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tent with existing hypotheses, while the last two are proposed
for the first time. We also argue that our models uncover rules
that govern the structure of units in the communication system,
suggesting the methodology as a viable strategy for approach-

ing unknown data.
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1. Introduction

How do we approach a communication system for which we not
only do not understand what is meaningful, but also are unsure
about how to go about testing for meaning? One such case is the
communication system of sperm whales (Physeter macrocephalus),
"These authors contributed equally to the study. whose vocalizations likely carry meaning because they appear to
be socially learned [1] and are produced in duet-like exchanges
or group choruses before foraging and while socializing [2], but
never while alone [3]. While evidence supports the use of codas
as identity signals [4], there is little that is currently known about
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what individual utterances mean, or even concrete evidence about what kind of properties of the com-
munication system could serve to carry meaning.

In this work, we propose an approach that aims to provide insight into unknown communication sys-
tems by using an expressive generative model as the learning mechanism. The network is trained with
two objectives: (i) imitation of data and (ii) encoding of information (figure 1a). We then combine latent
space exploration with methods borrowed from causal inference into a methodology we call causal disen-
tanglement with extreme values (CDEYV; figure 1a). This approach helps us test which observable properties
the network has learned to encode relevant information for the synthetic vocalizations. If sperm whales
encode information in their vocalizations and our model can learn to imitate those vocalizations well, the
encoding in our models can likely reveal what might be meaningful in the sperm whale communication
system. We argue that our technique reveals both properties that have been posited as meaningful by
human researchers as well as novel properties that have, so far, not yet been hypothesized as such. The
former can thus serve to bolster the credibility of the latter.

The advantage of the proposed approach is that the discovery of such properties uses as few task-
specific assumptions as possible, treating the network as a black-box learning unit. The fiwGAN archi-
tecture [5] used has been repeatedly shown to learn a variety of meaningful properties about human
language from audio recordings of human speech. Networks trained on raw speech data are shown
to learn to associate lexical items with code values and sublexical structure with individual bits [5,6],
uncovering known linguistic rules [7-9]. In other words, the method is verified on the human commu-
nication system—Ilanguage—where ground truth is available. We observe the same ability to infer the
hidden structure of the data in our results (§3.2). Moreover, learning is performed on raw audio without
information-losing (or biasing) transformations.

To our knowledge, this is the first attempt to model sperm whale communication with deep learning
on raw acoustic data. In this context, we use the network (in conjunction with CDEV) as an extraordi-
narily flexible and information-preserving tool for decomposing the data into meaningful, observable
properties. Furthermore, the proposed approach, where individual units in the inputs of deep neural
networks are manipulated to extreme values, and their effects on observable properties of the outputs
are estimated via causal inference methods, could also be applied to other architectures and data with
few, if any, modifications.

Sperm whales communicate in short (less than two seconds), socially learned series of clicks called
codas that marine biologists have grouped into several coda types. Traditionally, codas were classified
primarily based on the number of clicks in a coda and their relative timing [10,11]. For example, a five-
click coda with the first two clicks further apart and the last three clicks closer together is classified as
the 1+1+3 coda. A coda with nine clicks is classified as a 9R type. These two codas are given as examples
in figure 1b. Temporal features continue to play an important role in more recent analysis of codas that
operate with more complex timing features [12]. Sperm whales exchange codas in complex dialogues
and so far no understanding has been reached about the referential meaning of the codas. The goal of
this paper is to provide a methodology for finding potentially meaningful properties that could serve as
the building blocks of the communication system.

In the dataset used for training the models in this work, there are about 22 different coda types [13].
The actual distribution of coda types is highly asymmetric—the two most common codas comprise 65%
of all coda vocalizations recorded [4]. Owing to this rarity of some types, we further limit the training
set used in this work to the five most common coda types (1+1+3, 5R1, 4R2, 5R2 and 5R3). Since we
are dealing with a communication system, a significant portion of the data could not be used owing to
too strong a presence of whale dialogue [2]. The residual effects of this are dealt with by our detection
algorithms (§2.2). Restricting the number of coda types also allows us to test whether the network can
predict unobserved coda types. In total, 2209 distinct training samples were used.

