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ABSTRACT

This technical report describes the system submitted by Chongqing
University of Posts and Telecommunications – Audio Lab (CQUPT-
AUL) for DCASE 2026 Task 1: Heterogeneous Audio Classifi-
cation. The proposed system, termed HAF-CLAP, is built upon
LAION-CLAP and exploits both acoustic information and textual
metadata under the Broad Sound Taxonomy (BST). To adapt pre-
trained audio-language representations to the target classification
task, HAF-CLAP uses a hierarchical-aware multimodal classifica-
tion framework with audio-text fusion. Several training and infer-
ence strategies are further applied to improve robustness and pre-
diction stability. The final submission combines multiple comple-
mentary HAF-CLAP models. Experimental results on our internal
validation split show that the submitted system achieves competitive
performance under the hierarchical evaluation metric.

Index Terms— Heterogeneous audio classification, Broad
Sound Taxonomy, HAF-CLAP, CLAP, multimodal learning

1. INTRODUCTION

Pretrained audio-language models provide a strong starting point
for heterogeneous audio understanding, but their original con-
trastive objectives are not directly optimized for fixed-taxonomy su-
pervised classification. In this submission, we develop HAF-CLAP,
a Hierarchical Attention-Fusion CLAP system that uses LAION-
CLAP as a multimodal backbone and adapts its audio and text rep-
resentations to the BST classification task. The system is designed
to bridge the gap between generic audio-text representation learn-
ing and hierarchy-aware classification under the DCASE 2026 Task
1 setting [1, 2].

DCASE 2026 Task 1 focuses on heterogeneous audio classifi-
cation. The goal is to classify Freesound audio clips into second-
level sound categories, where the Broad Sound Taxonomy (BST)
consists of five top-level categories and twenty-three second-level
categories. Compared with conventional acoustic scene classifica-
tion tasks, this task covers a broader range of sound content, in-
cluding musical sounds, instrument samples, speech-related sounds,
sound effects, and soundscapes. The audio clips vary significantly
in duration, recording conditions, and acoustic content, making ro-
bust representation learning important for this task. Another im-
portant characteristic of this task is the hierarchical structure of the
labels. The official evaluation considers the relationship between
predicted and ground-truth categories in the taxonomy. Therefore,

errors across different top-level categories are more severe than er-
rors within the same top-level category. In addition, the develop-
ment data includes both a curated subset and a larger noisy crowd-
sourced subset, and provides textual metadata such as titles, tags,
and descriptions. These properties naturally encourage the use of
multimodal information and hierarchy-aware modeling strategies.

Based on these observations, we build HAF-CLAP upon
LAION-CLAP, which provides pretrained audio and text encoders
learned from large-scale audio-language data [1]. Instead of treat-
ing CLAP embeddings as final classification outputs, we use them
as multimodal feature representations and learn an additional classi-
fication module for the twenty-three BST second-level classes. The
proposed framework combines acoustic and textual information and
introduces hierarchy-aware feature modeling to better adapt the pre-
trained representations to the challenge task.

To further improve classification accuracy and prediction stabil-
ity, we apply several training and inference strategies during system
development. These strategies include hierarchy-aware supervision,
feature-level regularization, robust model averaging, and the com-
bination of complementary model variants. The final submitted sys-
tem is obtained by averaging the prediction probabilities from mul-
tiple HAF-CLAP models. This design aims to improve robustness
on heterogeneous and noisy audio data while keeping the system
description concise.

2. DATASET AND TASK SETUP

DCASE 2026 Task 1 is based on BST, a two-level taxonomy for
heterogeneous sound classification. The task provides two official
development datasets derived from Freesound: BSD10k-v1.2 and
BSD35k-CS. BSD10k-v1.2 is a curated subset with manually re-
fined annotations, containing approximately 11,000 single-channel
audio clips and about 35 hours of audio. BSD35k-CS is a larger
crowd-sourced subset, containing approximately 35,000 audio clips
and about 150 hours of audio. Compared with BSD10k-v1.2,
BSD35k-CS provides more training data but also contains noisier
user-provided labels.

Each audio clip is associated with a second-level BST la-
bel. The taxonomy contains five top-level categories and twenty-
three second-level categories, covering music, instrument samples,
speech, sound effects, and soundscapes. The official prediction tar-
get is the second-level category, while the corresponding top-level
category is derived from the BST hierarchy and used by the hierar-
chical evaluation metric.
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In addition to audio signals, the development datasets provide
metadata fields such as Freesound sound ID, uploader information,
license, title, tags, and description. These metadata fields provide
useful semantic information for heterogeneous audio classification,
especially for categories that are acoustically ambiguous. There-
fore, this task naturally supports audio-based, metadata-based, and
multimodal classification systems.

