
Detection and Classification of Acoustic Scenes and Events 2026 Challenge

AISTAT LAB SYSTEM FOR DCASE 2026 TASK 2:
NEAR-ANCHOR REPRESENTATION LEARNING WITH SELECTIVE FUSION

Technical Report

Min Jun Kim1, Jeong Ho Seo1, Sang Chun Park1, Seung Woo Sin2, Changwon Lim1,2∗

1Department of Applied Statistics, Chung-Ang University, Seoul, Korea
2Department of Mathematics, Chung-Ang University, Seoul, Korea
{goodwill1669, jeongho0715, chunydp, hawar410, clim}@cau.ac.kr

ABSTRACT
This report describes the AISTAT LAB submission to
DCASE 2026 Task 2 for noise-aware first-shot anomalous
sound detection with synchronized near and far channel
recordings under source and target domain shift. We pro-
pose a two-stage framework based on Efficient Audio Trans-
former encoders with channel-wise CMSN, attentive statis-
tics pooling, and near-anchor DualPoolFusion. The fused
representation is trained with Angular–Euclidean Compact-
ness (AEC) using machine–domain–attribute labels. For in-
ference, we combine KMeans-based cosine scoring, Relative
Reference Distance Score (RRDS), and sample-wise adaptive
RRDS weighting. The weighted ensemble achieves the best
official score of 64.86% on the development-test set.

Index Terms— anomalous sound detection, first-shot
learning, dual-channel audio, domain generalization, relative
reference distance score

1. INTRODUCTION

Acoustic condition monitoring is an effective approach for
detecting abnormal machine operation because microphones
are inexpensive, non-intrusive, and easy to deploy in indus-
trial environments [1]. However, real factory recordings of-
ten contain background noise, reverberation, and interfer-
ence from nearby machines, making anomalous sound detec-
tion (ASD) difficult in practice [2]. Recent DCASE Task 2
settings have further emphasized practical deployment chal-
lenges, including source and target domain shift and first-
shot adaptation with only a few target domain normal ref-
erences [3, 4, 5]. DCASE 2026 Task 2 extends this problem
to noise-aware ASD by providing synchronized near and far
microphone recordings [6]. In this setting, the near chan-
nel generally captures target machine sounds more directly,
whereas the far channel may contain complementary envi-
ronmental information but can also introduce background-
dominant noise. Therefore, an effective system should ex-
ploit dual-channel information selectively while preserving a
machine-centered representation.

We propose a two-stage near-anchor dual-channel frame-
work based on Efficient Audio Transformer encoders. Sec-
tion 2 describes the representation learning, fusion, and scor-
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Figure 1: Overview of the Stage-1 channel-specific representation
learning pipeline.

ing methods, and Section 3 reports the development-test re-
sults.

2. PROPOSED METHOD

2.1. Overall Framework

Fig. 1 and Fig. 2 give an overview of the proposed two-stage
dual-channel framework, which first learns channel-specific
normal representations and then introduces controlled near–
far interaction for anomaly scoring. In Stage 1, the near
and far channels are processed independently by separate
EAT encoders followed by attentive statistics pooling, pro-
ducing 512-dimensional channel embeddings. In Stage 2, the
near-channel encoder is kept fixed as an anchor, while the
far-channel encoder and DualPoolFusion module are trained
to selectively incorporate far-channel information through a
sample-wise scalar gate and residual update.

2.2. Channel-wise cepstral mean and scale normal-
ization

We apply channel-wise cepstral mean and scale normaliza-
tion (CMSN) [7, 8] to the extracted log-mel features before
encoder input. CMSN reduces channel and domain depen-
dent scale mismatch in the input feature space. Unlike
CMVN [9], which normalizes each feature dimension by its
standard deviation, CMSN uses a robust percentile-based
scale term to avoid excessive variance normalization while
compensating for recording-condition mismatch.

