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Abstract

Acoustic individual identification of sperm whales usually relies on
temporal Inter-Pulse Intervals (IPI). In this work, we investigate whether
sperm whale coda sequences could also encode discriminative information
about speaker identity. To address this question, we introduce LeAudio-
JEPA, an audio adaptation of LeJEPA based on self-supervised learning
of predictive latent representations. The model is pre-trained on AudioSet
and evaluated on a sperm whale coda dataset collected off Mauritius
between 2015 and 2024, including both mono-speaker and multi-speaker
contexts involving three identified individuals. We compare LeAudioJEPA
with AudioJEPA, as well as supervised MLP, CNN, and ViT baselines
trained from scratch, on a multi-label speaker classification task using
Mel spectrograms. Results show that LeAudioJEPA achieves the best
average macro-F1 score across full, mono-speaker, and multi-speaker test
conditions over 20 seeds. Statistical testing over the 20 paired random
seeds confirms that LeAudioJEPA significantly outperforms all evaluated
trained baselines after FDR correction. These findings suggest that coda
sequences contain exploitable temporal context information for individual
recognition, and highlight the potential of predictive latent architectures
for low-annotation bioacoustic analysis.



Keywords: Self-Supervised Learning, LeAudioJEPA, Animal Communication,
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1 Introduction

Individual recognition from animal vocalizations is essential for non-invasive
population monitoring and studying social behavior. The sperm whale (Physeter
macrocephalus) produces some of the most powerful biological sounds on Earth:
highly broadband echolocation clicks, with dominant energy between 2 and
20kHz [1]. Their multipulsed biosonar acoustic structure is characterized by
the Inter-Pulse Interval (IPI), which can be used to monitor individuals and
even track their growth [2]. Beyond their biosonar function, the clicks play
a central role in social communication through sequences known as codas,
organized into Inter-Click Intervals (ICI) structures [3, 4, 5|. Codas are specific
to each clan [6], and may convey individual signatures and contextual interaction
patterns. Recent advances in bioacoustics have highlighted the combinatorial
and contextual properties of these vocalizations, suggesting the existence of a
structured communication system [4].
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Figure 1: LeAudioJEPA: compared with AudioJEPA [7], the EMA-based teacher-
student mechanism is removed and the latent prediction objective is regularized
by SIGReg.

Over the past 10 years, the audiovisual field program conducted off Mauri-
tius has enabled the recording and identification of numerous natural dialogues
between individuals. This effort has produced a unique corpus of underwater
communications combining acoustic recordings, visual identification, and be-
havioral annotations [8, 9, 10, 11]. However, the automatic analysis of these
exchanges remains challenging due to acoustic variability, multi-speaker interac-
tions, and the absence of models capable of efficiently capturing the temporal
context underlying coda emissions. Moreover, IPI-based methods require high
temporal resolution and precise pulse-level analysis in high-SNR data. In this
work, we investigate whether multi-label speaker identities can be predicted from
time-frequency representations of codas, without providing IPI descriptors. Such
an approach could enable lightweight individual recognition from coda-based
representations.



In this context, recent advances in self-supervised learning offer promising
new perspectives. Joint-Embedding Predictive Architectures (JEPA) [12], ini-
tially developed for computer vision and later adapted to audio, learn robust
contextual representations. Nevertheless, existing models adapted to audio such
as AudioJEPA [7] still present limitations in terms of training stability. We
introduce LeAudioJEPA, an audio adaptation of LeJEPA for self-supervised
predictive latent representation learning. Importantly, LeAudioJEPA retains
the AudioJEPA backbone; our contribution lies in the pre-training methodology
rather than in the encoder architecture. We replace AudioJEPA’s EMA-based
teacher-student mechanism with SIGReg-based collapse prevention, resulting in
a simpler and more computationally efficient pre-training procedure.

Both AudioJEPA and LeAudioJEPA are pre-trained on AudioSet and evalu-
ated on a multi-label speaker classification task using log-Mel spectrograms of
sperm whale codas. This setup is designed to investigate the contextual nature
of sperm whale communication. Unlike conventional supervised approaches or
probabilistic models relying on strong topological priors, LeAudioJEPA learns
contextual representations directly from 30 s chunks of dialogue. The main
objective of this paper is to evaluate whether LeAudioJEPA improves multi-label
speaker classification by exploiting temporal context, compared with supervised
MLP, CNN, and ViT baselines trained from scratch.

