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Abstract—Human auditory perception is compositional in nature — we
identify auditory streams from auditory scenes with multiple sound events.
However, such auditory scenes are typically represented using clip-level
representations that do not disentangle the constituent sound sources. In
this work, we learn source-centric audio representations where each sound
source is represented using a distinct, disentangled source embedding in the
audio representation. We propose two novel approaches to learning source-
centric audio representations: a supervised model guided by classification
and an unsupervised model guided by feature reconstruction, both of which
outperform the baselines. We thoroughly evaluate the design choices of
both approaches using an audio classification task. We find that supervision
is beneficial to learn source-centric representations, and that reconstructing
audio features is more useful than reconstructing spectrograms to learn
unsupervised source-centric representations. Leveraging source-centric
models can help unlock the potential of greater interpretability and more
flexible decoding in machine listening.

Index Terms—source-centric learning, audio representation learning,
audio classification

I. INTRODUCTION

Human auditory perception is compositional in nature—we tend to
understand our environments by grouping and segregating auditory
‘streams’ from the available information in the scene [1]. While
auditory scenes often contain overlapping sound sources, audio
representation models typically encode the scene using a clip-level
representation that does not delineate between constituent sound
sources, making it challenging to do source-level inference. This
limits machine listening’s potential in applications such as individual
ID [2], sound localization, and tracking sound sources at different
levels of granularity towards a compositional representation of auditory
scenes, as is now commonplace in computer vision [3], [4].

The machine listening task of source separation aims to estimate
component sources from an audio mixture, typically by generating
source-specific masks on the input mixture audio in a shallow latent
space [5], [6] or the time-frequency domain [7]–[9]. However, source
separation models do not aim to learn semantic representations
for use in downstream audio understanding tasks such as audio
captioning, classification, or retrieval. Furthermore, solving universal
source separation is a challenging endeavor that may not be necessary
to advance machine listening toward compositional representations
for source inference. To develop models that better align with the
compositional nature of human perception, we propose to directly
learn compositional audio representations, where the model encodes
the semantic content of each sound source in the scene with a
corresponding source embedding, and each source embedding can be
flexibly decoded depending on the downstream task, e.g., tracking an
individual animal in a dense forest soundscape. Each source can be
seen as an auditory ‘object’ under this framework.

Object-centric learning (OCL) in computer vision, also known as
compositional scene representation learning, aims to decompose a
visual scene into independent representations of its composite visual
objects [10]. Visual OCL has been successfully applied to tasks
such as scene segmentation, object discovery, and object property
prediction [11]–[16]. In OCL, a slot attention module is typically

Fig. 1. Proposed compositional audio representation learning (CARL) model
consisting of a frozen audio encoder, slot transformer, reconstruction decoder,
and classifier. The modules in yellow are trained jointly using a combined
weighted loss function, including a reconstruction objective on the unsupervised
branch, and a permutation-invariant cross-entropy loss on the supervised branch.

used to transform an image-level representation to an object-centric
one where each object is encoded in a ‘slot’ [11]. In the unsupervised
setup, such representations were initially learned by reconstructing
the input image pixels [11], [12], [14]–[16] and more recently by
reconstructing semantic features [13], [17]. Seitzer et al. showed that
feature reconstruction may be more useful than image reconstruction
for object-centric models to generalize to real-world image datasets.

OCL has recently begun to gain interest in machine listening as well.
Reddy et al. [18] introduced a strongly supervised source separation
model that separately encodes each sound source in the auditory
scene, then decodes to source-level spectrograms. While this model
is evaluated on a two-speaker separation task, the representations are
not evaluated on downstream audio understanding tasks. Gha et al.
[19] use slot attention for musical note detection, where the goal is to
predict spectrograms of all the notes present in a musical chord. They
find their unsupervised model outperforms supervised classifiers and
autoencoder models that do not learn object-centric representations.
The model treats each note in a musical chord as an object and
is evaluated on a ‘note property prediction’ task on synthetic data
generated with virtual instruments. While promising, it is unclear if
their approach would generalize to real-world music or environmental
sound with more diverse time-frequency structure. Thus, object-centric
learning, or more aptly named source-centric representation learning,
remains an open challenge in machine listening.

In this work, we aim to advance the development of source-centric
representation learning. To do so, we:

1) Propose source-centric audio representation learning for envi-
ronmental sound—a novel task

2) Investigate the design space of these models in terms of choices
such as the reconstruction target.

3) Evaluate unsupervised and supervised source-centric audio
representations on multi-label audio classification.



