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ABSTRACT

DCASE 2026 Task 2 focuses on noise-aware unsupervised anoma-
lous sound detection for machine condition monitoring, where sys-
tems are required to detect unknown anomalies using only normal
training data under noisy and domain-shift conditions. In this tech-
nical report, we present the XJU systems based on pre-trained au-
dio model fine-tuning, domain-specific feature learning, denoising-
based front-end processing, and ensemble learning. The submit-
ted systems include an OSSCL system, a BEATs-GRL system, an
ANC-enhanced system, and an OSSCL-GRL ensemble system. On
the development set, the submitted systems outperform the official
baselines in terms of the official hmean score, and the ensemble
system obtains an hmean score of 65.8%. In addition, we discuss
training-time two-channel fusion as a possible future direction for
noise-aware anomalous sound detection.

Index Terms— Unsupervised anomalous sound detection, pre-
trained audio model, fine-tuning

1. INTRODUCTION

Anomalous sound detection (ASD) is the task of identifying
whether the sound emitted from a target machine is normal or
anomalous. It is an important technique for machine condition
monitoring, since abnormal acoustic patterns may indicate poten-
tial faults or changes in machine operating states. In practical in-
dustrial environments, anomalous sounds are rare and difficult to
collect comprehensively. Therefore, ASD is generally formulated
as an unsupervised learning problem, where only normal sounds
are available for model training.

DCASE 2026 Task 2 [1][2][3][4]focuses on noise-aware unsu-
pervised anomalous sound detection for machine condition moni-
toring. Compared with previous tasks, this task emphasizes several
practical challenges:

• Unsupervised learning: The system must be trained using
only normal sounds and detect unknown anomalous patterns
that are not observed during training.

• Domain generalization: The system is required to handle do-
main shifts caused by changes in machine operating condi-
tions, recording environments, and environmental noise.

• Unseen machine types: The system should be applicable to
machine types that are unseen during the development phase,

where manual hyperparameter tuning for evaluation machines
is not available.

• Incomplete attribute information: The system needs to work
both when attribute information is available and when it is un-
available.

• Noise-aware two-channel recording: The system can exploit
synchronized near- and far-microphone recordings to improve
robustness against background noise.

These characteristics make DCASE 2026 Task 2 more chal-
lenging than a standard unsupervised anomaly detection problem.
The system must not only learn discriminative representations of
normal machine sounds, but also remain robust to domain shifts,
incomplete attribute information, unseen machine types, and noisy
multi-channel recording conditions. In particular, the two-channel
setting provides additional information from different microphone
positions, but it also requires the detection system to effectively use
heterogeneous acoustic observations recorded at different distances
from the target machine.

In this technical report, we investigate several strategies for
DCASE 2026 Task 2. We fine-tune large-scale pre-trained audio
models to learn discriminative normal-sound representations, ex-
plore a gradient reversal layer based approach to model domain-
specific features, introduce an ANC-based denoising front-end to
reduce the influence of background noise, and combine comple-
mentary systems through ensemble learning. These systems are
designed to address the main challenges of noise-aware unsuper-
vised anomalous sound detection under domain-shift and limited
target-domain conditions.

2. PRE-TRAINED AUDIO BACKBONES AND FRONT-END
PROCESSING

2.1. BEATs

BEATs [5] is a self-supervised audio representation learning frame-
work based on acoustic tokenizers. It learns audio representations
by predicting discrete acoustic tokens from masked audio inputs.
This training strategy enables the model to capture high-level se-
mantic and contextual information from audio signals. The Trans-
former encoder in BEATs provides robust frame-level representa-
tions that can be transferred to downstream audio tasks. In our sub-
mitted systems, BEATs is used as the backbone of the GRL-based
system. The pre-trained BEATs encoder is fine-tuned on normal
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machine sounds, and the learned representation is further optimized
to capture domain-specific acoustic variations under different ma-
chine operating conditions and recording domains.