Experiments use data collected off Mauritius between 2015 and 2024 from
three identified individuals (Caroline, Delphine, and Vanessa) in mono- and
multi-speaker contexts. Over 20 paired seeds, LeAudioJEPA achieves the highest
mean macro-F1 in all three evaluation conditions and significantly outperforms
all trained baselines after FDR correction.

Contributions are: (i) a LeJEPA-style pre-training scheme for the AudioJEPA
backbone that replaces the EMA teacher-student mechanism with SIGReg,
reducing upstream parameters from 183.6M to 97.6M and pre-training time
from 11 h to 5.5 h; and (ii) evaluation on mono- and multi-speaker sperm-
whale coda classification, showing that large-scale log-Mel pre-training yields
speaker-discriminative representations.

2 Related Work

2.1 Sperm whale codas, IPI, and individual recognition

In this dataset, codas were automatically detected and identified by a dedicated
unsupervised model of ICI structures [5]. IPI is used to recognize individuals
and thus to label each coda in whale cocktail-party recordings (Fig. 2). Finally,
the identity assessment is validated by coupling IPI-based acoustic assignments
with visual identification [13].
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Figure 2: A 30 s dialogue, Delphine with Caroline: (Top) the click amplitude
over time, each color is a speaker identity, (Middle) IPI of each click, (Bottom)
ICI, highlighting temporal structure of codas.

2.2 Deep learning for audio representation learning

Deep audio models increasingly learn representations directly from time-frequency
inputs. SSL methods such as wav2vec 2.0 [14], HuBERT [15], AST [16], and
AudioMAE [17] reduce reliance on labels through masked or predictive objectives.
Recent work in cetacean bioacoustics has further shown that self-supervised
representations can improve robustness under limited annotations and noisy
acoustic conditions [18]. JEPA [12] instead predicts latent embeddings of masked
regions, emphasizing higher-level contextual structure. Building on AudioJEPA
[7], LeAudioJEPA follows LeJEPA [19] by replacing the EMA teacher-student
mechanism with SIGReg while keeping the same downstream encoder architecture
(Fig. 1).

3 Materials

Two datasets are used: a large-scale generic audio corpus for self-supervised
pre-training, and a domain-specific dataset for downstream evaluation on multi-
speaker whale classification.

Pre-training dataset: We use a subset of AudioSet [20], a large-scale
collection of human-labeled audio events covering a wide variety of acoustic
scenes. AudioSet consists of 10 s audio clips sampled at 32 kHz, annotated
with a hierarchical ontology of sound events. In this work, we use 15% of the
unbalanced training set, corresponding to approximately 833 h of audio. This
dataset provides a diverse acoustic environment that enables the model to learn
general-purpose audio representations.

Bioacoustic dataset: The dataset used in this study comes from the
Voixz du Cachalot program, a long-term data collection effort conducted over
594 days between 2015 and 2024 [13]. It focuses on a social group of sperm
whales from the clan of Irene Gueule Tordue off the coast of Mauritius. Each
spring, the whales were recorded during surface socialization using synchronized
underwater acoustic recordings and video data acquired with GoPro cameras
and the OPALE system [21]. The selected subset contains approximately 4 hours
of underwater acoustic recordings, over 130 audio files of 2 min duration each
on average. A subset of the recorded clicks and codas was manually annotated



Table 1: Speaker distribution in the 30 s chunks dataset.
Speaker config. Full Train Test
Caroline only 115 (25%) 81 (22%) 34 (38%)
Delphine only 84 (19%) 74 (20%) 10 (11%)
Vanessa only 67 (15%) 50 (14%) 17 (19%)

61 (

14 (

Total mono speaker 266 (59%) 205 (56%) 68%)
Delph. | Vane. 83 (18%) 69 (19%) 16%)
Caro. + Vane. 49 (11%) 43 (12%) 6 (7%)
Caro. + Delph. 46 (10%) 38 (11%) 8 (9%)

Caro.+Delph.+Vane. 7 (2%) 7 (2%) 0 (0%)
Total multi speaker 185 (41%) 157 (44%) 28 (32%)
TOTAL Full dataset 451 362 89

and attributed to individual whales. Speaker identity was established through
manual inspection and cross-validated using synchronized video recordings. In
total, 1123 codas were automatically annotated using an unsupervised process
and manually checked. Among the 16 identified individuals, only 3 were retained
in order to ensure a sufficient number of annotations per class for reliable model
training. This results in a dataset of 451 non-duplicated 30 s samples centered
on codas corresponding to three individuals: Delphine, Vanessa, and Caroline
(Table 1). Each sample consists of a 30 s audio segment centered on a target coda
to capture sufficient temporal context, including multiple codas and potential
speaker interactions (Fig. 3). Spectrograms are generated from these segments,
but edge effects (when codas occur near the beginning or end of recordings)
can produce duplicate samples that are explicitly removed to avoid biasing the
training process.

