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ABSTRACT

This report describes the SATLab submission to DCASE 2026
Challenge Task 2 on noise-aware anomalous sound detection. The
central component of our system is a generative data augmentation
pipeline: we train a diffusion-based audio generator from scratch
on the challenge data to synthesize samples of rare working con-
ditions, and combine the screened synthetic samples with the real
recordings to alleviate the data imbalance and the source–target
domain gap. On top of this augmented training set, the submit-
ted systems use BEATs-based audio representations, Mahalanobis
and nearest-neighbor anomaly scoring, and score-level ensemble
selection. Four systems are submitted, including one single scor-
ing system and three ensemble systems. The best submitted system
achieves a development-set harmonic mean of 69.43%.

Index Terms— Anomalous Sound Detection, Generative Data
Augmentation, Diffusion Model, Ensembling

1. INTRODUCTION

The DCASE 2026 Challenge Task 2 [1] addresses noise-aware
anomalous sound detection for machine condition monitoring. The
task is related to prior machine-sound anomaly detection datasets
and baselines, including ToyADMOS2 [2], MIMII DG [3], and
first-shot anomaly detection for machine condition monitoring [4].
Prior systems for first-shot anomalous sound detection have shown
the value of pre-trained audio representations, score fusion, and data
augmentation [5, 6, 7, 8, 9]. In particular, self-supervised audio
models fine-tuned on machine sounds have become a strong back-
bone for this task [10, 11, 12, 13, 14].

A persistent difficulty in this task is the imbalance of the train-
ing set across working conditions and the domain gap between the
source and target domains: normal recordings for some operating
conditions are scarce, which limits how well distance-based de-
tectors can characterize the normal distribution. Motivated by re-
cent progress on generative audio modeling, we make generative
data augmentation the core of our system. We train a diffusion-
based generator from scratch on the challenge data, use it to syn-
thesize normal samples for under-represented working conditions,
and screen the synthetic samples before adding them to the train-
ing set. This augmentation is the main factor distinguishing the
SATLab submission from a plain BEATs [15] scoring baseline: all
submitted systems are trained on the augmented set, while the rest

of the pipeline (representation, scoring, and fusion) is kept deliber-
ately standard so that generative augmentation remains the defining
feature of the submission.

2. SYSTEM OVERVIEW

The SATLab pipeline has three stages. First, a generative aug-
mentation module enriches the training set with synthetic samples
of rare working conditions: a diffusion-based audio generator is
trained on the challenge data, used to synthesize samples of under-
represented working conditions, and the screened synthetic sam-
ples are combined with the real recordings to form the augmented
training set (Section 3). Second, a single self-supervised backbone,
BEATs [15], is fine-tuned on this augmented training set to pro-
vide acoustic representations (Section 4). Third, anomaly scores
are computed from the BEATs embeddings with distance-based
scoring methods, including Mahalanobis and nearest-neighbor vari-
ants, and the submitted ensemble systems combine multiple scoring
branches by weighted score-level fusion selected on the develop-
ment set (Sections 5 and 6).

A notable difference from our DCASE 2025 submission [5,
6], which adapted several self-supervised backbones in parallel
(BEATs [15], EAT [16], and a self pre-trained model) and combined
dozens of single models, is that the present system relies on a single
BEATs backbone. All submitted systems are trained on the gen-
eratively augmented set, and the diversity of the ensemble comes
from the scoring variants and the fine-tuning seeds rather than from
the backbone. Accordingly, this report keeps the representation and
scoring details at a high level and focuses on the generative aug-
mentation stage.

3. GENERATIVE DATA AUGMENTATION

Generative data augmentation is the central component of the SAT-
Lab system. Recent works have shown that synthesizing rare sam-
ples with diffusion-based models is effective for anomalous sound
detection [5, 9, 17, 18]. Following this line, we train a diffusion-
based audio generator from scratch on the challenge data, rather
than fine-tuning a large pre-trained text-to-audio model, so that the
generator stays close to the machine-sound domain and can be con-
ditioned directly on the working-condition labels of interest. Since
this year’s dataset provides both near-field and far-field recordings,
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we train the generator on both channels.

