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Abstract

Sperm whales communicate in short sequences of clicks known as codas. We
present WhAM (Whale Acoustics Model), the first transformer-based model capa-
ble of generating synthetic sperm whale codas from any audio prompt. WhAM is
built by finetuning VampNet, a masked acoustic token model pretrained on musical
audio, using 10k coda recordings collected over the past two decades. Through
iterative masked token prediction, WhAM generates high-fidelity synthetic codas
that preserve key acoustic features of the source recordings. We evaluate WhAM’s
synthetic codas using Fréchet Audio Distance and through perceptual studies with
expert marine biologists. On downstream classification tasks including rhythm,
social unit, and vowel classification, WhAM’s learned representations achieve
strong performance, despite being trained for generation rather than classification.
Our code is available athttps://github.com/Project-CETI/wham

1 Introduction

Understanding the communication of sperm whales (Physeter macrocephalus) is among the most
fascinating questions in animal behavioral studies.

Sperm whales communicate using codas—short sequences of clicks that vary in number, rhythm,
and tempo [[Watkins and Schevill, 1977, |Weilgart and Whitehead, |1993} |Sharma et al.,|2024a]]. They
live in stable, female-led social units that form larger vocal clans based on dialect [Rendell and
‘Whitehead| |2003]]. That is, the dialect of a social unit determines its clan, with social units associating
exclusively with other units from their clan [Gero et al.,2016al]. Furthermore, dialects are believed
to be learned socially rather than inherited genetically [Cantor and Whitehead, 2015, Rendell et al.,
2012].

The complexity of these learned vocal patterns has motivated new computational approaches to
understanding codas and their functionality. [Leitao et al.|[2024]] modeled codas as (variable-length)
Markov chains, revealing new patterns of inter-clan social learning. Begus et al.|[2025]] study vowel-
like spectral properties of codas, which were initially suggested by interpreting the codebook of a
Generative Adversarial Network (GAN). Most recently, Sharma et al.|[2024b] trained a transformer
on click timings (inter-click intervals), which is able to predict codas in an exchange based on
long-term dependencies, as well as future diving behavior. These studies collectively highlight how
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Figure 1: Left: WhAM is trained by netuning VampNet [Garcia et al., 2023], an audio-to-audio
transformer pretrained on a large music dataset (a). Namely, we pedfimmain adaptation (b)

on animal vocalizations followed kgpecies-speci ¢ netuning(c) on a novel sperm whale coda
dataset. Right: WhAM synthesizesntext-aware variations(d) of input codas andcoustically
translates(e) natural and (f) arti cial audio into coda-like audio. Illustrati@Alex Boersma 2025.

machine learning—particularly transformer architectures—can decode patterns imperceptible to
traditional methods.

Transformers [Vaswani et al., 2017] originated in natural language translation, where they revolution-
ized the eld by enabling high-quality, context-aware machine translation. Whereas transformers
have since become ubiquitous across machine learning (e.g. Chen et al. 2021, Khan et al. 2022,
Moussad et al. 2023), in this work we propose again to use transformers towards translation—of
animal communication.

While transformers have been used in settings where parallel data is nonexistent [Conneau and
Lample, 2019] and for translation from audio [Kano et al., 2021], applying these advances to animal
communication presents deep challenges. Even merely de ning the problem has been the subject of
studies spanning theoretical computer science [Goldwasser et al., 2023], biology [Yovel and Rechavi,
2023, Amphaeris et al., 2023], linguistics [Berwick and Chomsky, 2016, Amphaeris et al., 2022], and
philosophy [Suzuki et al., 2020, Hobaiter et al., 2022].

Existing approaches to modeling sperm whale codas have made signi cant advances. Bermant
et al. [2019] developed effective methods for coda detection and classi cation, while generative
models based on GANs [Begus et al., 2023, Kopets et al., 2024] have shown the potential for
synthesizing coda-like audio. The aforementioned timing-based analyses of Leitao et al. [2024],
Sharma et al. [2024b] have yielded new insight into the social and behavioral aspects of sperm whale
communication.

Our work will address challenges left open by these works: While GAN-based models can generate
coda-like audio [Begus et al., 2023, Kopets et al., 2024], they cannot easily condition on a given
context. Timing-based approaches [Leitao et al., 2024, Sharma et al., 2024b] capture important
temporal patterns but may miss features only present in the raw audio, such as the recently discovered
vowel-like spectral patterns [Begus et al., 2025]. Moreover, current methods train separate models
for classi cation [Bermant et al., 2019] and generation, despite the intuition that a model capable of
realistic generation should also learn representations useful for classi cation. Lastly, none of these
tackled the issue dfanslating across acoustic domains

To address these challenges, we introduce the Whale Acoustics Model (WhAM, Figure 1), a new
approach to modeling sperm whale codas that uni es three capabilities:

+ Acoustic translation:* WhAM can translate an audio prompt (e.g. other animal vocal-
izations or even noise) into the acoustic style of sperm whale codas, acting as a form of
cross-domain style transfer.

» Generation: WhAM can generate novel “pseudocodas” that are perceptually similar to real
codas, as evaluated by expert listeners.

We emphasize that translation is in the acoustic sense; semantic translation remains a distinct and more
ambitious goal.
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