2. Methods

2.1. The architecture

The network architecture used in this work is fiwGAN [5], an InfoGAN [14] adaptation of the Wave-
GAN [15] model; GAN stands for generative adversarial network. In short, the input is partitioned into
an incompressible noise X, which is sampled uniformly from [—1, 1], and an additional featural encoding (or
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Figure 1. (a) Model and approach overview. Left: overview of the fiwGAN architecture. Right: overview of the CDEV method.
(b) Examples of real codas. Left: type 7+ 743 with 5 clicks; right: type 9R with 9 clicks (x-axis in seconds). The 9R type was never part of
the training data, yet our network learns to generate codas that resemble this type (§3.2). Whale drawing CC BY 4.0 ©Alex Boersma.

code) t, which is sampled as Bernoulli variables during training [5]. We thus define [-1, 1] as the range of
values the network encounters during training. The goal of the additional Q-network during training is
to correctly determine the value of the encoding ¢t while only having access to the generated data; a loss
based on the mutual information between the two is backpropagated to the generator otherwise. This
ensures consistency of output across similar values of the encoding vector (figure 1a) and encourages
disentanglement in a game that mimics communicative intent—learning by imitation in a fully unsuper-
vised manner. The loss optimized by the fiwGAN architecture [5] is thus the following:

rgg’ max Viwean(D. G, Q) = Vyyean(D. G) — ALi(G, Q). (2.1)

where Vyycan refers to the loss of the WaveGAN architecture [15]. L; is the variational lower bound of the
mutual information between the encoding and the generated data I(f; G(X, f)) and A is a hyperparameter
(see [14] for more details).

2.2. The causal disentanglement with extreme values methodology

Begus [9] proposes a technique where setting individual latent variables in a GAN to extreme values
outside of those seen in training helps interpolate their linguistic meaning [7,8].

In this work, we conversely treat the generator as an experiment in the vein of causal inference and
test for observable properties of the data that have (or can be) hypothesized as meaningful. When gen-
erating output samples, the incompressible noise (X) entries are sampled randomly, while the featural
encoding t is set manually to a desired value. Since the consistency of output with regard to the encoding
is only enforced in a loose way via the training loss equation (2.1), this relationship often only becomes
readily apparent when setting the numerical values outside the bounds seen in training. There, the pri-
mary associated effect begins to dominate, which we denote as disentanglement. We then apply statistical
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estimators on the candidate property samples derived from the raw generated outputs to determine
whether there exists a statistically consistent relationship between the encoding and the outcomes. This
procedure gives rise to a methodology we call CDEV (figure 1a). We note that we are dealing with causal-
ity under the model [16]: while the procedure is a proper causal experiment, it happens inside the model’s
world. We thus do not claim (here and throughout) ecological or behavioural causation in whales.

The space available for the featural encodings is limited; hence, finding the real-world attributes that
map almost one-to-one with the encodings suggests that the generator considers them very important
to generating convincing outputs, in which it is being checked by the discriminator with access to real
data. We limit our featural encoding space to five bits (implying 2% = 32 classes) for the five coda types
present in the data to allow the model to capture compositionality. However, as we demonstrate in figure
2d, the method is robust to the number of bits chosen, as well as model training specifics. Similarly, on
language data, the architecture uncovers meaningful properties even when there is a mismatch between
the number of true meaningful classes and the size of the binary code [5]. Therefore, any intuition about
the desired size of the encoding acts only as a rough prior. Additionally, the uniqueness of the encod-
ing matches and the process of disentanglement is illustrated by using state-of-the-art interpretability
approaches trained on unrelated models that regress the observed outcomes to the generator’s inputs
directly (§2.2.4).

For the first two observables considered—the number and regularity of clicks (§§3.1 and 3.2)—we use
an algorithmic click detector. As we move towards more extreme encoding values, the output becomes
progressively noisier (supplementary material, §2.1). Therefore, the detector incorporates minimal spac-
ing thresholds obtained from real-world codas and signal filtering methods. In concert with this, we
chose the upper limit of the range tested (t = 12.5) so that the quantities measured by algorithms re-
mained consistent despite increasingly noisy output. The latter might, in part, be owing to the network
training not having converged completely; since the goal is to discover what observable properties are
encoded and not high-fidelity whale communication generation, this is not a significant impediment.
Furthermore, §2.1.1 in the supplementary material demonstrates that the presented conclusions do not
depend on specific detector parameters.

Furthermore, figure 3b demonstrates that the effects are apparent at an even earlier point in training
than presented. Likewise, the actual numeric magnitudes of the estimated effects are less important than
discovering the existence of such consistent relationships. The fact that the disentanglement might not
be possible for some observables where the detection is too noise-sensitive, together with the need for
sufficient sample sizes, which necessitates algorithmic measurement being possible and (potentially) in-
curs a considerable computational cost, thus act as the main limitations on the proposed method besides
the need to specify candidate properties to test for.

