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ABSTRACT

This technical report presents a method for DCASE 2026 Challenge
Task 2, which focuses on unsupervised anomalous sound detection
under noisy two-channel recording conditions. The key challenge
is how to effectively exploit multi-channel information and improve
memory-bank based anomaly scoring. We exploit the multi-channel
nature of the dataset by constructing multiple channel embedding
branches, including single-channel, mono, and inter-channel differ-
ence representations. To improve nearest-neighbor based anomaly
scoring, we refine source and target memory banks with graph
smoothing, align test samples to the refined memory structure at
inference time, and apply local-density normalized KNN scoring.
Finally, scores from multiple pretrained encoder branches are fused
at the score level. On the DCASE 2026 development set, the pro-
posed system achieves an official score of 0.661203, outperform-
ing both the official baseline and the GenRepASD baseline. Ex-
perimental results show that multi-channel branch construction is
the main contributor, while graph refinement, test-time graph align-
ment, and density-normalized KNN score provide additional con-
sistent gains. Our source code is available at https://github.
com/infolence/DCASE2026_Task2.git.

Index Terms— Anomalous sound detection, Machine condi-
tion monitoring, DCASE challenge

1. INTRODUCTION

Anomalous sound detection (ASD) aims to identify abnormal ma-
chine conditions from acoustic signals [1][2]. It is an important
technique for machine condition monitoring, especially in scenar-
ios where collecting sufficient anomalous samples is difficult or im-
practical [3]. DCASE Task 2 focuses on unsupervised ASD, where
only normal training samples are available and the system must as-
sign anomaly scores to unseen test recordings [4]. This setting is
challenging because the model needs to capture the distribution of
normal operating sounds while remaining sensitive to subtle acous-
tic deviations caused by abnormal machine states.

Recent approaches have shown that pretrained audio encoders
can provide strong general-purpose representations for ASD [5].
Instead of training a task-specific model from scratch, Gen-
RepASD [6] methods use frozen audio encoders to extract embed-
dings and perform memory-bank based nearest-neighbor scoring.
These methods are simple and effective, but they mainly rely on
the quality of frozen representations and the raw distance between

a test embedding and normal training embeddings. As a result, the
scoring process may be sensitive to domain mismatch, sparse target-
domain samples, and local variations in the normal embedding dis-
tribution.

The DCASE 2026 Task 2 dataset introduces multi-channel
recordings, which provide additional spatial and inter-channel in-
formation compared with single-channel audio [7][8]. However,
directly averaging the two channels into a mono waveform may dis-
card useful discrepancy cues between channels. Motivated by this
observation, we construct channel branches from the two-channel
input. In addition to the first-channel and mono embeddings, we
use the absolute difference between channel embeddings to cap-
ture inter-channel acoustic discrepancies. These complementary
branches are later combined through score-level fusion.

Beyond channel branch construction, we also improve the
memory-bank scoring process. We refine source and target normal
memory banks using graph smoothing, so that each normal embed-
ding can incorporate information from its local neighbors. At infer-
ence time, each test sample is softly attached to the refined memory
structure before scoring. Finally, we introduce local-density nor-
malized KNN scoring, which adjusts the test-to-memory distance
according to the density around the nearest normal memory node.
This allows the system to distinguish deviations in dense normal
regions from those in sparse regions more effectively.

Our contributions are summarized as follows:

e We extend a frozen-encoder memory-bank ASD framework
with channel branch construction for multi-channel machine
sounds.

e We improve memory-bank based anomaly scoring with graph-
based memory refinement, Test-time Graph Alignment, and
local-density normalized KNN scoring.

2. DATASET

We use only the official dataset provided for DCASE 2026 Task
2. The task dataset consists of a development dataset, an addi-
tional training dataset, and an evaluation dataset. The development
dataset contains two-channel recordings from seven machine types,
with each clip lasting 10 or 12 seconds and including both target-
machine sounds and environmental noise. Channel 1 is recorded by
a microphone placed near the target machine, whereas channel 2 is
recorded farther away. The training data are organized into source
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Figure 1: Overview of the proposed model.

and target domains, and only normal samples are provided for train-
ing, while the test data contain both normal and anomalous samples.
The additional training dataset and the evaluation dataset also con-
tain machine operating sounds, but their machine types are different
from those in the development dataset. In this work, we use the de-
velopment set to evaluate the proposed system and compare it with
the official baseline [9].

3. PROPOSED METHOD

3.1. Overview

Our system follows a frozen-encoder memory-bank based anomaly
detection framework, as show in Fig. 1. Given input audio clip,
we first extract embedding using pretrained audio encoders without
updating their parameters. The normal training samples are then
stored as source and target memory banks. To get the information
of nearest-neighbor embedding, we further refine the memory banks
with graph smoothing, attach each test sample to the refined graph
at inference time, and finally apply local-density normalized KNN
scoring.

