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Abstract

Self-supervised learning (SSL) has opened new opportunities in bioacoustics by
enabling scalable modeling of animal vocalizations without the need for expensive
manual annotation. However, current SSL models in this domain prioritize broad
generalization across species and are not optimized for uncovering the fine-grained
structure of individual communication systems. In this work, we collect and release
a novel dataset of over five years of longitudinal recordings, from five known
dolphins in a semi-naturalistic marine environment—an unprecedented resource
for studying dolphin communication. We adapt the Wav2Vec2.0 [1] architecture
to this domain and introduce Dolph2Vec, the first large-scale, species-specific
SSL model trained exclusively on this data. We benchmark our model on two
biologically relevant tasks: signature whistle classification and whistle detection.
Dolph2Vec significantly outperforms general-purpose baselines in both tasks. Be-
yond performance, we show that learned embeddings and codebook structure
capture interpretable acoustic units aligned with dolphin whistle categories and
possibly sub-whistle structure, enabling fine-grained analysis of communication
patterns. Our findings demonstrate how SSL can serve as both a model and a
scientific tool to explore hypotheses in animal communication research. Our code
is available at: https://github.com/chiarasemenzin/Dolph2Vec/

1 Introduction

Animal communication provides critical insights into cognition, social organization, and survival
[2, 3]. Among vocal species, dolphins show an intriguing vocalization repertoire, dominated by
whistles [4]. These include signature whistles (SWs), individually distinctive calls akin to “names”
[5], and non-signature whistles (NSWs), whose communicative role is not well understood. Whistles
are learned, mimicked, and exchanged in social interactions, yet their functional structure remains
elusive [6, 7].

Recent advances in deep learning [8] have transformed bioacoustics, enabling large-scale analyses of
raw vocalizations [9–12]. In particular, self-supervised learning (SSL) eliminates the need for costly
annotations, especially in a field such as animal communication where ground truth is unknown.
[13–15]. However, existing SSL models are trained on heterogeneous, multi-species data. While
such generalist models enable broad transfer, they dilute the fine-grained, species-specific structure
needed to understand a communication systems in depth [16–19].

Our work. We address this gap by introducing the first large-scale, species-specific dataset of
dolphin vocalizations: ∼180,000 whistles recorded over five years from a stable pod in a semi-
naturalistic marine enclosure. Building on this resource, we adapt Wav2Vec2.0 [1] to dolphin
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Figure 1: Top: Semi-naturalistic recording setup with hydrophones. Bottom: Dolph2Vec architecture
and downstream tasks.

acoustics, introducing Dolph2Vec, the first SSL model trained exclusively on dolphin vocalizations.
We evaluate Dolph2Vec on two biologically motivated tasks—whistle classification and whistle
detection— and show that it outperforms both acoustic baselines and general-purpose SSL models.

Beyond downstream accuracy, we demonstrate that Dolph2Vec embeddings disentangle whistle
categories and that its learned codebook units exhibit partial specialization for signature whistles. This
suggests that Dolph2Vec captures recurring sub-whistle acoustic motifs, offering new opportunities to
probe the compositional structure of dolphin communication. Taken together, Dolph2Vec serves both
as a state-of-the-art representation learning model and a scientific tool for hypothesis generation in
animal communication.

Contributions. (1) A new large-scale dataset of dolphin whistles (around 180k whistles). (2)
Dolph2Vec, a Wav2Vec2-based SSL model adapted to dolphin acoustics. (3) State-of-the-art results
on biologically relevant benchmarks. (4) Evidence that embeddings and codebook units are able to
capture interpretable, biologically relevant categories.

2 Dataset and Method

Dataset. We collected a new large-scale dataset of bottlenose dolphin whistles in a semi-naturalistic
marine enclosure over five years (Fig. 1). Recordings cover four identified dolphins plus one transient
female visitor, yielding ∼180,000 whistles—up to three orders of magnitude larger than previously
available datasets (e.g., [19]). Data were obtained with three hydrophones positioned around the reef,
enabling longitudinal tracking of the same individuals. A subset of ∼8,000 whistles was annotated
into signature and non-signature categories using ARTwarp [20] alignment and expert validation,
supporting both supervised evaluation and the study of whistles over time. To our knowledge, this is
the first publicly released dolphin dataset combining ecological realism, long-term continuity, and
whistle-level annotations, thus filling a critical gap in computational bioacoustics.

