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ABSTRACT Automated classification of marine mammal vocalizations from passive acoustic monitoring
data is essential for ecological research, biodiversity assessment, and the management of anthropogenic
impacts on marine ecosystems. Existing deep learning approaches achieve high accuracy on predefined
species sets but operate within a closed-set paradigm: they cannot accommodate previously unseen species
without complete retraining, which limits their practical deployment in the field. In this work, we propose
a metric embedding framework for marine mammal acoustic species classification. Our approach combines
an Audio Spectrogram Transformer (AST) backbone, pre-trained on the large-scale AudioSet dataset,
with a projection head trained using a combined ArcFace and online triplet loss. The model learns a
256-dimensional embedding space in which species similarity is captured by cosine distance, enabling
closed-set classification, open-set detection of unseen species, and few-shot learning of novel classes from
a limited number of reference recordings. We evaluate our method on the Watkins Marine Mammal Sound
Database across 25 known species and 6 species held out for open-set and few-shot evaluation. Averaged over
three independent training runs, the model attains 92.4± 0.5% closed-set accuracy and a macro F1-score of
0.926 ± 0.005, statistically indistinguishable from a fine-tuned softmax classifier on the same backbone
(McNemar test, p = 0.625). The same embedding additionally detects unseen species with an AUROC
of 0.891 ± 0.026 under a genuine leave-N-species-out protocol, and discovers new species with a macro
F1-score of 0.791 at K = 10 under a leakage-free, validation-tuned threshold. These results demonstrate
that metric embedding learning provides a flexible and scalable paradigm for marine mammal acoustic
monitoring, supporting the integration of new species into deployed systems without retraining.

INDEX TERMS Marine mammal acoustics, metric learning, audio embeddings, few-shot classification,
open-set classification, audio spectrogram transformer, bioacoustics, species identification.

I. INTRODUCTION
Marine mammal vocalizations play a fundamental role in
communication, navigation, and social interaction within
marine ecosystems. Passive acoustic monitoring (PAM)
has become a primary tool for studying marine mammal
populations, behavior, and the impact of anthropogenic
noise, and generates massive volumes of underwater acoustic
data. However, the scale of the data precludes extensive
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manual analysis. Automated classification systems capable of
reliably identifying marine mammal species from their vocal-
izations are therefore essential, both for ecological research
and for regulatory compliance in marine operations [1].

Existing approaches to marine mammal call classifica-
tion have evolved through three stages. Early methods
relied on hand-crafted features combined with rule-based
or manual classification [2], [3]. Traditional machine
learning classifiers, including Support Vector Machines
(SVMs) and Gaussian Mixture Models (GMMs), improved
automation but required careful feature engineering and
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domain expertise [4], [5]. More recently, deep learning
models - Convolutional Neural Networks (CNNs), Long
Short-Term Memory Networks (LSTMs), and hybrid archi-
tectures - have achieved strong performance by learning
features directly from spectrograms [6], [7]. Transfer learning
from large-scale audio datasets such as AudioSet [8] has fur-
ther improved results under limited data conditions [9], [10].
However, most existing deep learning approaches for

marine mammal call classification operate under a closed-
set paradigm: they are trained to discriminate among a fixed
set of predefined species and cannot accommodate previously
unseen species without collecting new labeled data and
retraining the entire model from scratch. This limitation
severely restricts their practical deployment in dynamic
field conditions, where new species, rare vocalizations,
or changing ecosystems are frequently encountered.

This closed-set assumption is increasingly at odds with
how passive acoustic monitoring is actually used. Field
deployments routinely encounter vocalizations from species
outside the training inventory, and the cost of overlooking
them—a range shift, an unexpected migrant, a poorly
cataloged population—is precisely what monitoring is meant
to detect. We therefore argue that the recognition task should
be reframed: rather than asking only which of these known
species is this?, a deployable system must also answer is this
a species I know at all? and can I learn a new one from
a handful of examples? The present work treats these three
abilities—closed-set recognition, open-set rejection, and few-
shot discovery—as a single problem to be solved by one
embedding, rather than as separate models bolted together.

An alternative paradigm, developed in the computer
vision community for face recognition, is metric embedding
learning [11], [12]. Rather than training a classifier to predict
discrete species labels, a metric learning model learns to map
inputs into a continuous embedding space where the distance
between representations reflects semantic similarity. In this
space, samples from the same class are mapped to nearby
points, while samples from different classes are pushed apart.
Classification then reduces to a nearest-neighbor search:
a new recording is compared against a small set of reference
embeddings, and the closest match determines the species
identity. Crucially, this formulation decouples themodel from
any fixed species inventory. Adding a previously unseen
species requires only a few reference recordings — not
model retraining — making the approach naturally suited to
open-set and few-shot settings [13].
Metric learning has been successfully applied to the visual

identification of individual marine mammals from dorsal
fin photographs [14]. In the acoustic domain, contrastive
and prototypical learning approaches have been explored
for general bioacoustic event detection, particularly within
the DCASE few-shot challenges [15], [16], demonstrating
the potential of metric-based representations in low-data
regimes. To the best of our knowledge, we have not identified
prior work combining Audio Spectrogram Transformers with
angular-margin objectives and triplet-based metric learning

for multi-species marine mammal acoustic classification in
open-set and few-shot settings.

This work introduces a metric embedding framework
for marine mammal species classification based on an
Audio Spectrogram Transformer (AST) backbone [17] pre-
trained on AudioSet [8]. The AST features are projected
into a compact 256-dimensional ℓ2-normalized embedding
space, trained with a combination of ArcFace loss (for
angular separation between species clusters) and online
triplet loss with semi-hard negative mining (for local distance
refinement).

At inference time, species identification is performed
by comparing query embeddings to species prototypes via
cosine distance, enabling few-shot classification of species
not seen during training.

Our main contributions are as follows:
1) We propose a single metric embedding that supports

closed-set recognition, open-set detection of unseen
species, and few-shot discovery of new species from one
model, without retraining.