Let xc denote the log-mel feature of channel c ∈ {0, 1},
where c = 0 and c = 1 correspond to the near and far chan-
nels, respectively. The normalized feature is computed as

x̃c =
xc − µc

sc
. (1)

For each channel c, domain d ∈ {src, tgt}, and mel bin f ,
we estimate the domain-wise mean and scale from normal
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Figure 2: Overview of the Stage-2 near-anchor fusion and anomaly scoring pipeline.

reference clips:
µd
c [f ] = Mean(xd

c [:, f ]),

sdc [f ] = P95(x
d
c [:, f ])− P5(x

d
c [:, f ]). (2)

The final CMSN statistics are obtained by equally averaging
the source and target domain estimates:

µc[f ] =
1

2
µsrc
c [f ] +

1

2
µtgt
c [f ],

sc[f ] =
1

2
ssrc
c [f ] +

1

2
stgt
c [f ]. (3)

The percentile range P95 − P5 is used as a robust scale esti-
mate, and source and target statistics are averaged equally
to reduce source domain dominance. CMSN statistics are
computed offline using only available normal training clips,
including the provided first-shot target domain normal ref-
erences. No test clips or anomaly labels are used.

2.3. Audio encoder backbone

We use the Efficient Audio Transformer (EAT) encoder [10]
as the backbone feature extractor.

Each input is a 10-second dual-channel waveform sam-
pled at 16 kHz. The near and far channels are processed
separately rather than concatenated at the waveform level.
For each channel, we remove the DC offset and extract 128-
bin Kaldi-style log-mel filterbank features with a 10 ms frame
shift. The extracted log-mel features are normalized by the
CMSN procedure described above. Given a normalized log-
mel sequence x̃c for channel c ∈ {0, 1}, the EAT encoder
produces a sequence of 768-dimensional patch-level repre-
sentations:

Hc = Ec(x̃c), Hc = {hc,t}Tt=1. (4)
The sequence output is aggregated into a fixed-dimensional
channel embedding using attentive statistics pooling in Sec-
tion 2.4.

2.4. Channel-specific encoding and attentive statis-
tics pooling

After CMSN normalization, each channel is encoded inde-
pendently by its corresponding EAT encoder. For chan-
nel c ∈ {0, 1}, the encoder output is given by Eq. (4),

where hc,t ∈ R768 denotes the t-th patch-level representa-
tion. To convert this variable-length sequence into a fixed-
dimensional clip-level embedding, we apply attentive statis-
tics pooling (ASP) [11].

ASP computes attention weights αc,t over temporal
patches and summarizes the sequence using the weighted
mean and weighted standard deviation:

µasp
c =

T∑
t=1

αc,thc,t,

σasp
c =

√√√√ T∑
t=1

αc,t(hc,t ⊙ hc,t)− µasp
c ⊙ µasp

c . (5)

The two statistics are concatenated and projected to obtain
a 512-dimensional channel embedding:

zc = Wc[µ
asp
c ;σasp

c ] + bc, zc ∈ R512. (6)

Here, z0 and z1 denote the near and far channel embeddings,
respectively. These embeddings are learned independently in
Stage 1 and are used as inputs to DualPoolFusion in Stage 2.

2.5. DualPoolFusion

DualPoolFusion combines z0 and z1 while keeping the near
channel as the anchor. The far-channel contribution is con-
trolled by a sample-wise scalar gate [12]:

g1 = σ(MLP([z0; z1; |z0 − z1|])), zeff
1 = g1z1, (7)

where g1 ∈ (0, 1) is broadcast to all dimensions of z1. The
gated far embedding is concatenated with the near embed-
ding,

zcat = [z0; z
eff
1 ], (8)

and passed through the fusion body:

h = FA(LN(zcat)),

f256 = LN(FC(h)),

δ = FB(f256),

zfusion = LN(z0 + δ),

z = Wpzfusion. (9)
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Here, FA is the high-dimensional fusion block, FC maps the
fused representation to a 256-dimensional bottleneck f256,
and FB is the bottleneck refinement block that produces the
residual update δ. The final embedding z is used for anomaly
scoring in Section 2.7.

2.6. Loss function

We train the fused representation using an Angular–
Euclidean Compactness (AEC) objective, which combines
ArcFace loss and Center loss. Since the training data con-
tain only normal samples, anomaly labels are not used during
representation learning. Instead, each class label is defined
by combining the machine type, domain, and attribute of a
normal training clip. This label definition allows the model
to learn compact normal clusters for each machine–domain–
attribute condition while maintaining discriminative separa-
tion between different conditions.

