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ABSTRACT

This technical report describes our submission to DCASE 2026
Challenge Task 2: first-shot unsupervised anomalous sound detec-
tion for machine condition monitoring. The proposed system learns
compact representations from normal training recordings using a
dual-channel convolutional encoder followed by cross-channel at-
tention. The near- and far-microphone log-mel spectrograms are
encoded separately, exchanged through bidirectional cross-attention
layers, and averaged into a single normalized embedding. Anomaly
scores are computed without anomalous training data by fitting
Gaussian models to the training embeddings and using the mini-
mum Mahalanobis distance as the score. For the official evalua-
tion, we submit four systems that differ in model resolution and
checkpoint-ensemble strategy: two 128-bin mel ensembles and two
256-bin mel ensembles.

Index Terms— anomalous sound detection, machine condition
monitoring, domain generalization, cross attention, Mahalanobis
distance

1. INTRODUCTION

Anomalous sound detection (ASD) aims to detect abnormal oper-
ating sounds from machines using acoustic observations [1][2][3].
DCASE 2026 Challenge Task 2 [4] focuses on first-shot unsuper-
vised ASD under domain shifts and unseen machine types. In this
setting, only normal clips are available for training, the evaluation
machine types differ from those in the development set, and the
2026 data provide synchronized two-channel recordings captured
at different distances from the target machine.

Our submission is designed around two requirements. First, the
model must use both microphone channels while remaining robust
when one channel is noisier. Second, the scoring backend must be
applicable to unseen machine types without using anomalous val-
idation data. We therefore train machine-specific embedding ex-
tractors using only normal additional-training data, and use simple
density models in the learned embedding space for anomaly scor-
ing.

2. PROPOSED METHOD

2.1. Input features

All audio is resampled to 16 kHz and converted to log-mel spectro-
grams. The main configuration, denoted DCA-128, uses 128 mel
bins, an FFT size of 1024, and 1024 time frames per clip. The
higher-resolution configuration, denoted DCA-256, uses 256 mel

bins and an FFT size of 2048 while keeping 1024 time frames.
Machine-dependent hop sizes are used for machines with different
clip durations so that the temporal dimension remains fixed. Dur-
ing training, SpecAugment with two frequency masks and two time
masks is applied independently to both channels.

2.2. Dual-channel encoder

The embedding network contains a five-layer convolutional encoder
and two bidirectional cross-attention layers. Each channel is first
encoded by the same convolutional stack. For DCA-128, the en-
coder maps each input spectrogram to 1024 tokens with 256 chan-
nels; for DCA-256, the encoder preserves a larger frequency res-
olution and produces 2048 tokens. Cross-attention is then applied
in both directions: channel 0 attends to channel 1, and channel 1
attends to channel 0. Each attention block uses four heads, residual
connections, layer normalization, and a feed-forward subnetwork
with GELU activations and dropout.

The attended tokens are averaged over time-frequency positions
and projected to 256-dimensional embeddings. The two channel
embeddings are `2 normalized and averaged to obtain the final clip-
level representation. For machines where the far-channel signal
was found unreliable in prior development experiments, the second
channel can be replaced by a copy of the near channel; this policy
is fixed before evaluation.

2.3. Training objective

Models are trained separately for each evaluation machine type us-
ing only the corresponding normal training recordings. For ma-
chines with attribute information, each attribute group is treated as
a class and the training data are restricted to the source-domain sam-
ples. For machines without attributes, all available normal training
samples are used with a single machine-level class. When more
than one class is present, the embeddings are optimized with a Sub-
center ArcFace classification loss. In all cases, center loss is also
used to compact normal embeddings. The final loss is the average
over the two channel branches. We train with AdamW, mixed pre-
cision, gradient clipping, a 5-epoch warm-up, and cosine learning-
rate decay.

2.4. Anomaly scoring

After training, the neural network is used only as an embedding ex-
tractor. For machines without attributes, the training embeddings
are partitioned into three clusters by k-means, and one Gaussian
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Table 1: Submitted systems. “Fast LR” denotes training with a
cosine schedule whose full length is 30 epochs (fast decay). “Slow
LR” denotes training only to the saved epoch while using a slower
cosine schedule parameterized as a 100-epoch run (slow decay).

System Description

1 DCA-128 fast+slow LR ensemble. Average of DCA-
128 ep30 scores from both the fast-LR and slow-LR con-
figurations, over all seeds.

2 DCA-128 fast LR ensemble. Average of DCA-128
ep30 scores from the fast-LR configuration only, over all
seeds.

3 DCA-256 fast+slow LR ensemble. Average of DCA-
256 ep20 scores from both the fast-LR and slow-LR con-
figurations, over all seeds.

