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ABSTRACT

This report presents our pipeline for Task 1 of DCASE 2026, the
first edition of the Heterogeneous Audio Classification challenge
based on the Broad Sound Taxonomy. Our approach exploits the
complementarity of acoustic and textual information to perform au-
dio classification using sound recordings, user-provided tags and
textual descriptions. To improve the quality of the textual modality,
we propose a pre-processing pipeline that excludes non-informative
content from tags and descriptions prior to encoding. The proposed
architecture comprises three branches that independently encode
audio, tags, and descriptions, whose representations are fused into a
shared embedding space. To exploit the hierarchical organization of
the Broad Sound Taxonomy, the model performs classification us-
ing embeddings in the hyperbolic space. Experimental results show
that our strategy surpasses the official baseline, demonstrating the
potential of our text processing pipeline and of our multimodal ap-
proach for audio classification.

Index Terms— Heterogeneous Audio Classification, DCASE,
multi-modal

1. INTRODUCTION

Driven by deep learning architectures [1} 2] and the proliferation
of large-scale audio datasets [3} 4} 5], environmental sound classi-
fication has advanced rapidly in recent years. Yet, most established
benchmarks still rely on idealized conditions, assuming homoge-
neous data distributions and well-curated, flat annotations. To ad-
dress this gap, DCASE 2026 Task 1: Heterogeneous Audio Classifi-
cation [6] introduces a new benchmark built upon the Broad Sound
Taxonomy (BST), marking the first edition of this task. BST defines
a hierarchical label space composed of five top-level categories and
twenty-three second-level categories, enabling evaluation at multi-
ple semantic resolutions [7]. The challenge is supported by two
complementary Freesound-derived datasets: a curated subset with
higher annotation reliability [8] and a larger crowd-sourced collec-
tion [9] reflecting realistic noise, ambiguity, and labeling inconsis-
tencies. Importantly, the official evaluation metric explicitly ac-
counts for the taxonomy structure, penalizing hierarchical misclas-
sifications more strongly than flat label errors, thereby encouraging
methods that model both coarse and fine-grained semantics.

A characteristic of this task is the availability of textual meta-
data associated with audio recordings, including user-created tags

*Equal contribution.

and descriptions. While containing at times irrelevant information,
such metadata provides semantic context that complements purely
acoustic representations. This setting naturally motivates multi-
modal approaches that jointly leverage audio signals and textual
information, particularly when combined with mechanisms for han-
dling label noise and semantic ambiguity.

In this technical report, we present ACACIA (Audio
Classification using Attention-Based Cleaned MultImodAl Embed-
dings), a multimodal framework designed to exploit both acous-
tic and textual modalities while explicitly modelling the hierarchi-
cal structure of the dataset. A preprocessing stage is first applied
to textual descriptions and tags to reduce noise and remove non-
informative content before encoding. The proposed system then
processes text-audio data through dedicated encoders for audio,
cleaned tags, and cleaned textual descriptions, followed by fusion
into a shared representation space, whose embeddings are mapped
into hyperbolic space prior to classification. Generally, hyperbolic
neural networks have led to performance improvements in various
tasks using, or implying, hierarchical settings due to their capac-
ity to faithfully represent hierarchical relationships in data [[10]] [11]
[12]], hence being a good fit for this task.

Apart from ACACIA, this report summarizes and analyses
the alternative approaches explored during the development phase
of the challenge, including additional features and a Mixture-of-
Experts (MoE) scheme. Experimental comparisons highlight the
relative strengths and limitations of these approaches under the
heterogeneous and hierarchy-aware evaluation setting defined by
the task. Overall, our findings indicate that carefully integrating
cleaned textual metadata with acoustic representations yields con-
sistent gains over audio-only baselines.

The rest of the manuscript is organised as follows: our method-
ology, including metadata preprocessing, the ACACIA architecture
and other approaches, is presented in Section 2] results are shown
and briefly discussed in Section [3]and Section 4] concludes the re-
port.

2. METHOD

In this section, we describe the proposed ACACIA framework for
heterogeneous audio classification, as well as a set of exploratory
approaches investigated during the development of the system for
DCASE 2026 Task 1.

We first introduce ACACIA (see Section[2.3)), the main submit-
ted system, which follows a multimodal architecture that combines
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Figure 1: Overview of the proposed ACACIA architecture. The model consists of three parallel branches encoding audio, tags, and textual
descriptions. The audio signal is processed using CLAP embeddings followed by a self-attention module, while tags are encoded using
BERT [14] and descriptions using a sequence transformer; both textual branches are further refined through cross-attention layers. The
resulting embeddings are concatenated and passed through fully connected layers to produce hierarchical predictions at both the top-level and

second-level of the Broad Sound Taxonomy.

audio, user-provided tags, and textual descriptions through dedi-
cated encoding branches.