The acoustic observables were derived from the raw generated audio by applying a band-pass But-
terworth filter permitting frequencies between 2 and 16 kHz (based on known spectral ranges of whale
clicks) and then calculating the periodogram (computed with an added Hamming window) in the case of
coda-level properties (presented in supplementary material, §3) and the spectrogram in the case of click-
level properties. The latter was subsequently cut up into clicks using the click detector described above,
and the quantities of interest, such as the per-click spectral mean and the per-click spectral standard de-
viation, obtained as the weighted statistics, with the spectrogram values serving as the weights—e.g.
the weighted mean of the spectrogram slice frequencies, weighted by the values of the same slice. The
results presented as the click-level spectral mean and regularity were then obtained as the average of the
corresponding quantities across the clicks within the coda considered.

2.2.1. Continuous-treatment causal inference

The methodology used in this work is inspired by continuous-treatment causal inference from the
Neyman-Rubin framework point of view [17]. In short, it deals with an experimental setup where the
usual treatment assignment variable Z becomes a continuous variable T, often called a dose owing to it
being common in the pharmacological context. Given the assumptions common to the discrete case, the
analysis proceeds in much the same fashion, with the treatment dose being discretized at several levels
t. In the case of observational studies, the propensity score e(x) thus becomes a function of two variables
r(t, x) [18]:

e(x) = r(t,x) = I(T = t|X = x);
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the most common quantity of interest is typically the difference in the conditional expectations of the “
outcome Y:

Ey e [Y(DIr(t, X) = 1] = Ey o [YAE) (', X) = 71,

relative to some baseline dose t'. The choice of the latter is natural (# = 0) in pharmacology, for example,
where no drug being administered carries a special meaning. In our context, the choice of such a baseline
is not clear, as is addressed in this work by the use of the incremental causal effect (ICE) estimator (§2.2.3)
and credit assignment by a surrogate model (§2.2.4). The ultimate goal is to obtain the full outcome curve
for all t with regard to the # chosen.

The extreme values of ¢ allow us to isolate the effects of individual codes on generated data. Elsewhere,
it has been shown that the desired effect is learned already within [-1,1] [5,7,9], but extreme values
isolate and amplify the effect. This justifies treating ¢ as continuous despite being Bernoulli-distributed
in training.

In terms of causal inference terminology, we have the following variables: the incompressible noise part
of the output is treated as the 95-dimensional covariate vector X, while the featural encoding is considered
to be the treatment ¢ and is a five-dimensional vector. The observables considered, such as the number
of clicks for a given X and ¢, are thus the outcome variable Y;. Each output was generated by sampling
X il~dlw.'95~ Unif [-1, 1]. Such vectors can be treated as unique within the generated sample used for the
estimation of a particular quantity and hence can be thought of as denoting a separate unit indexed by
i (see supplementary material, §6, for further discussion). These were fed to the generator at each level
of the treatment ¢ € [-1,12.5] set at each of the five featural bits, meaning the covariates X were kept
the same across treatment levels. The generated audio was then run through the appropriate detection
algorithm, such as the click detector, giving us the outcome Y/(#). The total number of units was chosen as
N = 2500, for which we determined the estimates to have completely stabilized (see figure 3a for details).
This means that we can reasonably claim to be performing a completely randomized experiment (CRE)
where the outcome is observed at each treatment dose for each unit,

*sos1/Bio‘Buysygndiaaposedos
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T, =t X; =x;) =1, Vi,

meaning that there is no fundamental problem of causal inference [19] at play here, simplifying the estimation.

2.2.2. The average treatment effect estimator

The first estimator we present is the average treatment effect (ATE) [17], applied separately at each treat-
ment dose value t. Formally, we are interested in the effect relative to some baseline dose t':

E[Y(H)] - E[Y(*)] = Ex[E,[Y|X. T = f]] - E4[E,[Y|X.T = #]1. (2.2)

Since the units i are defined by their randomly drawn X, and we observe every Y,(t), this simply
corresponds to the difference in sample averages for the chosen t, t':

z|=
™M=
M=

I
—_

2 1= Y(t) - Y (). (2.3)

1
N i

]
=N

I

The treatments correspond to setting the values of single bits in the encoding while keeping the others
at zero. This leaves us to consider what would be the most natural value for the baseline; the limits of
the training range: —1, where the output coalesces out of pure noise (see supplementary material, figure
1) and +1, where the process of disentanglement begins, serve as logical choices and have been used in
this work (e.g. in figure 2a).