The final scoring embedding z is optimized with ArcFace
loss, which applies an additive angular margin to the target
class logit [13]. For a mini-batch of size B, the ArcFace loss
is defined as

Larc = − 1

B

B∑
i=1

log
exp

(
s cos(θyi +m)

)
exp

(
s cos(θyi +m)

)
+

∑
j ̸=yi

exp
(
s cos θj

) .
(10)

Here, yi denotes the machine–domain–attribute label of the
i-th normal sample, θyi is the angle between the normalized
embedding and the normalized target-class weight vector,
m is the angular margin, and s is the scale factor. In our
system, we set the ArcFace margin to m = 0.5 and the scale
factor to s = 64.0.

To further reduce intra-class Euclidean variation, we ap-
ply Center loss [14] to the bottleneck representation f256:

Lcenter =
1

2B

B∑
i=1

∥f256,i − cyi∥
2
2 , (11)

where cyi denotes the learnable center of class yi. The final
AEC loss is

LAEC = Larc + γLcenter. (12)
We set the Center-loss weight to γ = 0.01. This objective
jointly encourages angular separation in the final embedding
space and Euclidean compactness in the bottleneck space.

2.7. Anomaly Scoring

After training, we extract fixed-dimensional embeddings
from normal reference clips and test clips. Reference banks
are constructed separately for each machine type, and each
test embedding is compared only with source and target ref-
erences from the same machine type. Source domain normal
embeddings are summarized by KMeans centers [15], while
target domain normal embeddings are kept as raw first-shot
references:

Cm = KMeans(Zsrc
m ,K), Tm = Ztgt

m , (13)

where Cm and Tm denote the source and target reference
banks for machine type m, respectively.

The cosine distance between two embeddings z and r is

dcos(z, r) = 1− z⊤r

∥z∥2∥r∥2
. (14)

The primary anomaly score is the minimum cosine distance
to either source centers or target references:

Scos(z) = min
(

min
c∈Cm

dcos(z, c), min
t∈Tm

dcos(z, t)

)
. (15)

We define a Relative Reference Distance Score (RRDS),
which measures the nearest-reference Euclidean distance rel-
ative to a reference-bank scale. For the source side, dsrc

1 (z) is
the distance from z to its nearest source center, and dsrc

2 (z)
is the distance from that center to its nearest neighboring
center:

Ssrc
RRDS(z) =

dsrc
1 (z)

dsrc
1 (z) + dsrc

2 (z)
. (16)

For the target side, we use the median in-bank 1-nearest-
neighbor distance αtgt as a robust scale:

Stgt
RRDS(z) =

dtgt
1 (z)

dtgt
1 (z) + αtgt

. (17)

The auxiliary RRDS score is

SRRDS(z) = min
(
Ssrc

RRDS(z), S
tgt
RRDS(z)

)
. (18)

Fixed RRDS fusion is defined as

Sfixed(z) = Scos(z) + λSRRDS(z), (19)

where λ = 1.0. For sample-wise adaptive RRDS weighting,
for domain d ∈ {src, tgt}, let dd1(z) be the distance from z to
its nearest raw reference and dd2(z) be the nearest-neighbor
distance of that reference within the same raw reference
bank:

hd(z) =
dd1(z)

dd1(z) + dd2(z)
, W (z) =

hsrc(z)

hsrc(z) + htgt(z)
. (20)

The adaptive score is

Sfinal(z) = Scos(z) +W (z)SRRDS(z). (21)

3. EXPERIMENTAL SETUPS AND RESULTS

3.1. Experimental setup

We evaluate all submitted systems on the DCASE 2026
Task 2 development-test set [6], which contains seven ma-
chine types with synchronized near and far channel record-
ings. For each machine type, source and target domain test
samples are evaluated separately.

All models are trained on normal clips from the develop-
ment and additional training datasets [16, 17]. To compare
the effect of including target domain normal references dur-
ing training, we train models under two data configurations:
source-only and source-plus-target.

Following the official evaluation protocol [6], we report
source domain AUC, target domain AUC, pAUC, and the
official score, defined as the macro-averaged harmonic mean
of these three metrics over machine types.
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The models are optimized with Adam using a cosine
warm restarts learning-rate scheduler [18] and gradient accu-
mulation. Unless otherwise stated, the EAT encoders were
initialized from the publicly available EAT pre-trained check-
point.

