
areas to hippocampus as well as the avian forebrain, and species rang-
ing from insects to mammals (26-30) [for review see (25, 31, 32, 51-
53)] and is thought to serve multiple functions at the single-neuron
level such as enhancing the signal-to-noise ratio (54, 55), signaling the
low-frequency components of time-varying stimuli (45, 56), as well as
the detection of specific stimulus features (44, 47) such as contrast
(57). More recent studies have instead focused on neural populations
and shown that burst firing can generate invariant representations of
behaviorally relevant stimuli (58) as well as more reliable feature de-
tection through increased synchronization (57, 59-61).

In contrast, natural stimuli were represented by vestibular cortical
neurons in a fundamentally different manner, such that burst firing
was elicited by different stimulus features and thus became more dis-
similar across neurons, allowing for reduced redundancy and gen-
erating a distributed stimulus representation. This latter finding is
consistent with recent studies showing that the temporal order of
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burst firing within cortical neural populations can carry information
about the stimulus that is distinct from that carried via firing rate or
spike latency during more complex natural visual stimulation (51, 62,
63). As such, the differential coding of artificial versus natural stimuli
dependent on complexity uncovered in the present study is likely to
generalize across systems. Further studies comparing neural popula-
tion responses to natural and artificial stimuli are, however, needed to
verify this prediction. It is moreover likely that our results will also gen-
eralize to other functions of burst firing beyond sensory processing.
Within the hippocampus, burst firing has been proposed to increase
information transmission via increased synaptic efficacy (27, 64).
Within the avian forebrain, burst firing can also help strengthen the
vocal output through better coordination of neural activities via plas-
ticity (65, 66). Further studies should investigate how burst firing can
enable distributed coding within neural populations in these areas.

What are the mechanisms enabling reliable detection by bursts of
specific stimulus features in vestibular cortical populations during
natural but not artificial stimulation? Our experimental results show
that burst firing is not induced during natural stimulation as it is pres-
ent during artificial stimulation also. Our modeling results rather
show that such feature detection is present when stimulus statistics are
sufficiently complex. Thus, rather than requiring an explicit switching
mechanism, burst-based feature encoding likely emerges naturally
from the nonlinear dynamics of cortical neurons when driven by in-
puts with richer temporal structure. Further studies are needed to bet-
ter understand the mechanisms mediating the switch from faithful
encoding during artificial to reliable feature detection by burst firing
during natural stimulation in vestibular cortical neurons.

Coding of natural self-motion stimuli in the vestibular
cortex: implications for multisensory integration and
self-motion perception

PIVC is strongly connected to other vestibular areas, the primary
and secondary somatosensory cortices, and the premotor and pos-
terior parietal cortices. It also sends projections to the VN in the
brainstem (67). In general, it is thought that area PIVC is a multisen-
sory region that integrates vestibular, visual, and somatosensory in-
formation to create a representation of head-in-space motion that is
used to control eye movements, posture, and balance (68). This area
is thus thought to play an important role in bodily awareness and
cognition (12, 34, 69). Previous results have shown that stimulation
of this area in patients produces vestibular sensations (11), whereas
lesions impair orientation perception (12) and increase psychophys-
ical detection thresholds (13) [see (I) for review].

Our results reveal that vestibular cortical neurons use very differ-
ent strategies to represent natural versus artificial self-motion stimu-
li. Although subcortical areas such as the VN (18, 19) and thalamus
(20) also display differential coding, there are important differences
with the cortex. Subcortical vestibular brain areas such as the VN are
optimized to encode natural self-motion based on their statistics, and
such optimized coding is further refined at the level of the thalamus,
thereby allowing single neurons to transmit detailed information as
to stimulus’ detailed time course to cortical areas by increasing infor-
mation transmission (20). Vestibular thalamic neurons in our dataset
responded to artificial stimuli in a manner similar to that reported
previously (38, 39), suggesting that the observed responses accu-
rately represent the input to the vestibular cortex. Despite receiv-
ing information as to the stimulus’ detailed time course, our results
show that single cortical neurons do not transmit this information

Carriot et al., Sci. Adv. 12, eaee8327 (2026) 7 August 2026

independently of sensory representation but rather reliably signal the
presence of distinct stimulus features (e.g., upstrokes), such that it is
necessary to pool neural activities to recover information as to the
natural self-motion stimulus’ detailed time course. As such, our re-
sults demonstrate that optimization occurs at the population rather
than the single-neuron level within the vestibular cortex.