4 DCA-256 fast LR ensemble. Average of DCA-256
ep20 scores from the fast-LR configuration only, over all
seeds.

model is estimated per cluster. For machines with attributes, Gaus-
sian models are estimated per source-domain attribute group. The
ten target-domain normal samples are not used for discriminative
tuning; they are used only to add target-domain Gaussian centers
when the corresponding source attribute group exists. The covari-
ance matrix is regularized by adding 10−4I . When adding target-
domain centers, the source covariance is scaled using a chi-square
threshold so that the target normal samples are not over-penalized.

For a test embedding z, the anomaly score is

A(z) = min
k

(z − µk)T Σ−1
k (z − µk), (1)

where µk and Σk are the mean and covariance of the k-th normal
cluster. Larger scores indicate more anomalous clips. Binary de-
cisions are obtained by applying a fixed threshold to the submitted
anomaly scores; the threshold is not optimized on the evaluation test
labels. This scoring protocol follows the first-shot anomaly detec-
tion paradigm [5][6].

3. SUBMISSION SYSTEMS

The challenge allows up to four submitted systems. All four sys-
tems use the same architecture family, preprocessing, training loss,
and Mahalanobis scoring backend. They differ only in the mel res-
olution and in how checkpoint scores are averaged. For every ma-
chine, scores are first generated for ten random seeds: 42, 123, 456,
789, 1024, 2048, 3141, 4096, 5555, and 6789. Score-level averag-
ing is performed independently for each evaluation file.

The two DCA-128 configurations share the same 128-bin archi-
tecture but use different cosine learning-rate schedules. The fast-LR
configuration trains for 30 epochs with a 30-epoch cosine schedule
and saves ep10, ep20, and ep30 checkpoints. The slow-LR configu-
ration trains to ep30 with a 100-epoch cosine schedule and saves the
same checkpoints. The DCA-256 systems use the 256-bin architec-
ture. System 3 averages ep20 checkpoints from both the fast-LR
and slow-LR runs, while System 4 uses only the ep20 checkpoints
from the fast-LR DCA-256 run.

4. EXPERIMENTAL SETUP

The final models are trained on the additional training dataset re-
leased for DCASE 2026 Task 2. The evaluation set contains unla-
beled test clips for the same additional-training machine types, so
no evaluation labels are used for model selection, threshold tun-
ing, or score calibration. The machine types handled by the fi-
nal scoring scripts are BlowerDustCollector, Sander, SewingMa-
chine, ToothBrush, and ToyDrone. BlowerDustCollector, Sander,
and ToyDrone are treated as attributed machines, while SewingMa-
chine and ToothBrush are treated as no-attribute machines.

We do not use prohibited previous DCASE Task 2, ToyAD-
MOS, MIMII, MIMII DUE, or MIMII DG [7] data. The submitted
systems are trained from the provided DCASE 2026 normal train-
ing data only. No anomalous clips from development or evaluation
test sets are used for training.

5. RESULTS

Table 2 reports development-set results. The official score Ω is the
harmonic mean of all source-domain AUCs, target-domain AUCs,
and pAUCs across the seven development machine types. We com-
pare with the two official baselines: selective Mahalanobis (MA-
HALA) and simple autoencoder reconstruction error (AE). Our
DCA-128/DCA-256 spreadsheets did not include ToyCar and Toy-
CarEmu, so these two machines were completed by recomputing
the official metrics from the stored old-model scores in the DCA-
128 30-epoch checkpoints using the official recalculation script.

The submitted systems improve substantially on Fan and Gear-
boxEmu, while the official baselines remain stronger on Toy-
CarEmu, ToyCar, BearingEmu, and SliderEmu. This development
behavior motivated submitting multiple checkpoint and resolution
ensembles rather than relying on a single model selection criterion.

Because the official evaluation labels are not available to partic-
ipants at submission time, official evaluation-set AUC, pAUC, and
ranking scores cannot be reported here. The submitted anomaly-
score files follow the official format, with one anomaly score for
each evaluation test clip. The official score will be computed by the
organizers from the source-domain AUC, target-domain AUC, and
pAUC values for each machine section.

6. CONCLUSION

We presented a first-shot unsupervised ASD system based on
dual-channel cross-attention embeddings and Mahalanobis-distance
scoring. The method explicitly uses the synchronized near- and
far-microphone recordings provided in DCASE 2026 Task 2 while
keeping the scoring backend simple and label-free. Our four sub-
missions explore checkpoint and resolution diversity through score-
level averaging across seeds, training schedules, and mel resolu-
tions.
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