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ABSTRACT

This report describes the VUI Labs submission to DCASE 2026
Challenge Task 2 on noise-aware anomalous sound detection. The
submission focuses on dual-channel modeling for paired near-field
and far-field machine recordings. We combine single-channel
self-supervised representations with channel-interaction variants
that use reference-channel information to stabilize noisy-channel
anomaly scoring. Four systems are submitted, including two single-
model systems and two score-level fusion systems. The best sub-
mitted system achieves a harmonic mean of 66.39% on the devel-
opment dataset.

Index Terms— DCASE Challenge, anomaly detection, dual-
channel modeling, pre-trained models, noise-robust detection

1. INTRODUCTION

The DCASE 2026 Challenge Task 2 [1] focuses on noise-aware
anomalous sound detection (ASD) under dual-channel recording
conditions. The task builds on prior machine-sound ASD datasets
and baselines, including ToyADMOS2 [2], MIMII DG [3], and
first-shot ASD for machine condition monitoring [4]. Each machine
provides paired near-field and far-field recordings, simulating prac-
tical deployment scenarios where microphones observe the same
machine from different acoustic positions.

The key emphasis of this year’s task is therefore not only do-
main generalization across machine sections, but also noise-aware
scoring from paired channels. A robust system should exploit
the relatively reliable near-field evidence and the noisier far-field
evidence without allowing either channel to dominate the final
anomaly decision.

Compared with a single-channel benchmark, this paired-
channel setting introduces additional modeling issues:

e Channel reliability mismatch. The two channels describe the
same machine event, but their reliability can differ from ma-
chine to machine and from recording to recording.

e Far-field noise interference. The far-field channel may con-
tain environmental sound and propagation effects that are not
directly related to machine condition.

e Decision stability. The anomaly detector must prevent
channel-dependent artifacts from dominating the final anomaly
decision.

The paired-channel setting changes the role of representation
learning. A model must detect anomalies from both channels, but
the two channels are not equally reliable. The near-field signal usu-
ally preserves machine-specific structure, while the far-field signal
is more affected by environmental noise and propagation effects. A
robust system should therefore use the two channels jointly without
forcing them to be identical.

The VUI Labs submission emphasizes this channel-aware view.
We use self-supervised audio representations [l 6] as the base
acoustic encoder and build several dual-channel variants on top of
the encoder. The channel-interaction modules are kept lightweight
and are used to exchange reference information between the paired
recordings. The final systems combine single-channel and dual-
channel evidence at the score level, so that channel-specific errors
do not dominate the submitted score.

The remainder of this report is organized as follows. Section 2]
outlines the dual-channel methodology. Section[3|describes the four
submitted systems. Section[d] presents development-set results.

2. METHODS

2.1. Pre-trained Audio Backbones

We leverage self-supervised pre-trained audio models to extract
acoustic representations from machine recordings. The submitted
systems use BEATS [3] as the external pre-trained model. The au-
dio waveform is segmented into fixed-duration clips and converted
to spectral features. Spectral augmentation [7] is applied during
training to reduce sensitivity to local time-frequency corruption.

The backbone outputs are pooled into utterance-level embed-
dings. These embeddings are optimized with proxy labels derived
from machine identity, section, and available condition informa-
tion. Prior ASD work has shown that adapting pre-trained audio
models is an effective way to improve generalized anomaly detec-
tion [8, 19, [10} [11]]; here, we extend this idea to a paired-channel
benchmark.
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Table 1: Results of four submitted systems on the development set

Machine Metric  System 1  System2 System3  System 4
AUC_s 60.28 63.88 65.98 64.46
bearineEmu AUC_t 61.66 63.34 65.40 63.30
& pAUC 54.42 58.84 58.74 60.00
hmean 58.61 61.94 63.20 62.53
AUC_s 85.76 55.66 75.10 59.72
fan AUC_t 71.18 66.20 67.54 62.42
pAUC 61.63 54.05 64.16 57.21
hmean 71.54 58.17 68.64 59.71
AUC_s 75.64 67.30 76.06 69.14
carboxEmu AUC_t 74.22 64.20 75.02 65.06
& pAUC 62.05 55.26 63.32 54.58
hmean 70.08 61.82 70.97 62.30
AUC_s 57.96 57.40 62.06 58.32
sliderEmu AUC_t 61.60 59.64 63.80 61.06
pAUC 51.84 51.89 50.53 50.37
hmean 56.84 56.12 58.16 56.20
AUC_s 67.50 70.68 72.10 70.88
TovCar AUC_t 66.58 76.00 75.34 80.10
Y pAUC 57.95 62.42 63.89 64.05
hmean 63.71 69.24 70.10 71.08
AUC_s 57.58 71.70 72.14 71.22
TovCarEmu AUC_t 85.44 74.40 83.60 74.36
Y pAUC 49.21 55.47 57.42 53.68
hmean 60.74 66.06 69.38 65.05
AUC_s 63.14 64.72 67.34 66.36
alveEm AUC_t 70.34 74.36 77.58 76.68
valveEmu - ,AuC 5047 56.84 57.11 61.21
hmean 60.16 64.53 66.30 67.50
AUC_s 66.84 64.48 70.11 65.73
Overall AUC_t 70.15 68.31 72.61 69.00
pAUC 55.37 56.40 59.31 57.30
hmean 62.68 62.27 66.39 63.15

Results are reported for the submitted file-level scores. Overall AUC_s,
AUC-._t, and pAUC are arithmetic means over the listed machines, while
Overall hmean is the official harmonic mean. AUC_s and AUC_t denote
source and target domain AUC, respectively.

