
Detection and Classification of Acoustic Scenes and Events 2026 Challenge

AUDIOCC SYSTEM FOR DCASE 2026 TASK 2: FINE-TUNED AUDIO FOUNDATION
MODELS FOR NOISE-AWARE MACHINE SOUND ANOMALY DETECTION

Technical Report

Xinhu Zheng1, Junjie Li2, Anbai Jiang2, Wenrui Liang2, Tianyu Liu2, Shuwei Zhang2

Yanmin Qian1, Xie Chen1, Cheng Lu3, Pingyi Fan2, Wei-Qiang Zhang2, Jia Liu2

1 Shanghai Jiao Tong University, Shanghai, China
2 Tsinghua University, Beijing, China

3 North China Electric Power University, Beijing, China
Email: zhengxh24@sjtu.edu.cn

ABSTRACT

This report presents the AudioCC submission to DCASE 2026
Challenge Task 2 on noise-aware machine sound anomaly detec-
tion. Our submission studies how self-supervised audio foundation
models can be adapted to machine-condition monitoring through
task-oriented fine-tuning, angular-margin representation learning,
and distance-based anomaly scoring. We submit four systems con-
sisting of two single-model systems and two score-fusion systems.
The submitted systems achieve a best harmonic mean of 65.33% on
the development dataset.

Index Terms— DCASE Challenge, anomaly detection, audio
foundation model, fine-tuning, noise-aware, score fusion

1. INTRODUCTION

The DCASE 2026 Challenge Task 2 [1] addresses noise-aware ma-
chine sound anomaly detection for machine condition monitoring.
The task builds on prior machine-sound ASD datasets and base-
lines, including ToyADMOS2 [2], MIMII DG [3], and first-shot
ASD for machine condition monitoring [4]. In this setting, mod-
els must detect unknown faults using only normal training record-
ings, while remaining robust to source-target domain differences
and channel-dependent noise.

A central focus of the 2026 task is the paired dual-channel
recording setup. Each recording provides a near-field channel and
a far-field channel that observe the same machine under different
acoustic conditions. The far-field channel may contain stronger en-
vironmental interference, so a submitted system must account for
channel-dependent noise when producing machine-wise anomaly
scores.

The difficulty of this task is concentrated in three aspects:

• Limited normal-condition supervision. The training data
contain normal recordings only. The model must therefore
learn a compact description of normal operation rather than a
direct boundary between normal and abnormal sounds.

• Domain and noise variation. Normal sounds may shift across
machine instances, sections, recording conditions, and mi-
crophone positions. A useful representation must preserve
machine-specific cues while reducing sensitivity to incidental
acoustic variation.

• Score comparability. Different backbones and fine-tuning ob-
jectives produce embeddings with different score scales. Reli-
able submission systems require normalized anomaly scores
before model combination.

Self-supervised audio models provide a natural starting point
for this task because they encode broad acoustic regularities be-
fore task-specific adaptation. Recent DCASE submissions [5, 6]
and ASD studies [7, 8] have shown that adapting pre-trained audio
models can improve generalization under limited labeled informa-
tion [9, 10]. The main question in the AudioCC submission is there-
fore not whether a foundation model can be used, but how the model
should be fine-tuned and scored for a noise-aware ASD benchmark.

We focus on three design choices. First, the backbone is
adapted with classification-oriented objectives that encourage com-
pact representations for normal operating conditions. Second,
angular-margin learning [11] is used to make the embedding space
more suitable for nearest-neighbor and covariance-based anomaly
scoring. Third, independently trained fine-tuned variants are com-
bined at the score level, allowing the final system to benefit from
complementary training objectives, temporal contexts, and score
distributions.

The rest of this report is organized as follows. Section 2 de-
scribes the fine-tuning and scoring pipeline. Section 3 presents the
four submitted systems. Section 4 reports the development-set per-
formance.

