
Detection and Classification of Acoustic Scenes and Events 2026 Challenge

A MULTI-BRANCH HIERARCHY-AWARE FRAMEWORK FOR HETEROGENEOUS AUDIO
CLASSIFICATION

Technical Report

Beile Ning1,† , Jiayi Yu1,†, Zitong Wang1,†, Yufei Hu1,†, Wenjun Xu1,†

Yuanhang Qian1, Zhongxin Bai2, Gongping Huang1,∗

1 Wuhan University, Wuhan, China
2 Harbin Engineering University, Harbin, China

{ningbeile, gongpinghuang}@whu.edu.cn

ABSTRACT
This technical report describes our system for Task 1 of the

DCASE 2026 Challenge, which aims to classify heterogeneous au-
dio recordings according to the Broad Sound Taxonomy (BST). The
task requires both accurate second-level prediction and consistency
with the top-level taxonomy. Our system is built on CLAP-based
audio-text representations and is improved along three strategies:
expanding the training set with a filtered subset of BSD35k, enhanc-
ing acoustic modeling with feature-specific branches, and refining
predictions using hierarchy-aware classifiers and KNN-based post-
processing. Among the acoustic features considered, the log-STFT
branch provides the strongest single-model performance. With
KNN-based post-processing, our best single system achieves a hi-
erarchical F1 score (Hier. F1) of 80.84% on the BSD10k-v1.2 set
under the same evaluation protocol as the baseline. We further con-
struct ensemble systems by combining models with complementary
acoustic features and classification heads, achieving Hier. F1 of
81.25% and 81.18%, respectively.

Index Terms— DCASE2026, CLAP, Heterogeneous Audio
Classification, Broad Sound Taxonomy (BST)

1. INTRODUCTION

Heterogeneous audio classification aims to recognize sound events
and acoustic scenes from real-world recordings with diverse con-
tent, recording conditions, and metadata quality. In DCASE 2026
Task 1, audio samples are annotated according to the Broad Sound
Taxonomy (BST), where 23 second-level categories are grouped
into 5 top-level classes [1]. Since the official evaluation metric is
based on the Hier. F1 [2], a system should not only predict the
correct second-level class, but also preserve consistency with the
corresponding top-level category.

Our system uses CLAP audio-text representations [3] as the
main semantic representation. To improve data diversity and re-
duce the impact of label noise, we construct an expanded training
set, denoted as BSD-Grand, by incorporating a filtered subset of
BSD35k [4] into the BSD10k-v1.2 training data [5, 6]. The addi-
tional samples are selected through category-aware metadata clean-
ing, teacher-model filtering, and uploader-level constraints, which
help reduce noisy annotations and uploader-specific bias. To com-
plement the high-level semantic information captured by CLAP,
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we further introduce feature-specific acoustic branches based on
MFCC, log-Mel spectrogram, and log-STFT features. Each acous-
tic feature is encoded by a corresponding branch and fused with
the CLAP audio-text embeddings for audio classification. In addi-
tion, we investigate several prediction heads, including flat, global-
classifier-based, and local-classifier-per-level-based heads, to better
exploit the hierarchical relationship between the 5 top-level groups
and the 23 second-level categories. Finally, we refine the model pre-
dictions using a KNN-based post-processing derived from the train-
ing embedding bank, and further incorporate this post-processing as
soft supervision in a knowledge distillation framework.

Based on these components, we construct the following four
submitted systems:

• A single log-STFT-based model with KNN-based post-
processing. This is our best single model and achieves a Hier.
F1 of 80.84%.

• An ensemble of KD-log-STFT, log-Mel, Flat, and LCL. This
system is trained on the full training set.

• An ensemble of KD-log-STFT, log-Mel, Flat, and LCL. This
system is trained with 5-fold cross-validation and achieves the
best overall performance, with a Hier. F1 of 81.25%.

• An extended ensemble that further incorporates the MFCC
branch and GC classification head. This system is trained with
5-fold cross-validation. It achieves a Hier. F1 of 81.18%.

The experimental results show that dataset expansion, feature-
specific acoustic modeling, and KNN-based prediction refinement
consistently improve the CLAP-based baseline. The best ensemble
system further benefits from the complementarity among different
acoustic features and classification heads.

