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ABSTRACT

DCASE2026 Task2 evaluates first-shot unsupervised anomalous
sound detection under unseen machine types and noisy two-channel
recordings. We submit four systems that share a common training,
embedding, and scoring pipeline: a trainable MultiResNet spectral
encoder, two adapted BEATs encoders, and a BEATs LoRA adap-
tation system. The first system can use channel 2 as a deterministic
far-field noise reference during inference preprocessing, while the
three BEATS systems are submitted with the raw channel-1 infer-
ence view. All systems use sub-cluster AdaCos supervision with
16 subclusters and cosine nearest-neighbor scoring against normal
training embeddings.

Index Terms— anomalous sound detection, machine condition
monitoring, pretrained audio models, ResNet, Wiener filtering

1. INTRODUCTION

Anomalous sound detection (ASD) for machine condition monitor-
ing aims to identify abnormal machine sounds when only normal
recordings are available for training. DCASE2026 Task2 combines
first-shot machine generalization with a noise-aware two-channel
recording setup [1, 2], building on ToyADMOS2, MIMII DG, and
first-shot ASD benchmarks [3, 4, 5]. A submitted system must there-
fore produce anomaly scores for hidden machine types using only
the released training recordings and the test recordings at inference
time.

Our submission is implemented in an ASDKit-style four-stage
pipeline of labeling, training, feature extraction, and scoring [6].
The four submitted systems use the same metadata-derived labels,
embedding objective, and backend. They differ in frontend rep-
resentation and adaptation mechanism: one system learns a Mul-
tiResNet spectral encoder, two systems adapt BEATs with different
discriminative fine-tuning settings, and the fourth uses BEATs with
LoRA adaptation [7, 12].

We reuse substantial implementation components from ASD-
Kit, including its public training, extraction, and scoring framework.
Our submission-specific choices are the selected four-system slate,
the adaptation settings, and the deterministic channel-2-aware pre-
processing choices used for the DCASE2026 submission.

Each frontend is trained on channel-1 audio with sub-cluster
AdaCos [8]. At inference time, normal training embeddings define
the machine reference set, and anomaly scores are computed with
cosine nearest-neighbor distance. Larger scores indicate greater dis-
tance from the normal reference set and therefore higher anomaly
likelihood.

2. PROPOSED SYSTEMS

2.1. Common training and scoring pipeline

All submitted models are trained on channel-1 recordings from the
DCASE2026 training data. Training follows the official normal-only
setting but converts available machine and section metadata into a
discriminative proxy-label objective. The embedding extractor is
optimized with sub-cluster AdaCos using 16 subclusters per class.
Mixup with probability 0.5 is applied during frontend training [9].

At inference time, embeddings are L.2-normalized before scor-
ing. The primary backend is a cosine k-nearest-neighbor scorer that
queries one neighbor from the source-domain reference pool and
one neighbor from the target-domain reference pool. Before fitting
the target-domain index, we apply light SMOTE augmentation with
a 10% oversampling ratio and two neighbors. The anomaly score is
the nearest-neighbor distance, with larger values indicating higher
anomaly likelihood.

The backend is fitted separately from the frontend training step.
For each machine section, normal training embeddings are divided
by domain metadata into source and target reference pools. With co-
sine scoring, embeddings are first normalized to unit length and then
queried with a Euclidean nearest-neighbor index, which is equiva-
lent to a monotonic cosine-distance score. When target-domain nor-
mal examples are available, the target reference pool is augmented
by SMOTE before nearest-neighbor fitting [10]; at test time, source
and target distances are computed separately and the smaller dis-
tance is used as the final anomaly score. This keeps the score di-
rection consistent across all four systems while allowing the same
backend to handle both source-like and target-like recordings.

2.2. MultiResNet spectral encoder

The first system uses the trainable MultiResNet frontend. Given
a waveform, the frontend computes one full-clip FFT branch and
three STFT branches with FFT sizes 256, 1024, and 4096, using hop
sizes 128, 512, and 2048. The STFT branches use linear-frequency
magnitude spectra from 200 Hz to 8 kHz. Each branch is encoded
by a ResNet-style convolutional network [11] with squeeze-and-
excitation blocks and mapped to a 128-dimensional branch embed-
ding; the branch outputs are concatenated into the final clip embed-
ding. The submitted System 1 output averages the raw, mild Wiener,
and strong Wiener inference views of this frontend.

2.3. BEATSs adaptation systems

Systems 2-4 use BEATs as a pretrained audio representation
[7]. Each restores the BEATs Iter3 checkpoint, disables BEATs
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Table 1: Development-set diagnostic scores (%).

