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ABSTRACT

This technical report describes our submitted system for
DCASE?2026 Challenge Task2, Noise-aware Unsupervised Anoma-
lous Sound Detection for Machine Condition Monitoring. The sys-
tem is based on a pre-trained BEATS representation and a pseudo-
clean distillation strategy for two-channel machine-sound record-
ings. In the first stage, ILRMA-based blind source separation is
applied to the two-channel recordings to obtain pseudo-clean wave-
forms, which are used to adapt a BEATs teacher model. In the
second stage, the fixed teacher supervises a student model trained
on the original two-channel recordings. The student model con-
sists of a neural enhancement front-end, a shared BEATs encoder,
an enhanced-mixture sequence fusion module, and attentive statis-
tics pooling. Utterance-level embeddings extracted by the student
model are finally scored by a KNN backend with cosine distance.
The submitted system achieves an official score of 62.27% on the
development set.

Index Terms— Anomalous sound detection, machine condi-
tion monitoring, BEATSs, two-channel audio, pseudo-clean distilla-
tion, KNN

1. INTRODUCTION

DCASE2026 Challenge Task2 [1, 2, 3, 4] focuses on noise-aware
unsupervised anomalous sound detection for machine condition
monitoring. The task follows the first-shot unsupervised ASD set-
ting of previous DCASE Task2 challenges, while introducing syn-
chronized two-channel recordings captured at different distances
from the target machine. The main task characteristics are sum-
marized as follows:

e Unsupervised ASD: only normal machine sounds are avail-
able for training, and unknown anomalous sounds are detected
at test time.

e Domain generalization: the system should be robust to dis-
tribution shifts caused by operating states, machine attributes,
recording environments, and background noise.

e Unseen machine types: the machine types in the development
and evaluation sets are different.

e Attribute availability: systems should work for machines
with and without attribute information.

o Two-channel recording: both training and inference use syn-
chronized near- and far-microphone recordings.

The two-channel setting provides useful acoustic information
for noise-aware representation learning. The near-channel signal

usually contains stronger target-machine components, while the far-
channel signal reflects different interference and recording charac-
teristics. In this work, we exploit this setting through a pseudo-clean
teacher-student framework.

The proposed system first constructs a pseudo-clean teacher us-
ing blind-source-separated signals. The fixed teacher is then used
to supervise a student model trained on the original two-channel
recordings. The student combines a neural enhancement front-end
and an enhanced-mixture sequence fusion module. At inference
time, only the student model is used, and anomaly scores are com-
puted by a KNN backend in the embedding space.

2. PROPOSED ASD SYSTEM

2.1. System architecture

The submitted system consists of a pseudo-clean teacher, a two-
channel student model, and a KNN backend. Figure 1 shows the
overall framework.

In the first stage, a BEATS [5] teacher is adapted using pseudo-
clean waveforms derived from the two-channel recordings. In the
second stage, the fixed teacher provides response-level supervision
for a student model trained on the original two-channel recordings.
The student model is used to extract embeddings for the submitted
anomaly scores.

2.2. Backbone

We employ BEATS as the acoustic representation backbone. Given
a waveform x, the BEATs encoder extracts a sequence of acoustic
tokens,

H = fz(x), (€]
where fg(-) denotes the BEATs encoder. The token sequence is
summarized by attentive statistics pooling (ASP) [6], followed by a
projection layer:

z = fp (ASP(H)). ()

LoRA [7] is used for parameter-efficient adaptation of the pre-
trained BEATSs model. During training, a sub-center classification
head is attached to the embedding layer as an auxiliary objective.
The classification head is discarded during anomaly scoring.

2.3. Pseudo-clean teacher adaptation

For each two-channel recording, ILRMA-based blind source sepa-
ration [8] is applied to obtain a pseudo-clean waveform xp.. The
separated waveform is used as an auxiliary acoustic view for adapt-
ing the teacher model.
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Figure 1: Overview of the proposed pseudo-clean distillation guided two-channel BEAT'S system.

The teacher embedding is computed as
Zrea = [ (ASP (5" (25c))) , ©)

where the superscript tea denotes the teacher branch. The teacher is
trained with the auxiliary sub-center classification objective. After
the first stage, the teacher parameters are fixed.

2.4. Two-channel student model

The student model is trained using the original two-channel record-
ing. A neural enhancement front-end estimates an enhanced wave-
form zenn from the two-channel input. In parallel, the near-channel
mixture is retained as a mixture-reference signal x,,,. The enhanced
signal and the mixture-reference signal are encoded by a shared
BEATS student encoder:

Henn = f]?;tu (xenh)7

where the superscript stu denotes the student branch.
The two token sequences are combined by a sequence-level fu-
sion module:

Ho = 5" (zm), “

Hfus = ffus (Henh7 Hm) . (5)
The student embedding is obtained as
Zseu =[5 (ASP(Hius)) - (6)

The enhanced branch is used to suppress acoustic interference,
while the mixture-reference branch preserves the original machine-
sound characteristics. Their sequence-level fusion provides the rep-
resentation used for anomaly scoring.