2. MODEL ARCHITECTURE AND TRAINING
STRATEGY

2.1. Feature-Specific Acoustic Branch Framework

As illustrated in Fig. 1(a), we extend the original CLAP-based ar-
chitecture by introducing two enhancement modules: a feature-
specific acoustic branch (b) on the audio side and a Highway Gate
Adapter (c) on the text side. The acoustic branches are designed
to complement the high-level semantic representations extracted
by the CLAP audio encoder with handcrafted acoustic features,
whereas the Highway Gate Adapter performs task-specific adap-
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Figure 1: Overview of the proposed framework: (a) Overall architecture; (b) Feature-specific acoustic branches for log-Mel, MFCC, and
log-STFT features; (c) Highway Gate Adapter.

tation of the CLAP text embedding through a gated residual con-
nection. The enhanced audio representation and the adapted text
representation are finally concatenated and fed into the classifier for
23 second-level classification.

The corresponding acoustic branches for different acoustic fea-
tures are shown in Fig. 1(b).

• log-Mel branch: log-Mel features are encoded by a Multi-
Dilated Frequency Dynamic Convolution (MDFD) encoder
followed by attention pooling.

• MFCC branch: MFCC features are encoded by a residual
Time Delay Neural Network (TDNN) with mean-max pooling.

• log-STFT branch: log-STFT features are encoded by a 6-
layer Transformer followed by temporal pooling.

Each branch encodes the corresponding acoustic feature into a com-
pact acoustic embedding, which is then fused with the CLAP audio
embedding through a gated residual fusion module.

The Highway Gate Adapter, shown in Fig. 1(c), is applied only
to the log-STFT branch. The adapter generates a task-specific resid-
ual representation, denoted as ∆t, from the original CLAP text em-
bedding t. A learnable highway gate [7] is then introduced to adap-
tively control the contribution of ∆t before it is combined with t.
The adapted text representation is computed as

t′ = t+ g ⊙∆t, (1)

where g denotes the learnable highway gate and ⊙ denotes element-
wise multiplication. This gated residual design enables task-specific
refinement while preserving the pretrained semantic representation.

2.2. Hierarchy-Aware Prediction

Figure 2 illustrates the classification heads used in our system. In-
spired from [8], We propose a baseline-based hierarchy-aware pre-

diction framework. Specifically, we considered three variants: (a) a
flat classification head, (b) a global classifier (GC) based head, and
(c) a local classifier per level (LCL) based head. For all variants, we
adopted the standard cross-entropy (CE) loss as the optimization
objective:

• Flat classification head: This approach directly projects the
fused representations to the 23 second-level classes, com-
pletely ignoring the top-level taxonomy.Unlike the baseline,
the flat classification head adds an extra linear layer compared
to the baseline classification head. The loss function is simply
the standard CE loss over the second-level nodes:

LFlat = Lsecond. (2)

• GC classification head: This variant adopts a multi-task learn-
ing architecture. The network outputs predictions for both
the 5 top-level and 23 second-level categories simultaneously
through parallel linear layers. The loss function is computed as
the weighted sum of two standard CE losses:

LGC = Lsecond + λ · Ltop, (3)

where Ltop is the CE loss for the top-level categories and λ is
a balancing weight.

• LCL classification head: The LCL head trains separate clas-
sifiers for different hierarchy levels. During training, it uses the
exact same combined CE loss structure as the GC head:

LLCL = Lsecond + λ · Ltop. (4)

However, during the inference phase, it employs a top-down
correction mechanism (e.g., probability multiplication between
the top-level and second-level outputs) to explicitly enforce hi-
erarchical consistency and prevent top-level misclassifications
from propagating downwards.
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Figure 2: The framework of the Hierarchical BST system

2.3. KNN-Based Post-Processing

We employ a KNN-based post-processing strategy to refine the fi-
nal prediction by incorporating neighborhood information [9, 10].
A training embedding bank is first built from all training samples,
where each retrieval embedding is formed by concatenating the fea-
ture representation from the trained log-STFT model with the orig-
inal CLAP audio and text embeddings. For each evaluation sample,
we extract its retrieval embedding in the same way and retrieve its
k nearest neighbors from the bank. The KNN-based neighbor prior
is obtained by aggregating the neighbor labels with similarity-based
weights:

pneighbor(c|z) =
∑

i∈Nk(z)

wiI(yi = c), (5)

where Nk(z) denotes the set of k nearest neighbors of sample z,
yi is the label of the i-th neighbor, wi is the normalized weight
computed from temperature-scaled cosine similarity, and I(yi = c)
is the class indicator.