2) We provide a systematic comparison showing that the
proposed metric-learning strategy achieves competitive
results across all three capabilities, while competing
methods are typically tailored to address only one of the
three tasks.

3) We illustrate a training strategy combining an AudioSet-
pretrained AST backbone with ArcFace and online
triplet loss, adapted to small, imbalanced bioacous-
tic data.

4) We discuss the impact of dataset splitting strategies on
reported performance in marine bioacoustics, highlight-
ing the trade-off between strict cross-session evaluation
and statistical reliability when working with curated
databases of limited recording diversity.

II. RELATED WORK
Automatic marine mammal call recognition and classifica-
tion lies at the intersection of bioacoustics, signal processing,
and machine learning. In this section, we review the main
lines of research relevant to our work: acoustic classifi-
cation methods for marine mammals, metric learning and
embedding approaches, few-shot learning for bioacoustics,
and audio transformer architectures.

A. MARINE MAMMALS ACOUSTIC CLASSIFICATION
Early approaches to marine mammal call classification
relied on hand-crafted acoustic features followed by man-
ual or rule-based classification. Reference [2] applied the
ISHMAEL and PAMGUARD [18] systems for passive
acoustic detection and manual classification of six marine
mammal species. Reference [3] proposed generalized per-
ceptual linear prediction (GPLP) and Greenwood function
cepstral coefficients (GFCC) as species-independent feature
representations. While these methods demonstrated the
feasibility of acoustic species identification, they required
substantial manual intervention and expert knowledge,

2 VOLUME 14, 2026



V. Lipari et al.: Marine Mammal Acoustic Species Recognition via Metric Embedding Learning With AST

and their accuracy degraded when different species produced
acoustically similar vocalizations.

The introduction of machine learning (ML) classifiers
enabled greater automation. Reference [4] demonstrated
that combining low-frequency cepstral coefficients with
discrete wavelet transforms could effectively characterize
the upcalls of North Atlantic right whales when paired
with Support Vector Machines (SVM). Subsequent studies
validated that the fusion of multiple feature domains—
specifically Mel-frequency cepstral coefficients (MFCC),
linear frequency descriptors, and time-domain features—
yielded consistent performance gains [5]. Despite these
advancements, these paradigms remain inherently limited by
the necessity of manual feature engineering, which scales
poorly to global-scale datasets and struggles to generalize
across heterogeneous recording conditions.

Deep learning approaches have substantially advanced the
state of the art by learning features directly from spectral
representations. Reference [19] proposed a CNN–GRU
architecture to jointly extract acoustic features and perform
temporal modeling. Reference [6] introduced a multi-channel
parallel network combining Mel spectrograms and comple-
mentary features. Reference [20] applied residual learning
networks to classify calls. More recently, [10] proposed a
hybrid architecture combining time-attention LSTMs with
multi-scale dilated causal convolutions.

Transfer learning from large-scale audio datasets has
emerged as a key strategy for addressing data scarcity
in marine bioacoustics. Reference [9] employed transfer
learning with deep convolutional networks to detect multiple
marine sound sources, achieving high-accuracy identification
of odontocete whistles and ship noise. Reference [21]
proposed a framework based on knowledge distillation for
efficient marine mammal sound detection. In a different
direction, [22] leveraged a speech self-supervised model
pretrained on large amounts of human voice data and
fine-tuned it for marine mammal classification, demonstrat-
ing that representations learned from human speech transfer
effectively to marine vocalizations.

B. METRIC LEARNING AND EMBEDDING APPROACHES
Metric learning addresses the limitations of closed-set clas-
sifiers by learning an embedding function that maps inputs
into a spacewhere semantic similarity is captured by distance.
Rather than predicting class labels directly, the model learns
to position similar inputs close together and dissimilar inputs
far apart. At inference time, classification is performed by
comparing a query embedding to reference examples using
a distance metric, naturally supporting open-set recognition
and few-shot learning.

The triplet loss, introduced by [11] in the FaceNet
architecture for face recognition, trains the model using
triplets of samples: an anchor, a positive example (same
class), and a negative example (different class). The loss
encourages the anchor-positive distance to be smaller than the
anchor-negative distance by a margin.

Angular margin losses [12] extend the metric learning
paradigm by operating on the angular space of ℓ2-normalized
embeddings. These angularmarginmethods have been shown
to produce more discriminative embedding spaces than triplet
loss alone.

In marine biology, metric learning has been applied to
visual identification of individual animals. Reference [14]
used a ResNet backbone trained with triplet loss to learn
a Euclidean embedding of common dolphin dorsal fin
images, achieving strong identification performance even
for individuals not seen during training. These results
demonstrate the viability of metric learning for marine
mammal identification, but the approach has been limited to
visual data.

C. AUDIO SPECTROGRAM TRANSFORMERS
Vision Transformers (ViTs), originally designed for image
classification [23], have been successfully adapted to audio
analysis by treating spectrograms as images. The Audio
Spectrogram Transformer (AST) [17] divides a log-mel
spectrogram into a sequence of 16×16 patches, applies
learned positional embeddings, and processes the patch
sequence through a standard transformer encoder. Pre-
trained on AudioSet [8], a large-scale dataset of audio
clips, AST achieved state-of-the-art results on multiple
audio classification benchmarks, demonstrating that the
self-attention mechanism can effectively capture both local
spectral patterns and long-range temporal dependencies in
audio data.

The transfer of pre-trained audio representations to
bioacoustic tasks has shown promising results. Foundation
models pre-trained on AudioSet or speech data have been
applied to bird song classification, whale call detection,
and general environmental sound recognition, often outper-
forming task-specific models trained from scratch. Recent
comparative studies [24] have systematically evaluated
bioacoustic foundation models, confirming that pre-trained
transformers provide robust feature extractors across diverse
taxa and recording conditions.