II. COMPOSITIONAL AUDIO REPRESENTATION LEARNING

We provide an overview of the source-centric representation
learning, or compositional audio representation learning (CARL)
framework shown in Figure 1. Given an input audio spectrogram
x ∈ Rt×f , the audio encoder E generates audio features e =
E(x) ∈ Rn×dp , consisting of patch embeddings where n is the
number of spectro-temporal patches, and dp is the patch embedding
dimensionality. The slot transformer F , conditioned on a fixed 2-
D time-frequency sinusoidal positional encoding p and a learned
initial query q∗, transforms these features into slot embeddings
s = F (e|p,q∗) ∈ Rk×ds , where k is the number of slots and
ds is the slot embedding dimensionality. The decoder G reconstructs
the target from s, and the target can be set to either e or x. The
classifier C generates a multi-label prediction v̂ = C(s) ∈ R1×l,
where l is the vocabulary size, by aggregating k slot-level predictions.

A. Audio encoder

We use the AudioMAE audio encoder trained with self-supervision
that has been shown to perform well on a variety of downstream tasks
[20]. Moreover, AudioMAE features are patch embeddings that retain
time-frequency spatial information, although at a lower resolution than
typical spectrograms, which could be useful to delineate overlapping
sound events in the audio clip.

B. Slot transformer

The slot transformer module decomposes the audio features into
slot embeddings. In the OCL approach proposed by Locatello et al.
[11], a slot attention module is implemented using a GRU, where each
slot competes to represent objects in the input image, and the slot
embeddings are iteratively refined over multiple time steps. Recent
studies have used this slot attention module [11] on object discovery
[13] and musical note detection tasks [19]. Prior work also evaluated a
transformer-based attention module on object discovery [12] and audio
source separation [18] suggesting its usefulness for CARL. Wu et al.
[21] showed that a transformer with inverted attention is conceptually
similar to the original slot attention module, and achieves similar
object detection performance on various synthetic image datasets.
We opt for a slot transformer in this work due its greater modeling
capacity over a GRU with shared-weights layers in the original slot
attention module [11]. Specifically, we use an inverted-attention pre-
normalization transformer decoder with m + 2 = 6 slots, where
m = 4 is the maximum polyphony of the dataset. The additional
slots may be useful to encode noise and semantic information that
doesn’t belong to any of the desired sound event categories [19].

C. Reconstruction decoder

The reconstruction decoder reconstructs a target consisting of either
the input audio features e or input spectrogram x. We explore both
spatial broadcast and autoregressive decoders in this work.

The spatial broadcast decoder broadcasts the slot embeddings to the
target 2-D dimensions, e.g., for patch embeddings or a spectrogram.
It estimates either ẽi ∈ Rn×dp or x̃i ∈ Rt×f for slot i, and
a corresponding alpha mask αi ∈ Rn×1 or αi ∈ Rt×f , for
feature reconstruction and spectrogram reconstruction, respectively.
Alpha mask, originally proposed by Locatello et al. [11], is a
single channel mask used after softmax normalization as weights
to composite reconstructed slot-level features to clip-level features
ẽ =

∑k
i=1 ᾱi ⊙ ẽi, where k is the number of slots and ᾱi is the

alpha mask after softmax normalization across slots. For spectrogram
reconstruction, we use a CNN spatial broadcast decoder [11], [18],
similar to the one proposed by Gha et al. [19], and for AudioMAE

feature reconstruction, we use an MLP spatial broadcast decoder
based on the one used by Seitzer et al [13]. For spectrogram
reconstruction, we first convert the log-domain reconstructions to the
linear domain before summing, then convert back to compute the loss.
The autoregressive transformer decoder was originally explored for
image generation [17] and then used for object discovery by Seitzer
et al. [13]. The transformer decoder autoregressively reconstructs
features jointly across all slots, conditioned on the set of previously
generated audio features. For AudioMAE feature reconstruction, we
also evaluate a transformer decoder with four pre-normalization layers
and compare it to the MLP spatial broadcast decoder.

D. Classifier

For providing additional guidance for source-centric learning,
we use a linear shared-weights classifier with one head per slot
(see Figure 1) to generate slot-level predictions during training and
inference. Each slot embedding is independently transformed by its
corresponding classifier head to generate the slot prediction.