The final prediction is computed as

pfinal = (1− α)pmodel + αpneighbor, (6)

where pmodel is the original model prediction, pneighbor is the
KNN-based neighbor prior, and α controls its contribution.

To further integrate neighborhood information into training, we
adopt a KNN-based distillation strategy. The log-STFT teacher
constructs KNN-based target distributions for the training samples
using the same embedding bank and neighbor aggregation pro-
cess. The student model, which shares the same architecture as
the teacher, is optimized using both the ground-truth labels and the
KNN-based target distribution:

L = LCE + λDKL (pneighbor ∥ pstudent) , (7)

where pstudent denotes the student prediction, and λ controls the
weight of the distillation loss.

2.4. BSD-Grand: Expanded Training Dataset Construction

We constructed an expanded training set, referred to as BSD-Grand,
by combining the full BSD10k-v1.2 dataset with a selected subset
of BSD35k, while the validation and test sets keeping the original
five-fold splits of BSD10k-v1.2 unchanged. The BSD35k subset
was first restricted to the 23 target second classes. We then applied
a category-aware metadata cleaning strategy, including additional
filtering for uploader-specific templates and noisy descriptions. To
reduce label noise, BSD35k samples were filtered using BSD10k-
v1.2 five-fold teacher models under three different metadata views.
Additionally an uploader-class cap of 200 samples was applied to
reduce uploader-specific bias.

The final BSD-Grand training manifest contained 20,529 sam-
ples: 10,956 from BSD10k-v1.2 and 9,573 BSD35k selected sam-
ples. All training we had down was performed on this dataset.

3. EXPERIMENTS

3.1. Data Preprossing and Training Details

All audio files were first resampled to 16 kHz and converted into
fixed-duration 5-second clips. Audio clips shorter than 5 seconds
were padded to the target length. Based on the processed wave-
form, we extracted three types of acoustic features: MFCC, log-Mel
spectrogram, and log-STFT. More specifically, for MFCC features,
we used 40 Mel filters, from which 13 cepstral coefficients were re-
tained; for log-Mel features, we extracted 128 Mel frequency bins;
for log-STFT features, we used an FFT size of 512, a window length
of 400 samples, and a hop length of 160 samples. In addition, time
masking [11] and random cropping [12] were applied to the time-
frequency features during training to improve robustness to local
temporal variations.

For text, since metadata quality varies across samples, we
cleaned the text fields by removing non-acoustic metadata such as
HTML tags and URLs from descriptions. Tags were split into indi-
vidual terms and filtered to remove noisy or non-semantic tags. The
cleaned text was then used to extract CLAP text embeddings.

For the single zero-byte audio file in the evaluation set, we used
a silence fallback instead of discarding the sample. A zero wave-
form was used to extract both the spectral features and the CLAP
audio embedding, ensuring that every evaluation item had a com-
plete feature set.

In all experiments, we adopted the AdamW optimizer with an
initial learning rate of 1 × 10−3 and a weight decay of 1 × 10−5.
We trained each model for up to 100 epochs, using a batch size of
64, while models including feature-specific acoustic branches were
trained with a batch size of 32. Early stopping was applied, which
terminated training if the validation accuracy did not improve by
more than 0.1% over 15 consecutive epochs, while the patience win-
dow for models including feature-specific acoustic branches was
shortened to 6 epochs. The loss function was cross-entropy with
label smoothing of 0.05. We performed 5-fold cross-validation,
where within each fold the training data was further split into train-
ing and validation sets using an 80/20 partition. All results were
obtained with fixed random seeds to ensure reproducibility.

3.2. Contributions of Feature-Specific Acoustic Branches and
Hierarchy-Aware Prediction Heads

Based on the architectures incorporating additional acoustic audio
features introduced in Section 2.1, we obtain the corresponding
training results as summarized in Table 1. In the table, the experi-
mental configurations are defined as follows:

• Baseline: Training on the BSD10k-v1.2 dataset.
• + BSD-Grand: Training on the BSD-Grand dataset (Sec-

tion 2.4).
• All configurations below based on the BSD-Grand dataset use
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the corresponding acoustic feature branch structures described
in Section 2.1:

◦ + BSD-Grand + log-Mel: log-Mel branch.
◦ + BSD-Grand + MFCC: MFCC branch.
◦ + BSD-Grand + log-STFT: log-STFT branch.
◦ + BSD-Grand + Post-log-STFT: log-STFT branch with

post-processing (Section 2.3); best-performing single
model.