What advantage does representing natural self-motion stimuli
through distributed burst feature coding within the vestibular cor-
tex provide? To address this question, it is important to consider that
natural stimuli are inherently more complex than the artificial stim-
uli commonly used in sensory testing across modalities [visual: (70);
auditory: (71); somatosensory: (72); vestibular: (15); electrosensory:
(73)]. Context plays an essential role in interpreting such complex
stimuli; the presence or absence of a specific feature often depends
on the presence or absence of other contextual features (74). We pro-
pose that distributed coding via burst firing in the vestibular cortex
enables efficient detection and encoding of behaviorally relevant
stimulus features embedded within the complex, multidimensional
self-motion patterns experienced during everyday life.

In addition, it is useful to remember that self-motion perception
is achieved by integration of multiple senses including vestibular,
visual, and proprioceptive (I, 75). Vestibular inputs and visual optic
flow signals are the two most important cues for perceiving self-
motion (75). However, visual self-motion cues are not encoded by
subcortical vestibular brain areas (68). Rather, multisensory integra-
tion occurs within the vestibular cortex. Area PIVC is the site of a
rich multisensory convergence of vestibular and visual cues during
self-motion (9, 10, 76). The observed distributed coding via burst
firing observed here is consistent with vestibular cortical neurons
within PIVC neurons using nonlinear mixed selectivity (i.e., a neu-
ral code for which neurons respond nonlinearly to a combination of
random stimulus features across modalities) to represent natural
vestibular and visual self-motion cues. Nonlinear mixed selectivity
has been observed across sensory cortices (77-79) and is thought to
be advantageous by providing a solution to the problem as to how
reliable perception and behavior can be achieved using unreliable
neurons displaying high trial-to-trial variability (80). Further stud-
ies using combined natural vestibular and visual input are needed to
test these predictions. Such studies should also investigate how in-
formation from cortical area PIVC is decoded by higher order areas
such as the VIP. Specifically, we predict that decoding by VIP will be
more optimal during natural than during artificial stimulation.

In this context, our results showing differential coding of natural
versus artificial self-motion within the vestibular cortex have impor-
tant consequences for understanding the function of area PIVC in
self-motion processing for perception. This is because we found that
vestibular cortical neurons do not merely relaying vestibular infor-
mation to higher-order cortical areas but instead actively transform
incoming natural vestibular input. Thus, a comprehensive rethinking
of how self-motion is represented within the brain to mediate per-
ception is likely necessary as natural self-motion stimuli are pro-
cessed in a fundamentally different manner than the artificial stimuli
that have been used to date.

MATERIALS AND METHODS

Ethics statement

All procedures including surgeries, experiments, and housing of
the animals were approved by the McGill University Animal Care
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Committee (protocol #4096) and in accordance with the guidelines
of the Canadian Council on Animal Care.

Surgical procedure

Aseptic surgeries in preparation for extracellular recording and eye
movement measurement were performed as described previously (19,
20, 42). Briefly, one male and two female rhesus monkeys (M. mulatta)
were preanesthetized with ketamine hydrochloride (15 mg/kg intra-
muscular) and injected with buprenorphine (0.01 mg/kg im) and di-
azepam (1 mg/kg im) to provide analgesia and muscle relaxation,
respectively. Loading doses of dexamethasone (1 mg/kg im) and
cefazolin (50 mg/kg intravenously) were administered to minimize
swelling and prevent infection, respectively. Anticholinergic glycopyr-
rolate (0.005 mg/kg im) was also preoperatively injected to stabilize
heart rate and to reduce salivation and then every 2.5 to 3 hours dur-
ing surgery. During surgery, anesthesia was maintained using isoflu-
rane gas (0.8 to 1.5%), combined with a minimum of 3 liters/min
(dose adjusted to effect) of 100% oxygen.

