
Detection and Classification of Acoustic Scenes and Events 2026  Challenge 
  

 

Residual View and Prototype Selection for Noise-Aware Anomalous Sound Detection 
Technical Report 

JeongSik Kim, JongWoo Sung, HyeonJun Bae, BoRyeon Kim, JiAn Lee 

LUDO Lab 
Fundamental Deep Learning Research 
Busan saha-gu, 49407, South Korea 

{jskim, uturtle, gull, boryeon, jianee}@ludo-lab.com  
 

ABSTRACT 

In this paper we take an in-depth look at noise-aware unsupervised 
anomalous sound detection in a GenRep-style frozen embedding 
memory-bank framework using pretrained audio encoders. We 
propose Residual View, which subtracts a scaled far-channel em-
bedding from the near-channel embedding. Additionally, we use 
a projection-residual prototype selection branch for the submitted 
systems. Furthermore, we analyze the effect of the residual coef-
ficient and representation layer. We also benchmark the proposed 
view with several pretrained audio encoders. Our final submitted 
systems apply PRPS to Residual View and achieve 63.24 official 
score with SSLAM on the development set. 

Index Terms— anomalous sound detection, noise-aware ma-
chine monitoring, residual embedding 

1. INTRODUCTION 

The DCASE 2026 Task2 challenge focus on noise-aware unsuper-
vised anomalous sound detection for machine condition monitor-
ing. Unlike the previous task setting, this year’s task provides two-
channel recordings captured at different distances from the target 
machine. Participants may leverage synchronized recordings cap-
tured by microphones placed both near to and far from the target 
machine to help develop systems that are robust to background 
noise. 
        In real-world anomalous sound detection, it is difficult to col-
lect anomalous samples or exhaustive anomaly patterns. Further-
more, the operating states of a machine or environmental noise can 
change and cause domain shifts. A bigger challenge is that, for un-
seen machine types, the hyperparameters of the trained model can-
not be tuned. Additionally, annotated data are limited [1, 2, 3, 4]. 
        The most typical approaches are reconstruction-based anom-
aly score system and Outlier Exposure based anomaly score sys-
tems [5, 6]. In particular, the latter approach is often used with au-
dio encoder with fine-tuning [7, 8]. Moreover, pretrained audio 
encoders can be fine-tuned or used only as generic representations 
for downstream audio tasks [9, 10, 11, 12, 13]. GenRep uses only 
frozen embeddings with post-embedding processing such as tem-
poral pooling and MemMixup. Even though it uses frozen embed-
dings, this type of system can achieve good performance compared 
with fine-tuned models [14, 15]. 
        A GenRep-style frozen-embedding pipeline is effective be-
cause it uses generic representations from pretrained audio 

encoders, but its standard form does not directly handle near and a 
far two-channel recordings.  
        DCASE 2026 Task 2 provides two-channel recordings cap-
tured at different microphone distances. The far channel is rec-
orded farther from the target machine, and it may contain a rela-
tively different balance between the target machine sound and 
background noise. Based on this assumption we propose a residual 
embedding by subtracting a scaled far channel embedding from 
near channel within GenRep. We also use Projection-Residual 
Prototype Selection (PRPS) as a score-level memory-bank 
refinement. Furthermore, we perform an ablation study on the 
degree of far channel subtraction and check metric at each 
representation layer Finally, we evaluate the proposed method 
several pretrained audio encoders. 
        Our final submitted systems apply Residual View with 
PRPS. The best system achieves an Official Score of 63.24 on the 
development set, while the remaining systems examine encoder-
ensemble, residual-only, and compact-encoder variants. 

2. METHODS 

We follow the GenRep-style frozen-embedding memory-bank 
framework, but replace the original single-channel representation 
with the proposed two-channel residual embedding.  
        In the DCASE 2026 Task 2 dataset, synchronized and real 
two-channel recordings are newly introduced. The near channel is 
recorded close to the target machine, while the far channel is rec-
orded farther away from the target machine. We define the near 
channel as a sound that contains both target-machine sound and 
background noise. For the far channel, we assume that it contains 
not only background noise but also target-machine sound infor-
mation, although less than the near channel. Based on this as-
sumption, we examined how to compute the two channels so that 
useful information can be exploited without fine-tuning the exist-
ing generic representation. 