◦ + BSD-Grand + KD-log-STFT: log-STFT branch with
KNN-based knowledge distillation (Section 2.3); used for
model ensembling.

Table 1: Performance of models with different acoustic features (5-
fold cross-validation)

Config. Hier. F1/% Hier. Accuracy/%

Baseline 78.45 79.58
+ BSD-Grand 79.64 80.61
+ BSD-Grand + log-Mel 79.95 80.63
+ BSD-Grand + MFCC 80.13 80.39
+ BSD-Grand + log-STFT 80.54 81.12
+ BSD-Grand + Post-log-STFT 80.84 81.39
+ BSD-Grand + KD-log-STFT 80.62 81.20

Based on the architectures using different classifiers introduced
in Section 2.2, we obtain the corresponding training results as sum-
marized in Table 2. In the table, the experimental configurations are
defined as follows:

• Baseline: Training on the BSD10k-v1.2 dataset.
• +BSD-Grand: Training on the BSD-Grand dataset (Sec-

tion 2.4).
• All configurations below based on the BSD-Grand dataset use

the corresponding classifiers described in Section 2.2:

◦ + BSD-Grand + Flat: Flat classification head.
◦ + BSD-Grand + GC: GC classification head.
◦ + BSD-Grand + LCL: LCL classification head.

Table 2: Performance comparison of different classifiers (5-fold
cross-validation)

Config. Hier. F1/% Hier. Accuracy/%

Baseline 78.45 79.58
+ BSD-Grand 79.64 80.61
+ BSD-Grand + Flat 80.57 81.53
+ BSD-Grand + GC 80.01 81.02
+ BSD-Grand + LCL 80.20 81.18

For brevity, in the following discussion we refer to each con-
figuration by its last component. For example, “+ BSD-Grand +
KD-log-STFT” in Table 1 is abbreviated as “KD-log-STFT” and “+
BSD-Grand + Flat” in Table 2 is abbreviated as “Flat”.

3.3. Submitted Systems

The performance of our submitted systems on the BSD10k-v1.2
dataset is summarized in Table 3.

• System 1 (single model): Built on the log-STFT architecture
with post-processing, this is the best-performing single model
among all submissions.

• System 2 (ensemble, full training): An ensemble of KD-log-
STFT, log-Mel, Flat and LCL, trained once on the BSD-Grand
dataset. The ensemble averages the logits with weights: 0.4
(KD-log-STFT), 0.2 (log-Mel), 0.3 (Flat), and 0.1 (LCL).

• System 3 (ensemble, 5-fold cross-validation): Same architec-
ture as System 2, but trained with 5-fold cross-validation. This
variant achieves the highest Hier. F1 among all systems.

• System 4 (extended ensemble): Extends System 2 by ad-
ditionally incorporating MFCC and GC. The logit averaging
weights are: 1/11 (log-Mel), 1/11 (MFCC), 3/11 (KD-log-
STFT), 2/11 (Flat), 1/11 (GC), and 3/11 (LCL).

Table 3: Performance of submitted systems (5-fold cross-
validation)

Model Ensemble Hier. F1/% Hier. Accuracy/%

Baseline 78.45 79.58
System 1 80.84 81.39
System 2 ✓ – –
System 3 ✓ 81.25 81.86
System 4 ✓ 81.18 81.79

Note: System 2 is not evaluated on the BSD10k-v1.2 because its training
consumes the entire dataset, leaving no held-out test samples.

4. CONCLUSION

This technical report describes our system for DCASE 2026 Task
1. We improve the CLAP-based baseline through BSD-Grand
dataset expansion, multi-branch acoustic feature extraction (log-
Mel, MFCC, log-STFT), hierarchy-aware classification heads, and
KNN-based post-processing with knowledge distillation. Among
single models, the log-STFT branch with post-processing achieves
the best performance (80.84% Hier. F1). Our best ensemble system
(System 3) attains 81.25% Hier. F1, significantly surpassing the
baseline of 78.45%. The results highlight the complementary ben-
efits of acoustic feature diversification and ensemble learning for
heterogeneous audio classification under the BST taxonomy.
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