Machine System 1 System 2 System 3 System 4
ToyCar
AUC source 75.72 58.20 69.36 72.24
AUC target 89.48 87.76 89.40 88.88
pAUC 63.74 60.84 62.37 62.68
ToyCarEmu
AUC source 62.68 69.24 62.64 64.40
AUC target 84.64 86.76 83.96 85.88
pAUC 59.37 60.11 56.89 58.32
bearingEmu
AUC source 62.40 60.24 55.96 57.48
AUC target 58.40 58.68 59.16 59.24
pAUC 56.63 54.47 59.95 58.63
fan
AUC source 76.64 68.76 72.36 75.36
AUC target 53.84 55.24 55.40 54.16
pAUC 55.26 57.00 54.63 54.84
gearboxEmu
AUC source 71.48 64.24 75.20 74.28
AUC target 63.88 68.00 64.60 65.12
pAUC 53.05 53.16 55.53 54.89
sliderEmu
AUC source 69.08 64.04 69.36 69.16
AUC target 58.60 61.60 57.00 58.00
pAUC 53.95 51.16 53.84 52.74
valveEmu
AUC source 76.00 83.16 81.24 86.04
AUC target 76.00 75.96 75.16 77.20
pAUC 60.58 62.53 63.89 67.47
All (Avg)
AUC source 70.10 66.05 68.56 70.29
AUC target 66.94 68.51 67.06 67.44
pAUC 57.29 56.76 57.93 58.14
Official 64.30 63.35 64.16 64.86

Scoring Scos
Scos

+SRRDS

Scos
+W (z)SRRDS

Ensemble

Table 1: Development-test set results by machine and submitted
system scoring.

3.2. Submitted Systems and Results

We submitted four systems based on the same framework
(Section 2) with different scoring or ensemble configurations.
System 1 denotes the Scos model trained on source domain
normal data only, whereas System 1(S+T) denotes the cor-
responding cosine-scoring model trained on both source do-
main normal clips and first-shot target domain normal refer-
ences. System 2 uses fixed RRDS fusion and System 3 uses
adaptive RRDS weighting. System 1 was submitted as an in-
dividual system, but System 4 did not include it as an ensem-
ble component. Instead, System 4 combines System 1(S+T),
System 2, and System 3; we used System 1(S+T) because

it achieved the best source domain AUC among the candi-
dates evaluated under different training data configurations
(Table 3).

Table 1 summarizes the development-test results.
Among the single-model systems, System 1 achieves the
highest official score, System 2 improves target domain AUC
at the cost of source domain AUC, and System 3 achieves
the best pAUC. System 4 leverages these complementary
strengths and achieves the best overall official score of 64.86.

The ensemble weights were determined by grid search on
the development-test set. For each candidate weight combi-
nation, the final anomaly score was computed as a weighted
sum of the component anomaly scores, and the combination
that maximized the official final score was selected. The en-
semble weights are shown in Table 2.

Model System 1(S+T) System 2 System 3
Weight 0.286 0.129 0.585

Table 2: Ensemble weights of the component models used in Sys-
tem 4.

Train data Model AUC source AUC target pAUC Official score

Source
+

Target

near-ch encoder(S+T) 68.32 66.29 56.08 63.09
far-ch encoder(S+T) 58.72 54.60 51.87 54.92
System 1(S+T) 71.13 64.61 55.71 63.17
System 2(S+T) 67.90 66.77 56.65 63.35
System 3(S+T) 68.81 66.60 56.32 63.42

Source

near-ch encoder 69.91 65.69 55.12 62.93
far-ch encoder 58.80 54.03 51.83 54.73
System 1 70.10 66.94 57.29 64.30
System 2 66.05 68.51 56.76 63.35
System 3 68.56 67.06 57.93 64.16

Table 3: Development-test set results of different models according
to training data.

4. CONCLUSION

We presented the AISTAT LAB system for DCASE 2026
Task 2 on noise-aware first-shot anomalous sound detection
with synchronized near and far microphone recordings. The
proposed two-stage framework first learns channel-specific
representations using separate EAT encoders and then ap-
plies near-anchor DualPoolFusion to selectively incorporate
far-channel information through a sample-wise scalar gate
and residual update.

For anomaly scoring, RRDS and sample-wise adaptive
weighting were added to KMeans-based cosine scoring to
balance source and target domain performance in the final
score. This adaptive scoring improved pAUC among the
single-model systems, and the weighted ensemble achieved
the best official score of 64.86% on the development-test
set. These results suggest that selective near and far fu-
sion and adaptive reference-based scoring are effective for
dual-channel first-shot ASD under source and target domain
shift.
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