2.2.3. The incremental causal effect estimator

The question of selecting the appropriate baseline dose is elegantly avoided by using the ICE proposed
by Rothenhéusler & Yu [20]—the effect owing to an infinitesimal shift in dosage 6:

ticg += E[Y(T + 6)] - E[Y(D)]. (2.4)
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Since we are dealing with a CRE (§2.2.1), the following holds:
OEY|IT=tX=x]=E[Y®|T=tX=x], (2.5)

meaning that the left-hand side—the true ICE—is identifiable by the expectation of the derivative—the
right-hand side. Its estimator (;cg) is the usual sample mean of the numeric finite differences in the
outcomes for single units. Given the expectation of the derivative curve, we can also define the expected
effect of an infinitesimal increase in the treatment by averaging over the range of t:

ip> i

Ny Ny N OAY((t ,x;)
| , _ o1 1 i
by = N, _zltEy,(tit)[Y AT =1, X =x]= A 2 NN (2.6)
Iy=

where N, is the number of examined treatment levels with the corresponding ¢; and N is the number of
units with the corresponding x;, each receiving each treatment level. In short, this is the expected overall
effect if all the current treatments were infinitesimally shifted (in the positive direction) for the given
sample. As a single metric, it can be interpreted as an analogue to the average treatment effect for binary
treatments without the need for a baseline dose as a reference. We are using 22 steps in the range [-1,12.5],
leading to an ICE discretization step size of 0.614.

2.2.4. Regressing the outcomes directly

While our usage of the ATE and ICE estimators bears some relation to explainability methods such as
partial dependence plots [21] and local methods such as local interpretable model-agnostic explanations
(LIME) [22], respectively, we can also somewhat mirror the latter in another way by attempting to esti-
mate the effects on the outcomes with a surrogate model. In practice, this means we regress the individual
observed outcomes Y(t) against the full input vector for each unit in the sample at each level £, i.e. for bit
1:x; = [0,t,0,0,0| X;]. The outcome curve in this setting corresponds to the mean of the individual inferred
outcomes at each treatment level.

For this task, we have chosen boosted tree regression as implemented in the 1ightgbm package [23].
For our specific purpose, we intentionally use no sparsity-inducing regularization to prevent overfitting:
we wish to check if the hypothesized encodings are consistently picked up by a completely unrelated
non-parametric method that is (i) able to approximate any function arbitrarily closely with sufficient
model complexity (ii) when unregularized, is prone to overfitting. Hence, we are looking for consistency
of explanation across varying model complexity, despite all odds. In other words, we are testing whether
the encodings uncovered by the other two estimators could be spurious. This consistency for the bits
identified as carrying meaning is displayed in figure 11 in the supplementary material, where complex
models tend to overfit when an uninformative bit is used, but, crucially, do not when using an informative
bit.

Most of the hyperparameters except the main one—the number of leaves—were chosen by an early
stopping of the training as determined by a separate validation set, composed of randomly sampled (in
terms of X) 10% of the data; the mean squared error on this set for trees with different numbers of leaves
serves as the final determinant of what we consider the optimal model. The (maximum allowed) number
of leaves in the base learner thus serves as our measure of model complexity.

To explain the results and quantify the consistency of the explanations, we use feature importance
values obtained from Shapley additive explanations (SHAP) [24], which uses a game-theoretic concept
called the Shapley value to distribute attribution of the outcome to the input features. Note that while
one could, in theory, use SHAP on the generative model itself, it is much more computationally efficient
when used with trees [25]. As mentioned, we also wish to test our findings explicitly via an unrelated
method as opposed to disassembling the generative network.

We re-emphasize that the goal here is the inference of the effect of particular parts of the input by
way of letting an unrelated, expressive model ‘test out the competing hypotheses’ itself. Specifically, we
would like to see such models of adequate but varying complexity consistently assign the credit for the
outcome to the encodings suggested by the other methods despite not being prohibited from picking up
spurious relationships. This differs from other uses of such methods in causal inference, where correctly
accounting for unobserved outcomes takes precedence [26,27].
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3. Results

We train a fiwGAN model (figure 1a), which features three deep convolutional neural networks: the gen-
erator, the discriminator and the Q-network. The generator learns to imitate training data and generate
audio outputs that approximate whale codas, as it is competing with the discriminator, whose task is
to disambiguate the synthetic outputs from genuine training data. In order to generate the synthetic co-
das, the generator takes as input a vector separated into two parts: a code part (denoted as t), which is
designed to be informative, and an incompressible noise part, which we denote as X. The size of the code
part used was five bits. At the same time, the Q-network attempts to infer the specific code t that had
been used when generating the audio output, and thus exchanges information with the generator as the
latter also gets penalized in the case of a wrong estimate. Consequently, the generator network needs to
learn to both imitate a given communication system and transmit information, implying that the process
can be conceptualized as informative imitation. As the codes during training are a randomly sampled
Bernoulli vector (see §2.1), the process of associating informative properties that can be inferred from the
raw output by the Q-network with a specific code value is a completely unsupervised one. It has been
demonstrated that the fiwGAN architecture learns meaningful properties in human language where the
ground truth exists [5-7,9,28,29]. It is thus reasonable to assume that the generator will learn meaningful
properties in non-human communication as well.