2.1. Residual View  

First, we extract embeddings for the near and far channels from 
the training audio clips using a pretrained audio encoder. Let 𝑓!"#$ 
and 𝑓%#$ denote the temporally pooled embeddings extracted from 
the same encoder layer for the near and far channels, respectively. 
The 𝑓%#$  is not treated as noise-only representation. Instead, we 
regard it as an embedding that still contains target-machine infor-
mation, but with relatively a larger contribution from background 
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noise components than 𝑓!"#$. Therefore, the strength of far-chan-
nel subtraction can be important. We define the residual embed-
ding as: 
 

𝑓$"&'()#* = 𝑓!"#$ − 𝛼	𝑓%#$ 
 
        Here, alpha is the coefficient that controls how much of 𝑓%#$ 
is subtracted from 𝑓!"#$. The resulting 𝑓$"&'()#* embeddings are 
stored in the memory bank as reference embeddings. For target-
domain memory construction, we follow the GenRep strategy and 
apply MemMixup by mixing source and target 𝑓$"&'()#* embed-
dings to augment the memory bank. The same residual transfor-
mation is applied to both reference training samples and test sam-
ples before computing k-nearest-neighbor distances. We do not 
apply domain normalization to avoid using evaluation-domain 
statistics at test time. 

2.2. Projection-Residual Prototype Selection (PRPS) 

After constructing the residual embedding, we add PRPS as a pro-
totype-selection branch. PRPS first computes a projection-resid-
ual key: 
 

𝑞	 = 	𝑓!"#$ −	𝑃%#$(𝑓!"#$) 
 
where 
 

𝑃%#$(𝑓!"#$) 	= 	 (
*𝑓!"#$	𝑓%#$+

,-𝑓%#$-,
+ )	𝑓%#$ 

 
The key 𝑞 is used only to select 128 normal residual prototypes 
from the training memory. The selected prototype indices from 𝑞-
space are applied to the corresponding residual embeddings, and 
kNN distances are still computed in the residual embedding space. 
We then compute two raw anomaly scores and average them: one 
from the full residual MemMix memory bank and one from the 
PRPS-selected residual prototypes. This prototype-selection step 
is inspired by memory-bank coreset selection [24]. 

3. EXPERIMENTS 

The dataset comprises three subsets: development, additional 
training, and evaluation datasets. The development dataset in-
cludes seven machine types, each with one section containing 990 
normal clips from a source domain, 10 normal clips from a target 
domain, and 200 labeled test clips (100 normal and 100 anomalous) 
with domain labels. Some machines also include attribute annota-
tions. Each recording is a two-channel audio clip with a duration 
that varies across machine types. The recording contains both tar-
get-machine and environmental sounds captured at different dis-
tances from the target machine. Channel 1 is captured near the tar-
get machine, and channel 2 is captured farther away.  
        The additional training dataset introduces five new machine 
types, each with the same training structure, though attributes are 
provided for only some machines. The evaluation dataset includes 
test clips corresponding to the additional training machines, with-
out labels, domain information, or attribute annotations. Partici-
pants are required to train models using only one section per 

machine type, without tuning on the test set or relying on attribute 
information. 

 
Table 1: Submitted system configurations. 