2. METHODS

2.1. Backbone Adaptation

We employ pre-trained audio foundation models as feature ex-
tractors. The submitted systems use BEATs [12] and FISHER-
small [13] backbones. Audio clips are converted into spectral
features and passed through the backbone encoder. The frame-
level outputs are aggregated into utterance-level embeddings by a
lightweight pooling head, and the embedding head is fine-tuned to-
gether with selected backbone parameters.

The fine-tuning objective is formulated as a proxy classification
task over normal operating conditions. Depending on the available
metadata, the target may correspond to machine section, attribute
group, or a composite label. This proxy task is not used to predict
anomalies directly. Instead, it shapes the embedding space so that
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Table 1: Results of four submitted systems on the development set

Machine Metric System 1 System 2 System 3 System 4

bearingEmu

AUC s 63.70 60.52 64.82 64.26
AUC t 63.30 57.80 62.44 60.18
pAUC 54.58 53.95 54.47 54.16
hmean 60.22 57.30 60.24 59.24

fan

AUC s 81.70 75.02 82.12 79.92
AUC t 67.90 70.38 65.34 61.98
pAUC 62.37 61.74 61.95 62.21
hmean 69.77 68.59 68.77 67.08

gearboxEmu

AUC s 75.68 77.86 77.78 76.94
AUC t 82.18 75.38 79.50 76.64
pAUC 64.26 58.47 69.58 69.21
hmean 73.27 69.42 75.36 74.09

sliderEmu

AUC s 59.56 57.42 58.32 60.50
AUC t 59.78 52.48 62.88 62.10
pAUC 51.58 51.11 51.11 50.79
hmean 56.71 53.54 57.02 57.34

ToyCar

AUC s 67.22 78.04 68.94 67.28
AUC t 68.28 64.02 69.92 76.08
pAUC 60.26 54.16 62.26 64.11
hmean 65.05 63.97 66.86 68.80

ToyCarEmu

AUC s 71.70 59.72 72.40 69.06
AUC t 81.62 75.90 84.52 83.22
pAUC 60.58 56.05 61.32 52.21
hmean 70.25 62.81 71.51 65.72

valveEmu

AUC s 63.02 65.38 64.62 64.40
AUC t 69.86 81.48 70.36 68.84
pAUC 51.26 61.11 52.37 51.47
hmean 60.37 68.29 61.50 60.63

Overall

AUC s 68.94 67.71 69.86 68.91
AUC t 70.42 68.21 70.71 69.86
pAUC 57.84 56.66 59.01 57.74
hmean 64.58 62.89 65.33 64.24

Results are reported for the submitted file-level scores. Overall AUC s,
AUC t, and pAUC are arithmetic means over the listed machines, while
Overall hmean is the official harmonic mean. AUC s and AUC t denote
source and target domain AUC, respectively.

normal samples from comparable conditions form compact refer-
ence regions.

The use of foundation models is motivated by two practical con-
straints. First, the training set for each machine condition is small
relative to the diversity of acoustic events that can appear in de-
ployment. A pre-trained audio model supplies a general acoustic
prior before machine-specific adaptation. Second, the final detector
is distance-based, so the representation must remain geometrically
stable after fine-tuning. We therefore keep the adaptation objective
simple and use the backbone mainly to provide robust embeddings
rather than to build an end-to-end anomaly classifier.

2.2. Fine-Tuning Strategies

The AudioCC systems explore several fine-tuning strategies while
keeping the inference pipeline simple. The first strategy is full or

partial task adaptation of a pre-trained model. This strategy up-
dates the representation toward machine sounds while preserving
the broad acoustic knowledge learned during pre-training. The sec-
ond strategy is angular-margin training, where class separation is
encouraged in the normalized embedding space. The third strategy
is duration and augmentation variation, including spectral masking
augmentation [14], which changes the temporal context seen by the
model and reduces sensitivity to local noise artifacts.