The official ranking metric is the macro-averaged hierarchical
F-score(hF). In addition to the original hierarchical Precision, Re-
call, and F-score metrics (hP, hR, and hF) [3], the task uses a mod-
ified scoring rule with a parameter λ = 0.75. When the predicted
second-level category is incorrect but its top-level parent matches
the ground-truth top-level category, the prediction receives partial
credit controlled by λ. Therefore, this metric encourages systems
to perform both coarse-level recognition and fine-grained second-
level discrimination.

For internal model selection, we use a fixed validation split
throughout all experiments. All validation results reported in this
report are computed on this split using the official-style hierarchical
metrics. The same split is used for comparing model variants and
selecting the final submitted systems.

3. SYSTEM DESCRIPTION

3.1. Overview

The overall framework of the proposed HAF-CLAP system is
shown in Fig. 1. HAF-CLAP, short for Hierarchical Attention-
Fusion CLAP, is a multimodal classification system built upon
LAION-CLAP for heterogeneous audio classification. Different
from the original CLAP formulation, which mainly learns a con-
trastive audio-text embedding space, our system uses CLAP as a
pretrained feature extractor and learns a task-specific classification
framework for the 23 second-level BST categories [1, 2].

As illustrated in Fig. 1, the system consists of three main stages:
feature extraction, feature processing, and classification. The audio
and text branches first extract high-level representations from the
input audio and textual information. These representations are then
transformed and refined by a task-specific feature processing mod-
ule. Finally, the processed multimodal representation is used for
second-level BST classification. During inference, prediction aver-
aging is further applied to improve the stability of the final output.

3.2. Feature Extraction

LAION-CLAP provides pretrained audio and text encoders learned
from large-scale audio-language data [1]. In HAF-CLAP, the au-
dio encoder extracts acoustic representations from input waveforms,
while the text encoder extracts semantic representations from tex-
tual inputs. During training, the text branch is constructed from the
available metadata. During inference, the same multimodal pipeline
is retained to keep the system consistent between training and eval-
uation.

The audio representation captures sound characteristics such
as timbre, temporal patterns, and background acoustic informa-
tion. The text representation provides complementary semantic
cues from the available textual information. This multimodal setup
is useful for heterogeneous audio classification, since some BST
categories may have overlapping acoustic patterns while still being
semantically different. At the same time, textual information may
be incomplete or noisy, so the audio branch remains essential for
robust prediction.

Instead of directly using CLAP similarity scores for zero-shot
classification, we use the extracted CLAP embeddings as input fea-
tures for supervised learning. This allows the system to retain the
generalization ability of CLAP while adapting the representation to
the fixed BST label space.

3.3. Feature Processing

The feature processing module is the main task-specific component
of HAF-CLAP. Since the original CLAP embedding space is op-
timized for audio-text contrastive learning rather than supervised
BST classification, the extracted audio and text embeddings are first
mapped into a task-oriented latent space by modality-specific pro-
jection layers.

After projection, gated residual refinement is applied to both
modalities. The residual connection helps preserve the semantic
information inherited from CLAP, while the nonlinear transforma-
tion improves the discriminative ability of the features. The gating
mechanism further allows the model to emphasize useful feature di-
mensions and suppress less relevant information for the target tax-
onomy.

The refined audio and text features are then combined by an
attention-based fusion module. Instead of using a fixed concatena-
tion or average of the two modalities, the fusion module adaptively
balances the contribution of audio and text information for each
sample. This design is useful because the reliability of acoustic
and textual cues may vary across different audio clips. The output
of this module is a fused multimodal representation for downstream
classification.

During training, we also apply feature-level regularization in
the CLAP embedding space. Inspired by mixup [4], the model is
trained with interpolated feature representations and soft targets.
This strategy regularizes the classification neck and smooths the
decision boundary without changing the original CLAP pretraining
objective.

3.4. Classification

The fused multimodal representation is fed into the final classifier
to predict the 23 second-level BST categories. Since the BST la-
bels have a two-level hierarchy, the top-level category is also con-
sidered during training. Inspired by label smoothing [5], we use a
hierarchy-aware target distribution rather than ordinary one-hot la-
bels. The smoothing is constrained within the same top-level group,
which encourages the model to reduce severe cross-parent errors
while still learning fine-grained second-level discrimination.

The model is optimized with the classification loss computed
from the hierarchy-aware target distribution. During training, ex-
ponential moving average weights are maintained and used for in-
ference to reduce checkpoint-level fluctuations. For single-model
inference, test-time augmentation is applied to obtain multiple pre-
diction views for each audio clip, and their posterior probabilities
are averaged to produce a more stable prediction.

The final submitted system further combines several comple-
mentary HAF-CLAP variants. All variants follow the same general
framework but differ in training configuration or initialization. The
final prediction is obtained by averaging the posterior probability
vectors from different models. We use probability-level averaging
rather than validation-optimized ensemble weights, which keeps the
inference procedure simple and reduces the risk of overfitting the
ensemble coefficients to the internal validation split.
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Figure 1: Overall framework of the proposed HAF-CLAP system. The upper part shows the training flow, where audio and textual information
are encoded by CLAP and processed by the task-specific feature processing module. The lower part shows the inference flow, where EMA
weights, test-time augmentation, and probability averaging are used to obtain stable predictions.