System Encoder PRPS Feature Layers Parame-
ters 

 

System 1 SSLAM Yes Last layer 89.97 M  

System 2 
BEATs iter3, 

DaSheng-base, 
SSLAM 

Yes 
6, 12 for BEATs, 
1 for DaSheng, 

6, 12 for SSLAM 
265.73 M 

 

System 3 SSLAM No Last layer 89.97 M  

System 4 AudioMAE++ 
tiny Yes Last layer 21.00 M  

 
        Evaluation metrics. Performance under domain shift is eval-
uated using AUC, partial AUC (pAUC, p=0.1), and the Official 
Score, which is defined as the harmonic mean of source AUC, tar-
get AUC, and mixed pAUC across all machine types. 
        For implementation, we use 10-second audio clips. Shorter 
clips are padded, and longer clips are truncated. MemMixup uses 
𝜆 = 0.9, and k-nearest-neighbor scoring is performed with 𝐾 = 1. 
PRPS uses 128 selected residual prototypes as an additional score 
branch. 
        For Residual View, alpha is treated as a fixed hyperparameter. 
We search alpha across representation 1 to 12 layers on the devel-
opment set using SSLAM as the reference encoder. The residual 
coefficient α is selected globally, not separately for each machine 
type. Based on the SSLAM development-set sweep, we fix 𝛼 = 0.5 
for all submitted systems. 
        We use multiple large-scale pretrained audio encoders within 
the GenRep framework with Residual View and PRPS, denoted as 
follows: BEATs iter3 for BEATs [16], M2D-CLAP for M2D-
CLAP [17], EAT large for EAT [18], SSLAM pretrained for 
SSLAM [19], CED tiny and CED base for CED [20], FISHER 
small for FISHER [21], AudioMAE++ tiny for AudioMAE++ 
[22], and DaSheng base and DaSheng-1.2B for DaSheng [23]. All 
encoder-level comparisons use the last representation layer. We 
avoid best-layer selection because it is not available in real evalu-
ation scenarios. 
        For each pretrained audio encoder, we use its official prepro-
cessing pipeline and input format. This is necessary because the 
compared encoders use different acoustic front ends, such as 
waveform-based or filter bank-based inputs. For a fair comparison, 
the same preprocessing, checkpoint, and representation layer are 
applied to both channels. All encoder parameters are frozen. 
        Table 1 shows the submitted systems. System 1 uses SSLAM 
and applies Residual View with PRPS to the last-layer represen-
tation. System 2 is a score-level ensemble of BEATs iter3, DaSh-
eng-base, and SSLAM with the same Residual View and PRPS 
scoring rule. System 3 uses the same SSLAM Residual View as 
System 1 but disables PRPS as a conservative residual-only an-
chor. System 4 uses AudioMAE++ tiny with Residual View and 
PRPS as a compact frozen pretrained-encoder setting. 

4. RESULTS 

Table 2 compares the submitted systems, including PRPS-based 
systems, a residual-only anchor, and reference with the 
MAHALA baseline on the development set. System 1 achieves 
the best official score and the best target AUC among the the sub-
mitted systems. System 2 is included as a multi-encoder and 
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multi-representation Residual View and PRPS ensemble to reduce 
dependence on a single encoder and layer, although its official 
score is slightly lower than System 1. System 3 is the Residual 
View-only SSLAM anchor without PRPS, and System 4 uses Au-
dioMAE++ tiny with Residual View and PRPS. 
 

Table 2: Overall development-set results. 
System AUC 

Source 
AUC 

Target pAUC Official 
Score 

Baseline 
(MAHALA) 66.46 54.24 53.91 57.66 
System 1 70.34 68.14 57.80 63.24 
System 2 71.00 67.23 55.38 62.55 
System 3 67.21 64.40 56.61 62.41 
System 4 67.26 59.83 55.79 59.80 
 