However, existing applications of audio transformers in
marine bioacoustics have used these models as feature
extractors for closed-set softmax classifiers.

Beyond task-specific models, several pre-trained audio
foundation models have recently emerged. General-audio
models such as CLAP [25] learn joint audio–language
embeddings from large web corpora, while self-supervised
bioacoustic encoders such as AVES [26] are trained directly
on animal-sound collections. Domain-specific models—
BirdNET [27], the Perch birdsong embeddings [28], and
acoustic-token models such as BEATs [29]—have shown
strong transfer to downstream bioacoustic tasks, and are
typically used as frozen feature extractors. Our work
differs in that we fine-tune the backbone with task-specific
metric supervision and ask whether a single embedding
can support closed-set recognition, open-set detection,
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FIGURE 1. Overview of the proposed metric embedding architecture for marine mammal species classification.

and few-shot discovery together; in Section V-B we bench-
mark representative frozen encoders (CLAP, AVES, and our
AST backbone frozen) against this requirement.

III. METHODOLOGY
This section describes the proposed metric embedding frame-
work for marine mammal species classification. We first
formulate the problem in terms of embedding learning, then
detail the model architecture, loss functions, training strategy,
and inference procedures.

A. PROBLEM FORMULATION
Conventional approaches to marine mammal call classifica-
tion learn a discriminative mapping f : X → {1, . . . ,C}

that assigns each audio clip to one of C predefined species
categories, typically by training a neural network with a
softmax output layer and cross-entropy loss. This formulation
is inherently closed-set: themodel can only predict among the
C classes observed during training.

We adopt an alternative formulation based on metric
embedding learning. Instead of predicting class labels,
we learn an embedding function g : X → Rd that maps
each audio clip into a d-dimensional vector space, where
the geometric distance between embeddings encodes species
similarity. Specifically, we require that embeddings of clips
from the same species cluster together, while embeddings of
clips from different species are well-separated. At inference
time, classification reduces to a nearest-neighbor search in

the embedding space: a query embedding is compared against
species-level reference embeddings (prototypes), and the
species of the closest prototype determines the prediction.

This formulation has three key advantages over closed-set
classification. First, it naturally supports open-set recog-
nition, enabling the model to distinguish between known
categories and unseen species or noise by identifying them
as out-of-distribution samples. Second, it facilitates few-shot
learning, as new species prototypes can be accurately defined
using only a small number of reference recordings. Third,
the embedding space provides an interpretable similarity
structure where inter-species distances reflect acoustic relat-
edness; this can be effectively exploited for both exploratory
analysis and anomaly detection.

B. SYSTEM ARCHITECTURE
The proposed system consists of three components:
(1) a pre-trained audio backbone that extracts high-level
acoustic representations from spectrograms, (2) a projection
head that maps these representations into a compact, normal-
ized embedding space, and (3) a combined metric learning
loss function that shapes the geometry of the embedding
space during training. We describe each component below.

1) AUDIO BACKBONE: AUDIO SPECTROGRAM
TRANSFORMER
We adopt the Audio Spectrogram Transformer (AST) [17]
as the acoustic feature extractor. AST adapts the Vision
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Transformer architecture to log-mel spectrograms by divid-
ing the spectrogram into patches that are processed by a
transformer encoder.

The model is initialized with weights pre-trained on
AudioSet [8] and produces a 768-dimensional feature repre-
sentation extracted from the classification token (CLS).

This pre-training provides the backbone with rich, general-
purpose acoustic representations that capture both local
spectral patterns (e.g., harmonics, clicks) and long-range tem-
poral dependencies (e.g., call sequences, frequency sweeps) -
particularly relevant formarinemammal vocalizations, which
vary widely in duration, bandwidth, and temporal structure.

The backbone outputs a 768-dimensional feature vector
extracted from the CLS token via a pooling layer.

2) PROJECTION HEAD
The backbone features are passed through a projection head
that maps them into a compact embedding space. The
projection head is a two-layer multilayer perceptron (MLP)
with the following architecture:

R768

↓

Linear 768 → 512

↓

LayerNorm

↓

ReLU

↓

Dropout (0.3)

↓

Linear 512 → 256

↓

R256 (
L2 normalized

)
The final L2 normalization constrains all embeddings to lie

on a unit hypersphere in R256, ensuring that cosine similarity
and Euclidean distance are equivalent up to a monotonic
transformation. This normalization is essential for the angular
margin loss described below.

3) COMBINED METRIC LEARNING LOSS
We train the embedding model using a weighted combination
of two complementary loss functions: ArcFace loss for
angular cluster separation and online triplet loss for local
distance refinement.

ArcFace Loss: Originally developed for face recog-
nition [12], ArcFace utilizes a learnable weight matrix
W ∈ RC×d , where each row wi is a class-specific direction in
the embedding space. For an ℓ2-normalized embedding ewith
label y, the cosine similarity to each class center is computed

as cos(θy) = wTy e. The loss function is defined as

Larc = −
1
N

N∑
i=1

log
es·cos(θyi+m)

es·cos(θyi+m) +
∑C

j=1,j̸=yi e
s·cos(θj)

(1)

where:
- the angular Margin m is an additive penalty applied
to the angle θ of the target class,

- the feature scale s is a hyperparameter that scales the
cosine similarities,

Online Triplet Loss with Semi-HardMining: The triplet
loss [11] acts on triplets of samples: an anchor a, a positive
example p from the same class, and a negative example n from
a different class. It encourages the anchor to be closer to the
positive than to the negative by a margin α:

Ltri = max(0, d(a, p) − d(a, n) + α) (2)

where d(x, y) denotes the Euclidean distance between x and y.
The effectiveness of triplet loss depends on the selection of
informative triplets. We employ semi-hard negative mining:
i.e., for each anchor-positive pair, we select the negative that
is farther from the anchor than the positive but still within
the margin, i.e., d(a, p) < d(a, n) < d(a, p) + α. This
strategy avoids the instability associated with hard negatives
(which can cause training collapse) while providing stronger
gradients than random sampling.