3.1. Conditional Diffusion Generator

The generator operates on a time–frequency representation of ma-
chine audio and is trained with the standard forward-noising and
reverse-denoising procedure of diffusion models [19, 20]. Genera-
tion is made controllable by conditioning the model on the working-
condition attributes together with the recording channel (the near-
field or far-field microphone), so that samples can be drawn for a
chosen machine type, operating condition, and channel. The gener-
ator targets the under-represented working conditions most respon-
sible for the source–target domain gap, and for each targeted condi-
tion we synthesize both near-field and far-field samples.

3.2. Sample Screening

Generated samples are not added to the training set directly. We
apply a screening step in which an auxiliary classifier, trained on
the original data, predicts the attribute label and confidence of each
generated clip. A sample is retained only when its predicted label
is consistent with the intended condition and its confidence falls
in a moderate range, so that the retained samples are both label-
consistent and sufficiently diverse rather than near-duplicates of the
real data. This screening trades off fidelity against diversity and is
important for the synthetic data to act as a useful supplement to the
real recordings.

3.3. Augmented Training

The screened synthetic samples are merged with the real recordings
to form the augmented training set on which the BEATs backbone is
fine-tuned (Section 4). The augmentation chiefly benefits machine
types and conditions whose target-domain data are scarce, where
the additional synthetic samples help the distance-based detectors
form a more complete model of the normal distribution. All sub-
mitted systems use this augmented training set, so the augmentation
underlies every scoring branch in the ensemble rather than being an
optional variant.

4. BEATS REPRESENTATION

4.1. Self-Supervised Backbone

Following the success of self-supervised learning (SSL) models on
machine anomalous sound detection [10, 11, 12, 13], we adopt
BEATs [15] as the acoustic backbone of the system. BEATs is a
Transformer audio encoder pre-trained on large-scale general au-
dio with acoustic tokenizers; its pre-trained representation transfers
well to machine sounds and serves as the SSL baseline on which
the rest of our pipeline is built. Whereas our previous systems fused
multiple SSL backbones to gain diversity, in this submission we
deliberately keep BEATs as the only backbone and instead obtain
diversity from the scoring stage and the data augmentation, so that
the representation is a stable reference across all submitted systems.

4.2. Fine-tuning

The pre-trained backbone is general-purpose, so we adapt it to ma-
chine sounds by fine-tuning it as an attribute classifier on the chal-
lenge data, where the classification label is formed from the ma-
chine type, section, the available operating-condition attributes, and

the recording channel, so that the near-field and far-field versions
of the same condition form distinct classes and the backbone is
encouraged to encode the channel difference rather than collapse
it. An attentive statistical pooling layer is appended to the back-
bone to produce an utterance-level embedding, and the backbone
is fine-tuned end-to-end on the generatively augmented training set
described in Section 3.

5. ANOMALY SCORING

Given a fine-tuned BEATs backbone, anomaly scores are com-
puted in the embedding space with distance-based detectors. For
each machine type and section we extract the embeddings of the
normal training samples and store them in memory banks, keep-
ing the source-domain and target-domain samples separate so that
the scarcity of target-domain data does not bias the source-domain
statistics. Two scoring variants are used. The nearest-neighbor
(KNN) variant scores a test clip by its distance to the nearest stored
normal embedding, while the Mahalanobis variant scores it against
a normal distribution estimated from the stored embeddings, which
accounts for the covariance of the normal class. The two variants
are complementary, and both are kept as branches for the ensemble.