Machine Metric  System | System?2 System 3 System 4

bearingEmu  AUC_s 59.04 60.92 59.08 57.20
AUC_t 54.76 50.84 51.68 56.40
pAUC 49.78 55.53 55.83 54.34

hmean 54.26 55.46 55.36 55.95
fan AUC_s 71.92 62.08 64.28 59.16
AUC_t 55.88 45.92 45.20 46.44
pAUC 5343 53.73 55.46 54.63

hmean 59.39 53.10 53.85 52.87

gearboxEmu  AUC_s 74.00 72.80 74.28 7432
AUC_t 74.52 65.00 67.80 66.32
pAUC 57.45 5391 55.43 53.62
hmean 67.66 62.93 64.86 63.58

sliderEmu AUC_s 75.84 68.60 68.72 68.28
AUC_t 75.52 56.56 57.80 58.40
pAUC 55.60 51.15 50.90 49.76
hmean 67.55 5791 58.25 57.84

ToyCar AUC_s 69.72 74.20 75.64 7432
AUC_t 76.76 83.56 80.32 81.04
pAUC 57.29 57.52 53.29 55.19
hmean 66.92 70.04 67.51 68.32

ToyCarEmu  AUC_s 65.84 58.84 58.48 56.88
AUC_t 96.52 84.96 85.64 85.16
pAUC 50.22 51.70 50.28 48.49
hmean 65.99 62.36 61.65 60.06

valveEmu AUC_s 98.60 96.24 96.36 97.92
AUC_t 86.32 86.20 84.84 89.40

pAUC 84.75 68.32 67.76 74.49
hmean 89.48 81.90 81.25 86.15
hmean AUC_s 72.01 68.83 69.17 67.48
AUC_t 71.58 63.72 63.96 65.58
pAUC 56.74 55.52 55.10 54.85

hmean 65.96 62.20 62.19 62.11

SpecAugment during task adaptation, and trains a sub-cluster Ada-
Cos embedding head for the machine-section proxy labels. System
2 uses low-learning-rate task adaptation with AdamW at 5 x 10~°
for 25 epochs. System 3 uses discriminative task fine-tuning for the
same duration with a learning rate of 10~%. System 4 uses BEATs
LoRA adaptation with rank 128 and a 40-epoch training schedule
[12].

For every submitted system, each score stream applies the same
sequence of waveform preprocessing, clip-level embedding extrac-
tion, L2 normalization, and shared KNN scoring. The MultiResNet
system changes the spectral representation and trainable ResNet en-
coder architecture. The BEATSs systems keep the pretrained audio-
tokenizer representation family fixed while changing the amount and
form of task adaptation. The backend interface is the same for all
four systems: it receives a matrix of normal training embeddings and
a matrix of test embeddings, then returns one continuous anomaly
score for each test clip.

2.4. Evaluation-time Wiener preprocessing

For Wiener-preprocessed score streams, the second channel is used
only as a noise reference for preprocessing [13]. Let X1 (f,¢) and
Xo(f,t) be the STFTs of the near-field and far-field channels after
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RMS matching. The Wiener-style gain is

e | Xa(f, 1)
G(fvt)_Chp (l_am7ﬂal>a (1)

and the frontend receives iSTFT(G(f, t) X1(f,t)). The mild branch
uses & = 0.5 and 8 = 0.05, and the strong branch uses « = 1.0 and
S = 0.01. This step is a deterministic channel-2-aware transform
before embedding extraction, not a separate trained model.

2.5. Output generation

For each submitted system, training embeddings are first extracted
from the normal recordings and fitted by the shared backend. Test
recordings are then passed through the selected preprocessing, fron-
tend, L2 normalization, and KNN scorer. The submitted score files
store one anomaly score per test clip and machine section. The re-
quired binary decision files are generated by a fixed per-machine
threshold rule: the threshold is the 0.9 quantile of normal training
scores and does not use the evaluation-test score distribution.

3. CONCLUSION

We submit four ASD systems for DCASE2026 Task2. The systems
consist of a MultiResNet spectral encoder, two BEATs adaptation
anchors, and a BEATs LoRA adaptation system. All systems use
the same sub-cluster AdaCos objective and cosine nearest-neighbor
backend.

For all four submission slots, the frontend produces a clip em-
bedding, the backend compares it with normal training embeddings,
and the resulting distance is submitted as the anomaly score. This
keeps the method path identical across systems while isolating the
representation change made by each submitted variant.
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