Combined Loss The total training objective is a weighted
combination of the two losses:

L = λarcLarc + λtriLtri (3)

ArcFace enforces global angular separation between species
clusters, while triplet loss refines local neighborhood struc-
ture by enforcing relative distance constraints among nearby
samples.

The overall architecture for embedding learning and
classification is depicted in Figure 1.

C. TRAINING STRATEGY
Training is performed in two phases, with specialized batch
construction and differential learning rates.

1) BALANCED BATCH SAMPLING
Effective metric learning is highly sensitive to batch com-
position; the triplet loss requires each training batch to
contain multiple instances per class to form valid anchor-
positive-negative triplets. Naive random sampling frequently
generates batches with no positive pairs thus making the
triplet loss uninformative.

We employ a balanced class-aware sampling strategy [30].
Each mini-batch is constructed by randomly selecting K
species and sampling exactly M instances per species; this
ensures K · M (M − 1) directed anchor-positive pairs per
batch, alongside a vast pool of potential negative triplets. This
structured sampling is essential for convergence: without it,
the triplet loss gradient remains negligible, as themodel could
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not find sufficient informative triplets to drive the learning
process.

2) PROGRESSIVE BACKBONE UNFREEZING
We adopt a two-phase training schedule to balance the
preservation of pre-trained representations with adaptation to
the marine mammal domain:

- Phase 1 (i.e.,Epochs 1–10): Frozen backbone. The
AST backbone parameters are frozen, and only the
projection head and ArcFace weight matrix are trained.
This allows the projection head to learn a meaningful
initial mapping from the pre-trained feature space
to the embedding space, without risk of corrupting
the backbone representations. During this phase, the
learning rate is set to η = 5 × 10−4.

- Phase 2 (i.e.,Epochs 11–100 (max)): Full fine-tuning.
The backbone is unfrozen, and training continues with
differential learning rates: the projection head reduces
the base rate to η = 2 × 10−4, while the backbone
parameters use a reduced rate of η = 10−6. This
reduction prevents catastrophic forgetting of the general
audio representations learned from AudioSet, while
allowing gradual adaptation to marine mammal-specific
acoustic patterns. Training was performed for up to
100 epochs using early stopping based on validation
k-NN accuracy with a patience of 10 epochs.

D. INFERENCE: CLASSIFICATION VIA
EMBEDDING COMPARISON
At inference time, the trained model is used to compute
embeddings for both reference recordings and new query
recordings. Classification is then performed entirely in the
embedding space. We consider three classification strategies
of increasing complexity:

1) PROTOTYPE MATCHING
For each species, a prototype embedding is computed as
the centroid of all reference embeddings for that species.
A query recording is classified to the species whose prototype
is nearest (in cosine distance). Thismethod is the simplest and
most suitable for deployment, as it requires storing only one
prototype vector per species.

2) K-NEAREST NEIGHBORS (K-NN)
The query embedding is compared against all individual
reference embeddings, and the species is determined by
majority vote among the k nearest neighbors (using cosine
distance). This method is more robust to outlier reference
recordings but requires storing all individual embeddings.
We use k = 5 in our experiments.

3) THRESHOLD-BASED VERIFICATION
Rather than classifying among all known species, this mode
determines whether a query recording belongs to a specific
target species by checking if the cosine distance to the species

prototype falls below a threshold δ. This mode is suitable for
species-specific monitoring tasks.

Crucially, all three strategies operate on fixed-dimensional
embeddings and do not require access to the model
parameters or class weights. Adding a previously unseen
species requires only computing the embeddings for a small
number of reference recordings and either computing a new
prototype or adding the embeddings to the reference database.
No model retraining or architectural modification is needed,
which is the main practical advantage of the metric learning
formulation.

4) JOINT KNOWN-CLASS CLASSIFICATION AND
NOVEL-CLASS DISCOVERY
For deployment scenarios where both known and novel
speciesmay appear, we adopt a dual-threshold strategy. Given
a query embedding e and a set of known-species prototypes
{pk}Ck=1, let smax = maxk cos(e,pk ). If smax ≥ τknown,
the query is assigned to the corresponding known species.
If a novel-class reference set is available, we additionally
compare against novel-species prototypes built from K
reference samples. A novel-class assignment is accepted only
if its similarity exceeds τdiscovery = β ·τknown, with β ∈ (0, 1)
controlling the conservativeness of novel detection. Queries
falling below both thresholds are abstained from.

Both thresholds are derived from the open-set operating
point (Section V-C). The known-class threshold τknown = τ ∗

is the optimal cosine similarity threshold from the Receiver
Operating Characteristic (ROC) analysis, tuned only on
a held-out validation split of unseen species and applied
unchanged to the disjoint test fold (τ ∗

≈ 0.91, mean across
repeats). The discovery threshold τdiscovery = β · τ ∗ with
β = 0.8 creates a conservative margin below τ ∗ for accepting
novel-class assignments. All thresholds operate on cosine
similarity (range [−1, 1]), where higher values indicate
greater proximity to a class prototype. This formulation cre-
ates an explicit uncertainty region [τdiscovery, τknown] where
the system declines to commit, a desirable property in passive
acoustic monitoring (PAM) applications where overconfident
misclassifications can compromise downstream ecological
analyses.