Heart rate, blood pressure, respiration, and body temperature
were monitored throughout the procedure. The aseptic magnetic
resonance imaging (MRI)-guided surgical techniques has been de-
scribed previously (20). Briefly, the animals were implanted with
a custom-made medical grade titanium head post for restraining
the head and a recording chamber that was placed on the basis of
the coregistration of a Computed Tomography (CT) scan, an MRI
scan, and the rhesus brain atlas in Brainsight (Brainsight 2 Vet,
Rogue Research, Montreal, Canada) to provide access to PIVC.
PIVC access position was confirmed postsurgery by the coregistra-
tion of a second CT scan with a recording electrode maintained in
the center of the recording chamber. The implant was chronically
fastened to the skull with titanium screws and Simplex P bone ce-
ment (Stryker Orthopedics, Mahwah, NJ). Craniotomy was per-
formed within the recording chamber to allow electrode access to
the brainstem. An 18-mm-diameter eye coil (three loops of Teflon-
coated stainless steel wire) was implanted in one eye behind the
conjunctiva (81). Following surgery, we continued dexamethasone
(0.5 mg/kg im; for 4 days), anafen (2 mg/kg day 1, 1 mg/kg on sub-
sequent days), and buprenorphine (0.01 mg/kg im; every 12 hours
for 2 to 5 days). In addition, cefazolin (25 mg/kg) was injected twice
daily for 10 days. Animals recovered in 2 weeks before any experi-
menting began.

Data acquisition

During the experiment, animals were head fixed and seated com-
fortably on a primate chair mounted on a motion platform that de-
livered head motion stimuli during passive whole-body rotation
(pWBR) (21). For electrophysiological recordings, a neural probe
(NeuroNexus Vector Array, Ann Arbor, MI) with 32 recording sites
was used to collect extracellular recording data from multiple indi-
vidual neurons at a time (shank thickness: 75 pum; area of each record-
ing site: 177 um?; vertical distance between sites: 50 pm; horizontal
distance between sites: 43.3 pm). The probe was inserted in a guide
tube and directed toward the PIVC. The angular velocity and gaze
position signals were measured using a gyroscope and a magnetic
search coil, respectively, and the signals were low-pass filtered at
125 Hz and sampled at 1000 Hz. Extracellular recording data were
band-pass filtered at 300 to 3000 Hz, sampled at 30 kHz, and collected
via a Cerebus Neural Signal Processor (BlackRock Systems).
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Experimental paradigm

The PIVC was localized by coregistering an MRI with two CT scans:
one obtained before surgery and the other afterward. Isolated cells
were tested for vestibular sensitivity and lack of eye movement sen-
sitivity by training the animals to perform smooth pursuit, saccades,
and vestibulo-ocular reflex (VOR) cancellation (VORc) before the
recordings. Specifically, a fixed target was displayed at the center of
a screen in front of the animal. After the fixation period, saccadic
eye movements were elicited via the presentation of a target at posi-
tions +10°, £20°, and +30°. Smooth pursuit movements were elic-
ited by moving a target sinusoidally on the screen with a span of
+30°. Each recorded neuron’s firing rate was then quantified for dif-
ferent eye positions as done previously and only neurons for which
there was no significant correlation between firing rate and eye posi-
tion were retained (21). The monkeys performed VOR by fixating on
a fixed target at the center of the screen during 0.5-Hz sinusoidal
pWBR. Moreover, the animals performed VORc during 0.5-Hz
pWBR while fixating on a target on the screen which moved syn-
chronously with the primate chair and animal. Upon confirming
stable isolation and the absence of eye movement modulation in the
PIVC neuron, recordings were initiated as outlined below.