To uncover which meaningful properties about the unknown communication system the generator
has learned to use to transmit information, we use the CDEV technique: by setting latent bits in the
code part of the input to extreme values and using causal inference techniques on a large sample of the
generated outputs, we show a causal relationship between individual bits and properties of the generated
data. This approach allows testing whether any property of the data is encoded as meaningful in the
code part of the latent space. Below, we present results from the application of CDEV to the following
properties of codas: the number of clicks (§3.1), click spacing and regularity (§3.2) and acoustic properties
(§3.3).

The approach permits a wide array of possible estimators, of which we will present results for the
ATE (see §2.2.2) [17], the ICE [20] (see §2.2.3), and results obtained from attribution techniques when an
expressive model is used to regress the relationship between the code and the property of interest [24]
(see §2.2.4).

3.1. The number of clicks

The first observable we are interested in is the number of clicks in the generated audio samples; more
specifically, what the relationship is between the code t selected to generate the signal and the resulting
number of clicks. The results for the ATE estimator are presented in figure 2a. As explained in §2.2.2, the
estimator describes the net effect on the outcome of increasing the code ¢ from some baseline.

In figure 2a, we observe a high degree of entanglement of the learned encodings within the range seen
in training: [-1, 1]. However, when setting the treatment value above that range, all bits but bit 1 stabilize
at roughly a constant effect, which lends credence to interpreting this as a process of disentanglement: with
higher values, the primary encoded effect in each bit starts to dominate, leading the other bits to lose
their secondary effects on the number of clicks. Thus, we propose that bif 1 is primarily associated with
the number of clicks. In addition to the effect of bit 1, we also note a persistence of an effect in bit 3, which
stabilizes at a different stationary value.

Examining the standard deviation in the number of clicks, as shown at the bottom of figure 2a, we
again observe the same phenomenon of disentanglement, leading us to conclude that bit 1 encodes the
range of clicks output by the generator. Figure 2b presents the values of the ICE estimator for the number
of clicks, corroborating the results obtained with the average treatment effect estimator as bit 1 exhibits
a noticeable positive effect while the rest ‘disentangle’ to a minor, negative one.

Whether the effects can be attributed to the incompressible noise X part of the generator input can be
answered by using SHAP [24], a powerful interpretability method, on boosted tree ensembles which
were used to regress the outcome—the number of clicks in this case—against the whole of the input
[t; X] for each of the generated audio samples. In figure 2c, we present a heatmap plot which orders all
the generated samples on the x-axis in terms of increasing treatment value ¢. The y-axis displays the fea-
tures ordered in terms of their overall importance to the outcome as measured by SHAP. The plot above
the central heatmap plot is the output of the model centred around the explanation’s mean value. The
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Figure 2. The number of clicks. (a) The ATE for the number of clicks with the baseline chosen as (left) att’ = —1and (middle)att’ = 1.
Right: the ATE for the standard deviation in the number of clicks for the baseline att’ = —1. (b) The expected effect of an infinitesimal
increase in the treatment on the number of clicks. (c) SHAP heatmap plots for the number of clicks for bit 1 (left) and bit 3 (right). The
instances are ordered in terms of increasing ¢ from left to right. (d) The ATE for the number of clicks with regard to the baseline at —1
obtained from an independent model that used an encoding size of six bits.

features for individual samples are coloured in terms of their contribution to the outcome. We compare
the two bits that the other estimators have identified as having the largest effect (bits 1 and 3). For bits
encoding the observable, we would expect to observe a local consistency in the assigned effects, since the
units are ordered by increasing values of t. Conversely, we should observe much less consistently as-
signed effects for the other bits once the process of disentanglement has reached stationary values. We
thus observe a greater degree of local consistency in the high-end of the treatment value (as evidenced
by the direction and magnitude of the attributed effect for the individual units) for the bit encoding
the property—bit 1—as opposed to bit 3, which has reached the stationary state of disentanglement.
Furthermore, we observe that the incompressible noise part of the input plays a much smaller role (in
terms of the magnitudes) in explaining the outcome, as well as having no local consistency with regard
to the outcome.