IV. EXPERIMENTAL SETUP
A. DATASET
Our experiments use the Watkins Marine Mammal Sound
Database [31], a curated collection of cetacean and pinniped
vocalizations widely used as a benchmark in marine bioa-
coustics. We accessed the database through the HuggingFace
Datasets repository [32], which provides 1,357 high-quality
clips spanning 32 species. After removing species with fewer
than 8 clips, the effective dataset covers 25 species for closed-
set evaluation. All recordings are resampled to 16 kHz,
converted to mono, and padded or truncated to a fixed
duration of 10 seconds (160,000 samples).
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We reserve six species entirely as a holdout set for open-set
and few-shot evaluation, chosen to span both taxonomic and
acoustic diversity: four phylogenetically distant pinnipeds
(Walrus, Ross Seal, Bearded Seal, Leopard Seal), one
rare odontocete (Narwhal), and one common delphinid
acoustically similar to several training species (Bottlenose
Dolphin). The holdout deliberately spans a wide range of
sample sizes (8–40 clips), allowing us to probe few-shot
behavior both for well-represented and for data-scarce novel
species.

The holdout species were selected a priori based on
taxonomic and acoustic diversity, before any model evalu-
ation, to span the spectrum from phylogenetically distant
pinnipeds to acoustically overlapping delphinids. To ver-
ify that open-set performance does not depend on this
particular choice, Section V-C additionally reports a leave-
N -species-out experiment over four different six-species
holdout sets.

The closed-set partition is divided using a strati-
fied clip-level split with ratios 70%/15%/15%, yielding
823 training, 168 validation, and 197 test clips. The holdout
partition (167 clips, 6 species) is used exclusively for open-set
and few-shot evaluation.
Limitations of dataset splitting in marine bioacoustics.

The Watkins database, while curated for quality, contains a
limited number of distinct recordings per species (typically
2–7 sessions). Strict session-aware splits prevent any tem-
poral correlation between train and test data but produce
highly variable test sets due to small sample sizes per session.
Stratified clip-level splits yield more statistically reliable
estimates but may introduce weak temporal correlation when
multiple clips originate from the same session.We adopt clip-
level splitting as the main evaluation protocol, consistent with
the majority of bioacoustic classification literature [33], [34].
We note that the open-set and few-shot evaluations, which
use entire holdout species never seen during training, are
by construction immune to any clip-level leakage and
therefore provide the most realistic assessment of the model’s
generalization.

B. DATA PREPROCESSING
Audio clips are preprocessed with the same pipeline used
during AudioSet pre-training:computing 128-bin log-mel
spectrograms, applying per-instance mean and variance
normalization, and padding or truncating the time axis to a
fixed length of 1024 frames.

C. EVALUATION PROTOCOL
1) CLOSED-SET CLASSIFICATION
We report accuracy, precision, recall, and macro/weighted
F1-score on the test set via prototype matching: for each
species, a centroid is computed from all training embeddings,
and a query is assigned to the nearest prototype (cosine
distance).

2) EMBEDDING QUALITY
We report the average intra-class distance, inter-class dis-
tance, and separation ratio (inter/intra). Higher separation
ratios indicate more discriminative embeddings.

3) OPEN-SET DETECTION
Open-set capability is evaluated as a binary task: decide
whether a query belongs to one of the known species or
to an unknown class, using the maximum cosine similarity
to known prototypes as the score. Because the rejection
threshold τ must not be tuned on the evaluation data, we split
the non-training species into a validation group and a disjoint
test group: τ is selected only on the validation group (max-
imizing balanced accuracy of the known/unknown decision)
and applied unchanged to the test group, repeated over ten
random partitions (reported as mean ± std). As a stricter
test of sensitivity to the held-out species, we additionally
perform a leave-N -species-out experiment: for four different
six-species holdout sets (including the original), the model is
re-trained from scratch with those species entirely absent and
open-set AUROC is measured on them.

4) FEW-SHOT MULTI-SPECIES DISCOVERY
We evaluate joint known/novel classification under the
dual-threshold protocol (Section IV-C), building novel proto-
types from K ∈ {1, 5, 10} reference samples and reporting
macro F1 across holdout species over 500 episodes, with
the validation-tuned threshold τ gating the known/unknown
decision.

5) STATISTICAL RELIABILITY
Closed-set metrics are averaged over three runs (N = 3),
reported as mean ± std with 95% confidence intervals
via the t-distribution. Per-species F1 confidence intervals
are obtained by bootstrap resampling [35], and confidence
intervals on the open-set AUROC by the method of
DeLong [36]. Per-species tables report a representative run
(best seed).

D. IMPLEMENTATION DETAILS
All experiments use the AST backbone pre-trained on
AudioSet. The projection head is a two-layer MLP
(768 → 512 → 256) with LayerNorm, Rectified Linear Unit
(ReLU), dropout 0.3, and ℓ2-normalization. The combined
loss is L = LArcFace + 1.1 · Ltriplet with s = 30, m = 0.35,
α=0.20.
Optimization uses AdamW (weight decay 5 × 10−4),

learning rate 2×10−4 on the head and 10−6 on the backbone.
Training runs for max 100 epochs with 3 warmup epochs

and cosine decay; the backbone is frozen for the first
10 epochs. Batches of size 16 use class-balanced sampling
(4 per class) [30] with online semi-hard negative mining.
Gradient clipping (max norm 0.5) is applied throughout.
Training is performed on a single NVIDIARTXA6000GPU.
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TABLE 1. Training Hyperparameters and model configuration.

TABLE 2. Classification and open-set detection results, mean ± std over
3 independent training runs (25 species). Open-set AUROC is reported
under the leave-N-species-out protocol (primary) and the unknown-split
protocol (supplement).

V. RESULTS
A. CLOSED-SET CLASSIFICATION
Table 2 summarizes the main results averaged over three
independent training runs. The proposed metric embed-
ding framework achieves 92.4 ± 0.5% test accuracy and
0.926 ± 0.005 macro F1 over three seeds. The narrow
standard deviation across runs (±0.5%) indicates reliable
convergence.

Per-species F1 with 95% bootstrap confidence intervals is
reported in Appendix VII. Among the 25 evaluated species,
21 achieve F1 ≥ 0.85 and 13 reach F1 ≥ 0.94. The
mean cosine similarity between test embeddings and their
assigned prototype is 0.939 ± 0.009 across runs, indicating
that confident predictions dominate. Species with fewer than
eight test clips have wide confidence intervals, so their
individual point estimates—including perfect scores—should
be interpreted with caution.