Angular-margin losses are useful in this benchmark because the
downstream detector relies on distances in the embedding space. If
the embeddings of normal conditions are loose or heavily overlap-
ping, distance-based anomaly scores become unstable. The margin-
based objective reduces this problem by making the proxy classes
more compact and more separated. The submitted variants use
a common distance-based scoring interface, so their differences
mainly reflect the representation and fine-tuning objective choices.
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2.3. Anomaly Scoring

After fine-tuning, embeddings are extracted for the normal training
recordings and the test recordings. Each machine type is scored in-
dependently. For a test sample, the anomaly score is computed by
comparing its embedding to the normal reference set of the same
machine type and section. We use distance-based scoring, includ-
ing nearest-neighbor and covariance-aware variants, because these
methods do not require anomalous training samples and can be ap-
plied consistently across machine types.

For score-fusion systems, branch scores are normalized before
combination because different branches may produce scores with
different numerical ranges. A single fixed score-combination con-
figuration is used for the submitted files. Single-system submis-
sions use the selected detector scores directly under the same eval-
uation interface. Binary decisions are obtained by applying the cor-
responding operating threshold to the anomaly scores.

2.4. Dual-Channel Scoring

The AudioCC systems handle the paired-channel setting through
the data organization and scoring interface. During embedding ex-
traction and scoring, the channel identity is kept together with the
machine type and section, so normal references and test samples
are compared under the same channel condition rather than mixing
near-field and far-field recordings.

For the final AudioCC submissions, the submitted file-level
scores use the near-field reference-channel stream. The channel in-
formation is used internally during machine-wise scoring, and the
selected scores are then mapped back to the official file-level sub-
mission format. The ensemble systems combine branch scores after
this scoring step, using the same scoring interface as the single sys-
tems.

2.5. Score-Level Fusion

The two ensemble systems combine normalized anomaly scores
from multiple fine-tuned branches. Fusion is performed by a linear
weighted sum of branch scores. The branch weights are selected
with Bayesian optimization on the development set to maximize
the official harmonic-mean criterion. We use score fusion rather
than feature fusion because it keeps branches with different losses,
durations, and detectors in a common output space.

The resulting systems intentionally cover different degrees of
complexity: a compact BEATs single system, a compact FISHER-
small single system, a focused BEATs fusion, and a broader BEATs
fusion. This design makes it possible to compare single-backbone
adaptation with multi-branch fine-tuning without changing the eval-
uation protocol.

Systems 1 and 2 serve as backbone-level references. They show
how two foundation-model families behave under the same general
scoring interface. Systems 3 and 4 then test whether multiple fine-
tuned variants of the stronger representation family provide com-
plementary score evidence. This organization compares compact
single-model adaptation with increasingly broad score-level fusion.

3. SUBMITTED SYSTEMS

We submit four systems, comprising two single-model systems and
two score-level fusion systems.

• System 1: a single BEATs backbone system with angular-
margin fine-tuning and distance-based anomaly scoring.

• System 2: a single FISHER-small backbone system with
nearest-neighbor distance scoring.

• System 3: a fusion system composed of three BEATs variants
with Mahalanobis-style anomaly scoring.

• System 4: a larger fusion system composed of seven BEATs
variants covering additional duration and objective choices,
also using Mahalanobis-style anomaly scoring.

4. EXPERIMENT RESULTS

Detection performance is evaluated using the area under the ROC
curve (AUC) for both source and target domains, partial AUC
(pAUC) in the false positive rate range of 0–0.1, and their har-
monic mean. Table 1 summarizes the per-machine and overall per-
formance of all four submitted systems.

5. CONCLUSION

This report presented the AudioCC submission to DCASE 2026
Task 2. The submission emphasizes task-oriented fine-tuning of
self-supervised audio foundation models for noise-aware machine
sound anomaly detection. The best submitted system is a BEATs-
based score fusion system and achieves a harmonic mean of 65.33%
on the development set.
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