2.5. Distillation-based fine-tuning

During the second stage, the fixed teacher receives xpc, while the
student receives the original two-channel recording. Let oOtes and
ostu denote the teacher and student logits, respectively. Their soft-
ened posterior distributions are defined as

p7) = softmax (%> . pT) = softmax (Osm) , (D
T T

where 7 is the distillation temperature. The student training objec-
tive is

L = Lscac + AkpT KL (pEZinéZﬂ) + AseLsE.- 8)

Here, Lscac is the student classification loss [9], Lsg is the
waveform-level enhancement loss with respect to the pseudo-clean
waveform, and the KL-divergence term transfers the teacher re-
sponse to the student [10]. The teacher is not updated in this stage.

2.6. KNN backend

For anomaly scoring, embeddings of normal recordings are stored
as machine-wise reference libraries. Given a test recording x, the
cosine distance between its student embedding Zstu (z) and a refer-
ence embedding z; is

zsou(z) " 24

d(zstu(z),2:) =1 — —— .
(@), 20) = 1= @) Tl

(C)]

The anomaly score is calculated by a KNN backend [11]:

1

A@) =1 > dlzsw(),2:), (10)

2 €N ()

where Ny (z) denotes the set of k nearest reference embeddings.
We use k = 1 in the submitted system.

2.7. Implementation details

The training segment length is set to 12 s. For embedding extrac-
tion, valid-length masks are used to prevent padded samples from
contributing to the utterance-level representation. For the BEATS
frontend, 128-dimensional filter-bank features are extracted using
a 25-ms frame length, a 10-ms frame shift, and a Hamming win-
dow. The projection dimension of the BEATs backend is set to 128,
and the hidden dimension of attentive statistics pooling is also set
to 128. LoRA adaptation is applied to the query and value projec-
tion modules of BEATS, with rank 64. The sub-center classification
head uses 16 sub-centers per class during training. For anomaly
scoring, we use a KNN backend with £ = 1 and cosine distance.
Score normalization is applied to the final anomaly scores of the
development-selected submitted system.

2.8. Submitted systems

We submitted two variants based on the same pseudo-clean distil-
lation guided BEATSs framework. The two variants share the same
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Table 1: Development-set performance for each machine type.

Machine Metric Baseline Our system
Mahala MSE

bearingEmu AUC (source) 64.16% 61.56% 58.58%
AUC (target) 58.80% 57.70% 58.90%
pAUC 60.16 % 59.63% 52.42%
fan AUC (source) 60.88% 61.32% 74.10%
AUC (target) 45.40% 47.02% 61.18%
pAUC 52.37% 53.26% 59.42%
gearboxEmu AUC (source) 75.94% 70.44% 68.02%
AUC (target) 51.60% 49.02% 80.70 %
pAUC 52.79% 51.79% 57.21%
sliderEmu AUC (source) 70.28 % 64.60% 64.90%
AUC (target) 47.20% 40.70% 59.68 %
pAUC 49.84% 50.53% 52.11%
ToyCar AUC (source) 79.12% 76.34% 75.06%
AUC (target) 53.30% 37.04% 88.52%
pAUC 58.68% 53.63% 65.84%
ToyCarEmu AUC (source) 67.88% 74.22% 55.74%
AUC (target) 71.50% 66.08% 78.98 %
pAUC 52.84% 56.63 % 48.89%
valveEmu AUC (source) 54.40% 69.90% 60.60%
AUC (target) 56.20% 69.60% 70.16 %
pAUC 49.26% 55.11% 50.21%
All (hmean) AUC (source) 66.56% 67.89% 65.44%
AUC (target) 53.78% 49.97% 69.53%
Official score 57.33% 56.41% 62.27%

model architecture, feature configuration, and KNN scoring back-
end, and differ in checkpoint selection and inference-time scoring
protocol.

System 1 uses the checkpoint from the last training epoch and
computes one file-level anomaly score for each recording. Valid-
length masks are used during embedding extraction to prevent
padded samples from affecting the utterance-level representation.

System 2 uses the checkpoint selected according to the
development-set performance. It follows the same embedding ex-
traction and KNN scoring framework, but applies an additional
multi-crop scoring strategy for ToyDrone recordings, whose du-
ration is longer than the training segment length. The crop-level
anomaly scores are aggregated into one file-level score.

In the following results, we report the development-set perfor-
mance of System 2, which is the development-selected submitted
system.

3. RESULTS

The systems are evaluated in terms of source-domain AUC, target-
domain AUC, pAUC, and the official score. Table 1 compares
the development-set performance of the proposed system with two
baseline scoring methods.

The proposed system substantially improves the harmonic-
mean target-domain AUC and the official score over the two base-
line scoring methods. In particular, large target-domain AUC gains
are observed for ToyCar, gearboxEmu, fan, and sliderEmu, suggest-
ing that the pseudo-clean distillation guided two-channel represen-
tation is effective under domain-shifted noise conditions. In con-
trast, the harmonic-mean source-domain AUC is not improved over
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the strongest baseline, indicating that the submitted system mainly
benefits target-domain generalization rather than uniformly improv-
ing all evaluation metrics.

4. CONCLUSION

This report presents a pseudo-clean distillation guided two-channel
BEATs system for DCASE2026 Task2. The system first adapts a
teacher model using pseudo-clean waveforms derived from two-
channel recordings. A student model is then trained on the original
recordings with teacher-student distillation, neural enhancement,
and enhanced-mixture sequence fusion. The final anomaly score is
obtained by a KNN backend in the student embedding space. The
proposed framework exploits the two-channel noise-aware setting
while retaining an inference procedure based on the original record-
ings. The development-set results show that the system mainly im-
proves target-domain robustness and the official score.
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