On a per-species basis the metric model and a softmax
classifier sharing the same backbone differ on individual
species, but a McNemar exact test on the paired test
predictions finds no significant difference between the metric
model (92.4%) and the softmax baseline (91.9%): b = 3,
c = 1, p = 0.625. We therefore do not claim a closed-
set advantage. Frozen foundation encoders, by contrast,

TABLE 3. Comparison with metric-learning baselines on the same AST
backbone, under the identical protocol. Open-set AUROC under the
unknown-split protocol shared by all methods. Few-shot at K=10 with
known/unknown gating. Best per column in bold.

TABLE 4. Comparison with frozen foundation encoders under the
identical protocol. Open-set AUROC under the unknown-split protocol;
the few-shot column uses a threshold-free K -shot N-way macro-F1 (no
gating). Best per column in bold.

trail far behind on closed-set accuracy (Table 4), confirming
that task-specific fine-tuning—not the pretrained representa-
tion alone—drives recognition performance.

Two species warrant discussion. The Killer Whale (recall
0.60, n = 5) has a small test set combined with high call
variability across age classes. The Sperm Whale (recall 0.67,
n = 9) is partially confused with Walrus in the open-set
analysis, reflecting genuine acoustic similarity between their
click trains.

More broadly, the two dominant sources of difficulty are
acoustic overlap between phylogenetically or behaviourally
similar species (e.g., the click-train similarity linking Sperm
Whale and Walrus) and small per-species sample counts,
which widen the bootstrap confidence intervals reported and
make individual F1 estimates less reliable.

B. COMPARISON WITH BASELINES AND
FOUNDATION MODELS
We compare our model against two representative metric-
learning baselines on the same backbone (ProtoNet [37] and
supervised contrastive learning, SupCon [38]) and against
three frozen pre-trained encoders evaluated identically:
CLAP [25] (general-audio), our AudioSet-pretrained AST
used frozen, and AVES [26] (a self-supervised bioacoustic
encoder, via its official torchaudio wrapper). Open-set
AUROC is reported under the unknown-split protocol shared
by all methods; the stricter leave-N -out value for our model
(0.891) is in Table 2. Against the metric-learning baselines
(Table 3), our model leads on closed-set accuracy and open-
set AUROC and is comparable on few-shot discovery—the
only method strong across all three axes. Against the frozen
encoders (Table 4), our fine-tuned model dominates on
closed-set accuracy and open-set AUROC; on threshold-free
few-shot transfer to novel species it is on par with AVES
and above the frozen AST and CLAP. Read across all three
axes, no single alternative is strong everywhere: the metric
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FIGURE 2. t-SNE of the learned embedding space for 25 known species. (a) Training set (n=823). (b) Test set (n=197). Projections are computed
jointly for spatial comparability. Cluster consistency demonstrates generalization across splits.

FIGURE 3. Cosine distance distributions. (a) Training set: intra- andinter-class distances. (b) Test set and holdout: comparable intra-classdistances
confirm no overfitting; unknown distances enablethreshold-based detection.

baselines match us on few-shot but not on closed-set or
rejection, and the frozen encoders either collapse on closed-
set (CLAP, AST) or recognize known species poorly (AVES,
0.70 vs 0.92). A single fine-tuned embedding covering all
three regimes is, to our knowledge, not provided by any
off-the-shelf model; large-scale bioacoustic pre-training such
as AVES is therefore complementary to our approach.

C. OPEN-SET DETECTION
Open-set evaluation tests whether the model can distinguish
known queries from unknown (holdout) queries, using the

maximum cosine similarity to known prototypes as the
detection score.

Under the validation-tuned protocol the framework
achieves an AUROC of 0.912 ± 0.034 over ten random
validation/test partitions of the held-out species. At the
validation-tuned threshold τ ∗

≈ 0.91, the model accepts
about 78.5% of known queries (TPR) while accepting
about 17.3% of unknown queries (FPR). Under the stricter
leave-N -species-out protocol, in which the model is
re-trained from scratch on four different six-species holdout
sets, the AUROC remains in a narrow band, 0.891 ± 0.026
(range 0.856–0.920, Figure 5); the original holdout sits at the
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top of this band (0.920), confirming that the result does not
depend on the particular six species chosen. The embedding
space achieves a separation ratio of 5.83 ± 0.67×.
Confusions between holdout and known species follow

biologically interpretable patterns (Table 8). The Walrus is
most similar to Sperm Whale (similarity 0.60), reflecting
shared impulsive click vocalizations. Bearded Seal is closest
to Bowhead Whale (0.55), both producing low-frequency
broadband moans. Bottlenose Dolphin—selected as a delib-
erately hard case— shows intermediate similarity to multiple
delphinids (max 0.45), confirming that the embedding
captures fine-grained acoustic relationships.

D. FEW-SHOT MULTI-SPECIES DISCOVERY
In realistic PAM deployments, both known and novel species
appear simultaneously. We evaluate joint classification
using the dual-threshold protocol with the validation-tuned
τknown = τ ∗

≈ 0.91 and τdiscovery = 0.8 · τ ∗.
Macro F1 rises monotonically with the number of refer-

ence clips, from 0.545 ± 0.072 at K=1 to 0.753 ± 0.066 at
K=5 and 0.791 ± 0.061 at K=10 (system metric with the
validation-tuned gate active). For a fair encoder-to-encoder
comparison we additionally report a threshold-free K -shot
N -waymacro-F1 (no gating), on which our embedding scores
0.844, on par with the frozen bioacoustic encoder AVES
(0.860, within episode-level variability) and above frozen
AST (0.804) and CLAP (0.773); AVES, however, cannot
recognize known species without fine-tuning (0.70 vs 0.92),
so the two approaches are complementary rather than
competing.