Figure 3: A sample of the dataset: a 30 s log-Mel spectrogram of a dialogue of
Vanessa and Caroline. Each coda is a group of broadband click events. Only the
3rd and 6th groups are mono—speaker codas, others are interlinked.

Train-Test Split: The train-test split is performed at the recording-file level
rather than at the coda level to avoid temporal overlap between 30 s windows
and to reduce the risk of exploiting recording-specific background conditions.
The final split preserves the recording-file-level separation and covers recordings
from 2015 to 2024, while maintaining a comparable speaker distribution between
training and test sets (Table 1).



4 Method

4.1 Model Architecture

LeAudioJEPA (Fig. 1) modifies AudioJEPA [7] by removing the teacher-student
architecture and the Exponential Moving Average (EMA) mechanism, and by
introducing the SIGReg regularization loss. This modification simplifies the
training procedure and significantly reduces pre-training time, by approximately a
factor of 2 in our experiments: pre-training of LeAudioJEPA takes approximately
5.5 h on a single NVIDIA A40 GPU, compared to 11 h for AudioJEPA under
identical conditions.

For a fair comparison, both AudioJEPA and LeAudioJEPA share the same
backbone architecture. The encoder is a Vision Transformer (ViT) [22]| with
12 layers and 12 attention heads per layer. Input log-Mel spectrograms are
divided into 16 x 16 patches and embedded into a latent space of dimension
K = 768. The predictor module is also implemented as a ViT with 6 layers and
12 attention heads.

4.2 Training on the Upstream task with AudioSet

Both AudioJEPA and LeAudioJEPA are first pre-trained on the same subset
of AudioSet, corresponding to 15% of the unbalanced training set. Audio clips
of 10 seconds are converted into log-Mel spectrograms with n,s = 96 and 512
time bins.

Pre-training is performed using a random patch masking strategy, where
40% to 60% of the spectrogram patches are masked uniformly across time and
frequency. We also evaluated a structured block-masking strategy using con-
tiguous spectro-temporal regions. This alternative did not improve downstream
performance over uniform random patch masking, and we therefore retain the
40-60% random masking strategy in the reported experiments. Models are
trained with a batch size of 256 using the AdamW optimizer with a weight decay
of 5%. The learning-rate schedule has two stages: (i) a linear warm-up during
the first 1000 steps from 10~7 to 10~%, followed by (ii) a cosine decay from
10~* to 0. After pre-training, only the encoder is retained for the downstream
multi-speaker classification task.

The AudioJEPA model is trained to predict the latent representations of
randomly masked audio patches from the visible context. Let 2; ¢ € RE denote
the predicted latent embedding for the ¢-th masked patch of sample i, and let
Z; ¢ € RX denote the corresponding target embedding produced by the target
encoder. For N samples and L masked patches per sample, the loss is:

L K
1 N 2
L AudioJEPA = NIEK 4 Z Z (Ziok — Zip k) - (1)
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Following LeJEPA [19], LeAudioJEPA keeps the predictor-based latent em-
bedding objective used during pre-training, but removes the EMA teacher-student



mechanism. Collapse prevention is instead handled by adding a SIGReg (Sketched
Isotropic Gaussian Regularization) term (Fig. 4) to the prediction loss. Let
A= {am}i\le denote the set of random projection directions used by SIGReg.
We use M=256 directions over the concatenation of predicted and target latent
embeddings, with A = 0.025:

LreAudiolEPA = (1 — A\)LAudioJEPA + ALSIGReg- (2)

We additionally evaluated a LeAudioJEPA configuration using M = 1024

random projections together with a [-5,5] integration domain. Because these two

hyperparameters were modified jointly, their individual effects cannot be isolated.

This configuration did not provide a meaningful downstream improvement while

increasing pre-training cost. We therefore retain M = 256 projections in the
reported model.

\\
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Figure 4: To prevent trivial collapse, the SIGReg regularization term enforces
Gaussian-distributed latent embeddings: (left) latent embeddings are projected
onto multiple random directions, (right) normality test is applied to each one-
dimensional projection: this encourages the full embedding distribution to match
an isotropic Gaussian [19] thereby promoting feature diversity.