Model. We adapt Wav2Vec2.0 to dolphin acoustics, introducing Dolph2Vec [1]. Raw audio is passed
through the network, which consists of a convolutional feature encoder, a quantization module, and a
Transformer-based context network. The encoder processes raw audio into latent representations,
which are discretized by the quantization module into learned codewords drawn from a codebook.
These discrete units serve as targets in a contrastive SSL task, where a context network captures

2



temporal dependencies to learn high-level speech features without labels. A diversity loss promotes
balanced codebook usage. Unlike human speech (16 kHz), dolphin whistles reach higher frequencies;
we therefore adjust kernel sizes and strides to match 44.1 kHz recordings.

Downstream tasks. We evaluate on two benchmarks (Fig. 1, right): (1) Whistle detection, predicting
presence/absence of whistles as well as whistle category as described below. (2) Whistle classification,
assigning isolated whistles to 10 previously described categories (5 signature, 5 non-signature). For
both, we use simple linear classifiers on frozen embeddings, reporting mean accuracy (classification)
and mAP (detection).

Baselines. We compare against hand-crafted acoustic features (MFCCs, spectral features, spec-
trogram means) and state-of-the-art SSL models: AVES [21] and BioLingual [17]. These serve as
strong references for general-purpose bioacoustic representation learning.

3 Results

Performance of Dolph2vec. We evaluate Dolph2Vec on whistle classification and detection. Table 1
shows that it consistently outperforms acoustic baselines (MFCCs, spectrograms) and general-purpose
SSL models (AVES, BioLingual). Dolph2Vec reaches 82% accuracy on classification, improving by
+5 points over the best baseline, and matches state-of-the-art detection at 67.8 mAP.

Feature / Model Classification Acc. Detection mAP
MFCCs 47.2 53.3
Mean Spectrogram 61.6 65.5
AVES-bio 76.3 63.9
BioLingual 74.5 67.6
Dolph2Vec (ours) 82.0 67.8

Table 1: Performance on whistle classification and detection tasks.

Interpretability. UMAP projections of embeddings reveal clear clusters corresponding to signature
whistle categories, indicating stronger disentanglement compared to the baselines (Fig. 2). Analysis of
codebook activations shows partial specialization for individual whistles, suggesting that Dolph2Vec
learns recurring acoustic sub-units beyond whole-whistle categories, consistent with biological
hypotheses of sub-whistle structure [22].

Codebook specialization. Beyond performance, Dolph2Vec’s learned codewords exhibit partial
specialization for individual signature whistles. By computing the conditional probability P (SW | qi)
of whistle categories given quantized codebook indices, we observe that many units become associated
with specific whistle types, whereas a randomly initialized model shows no such structure (Fig. 3).
This indicates that the model captures recurring acoustic motifs aligned with biologically meaningful
categories.

To quantify this effect, we measure conditional entropy H(SW | qi) and mutual information
I(qi;SW). Training reduces entropy (2.13 → 1.85) and increases mutual information (0.43 →
0.70), confirming that codebook representations encode label-relevant information (Table 2).

Model Conditional Entropy Mutual Information
Dolph2Vec (random init) 2.13 0.43 (17%)
Dolph2Vec (trained) 1.85 0.70 (28%)

Table 2: Information-theoretic metrics showing specialization of Dolph2Vec codebook units.

4 Discussion and Conclusion

Limitations. While Dolph2Vec achieves state-of-the-art results on dolphin-specific tasks, its spe-
cialization may reduce transfer to other species or ecological domains. The current version of the

3



Figure 2: UMAP projection of embeddings showing clear separation by signature whistle category.

Figure 3: Codebook activations by signature whistle category. Trained Dolph2Vec units show partial
specialization compared to random initialization.

model focuses solely on acoustic features, omitting behavioral and environmental context that are
crucial for fully interpreting communicative function. In addition, while codebook units show partial
specialization for signature whistles, not all units are clearly interpretable, and their relation to
sub-whistle acoustic building blocks remains speculative. Future work should integrate multimodal
data (e.g., movement, social context), test transfer across species, and systematically analyze how
learned codebook units combine to form higher-order communication patterns.

Conclusion. We release a new large-scale dataset of ∼180k dolphin whistles recorded over five
years, providing an unprecedented resource for studying communication in a semi-naturalistic setting.
On this foundation, we introduce Dolph2Vec, the first species-specific self-supervised model of
dolphin vocalizations. Dolph2Vec not only outperforms acoustic and general SSL baselines on
whistle classification and detection, but also learns interpretable representations: embeddings that
disentangle signature whistle categories and codebook units that capture recurring acoustic motifs.
These findings suggest that self-supervised models can recover both coarse (whistle-level) and
fine-grained (sub-whistle) structure, bridging performance with interpretability.

Overall, Dolph2Vec demonstrates how machine learning can serve as both a high-performance tool
and a scientific probe in animal communication research. By releasing both the dataset and model, we
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aim to foster interdisciplinary collaboration, encourage new benchmarks, and advance understanding
of non-human communication systems.
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