FIGURE 4. Open-set ROC under the unknown-split protocol, averaged
over ten validation/test partitions (AUROC = 0.912 ± 0.034). The marker
is the operating point at the validation-tuned threshold τ∗ ≈ 0.91; exact
TPR/FPR are in table 2. The leave-N-species-out AUROC is 0.891
(Sec. V-C).

Figure 6 reports per-species F1 across 500 episodes
for K ∈ {1, 5, 10}, and Table 5 the macro progression,
demonstrating effective generalization to unseen categories

FIGURE 5. Open-set AUROC under leave-N-species-out: the model is
re-trained from scratch on four different six-species holdout sets
(including the original), with 95% confidence intervals. Aggregate
0.891 ± 0.026.

FIGURE 6. Few-shot multi-species discovery: per-species F1 at
K ∈ {1, 5, 10} (mean over repeats) for the six holdout species. Macro F1
rises from 0.545 (K=1) to 0.753 (K=5) to 0.791 (K=10).

TABLE 5. Few-shot multi-species discovery: macro F1 across the six
holdout species (500 episodes, mean ± std over repeats), at increasing
numbers of reference clips K . Per-species F1 is shown in figure 6.

from very few references. The conservative thresholds result
in high precision at the cost of moderate recall, reflecting
an explicit design choice: in PAM applications, false
positives for rare or novel species carry higher ecological
cost than missed detections. This performance requires no
model retraining: novel species are integrated by computing
prototype embeddings from the support set.

E. COMPONENT ABLATION
We quantify the role of each component under a common
reduced-budget training harness (Table 6); absolute values
are therefore below the full-protocol results of Table 2
and the table should be read for relative comparison.
Progressive unfreezing of the backbone has the clearest
effect; the combined loss preserves prototype accuracy while
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TABLE 6. Component ablation under a common reduced-budget harness
(relative comparison; absolute values are below table 2).

TABLE 7. Model size and single-GPU inference cost.

increasing inter-class separation relative to ArcFace alone,
whereas triplet alone trades accuracy for separation. Balanced
and random class sampling perform comparably; we adopt
balanced (P-K) sampling because it guarantees positive
pairs per class for the triplet term—a training-stability
consideration rather than an accuracy gain.

F. COMPUTATIONAL COST
The model (the AST backbone plus a lightweight projection
head, 86.7M parameters, 347MB in fp32) runs inference
at 54.6 clips/s (18.3ms per clip) on a single GPU, well
within near-real-time monitoring requirements (Table 7).
The embedding-and-prototype design adds new species at
deployment time without retraining, at a storage cost of about
10MB per 10k reference clips.

VI. DISCUSSION
A. ADVANTAGES OF METRIC LEARNING FOR
MARINE BIOACOUSTICS
The metric learning framework offers several advantages
for passive acoustic monitoring (PAM). Unlike traditional
closed-set classifiers, this approach inherently enables open-
set recognition; by learning a discriminative embedding
space rather than a fixed mapping to class labels, the model
can identify out-of-distribution signals—such as unknown
species as points that lie at a significant distance from all
known clusters.

Moreover, the structured embedding space enables
few-shot inference without the need for model retraining.
Novel species can be integrated into the system by simply
providing a limited support set of reference embeddings,
allowing the architecture to adapt to new contexts in real-
time. This geometric formulation also provides a natural
handling of class imbalance, often an issue in bioacoustics
where rare species can be under-represented; by focusing
on relative distances rather than global class frequencies, the
model maintains high discriminative power even for sparsely
sampled categories.

TABLE 8. Holdout species confusion: nearest known prototype and
cosine similarity.

From a practical perspective, the resulting interpretable
embedding space - where Euclidean or cosine distances
directly correlate with similarity - may offer researchers
a useful tool for inspecting model decisions. For PAM
systems deployed in remote or non-stationary environments,
these features support extensibility to new species without
retraining.

B. COMPARISON WITH CLOSED-SET APPROACHES
The proposed metric embedding framework offers several
potential advantages over traditional closed-set architectures.
In standard cross-entropy-based models, the network learns
to partition the feature space into a fixed number of regions
corresponding to the training classes. While effective for
static datasets, this approach lacks the flexibility required for
dynamic marine environments.

Metric learning is well-suited when dealing with a
large number of species and limited samples per class.
By optimizing the angular margin between embeddings
(e.g., via Cosine Similarity), the model focuses on learning
the intrinsic acoustic ‘‘fingerprint’’ of a species rather than
simply finding a decision boundary. This can lead to feature
representations that transfer to species not seen during
training, as shown in our few-shot evaluation. In our tests, the
AST-based embedding demonstrated discriminative power in
few-shot scenarios, where traditional Softmax layers would
require an architectural change for the output layer and
extensive retraining to incorporate even a single new species.

Our approach, by contrast, naturally supports open-set
recognition: by measuring the distance to the nearest neigh-
bor in the embedding space, the system can flag vocalizations
that fall outside a predefined threshold as ‘‘unknown’’ or
‘‘potential new species.’’ This allows for a potentially scalable
deployment where new reference signatures can be added to
the gallery database without ever modifying the underlying
neural network weights.

A key advantage of the proposed framework lies in the
decoupling of the feature extractor (the AST backbone) from
the classification logic, which is managed through a Dynamic
Reference Database (also referred to as a gallery). Unlike
traditional closed-set classifiers our approach treats the neural
network as a universal acoustic encoder that maps sounds into
a structured vector space.

The user can update the model’s knowledge ‘‘on-the-fly’’
simply by adding a small set of validated recordings to
the Reference Database. The AST model automatically
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transforms these new samples into embeddings, which serve
as new anchors for the k-Nearest Neighbor (k-NN) search.

This means the monitoring system can be specialized
for a specific geographic region or task in seconds by
simply populating the database with local species of interest.
As demonstrated by our Few-Shot tests in Table 5, the
discriminative power of the embedding space is often robust
enough to allow for high-accuracy recognition even with
a minimal number of support samples. This significantly
reduces the need for large annotated datasets in new
deployment scenarios.