4.3 Training the Downstream Multi-label Classification

For each annotated coda, a 30 s audio segment centered on the coda is extracted.
Log-Mel filterbank spectrograms are computed from the 30 s audio segments
using 128 Mel bands, a window size of 40 ms, a hop size of 5 ms, and a lower
frequency bound of 1 kHz. To account for multi-speaker contexts, labels are
assigned at the speaker level within each 30 s segment. A speaker is included
in the target label set if at least 20% of the duration of one of their annotated
codas overlaps with the selected 30-second window. This criterion allows codas
located near the boundaries of the segment to be included only when a sufficient
portion of the event is observed.

Spectrograms are temporally downsampled from 5993 to 1024 time bins
while retaining 128 Mel bins. The resulting 29.3 ms temporal resolution is
substantially coarser than the typical 3-3.8 ms female sperm-whale IPI scale [2],
so pulse-level IPI timing is not explicitly preserved, although coarser click-related
cues may remain. The resulting spectrograms are standardized using the mean
and standard deviation computed on the training set, which are then applied to
both training and test samples.



A fixed threshold of 0.5 is chosen a priori for all classes and models. We addi-
tionally evaluated class-specific thresholds estimated from out-of-fold predictions
using 5-fold GroupKFold on training recordings, maximizing Matthews correla-
tion coefficient (MCC) independently for each class. The resulting thresholds
were frozen before test evaluation.

Baselines: We compare against supervised MLP, CNN, and ViT models
trained from scratch on the same log-Mel spectrograms. The MLP uses two
hidden layers of 512 and 256 units. The CNN comprises six convolutional blocks
with 32-256 channels, batch normalization, ReLU, max pooling, and alternating
rectangular time- and frequency-oriented kernels, followed by adaptive average
pooling and a linear classifier. The ViT uses the same 12-layer, 768-dimensional
encoder architecture as the JEPA models but is randomly initialized and trained
end-to-end. All baselines use weighted binary cross-entropy to account for class
imbalance.

JEPA-based models: for AudioJEPA and LeAudioJEPA, the pre-trained
encoder is frozen and produces frame-level latent representations of dimension
768. A lightweight trainable classification head is then added on top of these
frozen features. This head first applies attentive temporal pooling over the frame-
level embeddings, followed by layer normalization and a final linear classifier
mapping the pooled 768-dimensional representation to the three speaker logits.
All downstream models are trained as multi-label classifiers with sigmoid outputs
using the weighted binary cross-entropy loss:

C
L= 5> [wepelogatz) — (1 - yo)log(1 — (=), 0
c=1

where z, is the logit for class ¢, y. € {0, 1} is the target label, and w, = N2 /NP°s
compensates for class imbalance. All models are trained for 50 epochs with
AdamW, a learning rate of 1073, cosine decay, and a batch size of 64. For the
JEPA-based models, all reported seeds correspond to independent downstream
training runs using fixed pre-trained checkpoints.

Model complexity, trainable and non-trainable parameters: Audio-
JEPA and LeAudioJEPA use the same frozen downstream encoder and the same
trainable classification head, while LeAudioJEPA reduces upstream pre-training
complexity by removing the teacher-student architecture (Table 2).

5 Experiments and Results

We evaluate all models on three variants of the same test set: the full, the
mono-speaker subset, and the multi-speaker subset. For each experiment, macro-
F1 is reported over the same 20 random seeds using the same train-test split
(Table 4). A random baseline is also reported for reference but is excluded from
the statistical tests. For each test condition, it generates binary predictions
at random using the same decision format as the trained models, providing a
chance-level comparison for the multi-label speaker identification task.



Table 2: Number of parameters per model, in millions. The upstream column
reports the number of parameters instantiated during pre-training. Downstream
columns report frozen and trainable parameters during the supervised speaker
classification stage.

Model Pretrain Non-trainable Trainable Total

upstream downstream downstream downstream
MLP 0 0 67 67
CNN 0 0 2.3 2.3
ViT 0 0 86 86
AudioJEPA 183.6 86 0.005 86
LeAudioJEPA 97.6 86 0.005 86

Table 3: Ablation of the SIGReg regularization weight A. Macro-F1 on the full
test set is reported over 20 seeds.

) 0 00l 0015 0.02 0.025 003 0.05
Mean (%) | 325 67.9 595 675 71.8 594 60.4
Std. (%) | 138 41 30 23 40 14 25

5.1 Ablation on the SIGReg Weight

We first study the influence of the SIGReg regularization weight A\ during
LeAudioJEPA pre-training. Table 3 shows that performance is sensitive to A:
removing SIGReg (A = 0) reduces macro-F1 to 32.5 4 13.8, whereas A = 0.025
gives the best result (71.8 £4.0), confirming the need for moderate regularization.