E. Loss terms

We use a weighted combined loss that includes a classifier loss,
decoder reconstruction loss, as well as two additional penalty terms.
The decoder is trained using a mean squared error reconstruction loss.
The classifier is trained using a permutation-invariant cross-entropy
loss, where the best match between the slot-level predictions and the
ground-truth labels is used to compute the clip-level loss. We introduce
a sparsity penalty, computing the mean L1 norm on k slot-level
classifier predictions ŷi as Ls = 1

k

∑k
i=1 ∥ŷi∥1 to encourage each slot

to encode a single source. We also introduce a disjointedness penalty,
to discourage multiple slots from encoding the same semantic content.
We compute similarity ϕi,j between all pairs of slot embeddings
(si, sj): ϕi,j = max(0,

si.sj
∥si∥∥sj∥

) and then compute the clip-level

sum: ϕ =
∑k−1

i=1

∑k
j=i+1 ϕi,j . When labels are available, we only

compute disjointedness for slots which are matched with a ground-
truth, so as not to penalize the similarity of two ‘inactive’ slots. We
compute disjointedness on a linear projection of slot embeddings.

III. EVALUATION

A. Data

We evaluate the models on OST1, a synthetic multi-label audio
classification dataset of 500k 1-second samples generated from FSD-
50k with Scaper [22], presented in previous work by the authors
[23]. We refer the reader to this work for further details. We also
introduce a smaller vocabulary version of OST with 10 classes, called
OST-Tiny, to investigate the effect of vocabulary size with a similar
data distribution. For compatibility with AudioMAE, we resample all
audio files to 16kHz and compute mel-spectrograms using 128 mel
bins, window size 25 ms, and hop size 10 ms.

We pick these datasets for two reasons: (1) They provide a controlled
setting to evaluate CARL. (2) The embeddings can be evaluated on
unseen classes, simulating a more realistic inference scenario.

B. Training

We tune hyperparameters using Optuna [24] and set the slot
dimension and projection dimension to 512 and 16 respectively, for
OST. We use slot dimension 128 for OST-Tiny, and did not find the
projection layer to be useful. For the supervised model, we set the
loss weights to 100 for disjointedness, 0.1 for reconstruction and
sparsity, and 1 for cross-entropy.
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The unsupervised models are trained using a two-stage approach.
First, we train the slot transformer and decoder using a weighted
combination of reconstruction and disjointedness losses. Then, we
discard the decoder and train a linear classifier on top of the frozen
slot embeddings using a cross-entropy loss. Since label supervision
is unavailable, we compute the cosine similarity between all pairs
of slot embeddings. After a separate round of hyperparameter tuning
on OST, we use a disjointedness weight of 0.01 and a reconstruction
weight of 1 for the unsupervised CARL models.

C. Evaluation metrics

We evaluate the source-centric representation capabilities of our
proposed models on a multi-label classification task. We employ a
‘max-per-slot then aggregate’ strategy to compute the clip-level multi-
label prediction, to better capture contributions from each slot. The
maximum softmax normalized prediction is computed for each slot,
and the remaining class predictions are set to zero. A max operator
is then used to aggregate class-level predictions across k slots to
form a multi-label clip-level prediction. We evaluate classification
performance with mAP.

As a secondary metric, we compute the supervised silhouette score
[25] on the slot embeddings to estimate semantic cluster quality. Since
slot embeddings are unordered, we compute the best match between
slot-level classifier predictions and the ground truth, and permute the
slot embeddings to reflect that ordering. Each slot embedding is then
independently evaluated against its best-matched ground truth.

D. Baselines

We compare against a model that uses universal source separation
(USS) to validate the effectiveness of CARL. We train a MixIT
TDCN++ model [26] without labels on OST. We then encode the
source estimates with AudioMAE and use them to train a shared-
weights linear classifier with one head per source estimate on OST
using permutation-invariant cross-entropy loss.

We also evaluate a mixture (i.e., unseparated) AudioMAE baseline
to simulate an ineffective slot transformer. AudioMAE embeddings
are copied to each slot and input to a shared-weights linear classifier
with one head per slot, trained on OST. Both baselines use the same
training hyperparameters as the unsupervised CARL classifier.

E. Experiments

We run a series of experiments to evaluate supervised and
unsupervised CARL and to investigate the design space of these
models. Unless mentioned otherwise, we evaluate models only on
seen classes from the evaluation set of OST and OST-Tiny.

Exp 1: Supervised CARL design choices. We evaluate the full
supervised CARL model seen in Figure 1 on OST and OST-Tiny and
compare three reconstruction decoder types: a transformer feature
decoder and an MLP feature decoder with and without alpha masks.
We first train these models with the combined loss function described
in Section III-B and evaluate them using mAP and silhouette score.