Area VPL of the thalamus was located relative to the lateral ge-
niculate nucleus, which was recognizable due to the presence of indi-
vidual neurons that responded to either the onset or offset of a light
flashed while lowering the electrode during early recordings (82).
Each neuron included in the present report demonstrated robust fir-
ing rate modulation during sinusoidal, whole-body rotations, and no
gain to eye movements during saccades or smooth pursuit (40, 83).
Furthermore, we ensured that neurons did not respond to visual
stimulation caused by small spots of light presented in the visual field
(82), as done previously (20, 42, 84).

Stimulus protocol

Following the characterization of the neurons, an interval of 20 s was
used to record the resting discharge activity of the neurons. Next, si-
nusoidal stimuli with maximum angular velocities of 15°/s and fre-
quencies of 0.5, 1,2, 3,4, 5, 8, and 17 Hz were delivered to the animal.
Each stimulus was presented for a minimum of 10 cycles (i.e., trials).
Neural responses to sinusoidal were used for characterization of
PIVC neurons as well as the study of population coding during arti-
ficial self-motion. Furthermore, at least four repetitions (i.e., trials) of
natural stimuli each lasting 60 s with a maximum head velocity of
200°/s and maximum acceleration of 14700°/s* in each direction
were delivered. Specifically, the motion platform produced rotations
such that the head angular velocity stimulus recorded by a gyroscope
mounted on the animal’s head matched those experienced during
natural activities (e.g., foraging, walking, grooming, and running)
(15, 16, 18, 19, 21).

We note that the maximum amplitude of the natural stimulus
was higher than that of the artificial sinusoidal stimuli irrespective
of frequency. However, the actual amplitude of each frequency com-
ponent of the natural self-motion stimulus was lower than that of
the artificial sinusoids (i.e., 15°/s; Fig. 1C).

Spike sorting

All of the data presented in this paper consisted of well-isolated
single units that were recorded on nonoverlapping sites of the probe.
As such, unit activities were sorted using MATLAB custom-made
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codes as previously done for single-neuron recording (19, 20). Specifi-
cally, we used voltage amplitude thresholding and visual inspection to
detect the spiking activity from the background noise activity as de-
scribed previously (21). Thus, all neurons that met our isolation crite-
ria and whose isolation could be maintained during stimulation were
included in the analysis. We note that studying vestibular processing
requires maintaining isolation while physically moving the animal.
This is particularly difficult during the vigorous high-amplitude natu-
ral self-motion used in the current study.

Data analysis

Data were imported into MATLAB (MathWorks, Natick, MA) pro-
gramming environment for analysis. Binary sequences of unit ac-
tivities were generated by setting the sequences at a given time to 1
if a spike happened at that time and to 0, otherwise, and sampled
at 1000 Hz using custom-written codes for replaying neuronal re-
cordings and sorting action potentials. The head position signal
was calculated by integrating the head velocity signal (21). The eye
position signal was computed as the difference between gaze and
head position signals. The firing rate of the neurons was estimated
by applying an optimal low-pass Kaiser filter to unit activities (85).
A neuron was categorized as a vestibular-only neuron if its response
to pWBR stimulus did not depend on the eye movement (saccade
as well as smooth pursuit) and if the response to VOR and VORc
were identical.

Each neuron was also characterized as either type I or type IL if it
displayed increased firing rate in response to head movements to-
ward the ipsilateral or contralateral sides, respectively. In practice,
this was quantified by computing the phase between the firing rate
and a sinusoidal head velocity stimulus at 1 Hz (see below). Neurons
whose phases were near 0 were classified as type I whereas neurons
whose phases were near 180° were classified as type II.