In figure 2d, we display the ATE for the number of clicks for an independently trained (with different
random seeds) model with a different latent space dimension (six versus five in figure 2a). The results
show the same pattern of disentanglement with a single bit — bit 0 in this case — picking up the encoding.

This bit is a different bit from the one encoded by the model used for the results presented in §3.1,
demonstrating that owing to the nature of the unsupervised learning of the encodings, the ordering of the
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Figure 3. (a) Comparison between the ATE for the number of clicks with regard to the baseline at —1 from the data generated indepen-
dently with differing random seeds, epoch 14 600 (main model). (b) Same, using epoch 12 500 of the model.

bits does not imply an ordering of the importance of properties. Interestingly, we again observe a degree
of entanglement of the encoding with an additional bit, in this case, bit 4. The fact that this coordinate is
bit 1 in the 5-bit model and bit 0 in the 6-bit model is consistent with the expected permutation symmetry
of unsupervised codes; what matters is that a one-dimensional direction consistently captures the same
property across independent runs.

In figure 3, we further present the ATEs for the number of clicks for two sets of synthetic data gen-
erated independently with differing random seeds. The variance of the response curve is negligible as
the two match almost exactly, demonstrating stability of the results. Furthermore, the disentanglement
happens before the epoch that we use for the majority of the results (epoch 14 600), with the same bit,
which is shown at the bottom of figure 3 for a considerably earlier epoch. In other words, the results are
not ephemeral or owing to under-convergence.

3.2. (lick spacing and regularity

The next observables we are interested in are the click spacing, as measured by the mean inter-click interval
(ICI) of a coda (i.e. the mean interval between the peaks of the click waveform), and the coda regularity,
which we measure by the standard deviation of the ICIs within a coda. Since these quantities are not
completely independent of the overall coda length, we stratify the results by the number of clicks ob-
served.

The top row of figure 4a shows the ATE with respect to the baseline at —1 for the mean ICI for bits 1
and 2. We observe a consistent, monotonic effect in the value of bit 1, while bit 2 (and others not shown
in the figure) does not display any such consistency across varying numbers of clicks. The ATEs for coda
regularity are presented in the bottom row of figure 4a. We observe that bit 1 additionally encodes an
increasing coda regularity (i.e. decreasing variance in the spacings between clicks) across all coda types
(proxied here by the number of clicks).

Since bit 1 also encodes the number of clicks, this implies that the generator has learned to connect
these properties: the codas with a higher number of clicks are more regular, with the clicks being more
closely spaced together. This is especially poignant since the same property holds for actual whale codas.
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Gero et al. [13] suggest that as coda length in clicks increases, mean ICI decreases to fit clicks within this m
duration limit, which appears to be the result of avoiding overlapping with the next coda within an
exchange between whales. Furthermore, codas with more clicks are often more regular in their ICIs,
regardless of their duration. The generator has thus inferred this connection without the codas with a high
(>5) number of clicks even being present in the dataset owing to data quality limitations and encoded it in the
limited space (five bits) it has reserved for encodings. In this, we again observe the propensity of GANs
to discover hidden structures of the data and innovate in semantically meaningful ways.

As a summary of the overall ICEs, we can apply and sum the sign function on the expected effect of
an infinitesimal increase in the treatment across codas with varying numbers of clicks, which we call the
sign score and present it in figure 4c. This metric confirms that bit 1 is consistent in its encoding of both
click spacing and regularity, regardless of the overall number of clicks in the generated codas. While bit
3 again remains slightly entangled for the latter quantity, its actual values of the expected effects were
smaller than those of bit 1 (see supplementary material, §4.1).

As in the preceding section, we present in figure 4b the associated SHAP values for the mean-ICI and
coda regularity for the best-fitting models for bits 1 and 2, restricted to codas with five clicks. In both
properties, we again observe a corroboration of the effect suggested by the preceding estimators. We
additionally observe greater consistency with regard to the expected value in local neighbourhoods for

*sos1/Bio‘Buysygndiaaposedos

bit 1 but not for bit 2, as evidenced by the interchanging positive and negative contributions for units
with the same treatment value. For the latter, a non-negligible amount of effect is also assigned to the
noise part of the input.
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3.3. Acoustic properties

We now apply the methodology to acoustic quantities, as captured by the spectra at the click or coda
level. Prior to this work, little was known (or had been hypothesized) about the informational content
of the acoustic properties of whale communication.