Table 3: Machine-level development-set results. 
Machine / 
Metric System 1 System 2 System 3 System 4 
ToyCarEmu     
AUC source 60.46 62.40 58.14 70.84 
AUC target 79.50 80.60 82.82 71.76 
pAUC 49.47 50.00 49.74 58.11 
Official Score 60.81 61.94 60.75 66.28 
ToyCar     
AUC source 84.16 79.56 82.50 73.50 
AUC target 77.84 85.30 79.92 70.10 
pAUC 61.79 59.47 60.26 61.63 
Official Score 73.33 72.98 72.77 68.03 
bearingEmu     
AUC source 65.06 66.80 63.28 57.56 
AUC target 64.22 60.78 60.32 59.54 
pAUC 60.16 60.53 59.95 59.32 
Official Score 63.07 62.57 61.15 58.79 
fan     
AUC source 51.00 58.04 52.56 56.08 
AUC target 46.94 45.40 45.52 54.40 
pAUC 52.89 52.89 52.95 53.21 
Official Score 50.15 51.58 50.10 54.54 
gearboxEmu     
AUC source 70.16 74.72 70.70 75.86 
AUC target 54.76 54.94 54.76 48.14 
pAUC 52.95 52.95 53.11 53.74 
Official Score 58.36 59.44 58.55 57.07 
sliderEmu     
AUC source 81.82 80.68 77.74 74.00 
AUC target 68.44 65.50 64.26 49.34 
pAUC 55.53 55.05 55.37 51.95 
Official Score 66.90 65.46 64.54 56.57 
valveEmu     
AUC source 79.74 74.80 76.94 63.00 
AUC target 85.28 78.08 85.24 65.52 
pAUC 71.84 56.74 69.00 52.58 
Official Score 78.56 68.49 76.49 59.82 
All (hmean)     
AUC source 70.34 71.00 67.21 67.26 
AUC target 68.14 67.23 64.40 59.83 
pAUC 57.80 55.38 56.61 55.79 
Official Score 63.24 62.55 62.41 59.80 
 
        Table 3 reports source AUC, target AUC, pAUC, and official 
score for each machine type on the development set. The scores  

 
Figure 1: Layer-wise official score of SSLAM under the near-only 
baseline and Residual View with different residual coefficients. 
 

 
Figure 2: Official score comparison between near-only, Re-
sidual View, and Residual View with PRPS representations 
using the last representation layer of each pretrained audio 
encoder. 

 
are not uniform across machines. System 1 is strongest overall and 
remains strong on ToyCar and valveEmu, while fan remains 
weak. System 2 improves target AUC on ToyCar and ToyCarEmu 
but loses pAUC and valveEmu score compared with System 1. 
System 3 is the Residual View-only SSLAM system without 
PRPS, retained as a conservative anchor for comparison. System 
4 is lower overall, but it is retained as a compact AudioMAE++ 
tiny pretrained audio encoder. 
        Figure 1 compares the near-only representation and Residual 
View within the same GenRep-style framework. The 𝛼  sweep 
shows that moderate far-channel subtraction, especially around 𝛼 
= 0.25–0.75, improves most SSLAM representation layers. At the 
last layer, Residual View improves the official score by 1.39 
points and target-domain AUC by 2.13 points over the near-only 
System, reaching an official score of 62.4. When α is negative, the 
operation effectively adds the far-channel embedding, and 
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performance generally decreases. Therefore, we use α = 0.5 as a 
fixed coefficient for the submitted systems. 
        Figure 2 shows the development-set official score when ap-
plying near-only, Residual View, and Residual View with PRPS 
to each pretrained audio encoder. For a consistent comparison, 
this figure uses the last representation layer. SSLAM gives the 
highest score among the tested encoders, improving from 61.02 
with near-only to 62.41 with Residual View and 63.19 with Re-
sidual View with PRPS. AudioMAE++ tiny shows the largest 
gain from near-only, improving from 56.67 to 59.89. Overall, Re-
sidual View and PRPS improves the residual-memory score for 
most listed encoders, but the gain remains encoder dependent.  

5. CONCLUSION 

We introduced Residual View and PRPS, training-free two-chan-
nel methods for a GenRep-style frozen-embedding memory-bank 
framework. Residual View subtracts a scaled far-channel embed-
ding from the near-channel embedding, and PRPS adds a projec-
tion-residual prototype-selection branch while preserving the full 
residual memory score. On the development set, System 1 with 
SSLAM achieves an Official Score of 63.24. However, the benefit 
still depends on the pretrained encoder, representation layer, and 
machine type.  
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