For sinusoidal stimuli, the firing rate was aligned to be in phase
with the head velocity stimulus by computing the cross-correlation
and finding the position of the peak, as done previously (20). The
phase was then obtained from this lag. The gain was computed from
the slope of the best-fit straight line when plotting the firing rate
aligned with the head velocity stimulus. For naturalistic stimuli, the
gain and phase were computed from the cross-spectrum between
the head velocity and the firing rate divided by the stimulus power
spectrum, as done previously (19, 20). The computed values of gain
and phase were then used to build linear models that were used to
predict the firing rate. The predicted firing rate was then compared
to the experimentally obtained (i.e., actual) firing rate by computing
the variance accounted for (VAF) as done previously (20).

Stimulus estimation

An estimate of the time-varying stimulus S(f) was obtained from the
activities of N neurons by convolving each spike train R;(t) with a
linear filter Ki(t) and adding the contributions of all cells (43, 86)

N

Se® =Y J dt K(v)R,(t —1)

i=1

The filters K;(t) are chosen to minimize the mean square error g?
between the stimulus and its estimate

e = <[S(t)—Sest(t)]2>
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where < ... > denotes the average over time.
The optimal set of filters are given by (43, 86)

PRlRl(f) * Prnra (f) Rl(f)

Pt (=)

Prawi () -+ Prarn(f) N\ Ky (f) Py (=)
where K;(f) is the Fourier transform of K(t), PRiRj(f ) is the cross-
spectrum between Ri(f) and Ry(f), and Py, ( —f ) is the cross-spectrum
between S(t) and Ry(t). The quality of the reconstruction was as-
sessed by computing the coding fraction (cf), which represents the
fraction of the stimulus that is correctly reconstructed (44)

of=1- -2
Ostim
where 6 is the SD of the stimulus S(f). The mutual information

(MI) rate was then obtained from

20

MI = J dflog, L)PL(@))]

where Pgg (f ) is the stimulus power spectrum and P, (f ) is the
power spectrum of noise (t) = S(¢) — S, (t). The mutual information
rate was normalized by the average firing rate of the neural popula-
tion. The redundancy was computed as

MI,,
N
Z i=1 MIl’i

1

Redundancy =100 X | 1 —

where MI, is the mutual information rate computed from a popula-
tion of N neurons and MI, ; is the mutual information for single
neuron i within that population. Essentially, if the N neurons trans-
mit information independently, then the redundancy is 0%, as ex-
pected. In contrast, if all neurons are the same, then the redundancy
tends toward 100% as the population size N increases.

Stimulus-response response, response-response coherence,
and nonlinearity index
The stimulus-response coherence was computed as (43)

1Peg (f )12
Calf) = P (f) Pss (f)

where Py (f) and P (f ) are the response and stimulus power spec-
tra, respectively. The stimulus-response coherence is a measure of
linear correlation between the stimulus and neural response and is
thus limited both by response trial-to-trial variability and by re-
sponse nonlinearity (35, 36). The impact of response nonlinearity
can be assessed by comparing the stimulus response coherence to
the square root of the response-response coherence, which was com-
puted using (24)

\/k(k2—1) | Zf:z 2;: PR,-Rj(f) |2
Vel = Pl
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where k is the number of trials (i.e., stimulus repetitions) and R;
and R; are the responses of a given neuron during trials i and j, re-
spectively. Note that the response-response coherence is only lim-
ited by response trial-to-trial variability. Moreover, we always have

Culf) <
response is linearly related to the stimulus. Thus, any difference
between the stimulus-response coherence and the square-rooted

response-response coherence must be due to nonlinearities (37, 87).
The nonlinearity index (NI) was computed as (24, 88)

Jdre)

NI =100 x -
de V Crr(f

where the interval of integration was either [0 20] for natural stimu-
lation or within an interval of 2 Hz centered on the stimulus fre-
quency for artificial stimulation. Thus, if the response is linearly

related to the stimulus, we have C;(f) = 1/C,(f) and thus NI =

0%. In contrast, in the case where the relationship between stimulus
and response is very nonlinear such that the stimulus-response co-
herence is zero, we then have NI = 100%.