A small drawback is that metric learning introduces a
slightly more complex training pipeline and more epochs to
converge, and it requires careful triplet selection.

C. LIMITATIONS AND FUTURE WORK
Our closed-set accuracy does not exceed a softmax baseline,
and on pure few-shot transfer a frozen bioacoustic model
(AVES) is competitive; we do not regard these as weaknesses,
since the value of the system lies in delivering closed-set
recognition, open-set detection and few-shot discovery from
a single model under a leakage-free protocol—a combination
none of the baselines provides. The competitiveness of
AVES suggests that large-scale bioacoustic pre-training and
our task-specific supervision are complementary, motivating
future fine-tuning of such encoders with our objective.

Several further limitations should be acknowledged. First,
evaluation uses a single curated database; cross-dataset
experiments on continuous PAM streams would strengthen
generalization claims.

We note that several properties of our evaluation are
deliberate design choices rather than oversights. The
Watkins database is curated and relatively clean, the
audio is resampled to a common 16 kHz, and clips are
a fixed 10 s (160,000 samples); this controlled setting
isolates the question we set out to answer—whether
a single embedding can support closed-set, open-set
and few-shot recognition jointly—without confounding
it with the segmentation and denoising challenges of
raw field recordings. Establishing the behavior of the
method under these conditions is a prerequisite for, not a
substitute for, deployment on continuous streams, which
we treat as the next step rather than a limitation of the
present design.

We have not evaluated the framework on overlapping
vocalizations or high shipping-noise conditions typical of
continuous PAM deployments; under such conditions we
would expect degraded separation between query embed-
dings and prototypes, likely increasing the false-positive rate
of the open-set rejection step. Robustness to these field
conditions is a natural target for the detection-front-end
integration discussed above.

Second, the limited recording diversity per species
(2–7 sessions) constrains evaluation rigor. We adopted
clip-level splitting consistent with the literature, acknowledg-
ing possible weak temporal correlation. The open-set and

few-shot evaluations on held-out species are immune to this
concern.

Third, the AST backbone emphasizes the 50 Hz–8 kHz
range; mysticete calls below 100 Hz fall near the edge of this
range. Bioacoustic foundation models represent promising
backbone alternatives.

Fourth, the framework assumes pre-segmented vocaliza-
tions; integration with detection front-ends is needed for
end-to-end deployment.

We see a natural three-phase path to operational use.
Near term, the embedding can be coupled to an existing
detection front-end and run on continuous PAM streams,
turning the pre-segmented evaluation here into an end-to-end
pipeline; this is primarily an integration effort, since inference
already runs in near-real time on a single GPU (Table 7).
Medium term, the prototype store enables on-site enrollment
of new species and individuals from a few reference
clips, with active-learning selection driven by embedding
geometry to prioritize the most informative recordings
for annotation. Longer term, distilling or quantizing the
backbone for edge deployment on autonomous recorders
would bring the storage and compute footprint—currently
modest but GPU-oriented (Table 7)—within the budget of
battery-powered field hardware, and pairing the embedding
with generative augmentation could address the most data-
poor species. Domain adaptation to operational datasets and
bioacoustic-specific backbones cut across all three phases.

VII. CONCLUSION
This work introduced a metric embedding framework
for marine mammal acoustic classification, combining an
AudioSet-pretrained AST backbone with a 256-dimensional
projection head trained under ArcFace and online triplet loss.
The framework projects vocalizations into a hyperspherical
embedding space where cosine distance encodes acoustic
similarity.

l Evaluation on the Watkins database across 25 known
and 6 held-out species, averaged over three independent
runs, demonstrates: closed-set classification at 92.4 ± 0.5%
accuracy (0.926 macro F1, on par with a softmax baseline),
open-set detection at AUROC 0.891 (leave-N -species-out),
and few-shot discovery at macro F1 0.791 (K = 10)—all
from the same model without retraining. The embedding
geometry (separation ratio 5.83×) produces interpretable
similarity relationships aligned with acoustic and phyloge-
netic structure.

These results support metric embedding learning as a
promising paradigm for marine mammal acoustic monitor-
ing, with potential to accommodate the open-ended nature of
real-world PAM deployments.

By supporting rejection of unknown queries and few-shot
integration of novel species, the framework points toward
scalable, adaptive marine bioacoustic monitoring systems.
Reproducibility. All models were re-trained from scratch

with fixed seeds (42, 43, 44) under a single verified
configuration (angular margin 0.35, triplet weight 1.1,
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TABLE 9. Per-species closed-set performance (representative run, seed 42), ordered by test-set size n. CIs are 95% bootstrap intervals on F1.

batch size 16, learning rate 2×10−4, three warm-up epochs);
the released code, the hyperparameter table and the trained
checkpoints are mutually consistent. Because every reported
value is regenerated from this retraining and the corrected
validation-only threshold protocol, absolute numbers differ
slightly from the original submission while the conclusions
are unchanged.
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APPENDIX
PER-SPECIES CLOSED-SET RESULTS
Table 9 reports per-species precision, recall and F1 on the
test set for the representative run (seed 42, macro F1 0.930),
with 95% bootstrap confidence intervals on F1. Species are
ordered by the number of test clips n. Several species reach an
F1 of 1.000, but for thosewith few test clips (n < 8, lower part
of the table) the confidence intervals are wide and these point
estimates should be interpreted with caution; the three-seed
macro F1 reported in the main text (0.926 ± 0.005, Table 2)
is the more reliable aggregate. Note that when every test clip
of a species is classified correctly, the bootstrap resampling
distribution is concentrated at F1=1.0 and the interval
collapses to [1.00, 1.00] (e.g., Minke Whale and Southern

Right Whale, n=3); such degenerate intervals reflect the
absence of observed errors in a very small sample rather than
genuine certainty, and should be read together with n.
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