3.2. Channel Branch Construction

Since the DCASE 2026 data contain two-channel recordings, we
explicitly construct multi-channel branches. Let z; and z2 denote
the two input channels. For a frozen encoder f(-), the correspond-
ing embeddings are

f(x2), ey

where x1 and x2 are the first and second audio channels, f(-) is
a frozen pretrained audio encoder, and z; and 22 are the extracted
embeddings.

21 :f(x1)7 2 =

To exploit inter-channel discrepancy, we construct an absolute-
difference branch:
zait = |21 — 22|, 2)
where z4ig denotes the inter-channel difference embedding, and | - |
is the element-wise absolute value.
Each branch independently produces an anomaly score, and the
final anomaly score is obtained by weighted score-level fusion:

SBEATs = W1SBEATs.chl + W2SBEATSs. diff , (3)
SCED = W3SCED.diff T W4SCED_mono, “4)
Sfinal = SBEATs + SCED, 5)

where sfnal 8 the final anomaly score, SBEATs.chi1, SBEATSs.diff»
SCED.diff, ahd SCED.mono are branch-level anomaly scores, and
w1, w2, w3, wy are their fusion weights.

3.3. Graph Refinement for the Memory Bank

For each branch, the source-domain and target-domain normal sam-
ples are separated into two memory banks:

- {hs 2717

where H and H; are the source and target memory banks, h; and
hﬁ are normal training embeddings, and N, and N, are the numbers
of source and target normal samples.

After adding self-loops, we apply GCN symmetric normaliza-
tion [10]:

Hy = {hi}l, (6)

A=D 3AD %, %)
where A is the adjacency matrix of the KNN graph [11], D is the
degree matrix, and A is the normalized adjacency matrix.
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Table 1: Overall comparison on the DCASE 2026 development set.

Dataset Method AUCsource Mean ~ AUCqarget Mean ~ pAUC Mean  Official Score
Official baseline 69.49 % 66.62% 53.47% 62.37%
ToyCarEmu GenRepASD 65.57% 79.28% 53.58% 64.48%
Proposed model 61.76% 76.38% 53.63% 62.59%
Official baseline 77.28% 53.17% 58.25% 61.33%
ToyCar GenRepASD 79.84% 74.18% 60.58 % 70.57%
Proposed model 77.18% 80.82% 58.79% 70.86 %
Official baseline 65.92% 62.28% 60.42% 62.79%
bearingEmu Backbone 61.86% 57.54% 59.47% 59.57%
Proposed model 66.82% 62.30% 60.42% 63.07%
Official baseline 61.45% 46.94% 53.33% 53.26%
fan GenRepASD 67.70% 51.33% 54.42% 57.00%
Proposed model 69.24% 59.98 % 54.74% 60.75%
Official baseline 74.48 % 52.74% 53.97% 58.92%
gearboxEmu  GenRepASD 68.82% 52.22% 51.16% 56.36%
Proposed model 70.24% 70.86 % 62.58% 67.68%
Official baseline 66.36% 49.18% 50.36% 54.29%
sliderEmu GenRepASD 61.06% 55.70% 52.58% 56.23%
Proposed model 74.62 % 67.18% 58.58% 66.14%
Official baseline 67.74% 68.78% 55.08% 63.22%
valveEmu GenRepASD 69.68% 78.84% 60.58% 68.90%
Proposed model 85.40% 74.14% 64.53% 73.72%

Table 2: Average performance across machine types on the DCASE
2026 development set.

Method AUCsource Mean  AUCparget Mean  pAUC Mean  Official Score
Official baseline 68.61% 55.99% 54.81% 59.20%
GenRepASD 67.10% 62.44% 55.85% 61.45%
Proposed model 71.50% 69.53% 58.81% 66.12%

The memory embeddings are refined by one-step graph propa-
gation [12]:
H =(1—-a)H + aAH, (8)

where H is the original memory bank, H' is the refined memory
bank, o is the graph smoothing coefficient, and AH aggregates
neighbor information.

This operation is applied separately to source and target mem-
ory banks:

H,=(1-a)H, + aA.H,, ©

H, =(1—a)H; + A Hy, (10)

where H. and H are refined source and target memory banks, and
A, and A, are the normalized adjacency matrices for the source and
target graphs.

3.4. Test-time Graph Alignment

The refined source and target memory banks are combined as:
Hin = H{U H, an

where H}); denotes the union of the refined source memory bank
H, and refined target memory bank H;.

For each test embedding, we perform one-step Test-time Graph
Alignmentment:

hy = (1 = Quest)hy + Otestmn, (12)

where h, is the original test embedding, h; is the updated test em-
bedding, mnn is the nearest refined memory node, and st con-
trols the attachment strength.