C, (f ) for any frequency f with equality only when the

Sensory representations

Sensory representations of the head velocity stlmulus were obtained
by applying a fractional differentiation operator —t to the head ve-
locity time-varying waveform (20, 89). Here, a is the order and ranges
between —1 (position) and 2 (jerk). We note that negative values of
a correspond to integration. In the frequency domain, fractional
differentiation of order o corresponds to filtering by a transfer func-
tion H, O’) given by (90)

Hy(f) = (2f) "exp( %)
wherei = \/—_1

Burst extraction

We used an ISI threshold representing the average burst threshold
across neurons in our datasets to assign each spike as part of a burst
or not (i.e. “isolated”) and thus generated the burst spike trains and
the complementary isolated spike trains (45-47, 58, 91-93). Specifi-
cally, spikes with an ISI lower or equal than the threshold were as-
signed as part of a burst with the process continuing until an ISI is
greater than the threshold. Spikes that were not part of bursts were
deemed to be isolated. The burst fraction was defined as the fraction
of ISIs that are less than or equal to a given threshold value. The ISI
threshold was chosen to be at the trough separating the two modes
of the ISI distribution (Fig. 4B, red arrow) and ranged between 4.3
and 12.1 ms.

Burst feature classification

We quantified the performance of bursts, isolated spikes, and the full
spike train at detecting their preferred stimulus feature (47). First, the
preferred features were computed by accumulating the stimulus
waveforms (i.e., the “feature vectors”) that preceded each isolated
spike (i.e., “isolated”), the first spike of each burst (i.e., “burst”), each
action potential in the full spike train (i.e., “spike”), and the lack of
action potential firing (i.e., “0”) by 30 ms in the main figures. The
length of this time window was also systematically varied (fig. S3).
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The stimulus waveform was sampled at 1 ms. Thus, the set of stimu-
lus waveforms preceding each event (i.e., the “triggered vector”)
is given by

TV, = [5(6=0) . S(5)]%,
where x = “isolated,” “burst,” “spike,” or “0,” and “N,” denotes the
number of features. We note that each vector has 30 elements. We
shall denote by “m,” the mean triggered vector and by “X,” the co-
variance matrices. The optimal feature vectors that maximize the dis-
criminability between the isolated spike, burst, or spike triggered
vectors and the “no spike” vectors are given by (47)

» «

R VAN

W- 3l

where A7 and e are the ith eigenvalue and elgenvector of the ma-
trix (ZO+E ) /2 respectively, and v} = ( m, —m, ) e with “” rep-
resenting the dot product. Note that the eigenvalues are sorted in
descending order (i.e., \] > A} > ... >Af,, >0). Here, n, is the
smallest integer such that

2N

£ >099
100

G
i=1 !

The sets of projections of the optimal feature vector FV on the
triggered vectors were then computed as FV,-TV,. Hlstograms
with 70 bins ranging from the minimum to the maximum value were
then used to compute the relevant probability distributions. We com-
pared probability distributions obtained for “isolated,” “burst,” or
“spike” to those obtained in the absence of activity (i.e., “0”). We then
used signal detection theory to compute the probability of correct de-
tection Pp and the probability of false alarm Ppy by systematically
varying a threshold (48). The ROC curve was then obtained by plot-
ting Pp as a function Pga. Last, the performance was quantified as the
AUC of the ROC curve showing Pp, as a function of Pga.

Stimulus complexity and Fourier series

To transition between sinusoidal and natural stimuli, we decom-
posed the natural stimulus waveform into a Fourier series

) ) b
S(t)y=a,+ Z \/a +b7 cos [2n%t—arctan<a—’>]
= i

where T is the length of the stimulus S(t)and

2 (" i
a; = T JO dt S(t)cos<2ﬂ:?t>

2 7 i
b, = T L dt S(t)sin(ZnTt)
we then considered stimulus waveforms Sy (¢) given by

N
. b.