The first quantity we consider is the mean spectral frequency, where we first isolate the clicks with
an algorithmic click detector (see supplementary material, §2.1), estimate the mean frequency of each
periodogram and compute the average across all the per-click means in a particular generated coda. The
corresponding ATE is shown on the left in figure 5a. We again observe the familiar pattern corresponding
to CDEV—bit 0 has a positive effect on the observable quantity, while all the rest converge to a smaller,
stationary value. Following the outlined process, we thus hypothesize that this bit—bit 0—encodes the
spectral mean.

We are also interested in acoustic reqularity, which we measure by the standard deviation of the click
spectral means within each generated coda. The ATE results are presented on the right in figure 5a. The
results suggest an additional meaningful encoding: bit 3 appears to encode the within-coda acoustic
regularity of the output. In this case, it can be suspected that bits 1, 2 and 4 have not yet fully reached
stationary values of their disentanglement.

Figure 5b presents the results for the expected effect of an infinitesimal increase on the click mean
frequency and coda acoustic regularity, both for the overall range of treatments and for the range above
the training range. The results corroborate the results obtained via the ATE estimator with the effect of
bit 0 dominating the others in the case of mean frequency, and bit 3 in the case of spectral regularity. For
the latter, bits 0 and 1, for which we have uncovered associated observable effects (hence they likely have
an ‘unintended’ effect on the spectral mean standard deviation), are also relative outliers to the baseline
of disentanglement evident in the remaining bits: 2 and 4.

For both properties, we present the results of the SHAP attribution for the best-fitting models in
figure 5c. At the top, we again observe the expected patterns when comparing the SHAP values for the
bit that picks up the encoding of the spectral mean—bit 0—and bit 4, which does not. As usual, the in-
ferred effects move in opposite directions with regard to the expected (in terms of SHAP) outcome, with
the effects becoming inconsistent in bit 4 once the process of disentanglement is complete. Conversely, the
results for the spectral regularity shown at the bottom of figure 5¢ do not display the common inconsis-
tency of the assigned effect for values with high treatment in bit 4 (i.e. the bit that does not pick up the
encoding), meaning that the process of disentanglement has not reached the stationary value yet, illus-
trating what was suspected when discussing the ATE results above. Nonetheless, the other estimation
approaches single out bit 3 as the encoding of the spectral regularity of a coda.

The potential for the spectral means of codas to be meaningful had not been hypothesized in previous
research, but the hypothesis is not completely ungrounded. In a recent paper, Madsen et al. [30] suggest
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above selection, restricted to codas with five clicks. (c) Overall sign score of an infinitesimal increase in the treatment. Left: the mean ICl;
right: ICl standard deviation.

that odontocetes can vocalize in different registers and that their articulators are sufficiently flexible
for such differences to be possible. Subsequent to the results presented here, the provided clues—coda-
level spectral mean and regularity—were followed up on in Begus ef al. [31], which identified two discrete
patterns in sperm whale communication—coda vowels and coda diphthongs. The first pattern corre-
sponds to a spectral property analogous to those found in human vowels [32]: the codas contain exam-
ples that exclusively exhibit either a single or two clearly separated local spectral maxima at the level
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Figure 5. Acoustic properties. (a) The ATE results. Left: the ATE for the click-level spectral mean with the baseline at t = +1; right:
the ATE for the click-level spectral mean standard deviation (acoustic regularity) with the same baseline. (b) The expected effect of an
infinitesimal increase in the treatment on (left) average click mean frequency and (right) spectral mean standard deviation. (c) SHAP
heatmap plots for the mean spectral frequency and acoustic regularity. Top—spectral mean: left: bit 0; right: bit 4. Bottom—spectral
mean standard deviation: left: bit 3; right: bit 4.

of clicks, a pattern corresponding to formants found in human a- and i-vowels, respectively. This pattern
corresponds to the variation in spectral means encoded by our model, corresponding to the encoding of
the same coda type in terms of the number and regularity of clicks, but with different spectral means.
These spectral properties are not crucially affected by movement of whales, and likely stem from the
resonant frequencies of whales’ distal air sacs [31].