4. TRAINING AND RESULTS

All systems are trained on the official BSD10k-v1.2 and BSD35k-
CS development sets. We use the LAION-CLAP checkpoint
pretrained on LAION-Audio-630K as the main initialization [1].
The audio encoder is HTSAT-tiny [6] and the text encoder is
RoBERTa [7]. For each audio clip, the waveform and metadata-
derived text are encoded by CLAP, and the resulting audio and text
embeddings are fed into the proposed attention-fusion classifier.

During fine-tuning, the CLAP backbone and the classifier are
optimized jointly. We use Adam with a batch size of 64. The learn-
ing rate is set to 1×10−5 for CLAP and 5×10−5 for the classifier. A
step learning-rate schedule and early stopping are adopted accord-
ing to validation performance. Dropout is set to 0.3, and Gaussian
feature noise with a standard deviation of 1×10−4 is applied to the
embeddings.

Several training and inference strategies are used to improve
robustness. Hierarchical label smoothing distributes the smoothing
mass only among sibling classes that share the same top-level BST
parent, with a smoothing factor of 0.1. This preserves the hierar-
chical structure of the target taxonomy and avoids assigning equal
probability to unrelated classes. Embedding mixup is applied after
CLAP feature extraction and before the classifier, with α = 0.2 and
a probability of 0.5. This encourages smoother decision boundaries
in the audio-text embedding space.

EMA is used during training with a decay factor of 0.999. In-
stead of using the latest model parameters for evaluation, the EMA
model maintains a smoothed version of the CLAP backbone and
classifier parameters. At inference time, the EMA model is com-
bined with TTA, where five stochastic forward passes are averaged
to obtain the posterior probability of each class. This reduces the in-

fluence of unstable predictions caused by feature noise and random
augmentation.

To further improve generalization, we use model ensemble av-
eraging. Each ensemble member follows the same HAF-CLAP
framework, but differs in random seed, training strategy, or initial-
ization. Some models are trained from the original LAION-CLAP
630K checkpoint, while others use hierarchical label smoothing,
embedding mixup, or different random seeds. In addition, two en-
semble members use CLAP checkpoints obtained by continued pre-
training on external audio-text datasets before DCASE fine-tuning.

For continued pretraining, we use FSD50K [8] and NSynth [9].
FSD50K provides diverse sound-event recordings with rich meta-
data, including labels, tags, and textual descriptions. These fields
are converted into natural-language captions for audio-text con-
trastive training. NSynth contains musical notes from different in-
struments, pitches, and timbres. Its instrument-family and acoustic
attributes are used to construct text descriptions. These datasets are
selected because they cover sound effects, environmental sounds,
and instrument-related content, which are relevant to the heteroge-
neous BSD taxonomy. The external datasets are used only for rep-
resentation learning and do not contain any evaluation-set labels.

At inference time, each model produces a 23-dimensional pos-
terior probability vector. For each model, TTA is first applied by
averaging five stochastic forward passes. The final ensemble pre-
diction is then obtained by equal-weight averaging, given by

pens =
1

M

M∑
m=1

pm, (1)

where M is the number of ensemble members and pm is the poste-
rior probability vector predicted by the m-th model. The final class
is selected by the maximum value in pens.
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All experiments are evaluated on a fixed internal validation split
using official-style hierarchical metrics. The main metric is macro-
averaged hierarchical F-score (hF). We also report ordinary accu-
racy and top-level accuracy to analyze fine-level and coarse-level
classification behavior. Table 1 summarizes the main validation re-
sults of different ensemble systems.

Table 1: Internal test results of different submitted systems.
System M Fusion TTA Acc.
task1-1 3 Equal 5 76.56
task1-2 4 Weighted 5 76.63
task1-3 2 Equal 5 78.92

In Table 1, M denotes the number of models used in each sub-
mitted system, Fusion denotes the probability-level fusion strategy,
TTA denotes the number of test-time prediction views used by each
model, and Acc. denotes the classification accuracy on our internal
test set.

The submitted systems are constructed from different model
combinations. The task1 1 system consists of three CLAP-based
models and uses equal-weight probability averaging. The task1 2
system consists of four CLAP-based models and uses weighted
probability fusion. The task1 3 system combines a PaSST model
with a Tiny Text-Aux CLAP model, where both models use test-
time augmentation and their prediction probabilities are fused with
equal weights.

As shown in Table 1, task1 1 achieves 76.56
The experimental results show that model complementarity

plays an important role in this task. Although the weighted fusion
of multiple CLAP models provides a small improvement, introduc-
ing a structurally different PaSST model leads to a more significant
gain. Therefore, the final submitted systems focus on combining
complementary audio representations and stable test-time predic-
tion averaging.
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