In addition to the main approach, we also present several alter-
native configurations explored during the challenge period in Sub-
section [2:4), including variations in text encoding strategies, and
fusion mechanisms. These exploratory models provide additional
insights into the design choices that are most effective for heteroge-
neous and weakly structured audio metadata.

2.1. Dataset

For our experimental evaluation, we utilized the BSD10k-v1.2
dataset [13|[T6]]. We deliberately discarded the larger BSD35k-CS
dataset [17], as our preliminary tests showed no significant improve-
ment in model performance; furthermore, the ground-truth annota-
tions of BSD35k-CS have not been officially verified, raising con-
cerns about label noise. In addition to the standard cross-validation
protocol implemented in the baseline code with 5 folds, we intro-
duced a rigorous, user-aware train/val/test partition. By explicitly
structuring the splits based on user identity, we prevented any user
overlap across the partitions. This validation scheme ensures a more
realistic and robust evaluation, closely mimicking actual deploy-
ment scenarios where the system must generalize to entirely unseen
users. For clarity in the subsequent discussion and results, we here-
after refer to the 5-fold cross-validation scheme as the Baseline par-
tition, and the proposed user-aware split as the Uploader partition.

2.2. Preprocessing Step

The provided metadata contains tags and descriptions that contain
irrelevant information (e.g. Digital Audio Workstation in tags, so-
cial media links in descriptions). We thus create a second version
of the metadata by excluding tags not in the Open English Word-
Net [18] list of words, and by substituting descriptions with less ver-

bose LLM-rewritten versions that exclude information not directly
related to sounds in the clip. We use the publicly available Meta
LLaMA 3.2-3B-Instruct with few-shot prompting for what concerns
the descriptions. We note that the process may exclude relevant
tags and produce partially hallucinated descriptions; nonetheless,
we train all the presented systems with the processed metadata.

2.3. ACACIA

We design a multimodal architecture to classify the provided clips
using both sonic and textual information, with audio, tags and de-
scriptions as inputs. The model consists of three encoder/attention
paths, one per input, whose outputs are concatenated and fed to a
Multilayer Perceptron (MLP). An overview of the system is vis-
ible in Fig m The encoders are input-specific: raw audio is re-
sampled and encoded using CLAPEI [13], each tag is encoded with
BER’Iﬁ and the mean of the embeddings is used for classifica-
tion, descriptions are encoded with MPNe(’| [19]]. The encoded au-
dio and text embeddings have dimension 512 and 768, respectively.
The attention stage consists in a self-attention layer for audio, and
cross-attention between audio and text embeddings for the tags and
description paths; post-attention embeddings, each having dimen-
sion 512, are concatenated and given as input to the MLP. Prior to
classification, the embeddings are mapped to hyperbolic space, us-
ing the Lorentz model. A Lorentz Multinomial Logistic Regression
layer is used to perform the final classification on the finer class
level of the taxonomy.

1Using the 630k-audioset-fusion-best.pt checkpoint from LAION-AI

2Using the google-bert/bert-base-uncased pretrained weights

3From the sentence-transformers package https: //huggingface.
co/sentence-transformers/all-mpnet-base-v2
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Submission #  Splits

Model Mode

Hier. Accuracy Hier. F1

- Baseline Baseline Audio 77.36% + 0.71% 76.11% + 0.45%
- Baseline Baseline Multimodal 79.71% + 0.82% 78.76% + 0.79%
1 Baseline  ACACIA  Multimodal 84.09% +1.01 % 83.52% +1.13 %
2 Uploader ~ACACIA  Multimodal 80.25% 79.76%

3 Baseline EBC Multimodal 80.85% £ 0.82%  79.67% + 1.00%
- Uploader EBC Multimodal 80.68% 78.57%

- Baseline H-MoE Multimodal 83.5240.32% 79.584+0.47%
4 Uploader ~ H-MoE Multimodal 81.69% 73.10%

Table 1: Performance comparison on BSD10k between audio-only and multimodal baseline configurations. Results are reported as mean +

standard deviation.

2.4. Other approaches

Apart from the aforementioned architecture, we experimented with
two other solutions using, respectively, additional features and a
Hierarchical Mixture-of-Experts approach.