We subsequently run loss ablations for supervised CARL, evaluating
the relative importance of reconstruction, disjointedness and sparsity
losses through removal. We train the models on OST and evaluate
performance using mAP and silhouette score.

Exp 2: Unsupervised CARL design choices. We investigate the effect
of target type and decoder type on unsupervised CARL. We compare
feature reconstruction and spectrogram reconstruction as target types,
as well as an autoregressive transformer against a spatial broadcast
decoder as decoder types. Specifically, we evaluate five decoders
and two target types: a transformer feature decoder, an MLP feature

TABLE I
Results on supervised CARL with the combined loss including reconstruction,

disjointedness and sparsity. Silhouette score (ss) is computed on the slot
embeddings using the best match between the predictions and ground truth.

Supervised Decoder Target Alpha OST OST-Tiny
mAP ss mAP ss

Y MLP Features Y 0.677 0.227 0.814 0.393
Y MLP Features N 0.685 0.256 0.797 0.392
Y Transformer Features – 0.698 0.282 0.849 0.476

TABLE II
Loss ablations on the supervised transformer feature decoder model trained
with label supervision, evaluated on OST. ss refers to the silhouette score.

Supervised Decoder Target Ablation mAP ss
Y Transformer Features — 0.698 0.282
Y Transformer Features Reconstruction 0.684 0.279
Y Transformer Features Disjointedness 0.662 0.280
Y Transformer Features Sparsity 0.629 0.247

decoder with and without alpha, and a CNN spectrogram decoder
with and without alpha. All models are trained on OST using the
protocol described in Section III-B, and evaluated using mAP.

We further explore the design space for unsupervised CARL by
running ablations on 1) inverted attention by comparing to a standard
transformer, 2) the disjointedness loss term by removal, and 3) slot
embedding dimensionality by varying the size. We train the models
on OST and evaluate performance using mAP.

Exp 3: Comparison to baselines. To validate the effectiveness of the
proposed models, we compare CARL against the USS and AudioMAE
baselines. Baselines are trained on OST and evaluated using mAP.

Exp 4: Generalization. Lastly, we evaluate the generalization of
supervised CARL models to unseen classes to simulate inference in
more realistic open-set machine listening scenarios. First we train
the models on OST training data as described in Section III-B. Then
we discard the classifier, freeze the embeddings, and train a new
shared-weights linear classifier on the evaluation set of OST, which
contains the 53 seen classes from the training set as well as 34 unseen
classes. We then evaluate model performance using mAP on a held
out portion of the evaluation set.

IV. RESULTS

A. Design choices for supervised CARL

As seen in Table I, we find that the supervised CARL model with a
transformer decoder performs best on both OST and OST-Tiny, both
in terms of classification performance and clustering quality. We also
find that the MLP decoder without alpha mask performs better than
the model with the alpha mask.

We investigate the usefulness of the loss terms for supervised
CARL in Table II. We find that sparsity is particularly useful, both
to classification performance and clustering quality. Reconstruction
is the least useful, which indicates that label supervision may be
the dominant learning signal. Although disjointedness is useful
to classification performance, it doesn’t affect clustering quality
significantly. During initial experiments on OST-Tiny, we found
disjointedness to be useful for clustering quality too, suggesting that
the vocabulary size may be a factor.

B. Design choices for unsupervised CARL

We present the results in Table III broken down by polyphony. We
find that feature reconstruction is significantly more effective than



TABLE III
Effect of target and decoder for unsupervised CARL evaluated on OST,

broken down by polyphony, i.e. the number of tags. ’all’ refers to the full
evaluation set, while ’p1’, ’p2’, and ’p3’ refer to the examples with one, two,

and three tags. USS refers to a universal source separator.

Sup. Decoder/Model Target Alpha mAP by polyphony
all p1 p2 p3

N MLP Features Y 0.530 0.580 0.409 0.330
N MLP Features N 0.578 0.629 0.454 0.371
N Transformer Features – 0.516 0.569 0.391 0.324
N CNN Spectrogram Y 0.428 0.486 0.292 0.261
N CNN Spectrogram N 0.453 0.512 0.307 0.261
N USS – – 0.370 0.394 0.316 0.323
N AudioMAE – – 0.476 0.554 0.262 0.182

TABLE IV
Varying the slot embedding dimensionality for the best performing

unsupervised model, MLP feature decoder without alpha, evaluated on OST.