2.2. EAT

Efficient Audio Transformer (EAT) [6]is a self-supervised audio
pre-training model designed to learn transferable acoustic represen-
tations efficiently. It uses a Transformer-based encoder to model
temporal dependencies in audio signals and captures both global
and local acoustic information from the input waveform. Compared
with models trained from scratch on task-specific data, EAT pro-
vides a stronger initialization for anomalous sound detection, espe-
cially when the amount of available training data is limited.

In our system, the pre-trained EAT model is used as the back-
bone of the OSSCL system. The encoder is fine-tuned using normal
machine sounds, and the output embedding is optimized to repre-
sent different machine conditions in a compact and discriminative
feature space.

2.3. ANC Denoising Front-End

In addition to pre-trained audio backbones, we employ an ANC-
based denoising front-end to improve the quality of input sig-
nals. Background noise, environmental interference, and channel-
dependent recording artifacts may affect the extracted acoustic rep-
resentation and lead to unreliable anomaly scores. Therefore, the
ANC front-end is applied to the input waveform before feature ex-
traction.

The denoised waveform is subsequently fed into the anomalous
sound detection backend. This design treats ANC[7] as a front-end
enhancement module rather than an independent anomaly detector.
By reducing irrelevant noise components in the input signal, the
ANC-based system aims to improve the robustness of downstream
representation learning and anomaly scoring.

3. SUBMITTED SYSTEMS

3.1. System Overview

We submitted four systems for evaluation: an OSSCL system, a
BEATs-GRL system, an ANC-enhanced system, and an OSSCL-
GRL ensemble system. These systems are designed to investigate
different strategies for unsupervised anomalous sound detection, in-
cluding discriminative representation learning, domain-specific fea-
ture learning, denoising-based input enhancement, and ensemble
learning.The main configuration and hyperparameters used in our
submitted systems are summarized in Table 1. Since the submit-
ted systems include different training and processing strategies, the
table reports the primary fine-tuning configuration used in our ex-
periments.

3.2. Common Anomaly Scoring Framework

All submitted systems follow the same anomaly scoring framework.
During training, only normal samples are used to optimize the fea-
ture extractor. During inference, embeddings extracted from nor-
mal training samples are used to construct the reference set for
each machine type. The anomaly score of a test sample is com-
puted according to its deviation from the reference embeddings. A
larger anomaly score indicates that the test sample is farther from

Table 1: Main configuration and hyperparameters of the submitted
systems

Parameter Value
Training Mode OS-SCL
Loss Function SubCenterArcFace[8]
Margin Parameter 0.2
Sub-Center Number 114
Total Training Steps 10,000
Batch Size 16
Learning Rate 1× 10−4

Optimizer AdamW[9]
Warm-up Steps 960
Gradient Accumulation 8
Learning Rate Scheduler inverse sqrt
Data Augmentation SpecAug[10], 80
Temperature t = 0.04

EMA Momentum αe = 0.9995

Number of Classes 80
KNN K=1

the learned normal distribution and is therefore more likely to be
anomalous.

3.3. System1

The OSSCL system is based on discriminative fine-tuning of a pre-
trained audio model[11]. It uses normal machine sounds to optimize
the embedding space with an angular-margin-based classification
objective and supervised contrastive learning. The angular-margin
objective increases the separation between different machine condi-
tions, while the contrastive objective encourages samples from the
same condition to form compact clusters. This system focuses on
learning a discriminative representation of normal machine sounds.
By constructing a compact and separable embedding space, the OS-
SCL system provides a strong baseline for unsupervised anomalous
sound detection under domain-shift conditions.

3.4. System2

The BEATs-GRL system uses BEATs as the backbone and in-
troduces a gradient reversal layer[12] during training. The pre-
trained BEATs encoder provides transferable acoustic representa-
tions, while the GRL-based strategy is used to enhance the learn-
ing of domain-specific features. This system is designed to model
acoustic variations associated with different machine operating con-
ditions and recording domains. Compared with the OSSCL system,
the BEATs-GRL system emphasizes domain-related representation
learning and provides complementary information for anomaly de-
tection.