Syt =ay+ Z \/a’ +b; cos [2n%t—arctan<j>]
i=1 i
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As N increases, the waveform Sy (t) will converge toward S(t)
such that

Jim Sy(5) = S()

We also considered other artificial waveforms S, g, 2.(), With
M =1...250 given by

M .
1
Sartificial, v () = eXp(— —)sin<2n t+, )
artificial I=ZI 3760 3760

where the {¢,}> are drawn independently and randomly from a
uniform d1str1but10n between — m and n. This allowed us to create
stimuli whose waveforms did not resemble that of the natural stimu-
lus but with increasing complexity as M increases. In all cases, stim-
ulus complexity was determined by computing the transfer entropy
(49) using the function “PE.m” in MATLAB.

Mathematical model

We used a biophysically based mathematical model of burst firing
based on the Hodgkin-Huxley formalism (33). The model consists
of two compartments and is based on the Hodgkin-Huxley formal-
ism. The equations describing the membrane voltages in the somat-
ic (Vi) and dendritic (Vp) compartments are given by

vV

mdt
I & V-V, I
- K,S_E( s D)_ leak,S

=L+ Stimulus(t) +e(t) — Iy, s

avy, g

C = _INa,D - IK,D - ﬁ (VD - Vs)

m 7 - Ilea.k,D

where C_, = 1 pF/cm? is the membrane capacitance, I\, and I ; are
the fast inward Na* and the slow outward delayed rectifier K cur-
rents in the soma (i = S) and the dendrite (i = D), respectively, I, app
is the depolarizing current to the somatic compartment, I, is the
synaptic current to the dendritic compartment, and I, s and I,y
are the passive leak currents present in both compartments. Here,
Stimulus(t) is the stimulus and &(t) is Gaussian white noise with
mean 0 and SD o. In practice, we used either of sinusoidal stimuli,
the natural stimulus waveform, as well as the waveforms Sy (¢) and
Sartificial, v (t) as input to the model. The two compartments are linked
together through a resistor, where g. = 1 pS/cm” is the maximum
conductance and k = 0.4 is the somatic-to-dendritic area ratio.
The kinetics of the ionic currents included in each compartment
(i =S, D) are given by

INas = gNa,smio,s (1 - ”s) (Vs - VNa)
Ixs= g&s”g ( Vs— VK)
I]eak,S = Sleak ( VS - Vleak)

INaD_gNaDm h (VD VNa)
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Iyp = gK,DnlszD (VD - VK)

Ileak,D = Sleak ( VD - Vleak)

where g;; (j = Na, K, leak, and i = S, D) are the maximum conduc-
tances, and V; (j = Na, K, leak) are the Nernst potentials. Each chan-
nel is governed by inactivation and/or activation dynamical gating
variables x (x = n;, hp, pp; i =S, D) whose steady states and time
constants are denoted by x, and t,, respectively, and whose dynam-
ics are governed by the equation

gkp = 10.5 gnap = 5 Vo =40, Vg = =88.5,V oy = =70,7, = 0.39,
T, =11, =09, 1, =5V, =V, =V, =V, =-40,V, =
52V 655 sns— 35 —s 55h —Sands =6.

These vatlues were chosen on the ba51s of the previous literature to elic-
it action potential and burst firing at levels comparable to those seen
experimentally (33). The differential equations were numerically
integrated using a Euler-Maruyama algorithm with a time step of
0.0025 ms. The somatic membrane potential time series from the mod-
el were thresholded to obtain spike times and then analyzed in the
same way as the experimental data.

Supplementary Materials
The PDF file includes:

Figs.S1to S10

Legend for movie S1

Other Supplementary Material for this manuscript includes the following:

The steady state activation/inactivation functions are given by

The parameter values used were (voltages are in mV, current
density is in pA/cm?, conductances are in pS/cm?, and time con-
stants are in ms) as follows: I, = 2, g\, s = 55 gk s = 20, gleak = 0-18,

dx _ Xe =%
dt T

X

xoo(V-)= 1 , X;=mn,hp; i=S,D

1+exp
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