The second identified pattern is a trajectory of the formant within a coda which corresponds to the
pattern observed in human diphthongs: the formants are found to be either level, rising or falling between
clicks within a coda, independently of the coda type. This corresponds to the separate encoding of the
coda-level spectral regularity by our model, i.e. the codas with rising or falling patterns exhibit a much
smaller spectral regularity. The fact that these two patterns were shown to occur in sperm whale dia-
logues independently of the traditionally recognized coda types (characterized by the number of clicks
and their timing and encoded in bit 1) and each other (encoded in bits 0 and 3, respectively) also gives
additional experimental validation of the disentanglement achieved with CDEV.
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4. Discussion

The approach presented allows testing for candidate observable properties that a deep generative model
encodes as meaningful as a way of gleaning information from data that are alien to us in the true sense of
the word: the communication of sperm whales. In this, we leverage the power of information-theoretic
GAN:Ss to encode semantically meaningful properties in a completely unsupervised fashion. Since the
model is constrained in the number of such encodings it can learn, we can argue that it strongly prioritizes
these factors in order to generate data.

To uncover these properties, we consider the trained model as an experiment and propose a method
we call CDEYV to discover the encodings. We present causal inference-inspired estimation methods that
enable us to consistently pair up particular bits of the encoding with a physically observable property of
the communication system. The agreement between the different methods gives further credence to the
results.

Combining latent space exploration with the use of causal inference estimators on generated audio
trained on data for which we have no ground truth is a novel approach, borrowing from both machine
learning interpretability methods, as well as disentangled representation learning (DRL) [33].

In terms of the former, partial dependence plots [21] sample a section of the data randomly while
examining the predicted outcome of a supervised model, which bears some similarities to our applica-
tion of the ATE estimator (§3.1). Local surrogate models, such as LIME and SHAP [22,24], instead focus
on explaining the local effect of perturbations via a surrogate model. While both methods bear some
similarities to our application of the ICE estimator (§3.1), they are based on individual predictions.

In terms of the taxonomy of DRL presented in [34], our method is related to dimension-wise unsu-
pervised DRL owing to the use of an InfoGAN [14] variant as the learning mechanism. We eschew any
assumptions about the structure of the generating factors [35], as well as modifying the loss function of
the architecture itself; both of these are easier to justify in applications where the ground truth exists,
for example, in image generation [36,37]. Additionally, the application to audio data is a relatively unex-
plored case; these two factors prompt us to base our approach on an architecture [5] that has been shown
to learn meaningful representations on the closest dataset where the ground truth is available—human
speech—and ‘perform the disentanglement post hoc” (i.e. from generated data) with the use of causal
inference methods. Fully causal DRL methods [38] often use a structural causal model as a prior [39],
which is, again, hard to justify for an unknown communication system. As an example, Bose ef al. [40,41]
use causal inference to quantify implicit causal relationships between latent space variables, while our
use is based on effect estimation in service of uncovering encoded properties. As an example of the lat-
ter, Chockler et al. [42] use causal methods to interpret convolutional neural networks in a supervised
classification setting when the input is occluded.

We emphasize that, in line with impossibility results for unsupervised disentanglement [43], we do
not claim that individual code dimensions are identifiable in a strict sense. Different random initializa-
tions or architectural choices can rotate or permute the latent coordinates without changing the modelled
data distribution as observed in figure 2d. Thus, we interpret the findings as evidence that certain factors
(e.g. number of clicks) reliably concentrate along a low-dimensional direction, rather than that a specific
‘bit index” is uniquely meaningful.

With our setup, we confirm that the number of clicks, which is what the existing classification devel-
oped by marine biologists is primarily based upon, indeed seems to be a fundamental property of the
communication system. This can be seen as a good grounding point with regard to the credibility of the
approach. While generating innovative examples of codas not seen in the data, we discover that the net-
work correctly associates synthetic codas with a high number of clicks with their increasing regularity
by encoding both properties simultaneously. Thus, it correctly infers a property of unseen real-life codas,
illustrating its ability to learn the hidden structure of the data.

Using our methodology, we also uncover that two acoustic properties might be meaningful in the
system: (i) the coda spectral mean and (ii) the regularity in the spectra across the clicks within a coda (coda
spectral regularity). These two properties have not been considered significant by previous research. This
could serve as an indicator that the communication system is not merely a Morse-like code where only
the number of clicks and the intervals between them are meaningful, but that whales actively control the
acoustic properties of their vocalizations and encode meaning in those properties. Following on these
clues, Begus et al. [31] subsequently identified concrete patterns in sperm whale communication that
correspond one-to-one to the encoded acoustic properties presented here. This paper thus represents
one of the first cases showing how Al interpretability techniques can facilitate scientific discovery.
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Finally, the methodology presented can be applied to any problem for which one would like to lever-
age the expressiveness of deep generative models to consistently test for which properties of the data
are semantically meaningful, requiring only that the latents of the generative model are controllable and
that the properties under consideration are observable.
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