6. SUBMITTED SYSTEMS

All submitted systems are built on BEATs backbones fine-tuned on
the generatively augmented training set. They differ along two axes:
the scoring variant (Mahalanobis or KNN) and the fine-tuning seed,
together with the number of branches that are fused. Score-level fu-
sion linearly combines the anomaly scores of the selected branches,
and the fusion coefficients are chosen on the development set. We
submit four systems:

• System 1: a single BEATs/Mahalanobis scoring system, serv-
ing as the single-branch baseline.

• System 2: a seven-subsystem KNN-based ensemble system.
• System 3: a nine-subsystem Mahalanobis ensemble system.
• System 4: a twelve-subsystem ensemble combining Maha-

lanobis and KNN-based scoring branches.

System 1 uses a single scoring branch, whereas Systems 2–4 fuse
increasingly many branches and combine the two scoring variants,
so that the comparison across the four systems reflects the effect
of the scoring fusion and the ensemble size on top of the shared
augmented backbone.

7. EXPERIMENT RESULTS

The submitted systems are trained on the generatively augmented
training set and evaluated on the DCASE 2026 Task 2 development
set. Table 1 presents the per-machine and overall results of the four
submitted systems, where the overall performance is summarized
by the harmonic mean (hmean) over all machine-level AUC and
pAUC values. The best performing system, System 4, which fuses
the Mahalanobis and KNN scoring branches, achieves an overall
hmean of 69.43% on the development set.
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Table 1: Development-set results (%) of the SATLab submitted systems.

Machine Metric System 1 System 2 System 3 System 4

bearingEmu

AUC s 66.18 68.12 65.32 67.24
AUC t 60.94 66.32 64.24 64.20
pAUC 57.16 61.89 56.79 60.84
hmean 61.21 65.34 61.88 63.99

fan

AUC s 72.26 88.60 79.98 90.16
AUC t 60.86 69.74 66.26 71.62
pAUC 57.05 62.84 59.58 65.79
hmean 62.76 72.22 67.60 74.53

gearboxEmu

AUC s 80.30 78.40 78.80 79.84
AUC t 86.08 80.52 83.08 82.32
pAUC 72.42 66.79 71.42 68.74
hmean 79.20 74.73 77.46 76.49

sliderEmu

AUC s 59.28 61.34 60.90 62.02
AUC t 57.78 66.86 62.06 66.76
pAUC 50.37 51.53 50.95 51.84
hmean 55.53 59.21 57.51 59.53

ToyCar

AUC s 69.42 68.08 74.38 72.16
AUC t 80.04 82.68 78.72 80.34
pAUC 62.68 64.05 62.79 63.58
hmean 70.01 70.76 71.30 71.37

ToyCarEmu

AUC s 81.60 61.90 82.02 71.38
AUC t 90.86 91.38 92.26 94.08
pAUC 66.37 51.53 67.79 54.21
hmean 78.27 64.51 79.40 69.63

valveEmu

AUC s 68.00 74.14 70.14 73.32
AUC t 71.42 85.50 77.88 85.54
pAUC 53.00 67.53 54.11 65.58
hmean 63.06 75.01 65.82 73.93

Overall

AUC s 71.01 71.51 73.08 73.73
AUC t 72.57 77.57 74.93 77.84
pAUC 59.86 60.88 60.49 61.51
hmean 66.15 68.37 67.92 69.43

Overall AUC s, AUC t, and pAUC are arithmetic averages over ma-
chine types. Overall hmean is computed as the harmonic mean over all
machine-level AUC and pAUC values.

8. CONCLUSION

This report presented the SATLab submission to DCASE 2026
Task 2. The core of the system is a generative data augmenta-
tion pipeline built around a diffusion-based generator trained from
scratch, which synthesizes and screens samples of rare working
conditions to alleviate the training-set imbalance and the source–
target domain gap. On top of the augmented training set, the
systems combine BEATs representations, Mahalanobis and KNN-
based scoring, and score-level fusion. The best submitted system
achieves a development-set harmonic mean of 69.43%.
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