2.4.1. Enhanced Base Classifier

The idea behind the Enhanced Base Classifier (EBC) is to inform
the model with additional text information that is derived from psy-
choacoustic features of the audio clips. We extract multiple features
commonly used for audio- and speech classification, encompassing
duration, loudness, loudness range, spectral contrast, spectral band-
width, spectral centroid, onset strength variance, spectral roll-off,
zero crossing rate, root mean square energy, harmonic- and per-
cussive ratio]’| Missing values are replaced by averaging over the
respective feature column in the dataset.

The feature values are then mapped to pre-defined textual cate-
gories according to feature-related threshold, and subsequently used
as inputs to a Sentence-BERT [21]] modeﬂ Relying on the pre-
implemented attention fusion mechanism of the Baseline Classi-
fier, we fuse the additional Sentence-BERT text embeddings with
CLAPE] [13] audio embeddings. In parallel, we merge separate
text embeddings for tags and description as described in Section
[23] with the baseline attention fusion mechanism. In a second step,
we fuse the resulting audio and text embeddings with the same pre-
implemented method.

2.4.2. Hierarchical Mixture of Experts

Hierarchical Mixture of Experts is an approach that solves the prob-
lem of hierarchical learning through separate network classifiers for
each top category of the dataset. It is made up of a router network,
which is trained only to distinguish the category a sample belongs
to, and a series of experts, each trained only on the classes within the
corresponding category. The network receives as input the CLAP
[13] embeddings obtained from audio, tags, and descriptions pre-
processed as specified in Section[2.2]

The three separate features obtained from audio, tags, and de-
scriptions are then fused through feature-wise multimodal atten-

4Where possible, features are extracted using the librosa package:
https://librosa.org/doc/0.11.0/index.html, Note that
most of the features are represented as mean values.

5From the sentence-transformers package
//huggingface.co/sentence-transformers/
distiluse-base-multilingual-cased

®Using the 630k-audioset-fusion-best.pt checkpoint from LAION-AI

https:

tion, which calculates the importance of each feature, and then goes
through GLU feed-forward blocks [22], projections in GLU feed-
forward blocks [23]], and ReZero [24] inspired residual scaling. At
this point, they are fed to the router network: a deep gated residual
feature processing network, which will calculate the correspond-
ing expert (category) to use for the current sample through a linear
classifier. Each expert is composed of residual GLU Blocks and a
classifier head to predict the class for the current sample.

Additionally, this approach uses a teacher-enforced hierarchi-
cal training procedure, where the correct expert for the current sam-
ple is enforced during training, regardless of the prediction of the
router; this ensures each expert has seen only samples belonging to
its category.

The loss of the whole architecture is calculated by combining
the loss of the router and the loss of the expert, and the final accu-
racy is obtained based on the accuracy of the router and the accuracy
of the expert. In particular, a sample is considered correctly classi-
fied only if both the prediction of the router and the prediction of the
expert are correct. During the evaluation phase, the performance
score” is calculated by multiplying the “performance score” of the
expert by the performance score” of the router.

3. RESULTS

We present the results of all the mentioned approaches in Table [I]
specifying whether they are based on the Baseline or the Uploader
dataset splits.

In general, all approaches trained on the Baseline split outper-
formed the baseline in terms of hierarchical accuracy and hierarchi-
cal Fl-score. The ACACIA architecture obtained the overall best
Hierarchical F1 score, showing the effectiveness both of our meta-
data preprocessing pipeline and the attention-based encoders, and
outperformed the baseline performance on the Baseline splits also
when trained and tested on the Uploader splits, highlighting a good
capacity for generalization on unseen data.

Results achieved on the Uploader splits are lower than those of
the same models trained on the Baseline splits but provide a better
estimate of how the models would perform on truly unseen data.
This confirms our initial hypothesis that shared uploaders bias the
results.

While not included, we mention that multimodal inputs proved
to be essential for achieving better performance, with all models
showing significantly degraded performance when trained and eval-
uated solely with audio; this is expected due to the complementary
information provided by sound recordings, tags and descriptions.


https://librosa.org/doc/0.11.0/index.html
https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased
https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased
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4. CONCLUSION

This report outlined our three presented approaches for the DCASE
2026 Task 1. The triad shares a metadata pre-processing pipeline
designed to discard irrelevant information from tags and descrip-
tions prior to embedding extraction, but each solution differs archi-
tecturally. We show that our approaches surpass the baseline per-
formance.
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