Supervised Decoder Target Alpha ds mAP
N MLP Features N 512 0.578
N MLP Features N 256 0.523
N MLP Features N 64 0.424

spectrogram reconstruction for learning unsupervised source-centric
representations. Moreover, the MLP feature decoder outperforms the
transformer-based feature decoder. This is in line with prior results on
unsupervised visual object discovery [13]. Similar to the supervised
model results in Table I, models without an alpha mask perform better
than those using a softmax normalized alpha mask. This validates a
similar finding by Gha et al. [19] — they speculate that a spectrogram
decoder without an alpha mask may perform better on examples
with overlapping sources due to the fact that auditory objects overlap
in time and frequency and may require multiple active slots per
time-frequency region. However, when we break down our results by
polyphony, we find that a spectrogram decoder without an alpha mask
doesn’t outperform one with an alpha mask on higher polyphony
examples (see column p3 in Table III) but does so on monophonic
examples. Thus, further analysis is needed to understand why this
may be the case.

We evaluate the best unsupervised CARL model from prior
experiments, MLP feature decoder without alpha, in Table IV. We
find a monotonic decrease in classification performance as the
slot embedding dimensionality ds decreases, suggesting that higher
dimensional slots may be useful to learn source-specific embeddings.

We also investigate the choice of inverted attention in the slot
transformer and the disjointedness penalty in Table V. We see that
inverted attention is useful, while disjointedness is not. This may be
because disjointedness in the unsupervised model may inadvertently
penalize inactive slots being similar to each other, unlike the supervised
case in Table II where best-matching is used to ignore inactive slots.

TABLE V
Ablations on an unsupervised MLP feature decoder, evaluated on OST. Slot
transformer and decoder are trained using a reconstruction objective, then a

classifier is trained on top of frozen embeddings using label supervision.

Supervised Decoder Target Alpha Ablation mAP
N MLP Features N — 0.578
N MLP Features N Inv. Attention 0.562
N MLP Features N Disjointedness 0.589

TABLE VI
Generalization to unseen classes of the supervised CARL models. All models

are trained on OST (see Section IV-D for more details) using a combined
loss except for the models with ablations.

Supervised Decoder Target Alpha Ablation mAP
Y Transformer Features – – 0.571
Y Transformer Features – Reconstruction 0.571
Y Transformer Features – Disjointedness 0.697
Y Transformer Features – Sparsity 0.630
Y MLP Features Y – 0.635
Y MLP Features N – 0.644

C. Comparing performance against baselines

Unsupervised CARL also yields better results compared to a USS
baseline (see Table III), suggesting its utility over a USS-based
approach for tasks like classification. Also, the proposed feature
reconstruction models perform better than an AudioMAE baseline,
indicating that the slot transformer learns useful transformations on
clip-level features.

We note that although the AudioMAE baseline has an overall
performance comparable to the feature reconstruction models, this is
mainly limited to polyphony 1 examples, and it has a sharp drop-off
for higher polyphony examples. On the other hand, source-centric
representations do much better at higher polyphony, highlighting their
utility over clip-level representations. We also note that the AudioMAE
baseline outperforms the spectrogram decoder on polyphony 1,
indicating that spectrogram reconstruction may not be a strong enough
signal to learn source-centric representations.

D. Generalization to unseen classes

We present evaluation results on seen and unseen classes in
Table VI, which indicate that supervised CARL embeddings can
generalize to unseen classes. Overall, we note similar trends as seen
in Section IV-B—MLP without alpha performs better than with alpha,
both of which outperform the transformer decoder with the combined
loss. Surprisingly however, models without disjointedness and sparsity
significantly outperform the model with the combined loss. This
suggests that the loss function for supervised CARL should be selected
based on need to generalize to unseen classes.

V. DISCUSSION AND CONCLUSION

The results of our experiments demonstrate the utility of composi-
tional audio representation learning and source-centric embeddings for
environmental sound, and they provide guidance on the design choices
of these novel models. However, there is a notable gap between the
performance of the supervised and unsupervised models. This gap
indicates the need for additional signal to guide the model’s notion of
a source and regularize the semantic source-centric embedding space.
In future work, we will explore different forms of supervision to better
guide CARL, e.g., source counts, partial labels, natural language, and
self-supervision, and evaluate on real-world data.

In conclusion, we evaluated supervised and unsupervised CARL
models and found that they learn useful source-centric representations
on synthetic data, outperforming the baselines by a significant margin.
We investigated the design space of these models, finding that the
reconstruction decoder target is a critical choice for unsupervised
CARL, with feature reconstruction significantly outperforming spec-
trogram reconstruction. This work provides a solid foundation for
future work in source-centric learning which we hope will enable new
classes of machine listening tasks focusing on source-level inference
and unlock new applications of machine listening.
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