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ABSTRACT

This technical report presents our solution to Task 2 of the DCASE
2026 Challenge. We developed four subsystems for unsupervised
anomalous sound detection, all of which extract audio embeddings
from fine-tuned audio pre-trained models and perform anomaly de-
tection using outlier detection algorithms. Compared with previous
editions of the challenge, the target machine sounds in this year’s
task were synchronously recorded by multiple microphones, pro-
viding both near-field and far-field acoustic views. To exploit this
characteristic, we leverage far-field recordings as a data augmen-
tation strategy, enabling the models to learn more robust acoustic
representations and improving their generalization ability under dif-
ferent recording conditions and noisy environments. In addition, we
employ multiple pre-trained models to obtain complementary fea-
ture representations, further enhancing the overall anomaly detec-
tion performance.The source code is publicly available at: https:
//github.com/outman-goutian/dcase2026_task2.

Index Terms— Self-supervised, pre-trained, domain general-
ization

1. INTRODUCTION

This technical report presents our solution to Task 2 of the DCASE
2026 Challenge [1–4], which addresses the problem of unsuper-
vised anomalous sound detection for machine condition monitoring.
Compared with previous editions, this year’s challenge introduces
a multi-microphone recording setting in realistic scenarios, where
target machine sounds are captured simultaneously using both near-
field and far-field microphones, providing richer acoustic informa-
tion for anomaly detection.

We adopt a self-supervised learning framework by constructing
an auxiliary classification task to learn audio embeddings, which
are then used to compute anomaly scores via KMeans clustering.
Conventional approaches typically rely on machine metadata as the
supervision signal for the auxiliary task. To enhance the discrim-
inative power of the learned embeddings, we introduce audio pre-
trained models, namely BEATs [5] and EAT [6], instead of training
models from scratch, thereby improving feature representation ca-
pability.

In addition, we exploit far-field audio as a data augmentation
strategy by randomly mixing it with near-field audio, simulating
variations in recording distance and acoustic conditions. This de-
sign further improves the robustness of the learned embeddings and
enhances the generalization ability of the proposed system.

2. PROPOSED ASD SYSTEM

2.1. Proposed Method

This paper proposes an unsupervised anomalous sound detection
method based on pretrained audio representation models. We em-
ploy EAT-Base and BEATs as the backbone feature extractors and
perform full fine-tuning on the DCASE 2026 Task 2 dataset to learn
discriminative audio representations tailored to the target task. Dur-
ing training, ArcFace Loss [7] is adopted to optimize the embedding
space by encouraging intra-class compactness and inter-class sepa-
rability. During inference, the anomaly score is computed using the
K-Nearest Neighbors (KNN) algorithm based on the distance be-
tween the test embedding and the reference embeddings of normal
training samples, enabling unsupervised anomaly detection.

2.2. Submitted Systems

We submitted four systems for DCASE 2026 Task 2. The first sys-
tem uses EAT-Base as the backbone model, while the second sys-
tem adopts BEATs as the backbone. The remaining two systems are
score-level fusion systems. Specifically, the third system combines
the anomaly scores of EAT-Base and BEATs with fusion weights of
0.45 and 0.55, respectively, whereas the fourth system uses equal
fusion weights of 0.5 and 0.5.

2.3. Result

The experimental results demonstrate that the systems based on pre-
trained audio representation models consistently outperform con-
ventional baseline methods in the target domain. Compared with the
MSE and MAHALA baselines, the proposed System 3 achieves su-
perior or competitive performance across most machine types, with
notable improvements on categories such as ToyCar, Gearbox, and
Valve. Moreover, System 3 exhibits stable performance after fusing
EAT-Base and BEATs, which validates the effectiveness of combin-
ing complementary pretrained audio representations.

3. CONCLUSION

We propose an unsupervised anomalous sound detection system for
the DCASE 2026 Task 2 challenge. The framework leverages pre-
trained audio models, including BEATs and EAT, to extract dis-
criminative embeddings, which are further optimized using ArcFace
loss. Anomaly detection is performed using a KNN-based distance
measure in the learned embedding space. To address the multi-
microphone recording scenario, far-field audio is incorporated as
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Table 1: Comparison with baseline methods and the proposed system (System 3) on the development set.

Machine Type MSE MAHALA System 3
Source AUC Target AUC pAUC Source AUC Target AUC pAUC Source AUC Target AUC pAUC

ToyCar (Emu) 69.62 61.20 55.89 69.49 66.62 53.47 60.72 95.44 55.21
ToyCar 75.62 37.87 54.03 77.28 53.17 58.25 68.92 89.72 62.66
Bearing (Emu) 62.34 59.56 59.85 65.92 62.28 60.42 67.64 63.32 61.42
Fan 61.45 46.94 53.33 60.00 45.09 52.29 75.18 50.20 52.18
Gearbox (Emu) 68.23 49.78 52.94 74.48 52.74 53.97 76.18 68.24 54.47
Slider (Emu) 67.25 45.05 50.38 66.36 49.18 50.36 71.20 64.16 52.95
Valve (Emu) 67.74 68.78 55.08 56.60 56.50 50.20 99.44 70.50 78.89

a data augmentation strategy to improve robustness under varying
acoustic conditions. In addition, we explore multi-model fusion
at both feature and score levels to enhance overall performance.
Experimental results demonstrate that the proposed approach con-
sistently outperforms baseline methods across most machine cat-
egories, with the fusion system achieving the most stable perfor-
mance.
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