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Abstract

A hierarchical spatio-temporal model that infers the latent spectral shape from a set
of bio-acoustic signals by means of the Nearest neighbour Gaussian process is proposed.
The model aims to account for the effects of the relative relationship between time and the
spectral shape of the recorded vocalizations and that of time discretization. The goal is to
obtain a representative model of the inherent acoustic structure of the species.

Keywords: Bio-acoustic, time-frequency, spatio-temporal model, nearest neighbour Gaussian
process, spectral shape

1. Motivation & Data

In comparative bio-acoustic studies, one area of interest is to understand the vocalizations of non-
human primates in order to provide insights into the evolutionary mechanism of the communication
systems of our closest relatives. Since bioacoustic data are almost always represented in the form of
a spectrogram, bioacoustic analysis is therefore a form of time-frequency analysis that requires com-
putational methods to process and learn from the bio-acoustic signals in large quantities. The most
commonplace practice is to apply feature engineering methods in order to select and compare a set of
basis-features. Such methods often treat the time-frequency bins of spectrograms as independent fea-
tures and are known to entail perceptual bias due to the reliance on biologists to manually select rele-
vant features. The identification and interpretation of meaningful features are usually costly to acquire
and difficult to generalize for cross-species comparison. Furthermore, feature engineering methods in
bioacoustic analysis, whether supervised or unsupervised, almost always ignore the effects of time by
assuming that all the time-frequency bins from various recorded bio-acoustic signals are independent of
each other. The aim of this project is to propose a spatio-temporal model that accounts for the effects of
time in bio-acoustic analysis.

The available dataset for this work is a set of vocal signals of lemurs that were recorded in Mada-
gascar. The format of the dataset is similar to those in (2). Each recorded analogue digital signals is
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Figure 1: The spectrograms of three recorded signals labelled by the same species label and the
same call-type from the dataset. The x-axis and y-axis represent the discretized frequency and
time domain, respectively. Each discrete sound point of the discretized recording is measured
in decibel scale on the third dimension of the spectrogram. Each axis is labelled by the number
of discrete time and frequency coordinates. The number of frequency coordinates on the z-axis
is the same for all recorded signals, while the number of time coordinates on the y-axis differ.
This discernible disparity between the numbers of time coordinates on the y-axes is a result of
the difference between the durations of the three signals. The unique duration of each signal is
indicated on the label of the y-axis, which are 0.306, 0.829 and 1.494 seconds respectively (from
left to right). The corresponding numbers of time coordinates are 30, 82, and 149 respectively,
while all have 26 frequency coordinates.

discretized using a constant time-step of 0.01 seconds during the initial stage of signal pre-processing.
Figure 1 is a spectrogram representation of 3 discretized recorded signals of different durations from the
dataset. Each signal is categorized by one species label and one call-type label. The species label is the
acronym of the scientific name of the lemur that emitted the recorded signal, whereas the call-type label
of each recording is assigned according to the behaviour of the animal during the emission of the signal.

2. The Model

Assume that the recordings that are characterized by the same species but different behavioural call
types are independent from each other. The model specification is then restricted to the recorded signals
that are labelled by a single call type from a single species. Let N be the total number of signals that
are classified by the same combination of species and call type with¢ = 1,--- | N. As per Figure 1,
each recorded signal is represented by a spectrogram with one axis representing the time domain and
another representing the frequency domain. Assume that each ¢-th recorded signal is a realization of a
two-dimensional process V;(t,h) € R where ¢ € R>o, h € R over an observed regular grid. Let n;;
denote the number of time coordinates on the discrete time axis 7,* C [0, ;] where [; is the duration of
the signal and let n;, denote the number of log-frequency bins on the frequency axis H, respectively. The
regular grid of the i-th recorded signal is then composed of n; = n;; X ny, time-frequency coordinates in
total. In order to compare the recorded signals of different durations, the time domain of each recorded
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signal 7;* C [0,1;] is rescaled into a new time domain, denoted by 7; C [0, 1], such that it is always
one in duration. By contrast, the number of frequency coordinates n;, is constant for all signals and
so, it follows that the log-frequency bands that are denoted by the frequency coordinates on H are also
the same for all recorded signals. Hence, let the realization of the process );(¢, h) on a regular grid be

denoted by y; = {i +.n }teT; hen Where

k—1
T; = {n 1\k:1,...,nm}, H = {0.23k + log63|k = 1,...,n)} (1)
t,i —

Clearly, each observed spectrogram represented by the n; ; x ny, regular grid 7; x H is unique in its own
right as a consequence of the varying numbers of time coordinates 7 ;. As explained earlier on, the aim
of the model is to infer the latent spectral shape of vocalizations from a dataset of [V recorded signals that
share the same species and call type labels. It is reasonable to assume that all NV recorded acoustic signals
have the same inherent spectral shape which can be described by the same latent Gaussian process.
This ideal representation of the inherent spectral shape of the vocalizations from a single species of a
single call type is henceforth termed the “mother call”. Let W;(t, h) be the latent process that describes
the mother call. Assume that if (i,¢,h) # (¢/,¢,h'), then Y;(¢,h) and Yy (', h’) are conditionally
independent given the mother call. The model is:

Vi(t,h) = pi + W(t, h) + €t h)
W(t,h) ~ GP(0,C(-,-|0)) )
€(t,h) ~ GP(0,77)

where 1; € R is the mean sound intensity of the i-th recorded signal, W(t, h) is the latent process over
the domain of the mother call, €;(t, h) ~ GP(0,72) is the i.i.d. random noise, and

C((t,h), (t',n)|0) = Cov(W(t,h), W(t', 1)) : R* x R? — RT (3)

is the cross-covariance function for the latent process V(- -) that is dependent on the vector of parame-
ters 6. The covariance function C|(+, -|@) for the latent process W(-, -) is defined by

O((t.h), (', 1)) = oexp(— x|t — t'| + du|h — I']) S

such that & = (o, ¢, dp). The parameters that need to be inferred are the time-frequency decay
¢, ¢p, and the variance o, respectively. Note that the equivalent formulation is the generative model
Yi(t,h) | W(t, h) ~ GP(p; + W(t, h), 7?). Dependence between the entire set of recorded signals is
thus introduced through the latent process WW(t, h) which describes the mother call. That is, if the model
in equation (2) is marginalized over the latent process, then the observed processes are dependent on each
other. Subsequently, the acoustic structures of each recorded signal is composed of the natural change
in the spectral shape across the observed time-frequency grid with independent error TZ-Q, which need to
be accounted for by an additional component on the diagonal of the covariance matrix for the observed
processes. This is the nugget effect that arises from the covariance of the variables in each observed
process. Let I(-) be an indicator function, then the covariance function for the observed processes is:

Cov(Y;(t, h), Vi (t', 1)) = C((t, k), (t',h)|0) + m21((i,t,h) = (', 1)) 5)

Since direct implementation of the generative model in equation (2) is computationally infeasible
due to the fact that it requires the mother call to be sampled for every single recorded sound point in
the dataset, the marginalized model is implemented instead. To simplify notations, re-write each single
recorded sound point y; ¢, = y;; where y; ; is the realization of Y;(t,h). Define y;, = {y;;|lj =
1,---,n;} as the vector of realizations from the i-th recorded signal such that the elements are sorted
in the ascending order of time and the increasing value of log-frequencies within each time. Define 1;
as the n; x 1 vector of ones. Write 3J; as the exact covariance matrix of y; and write 3; ;/ as the exact
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cross-covariance matrix of y; and y,, that are given by the covariance function in equation (5). The joint
density of all realizations can be expressed by:

Y 1l X1 X2 - XN

] polo o1 X2 -+ Yon

2N I . . ©6)
1N 3l YXN1 Xn2 - XN

In a more compact form, write y = {y,}i=1,....n as the collection of all realizations and re-write
formula (6) into y ~ N(p, ).

3. Implementation

The available dataset of lemur signals for this paper has a total number of time-frequency coordinates
o N . . 3 . . . .
of n = Zl n¢;np. With a computational cost of O(n?°), the inversion of the exact covariance matrix
in equation (6) is too computationally expensive; accordingly, one of the methods for efficiently and ac-
curately approximating Gaussian processes, namely the Nearest Neighbours Gaussian Process (NNGP)
method, is adopted in this work. Let f(y|€) denote the density of the realizations y that depends on the
parameters € which can be decomposed by conditioning as follow:

N
f(y16) = f(u,10) [ | £(vil6)
1=2
ny
= Fl®) [T fwrslyrj—1,v1 -2, 911,0) x
j=2
N n;
H f(yi,1|yi_1, Yi—2," Y1, 0) H f(yiJ’yiJ—l? Yij—2," Y, L¥i—1,Yi—2," " > Y1 0)
i=2 =2

(N

The idea of the NNGP method is that for a Gaussian process which is stationary, if the covariance
function is monotonic with respect to the distances between the spatio-temporal coordinates, then only
the immediate neighbourhoods rather than the entire conditional sets are necessary to approximate the
likelihoods of the realizations of the process. Define N; ; as a subset of variables in the conditional set
of y; ; which is the immediate neighbourhood called the neighbour set. The elements of the neighbour
set are called neighbours. Since the covariance function in equation (4) is monotonically decreasing
with respect to the form of distance that it depends on, the neighbours in the neighbour set should
have minimal non-zero distances and the formation of the neighbour set should be characterized by a
distance function that measures the absolute time-frequency lags on the time-frequency domain. The
above density of y can then be approximated into:

N n;