3.5. System3

The ANC-enhanced system introduces a denoising front-end before
anomalous sound detection. The input waveform is first processed
by the ANC module to reduce background noise and recording in-
terference. The enhanced waveform is then fed into the downstream
anomalous sound detection system,The other configuration is the
same as that of System1.
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3.6. System4

The fourth system is an ensemble system constructed from the OS-
SCL and BEATs-GRL systems. Ensemble learning[13] has been
widely used to improve robustness and generalization by combin-
ing multiple base systems. In this work, the ensemble system is
included as one of the submitted systems.

4. RESULTS

The performance of the submitted systems is evaluated on the devel-
opment set using the official evaluation metric. The harmonic mean
of AUC-s, AUC-t, and pAUC is used as the overall score. The de-
velopment set results are used for system analysis and parameter
selection, while the final ranking of the challenge is determined by
the hidden evaluation set.

On the development set, the OSSCL system obtains an hmean
score of approximately 63.8%. The BEATs-GRL system obtains an
hmean score of approximately 62.8%. The ANC-enhanced system
obtains an hmean score of approximately 62.9%. The OSSCL-GRL
ensemble system obtains an hmean score of approximately 65.8%.
These results provide a reference for comparing the submitted sys-
tems under the development-set protocol.

Overall, the development-set results show that the submitted
systems exhibit different behaviors under the same evaluation pro-
tocol. The OSSCL system represents discriminative fine-tuning
of pre-trained audio models, the BEATs-GRL system represents
domain-specific feature learning, the ANC-enhanced system inves-
tigates denoising-based input enhancement, and the ensemble sys-
tem is included as one of the submitted systems. Detailed results for
AUC-s, AUC-t, pAUC, and machine-level performance will be re-
ported in the final result table2.In addition, the two-channel setting
suggests another possible direction beyond the submitted systems.
Multi-channel extension strategies, such as inserting cross-channel
interaction modules into pre-trained audio encoders, may allow the
model to exploit synchronized near- and far-microphone recordings
during training. Although this direction is not included in the cur-
rent submitted systems, it remains a promising extension for noise-
aware anomalous sound detection and will be further investigated
in future work.
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Table 2: Performance comparison of systems across machine types

Machine Metric baseline-MSE baseline-MAHALA System 1 System 2 System 3 System 4

bearingEmu AUCs 62.34 65.92 60.98 60.14 61.38 60.82

AUCt 59.56 62.28 64.64 62.78 64.14 64.24

pAUC 59.85 60.42 58.11 60.53 57.00 60.32

fan AUCs 61.45 60.00 80.22 58.28 83.96 73.12

AUCt 46.94 45.09 43.38 51.96 41.00 45.82

pAUC 53.33 52.29 49.11 51.05 49.26 51.47

gearboxEmu AUCs 68.23 74.48 75.58 63.70 75.92 73.90

AUCt 49.78 52.74 66.10 79.10 65.86 78.74

pAUC 52.94 53.97 58.74 61.00 58.16 59.26

sliderEmu AUCs 67.25 66.36 73.12 54.80 71.52 66.04

AUCt 45.05 49.18 61.12 56.28 59.84 59.76

pAUC 50.38 50.36 52.00 49.74 51.79 50.79

ToyCar AUCs 75.62 77.28 71.80 75.94 70.00 77.30

AUCt 37.87 53.17 78.38 77.78 75.00 82.58

pAUC 54.03 58.25 61.21 65.16 56.79 66.58

ToyCarEmu AUCs 69.62 69.49 66.98 58.84 67.62 68.14

AUCt 61.20 66.62 89.50 84.64 90.28 87.14

pAUC 55.89 53.47 61.11 55.68 59.58 62.21

valveEmu AUCs 67.74 56.60 72.34 70.10 72.14 76.84

AUCt 68.78 56.50 70.08 88.00 68.18 82.46

pAUC 55.08 50.20 64.00 69.21 64.53 73.79

Official Score 56.66 57.66 63.86 62.85 62.97 65.80