3.5. Density-normalized KNN Score
For each memory node, local density is computed as:
pi=r S mi—myle. (13)
kp =
JEN(4)

where p; is the local density term of memory node m;, N (i) is the
set of its k,, nearest memory neighbors, and || - |2 denotes Euclidean
distance.
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Table 3: Ablation study of the proposed system on the DCASE 2026
development set.

Setting AUC AUC; pAUC  Official Score
Channel 1 only 68.52%  67.42%  5591% 63.41%
Channel 2 only 58.28%  60.49%  54.45% 57.63%
mono Channel only 67.01%  68.15%  55.77% 63.12%
w/o Graph Refinement 70.35%  6991%  57.90% 65.52%
w/o Test-time Graph Alignment  71.14%  68.75%  57.61% 65.27%
w/o Density Norm. 70.53%  66.37%  58.14% 64.59%
Proposed method 71.50% 69.53% 58.81% 66.12%

The density-normalized anomaly score is:

|y — mxnl2

sy) = (pNN + €)Y

(14)

where s(y) is the anomaly score of test sample v, h; is the attached
test embedding, mnn is its nearest memory node, pnn is the lo-
cal density of that nearest memory node, € is a small constant for
numerical stability, and « controls the strength of density normal-
ization.

Finally, the branch-level GenRep-style score is:

Sbranch(y) = min(ss (y)7 St (y))7 (15)

where s5(y) and s;(y) are the source-side and target-side anomaly
scores, respectively, and Sbranch () is the final score of one branch.

4. EXPERIMENT SETUP

For memory-bank scoring, we use top-1 nearest-neighbor distance.
The source and target memory banks are refined separately using a
KNN graph with £ = 5 and graph smoothing coefficient o = 0.2.
During inference, each test sample is attached to its nearest refined
memory node with aiest = 0.3.

For density-normalized scoring, we compute local density us-
ing k, = 3 nearest memory neighbors and set v = 0.5. The final
system uses score-level fusion over four branches: BEAT's channel-
1, BEATs absolute-difference, CED-tiny absolute-difference, and
CED-tiny mono. The corresponding fusion weights are set to 1.00,
1.75, 1.25, and 0.50. After branch-level scoring, domain-wise
Z-score normalization is applied separately to source-domain and
target-domain test samples before score fusion.

5. EVALUATION METRICS

System performance is evaluated using AUC and pAUC. For each
machine type, AUC is computed separately on the source-domain
and target-domain test samples, denoted as AUC, and AUCy, re-
spectively. pAUC is computed over the range with a maximum false
positive rate of 0.1. The final official score is defined as the har-
monic mean of AUC,, AUC;, and pAUC:

Official Score = Hmean (AUCs, AUC,, pAUC), (16)

where Hmean () denotes the harmonic mean.

Challenge

6. MAIN RESULTS

Table 1 presents the performance of different models across seven
machine types on the DCASE 2026 development set. Compared
with the official baseline, the proposed model improves the Offi-
cial Score on six out of the seven datasets, demonstrating the ef-
fectiveness of the method across diverse machine conditions. Al-
though the Official Score on ToyCarEmu is slightly lower than that
of GenRepASD, the proposed model still achieves the best pAUC
performance on this subset. As summarized by the average per-
formance in Table 2, the proposed model achieves the best overall
performance with an Official Score of 66.12%, outperforming the
official baseline by 6.92%. Notably, the AUCiarger Mean, which
represents cross-domain generalization capability, yields a signif-
icant absolute improvement of 13.54%, further demonstrating its
exceptional domain adaptability.

7. ABLATION STUDY

Table 3 presents the ablation study results of the proposed system
on the DCASE 2026 development set. Compared with the full pro-
posed method, relying solely on any single input channel (Chan-
nel 1, Channel 2, or a mono channel) leads to a performance drop,
demonstrating the effectiveness of utilizing full multi-channel in-
formation, with Channel 2 alone showing particularly weak per-
formance. Similarly, removing key architectural components (such
as the graph structure and Test-time Graph Alignment) also limits
the final accuracy, indicating their substantial contributions to struc-
tural feature learning and domain adaptation. Notably, among the
various modules, the absence of density normalization results in the
most significant performance degradation, proving its critical role in
maintaining overall system performance. In summary, the ablation
results fully validate the necessity of each individual component;
it is through the effective integration of multi-channel information,
graph-based structural learning, and density normalization that the
complete proposed system achieves the highest accuracy.

8. CONCLUSION

In this work, we propose a method for DCASE 2026 Task 2. The
proposed system using multi-channel recordings through channel
branches, refines normal memory embeddings with graph smooth-
ing, and uses test-time attachment with local-density normalized
KNN scoring. Experiments on the development set show that our
system achieves an official score of 66.12%, outperforming both the
official baseline and the reproduced GenRepASD baseline. Abla-
tion results show that multi-channel branch construction contributes
the most, while graph-based refinement and Density-normalized
KNN scoring provide further gains. Future work will explore adap-
tive graph construction, improved score fusion, and more robust cal-
ibration.
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