@) =] 1] fwis

i=1j=1

N, 6) ®)

with V] ; being an non-empty neighbour set. The distance function that gives rise to the neighbour
set is defined by :
d((t,h), (¢, 1)) = |t = ') + [l — 1| ©)

It is more reasonable to select neighbours for y; ; from both the same i-th signal and the previous
¢ — 1-th signal instead of just the same recorded signal alone on the grounds that the realizations y;
and y,_,; are not independent in spite of the product form of the approximated density in the above
equation (8). Spatio-temporal dependence between the two different recordings has to be re-introduced
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into the approximated density through the neighbour sets. For the j-th observed sound variable of the
t-th recorded signal, denote the neighbour set with elements selected only from the ¢-th signal by /\/ZZ j
and similarly, denote the neighbour set with elements selected only from the previous ¢ — 1-th signal by
/\/?J_1 The definition of the neighbour set for the realized variable y; ; is:

Nij =Nz UN! (10)

Following (1), setting the size of the neighbour set in between 10 to 20 should enable an accurate
approximation of the original process. Finally, the main objective of this work is to obtain the represen-
tative acoustic structure of the vocalizations that belong to the same species and call-type, the mother
call, which is the finite realizations of W(t, h) over a specified grid. By the NNGP method, the approxi-
mated precision matrix X ! admits a Cholesky decomposition and enables standard posterior sampling.
Let X, 4 be the 1 x n cross-covariance vector of W(t, h) and y. The realization of the latent process
W(t, h) at any location can then be obtained by:

W(tv h)|y, 0~ N(Zw,yzil(y - “’)7 02 - Zw,yzilzl,y) (11)

4. Discussion

As this is an ongoing and multidisciplinary work, the current proposed model is a preliminary version
of the complete model and as such, further progress to the final results is being made. Another prelimi-
nary and less refined version of this work has been communicated to the 36th International Workshop on
Statistical Modelling in the form of a poster presentation and the submitted abstract was published in the
proceedings that is available in (3).

The current preliminary model in this paper, although incomplete, starkly contrasts many contempo-
rary methods in bio-acoustic analysis. The model accounts for the effects of the time-varying components
in the observed vocalizations by using the entire bio-acoustic dataset as realizations of a spatio-temporal
process, rather than reducing the high-dimensional time-frequency data into some independent features,
such as absolute pitches, with arbitrarily assigned meanings. The main contribution is that the resulting
mother call, i.e. the representative acoustic structure of a particular call-type from a species, can sub-
sequently be used to measure the distances between the inherent acoustic structures of different species
in the animal kingdom. Such quantitative measures can hopefully ease cross-species comparison in bio-
acoustic analysis and facilitate biological studies on the evolutionary basis for the variations of the vocal
repertoires of various species. The next steps being taken in this work are summarized as follow.

A closer inspection of the spectrograms of the observed signals in Figure 1 reveals that there are two
major issues with the preliminary model in equation (2): (i.) the noticeable distortions of the observed
time domains with respect to each other caused by the unique duration of each recordings. Though each
recorded signal can be thought of a marginal realization of the same latent process over the observed
regular grid, the unique duration of each recording entails distortions of the observed time-axis with
respect to each other, and perhaps misalignments of the time domain for the observed process with
respect to the time domain for the latent mother call process. The same earliest recorded time coordinate
from the 1st recorded signal might not coincide with the very same earliest recorded time coordinate from
another signal, for instance. In fact, each observed time domain may be treated as a somewhat stretched
portion of the latent time domain for the mother call. (ii.) the oscillations along the time axis on the lower
frequency spectrum that arises from time discretization and signal reconstruction during the initial stage
of analogue signal pre-processing. When analogue signals are being discretized in time, if the time-step
is less than the period of the true waveform of the low frequency, then the sampled frequency becomes
an artifact because it does not capture the original periodicty of the true waveform of the sound. This
leads to a periodic artefact that oscillates along the time domain of the reconstructured, discretized signal
on the lower frequency spectrum.

Both (i.) and (ii.) render the model specification and inference for the mother call more difficult as
the challenges posed by the misalignments of the time domains as well as the presence of the artefacts
must be resolved. In light of (i.), the preliminary model and its separable covariance function must be

677



extended to incorporate a time-distortion function with parameters that can describe and quantify the
distortions of the time domains of the observed processes with respect to the latent time domain of the
mother call. In view of (ii.), an additional component that can explain the periodicity of the artefacts
must be included into the covariance function of the observed processes. Considering that the sampling
artefacts appear solely in the recorded discretized signals, care must be taken to ensure that only the
covariance for the observed processes must possess this additional component, but not the covariance
for the mother call. The parameters of the time-distortion function and this additional component must
be part of the inference. Once the final model is formulated, it is tested on simulated data in order to
demonstrate its efficacy and to recognize if the model suffers from the problem of non-identifiability or
any other technical issue in the implementation stage. After all the implementation details are sorted, the
final model is then ready to be implemented on the real dataset.
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