2.2. Dual-Channel Representation

For each recording pair, the model receives a near-field channel and
a far-field channel. We process the two channels with shared or
partially shared encoders, depending on the branch. Shared encod-
ing keeps the representation space aligned across channels, while
channel-interaction branches model channel-dependent noise pat-
terns.

The dual-channel branches use lightweight interaction modules
after the backbone feature extraction stage. In these branches, one
channel provides a reference for the other channel. The interac-
tion can be viewed as a feature-space conditioning step rather than
a waveform enhancement step. This choice avoids reconstructing
clean audio and keeps the anomaly detector focused on representa-
tion quality.

We treat the near-field channel as a stable reference rather than
as a replacement for the far-field channel. The goal is not to remove

all channel differences, because some differences are useful for
judging whether a recording is reliable. Instead, the dual-channel
representation is encouraged to preserve shared machine-condition
information and suppress channel-specific disturbances. This de-
sign also keeps the output compatible with the same distance-based
scoring backend used by the single-channel system.

2.3. Gating and Attention Variants

We explore multiple channel-interaction variants. One group uses
soft gating to regulate how much information from each channel
contributes to the final embedding. Another group uses attention-
like interaction [12} [13]] to exchange contextual information be-
tween channel features.

At the system level, these variants serve the same purpose: they
reduce the effect of unreliable channel evidence while preserving
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machine-specific cues. This is especially important for low false-
positive-rate pAUC, where a small number of noisy normal record-
ings can strongly affect the final metric.

The gating variants are used to adjust the contribution of each
channel at the representation level. The attention-style variants are
used to align channel evidence before score computation. Both
groups are designed as small additions on top of the pre-trained
encoder, so the main acoustic representation remains driven by self-
supervised pre-training and task adaptation. This keeps the channel
modeling focused on reliability estimation rather than on learning a
new acoustic model from scratch.

2.4. Anomaly Detection and Fusion

After training, anomaly scores are computed through nearest-
neighbor distance-based methods in the learned embedding space.
The normal training samples form a machine-wise reference set.
For each test recording, the detector compares its embedding with
the reference set and converts the distance evidence into an anomaly
score.

The final fusion systems combine selected single-channel
and/or dual-channel branches by weighted score averaging. The
reported fusion composition follows the branches retained in the
submitted weighted average. Since the branches make different
errors across machine types, score-level fusion provides a simple
mechanism to preserve useful single-channel behavior while adding
channel-aware robustness.

All branches produce file-level anomaly scores, allowing the
same evaluation interface to be used for single-channel, dual-
channel, and mixed fusion systems.

3. SUBMITTED SYSTEMS

We submit four systems, consisting of two single-model systems
and two score-level fusion systems.

e System 1: a single BEATs backbone system with ArcFace fine-
tuning and KNN-style anomaly scoring.

e System 2: a single dual-channel Gumbel-gating system [14].

e System 3: a fusion system composed of a single-channel
BEATS ArcFace reference, a dual-channel co-attention branch,
and a dual-channel Gumbel-gating branch.

e System 4: a compact fusion system composed of the dual-
channel co-attention and Gumbel-gating BEATs branches.

The four systems are organized as a progression. System 1 is
the single-channel reference system and fixes the basic represen-
tation and scoring interface. System 2 introduces explicit dual-
channel gating while keeping a single-model submission. Sys-
tem 3 combines the single-channel reference with co-attention and
Gumbel-gating branches. System 4 removes the single-channel
reference and focuses on the two retained dual-channel BEATSs
branches, which isolates the contribution of channel-aware mod-
eling in a compact fusion setting.

4. EXPERIMENT RESULTS

Performance is measured using source-domain AUC (AUC.s),
target-domain AUC (AUC.t), partial AUC at 0-0.1 false positive
rate (pAUC), and their harmonic mean. Table [I] presents the per-
machine breakdown for all four systems.

Challenge

The result table is intended to compare channel-use strategies
rather than individual architectural details. System-level differ-
ences should be interpreted together with the submitted-system de-
scriptions: the single-channel reference establishes the baseline set-
ting, while the dual-channel and mixed systems test whether paired
recordings provide more stable anomaly evidence under the same
evaluation metrics.

5. CONCLUSION

This report presented the VUI Labs submission to DCASE 2026
Task 2. The submission emphasizes dual-channel machine sound
modeling, combining single-channel self-supervised representa-
tions with channel-interaction branches. The best score-fusion sys-
tem attains a harmonic mean of 66.39% on the development set.
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