5.2 Full Test Set: Mono and Multi-Speaker Conditions

This experiment considers the complete test set, including both mono-speaker
and multi-speaker conditions. On the full test set, LeAudioJEPA achieves the
best macro-F1 (71.8 + 4.0), ahead of CNN (66.9 & 4.9) and the other baselines
(Table 4). Validation-tuned class-specific thresholds did not improve over 0.5,
which is therefore used throughout.

5.3 Mono-Speaker versus Multi-Speaker Only Contexts

LeAudioJEPA also ranks first on the mono-speaker subset (64.7 &+ 4.4) and
multi-speaker subset (77.3 &+ 6.9). CNN is competitive in the multi-speaker
condition (74.1+8.7), suggesting that both local spectro-temporal structure and
predictive contextual representations contribute to identification.



Table 4: Speaker identification macro-F1 score at a fixed threshold of 0.5,
reported as mean + standard deviation over 20 random seeds, for the full test
set, the mono-speaker subset, and the multi-speaker subset.

Metric Random MLP CNN
Fl(MonoJrMulti) 46.5 + 2.9 61.3 2.1 66.9 +4.9
F1(Mono only) 39.7+5.9 60.5 + 2.8 54.9+3.3
Fl(Multi only) 56.0 £12.1 55.6 + 2.2 74.1 £8.7
Metric ViT AudioJEPA LeAudioJEPA
F1(Mono+Multi) 60.6 £5.0 60.0 - 2.6 71.84+4.0
F1(Mono only) 55.3+4.7 58.7 £ 1.7 64.71+ 4.4
F1(Multi only) 61.4+9.8 54.8 +£5.2 77.3+6.9

6 Discussion

Statistical significance was assessed on the 20 paired macro-F1 scores obtained
from the 20 random seeds, using a Friedman test followed by Wilcoxon signed-
rank post-hoc comparisons with FDR correction, considering only the five
trained models. The Friedman test showed a significant model effect on the
mean macro-F1 score over 20 random seeds (p = 1.62 x 107%). LeAudioJEPA
significantly outperformed all trained baselines, including CNN (+4.9 macro-F1,
prpr = 9.65 x 1073) and AudioJEPA (+11.8 macro-F1, prpg = 8.00 x 107°).

These results indicate that predictive latent pre-training transfers effectively
to sperm whale speaker identification despite the limited annotated dataset. The
largest descriptive gain appears in multi-speaker segments, where LeAudioJEPA
reaches 77.3 £ 6.9 macro-F1, while CNN remains competitive. This suggests
that both local spectro-temporal structure and longer contextual cues contribute
to speaker discrimination. The absence of improvement from validation-tuned
thresholds may reflect the limited amount of labeled training data, which makes
class-specific threshold estimates more variable across folds.

The A ablation further shows that SIGReg is critical to LeAudioJEPA pre-
training: removing the regularization (A = 0) leads to a large performance drop,
while an intermediate weight of A = 0.025 provides the best downstream result.

Because the temporally downsampled log-Mel inputs do not preserve pulse-
level TPI timing explicitly, the proposed approach should be viewed as comple-
mentary to IPI-based identification rather than a replacement. The learned
representations may nevertheless capture coarser spectro-temporal patterns that
correlate indirectly with click structure. A direct analysis of feature—IPI rela-
tionships would therefore be valuable future work to disentangle explicit timing
cues from broader coda-context information. These results suggest that coda
sequences contain speaker-discriminative temporal context even without explicit
pulse-level IPI descriptors, although indirect correlations with coarser click-
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structure cues cannot be excluded. Limitations include the small multi-speaker
test subset, the restriction to three individuals, and the absence of cross-session
or cross-year generalization tests.

7 Conclusion

We introduced LeAudioJEPA, an audio adaptation of LeJEPA that removes
AudioJEPA’s EMA teacher-student mechanism and uses SIGReg-regularized
latent prediction. On 30 s log-Mel-spectrogram segments of sperm whale co-
das, LeAudioJEPA obtains the best mean macro-F1 on the full, mono-speaker,
and multi-speaker test sets, and significantly outperforms all trained baselines
when evaluated over the 20 paired macro-F1 scores obtained from the random
seeds. These results suggest that coda sequences contain speaker-discriminative
temporal context even without explicit IPI descriptors. Future work will scale
evaluation to more individuals, test cross-session and inter-annual generaliza-
tion, and analyze whether the learned representations encode timing, spectral
structure, or interaction context.
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