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Abstract

Anomalous Sound Detection requires constructing a distri-
bution using only normal sounds. However, collecting sufficient
normal samples across diverse conditions is challenging, lead-
ing to sample imbalance within subclasses. Existing subcenter
angular margin loss methods use multiple subcenters to capture
intra-class diversity but still suffer from under-representation or
overfitting. To address this issue, we propose Adaptive Across-
Subcenter Representation Learning (AASRL). Unlike existing
methods that use either a single or all subcenters, AASRL adap-
tively selects subcenters based on the representation quality
of samples and optimizes their representation across the most
relevant subcenters. This ensures efficient representation of
each sample and prevents the majority subclass from dominat-
ing the representation space. Experiments on the DCASE2023
Challenge Task2 dataset and a constructed imbalanced dataset
demonstrate the effectiveness of AASRL.

Index Terms: anomalous sound detection, data imbalance, an-
gular margin loss, subcenter

1. Introduction

The key challenge in Anomalous Sound Detection (ASD) is
constructing a compact and discriminative distribution using
only normal sounds, which allows for the accurate detection of
anomalous sounds that deviate from this distribution [1, 2, 3].
However, in real-world application, normal sounds in each con-
dition are difficult to capture in a balanced way, thus ASD faces
the problem of data imbalance [4, 5]. Specifically, ensuring
that normal samples from rare conditions are equally compact
in the modeled distribution is crucial to avoid false detections
and maintain detection performance.

Enhancing the compactness of the distribution is a com-
monly used strategy to address the imbalance problem among
subclasses. One basic method is Outlier Exposure (OE) [6],
which compresses the representation space of normal sounds
by introducing non-targeted external data as proxy outliers for
constructing a classification task [7, 8, 9]. The effectiveness
of OE-based method can be greatly improved when combined
with Subcenter Angular Margin Loss (SCAML) [10, 11], which
creates multiple class centers (or prototypes [12]) for normal
sounds to capture intra-class diversity. Based on the way that
subcenters are used in SCAML for sample representation, it can
be divided into two categories: optimal subclass representation
[11] and joint subclass representation [10]. Both approaches
have their limitations, the former lacks representational power
because it uses only a single subclass center [13], while the lat-
ter tends to overfit majority samples [14, 15], although it can
capture complex patterns by using all subclass centers [10, 16].

To address the above problems, we propose an Adaptive
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Across-Subcenter Representation Learning (AASRL) method.
Unlike previous strategies that use a single or all subcenters for
representation, AASRL adaptively expands the sample repre-
sentation subspace based on a angle-based representation qual-
ity measurement, such that samples with larger angles are as-
signed more subcenters, and their representations are optimized
across the specific most relevant subcenters. This approach en-
ables AASRL to perform local adaptive optimization of com-
plex patterns in normal sounds while maintaining the compact-
ness of the global distribution. Experimental results on the
DCASE2023 Challenge Task2 dataset and a constructed im-
balance dataset demonstrate the effectiveness of the proposed
method, which improves the AUC and pAUC on both datasets
by 1.05% & 0.62%, and 3.07% & 1.61%, respectively, com-
pared with a strong baseline.

2. Background
2.1. Imbalanced anomalous sound detection

Existing methods for imbalanced anomalous sound detection
can be divided into three categories based on the strategies em-
ployed: (i) Data augmentation methods mitigate the imbalance
problem by increasing the number of minority samples. For ex-
ample, synthetic minority over-sampling technique (SMOTE)
[17] creates new minority samples by oversampling. Intra-class
mixup [18] enhances model attention to minority samples by in-
terpolating between minority and majority samples. However,
these methods heavily depend on the quality of the minority
sample. (ii) Distribution squeezing promotes the compactness
of distribution by squeezing the feature space of normal sam-
ples. For example, OE-based [8] or contrastive learning-based
[19] methods construct proxy anomalies to compress normal
sound distributions. Focal loss (FL) [20], on the other hand, fo-
cuses directly on low probability minority samples. However,
contrastive learning relies heavily on data augmentation strate-
gies and faces challenges in optimization, while FL is sensi-
tive to hyperparameters and exhibits unstable performance. (iii)
Prototype alignment method captures the diversity of normal
samples by learning prototypes [21], which can be effectively
implemented by constructing multiple subclass centers based on
angular margin loss (AML) [22, 23]. For instance, SCAdacos
[10] introduces multiple subcenters for normal class, enabling
samples to be represented by multiple prototypes. This method
is widely used for ASD tasks because it is efficient and easy to
implement [24, 25]. In practical applications, these methods are
often used in combination, which can significantly improve the
detection performance [26].
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Figure 1: Two existing representation strategies for SCAML.
Left: optimal subclass representation. Right: joint subclass
representation.

2.2. Subcenter angular margin loss (SCAML)

The AML enhances traditional softmax in several key ways.
Firstly, it normalizes both the weight vectors and the feature
embeddings (||w;|| = ||k|| = 1) and setting b; = 0 [22]. Here,
h € R? is the sample = embedding, wj is the j-th column of
the weight matrix W € Rdxc, b; is the bias term and C' is the
class number. This transforms the classification problem from
Euclidean distance to angular similarity, focusing on the angle
0; between the weight vector w; and the feature h. Secondly,
AML introduces an angular margin function f(s,cos(6;)) to
impose an additional angular penalty on the decision margin be-
tween classes [23]. This function enhances the inter-class dis-
tinction and improves the compactness of the intra-class distri-
bution by explicitly penalizing the angular differences between
classes. The angular margin loss can be formulated in a general
form:

oF(s,03(6))
s.cos(0; c s,cos(6;
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Lamr = —log (D

For AdaCos [27] and SCAdaCos [10], the f(s, cos(6;)) defined
as:

f(s,c08(05)) adacos = s(t) cos (6;) )

where s is the scaling factor, ¢ is the number of iterations, Ada-
Cos adjusts the angular margin penalty according to the iterative
process.

Since the diversity of target class samples, only one class
center is not enough to represent efficiently, therefore, SCAML
is introduced, e.g., SCArcface [11], SCAdaCos [10]. SCAML
creates multiple subclass centers for each class, the class center
matrix expands from d x C, to d x C'x .S, where S is the number
of subcenters in each class.

There are two existing representation strategies for
SCAML, as shown in Fig. 1. The optimal subclass represen-
tation strategy represents the current sample by measuring the
distance of the sample from each subcenter and using a nearest
subcenter to represent the current sample [11]. This makes the
sample embedding optimally aligned to its closest prototype,
and is equivalent to creating distributions for each subclass. The
joint subclass representation uses all subcenters to represent the
sample, which builds a distribution that captures the complex
patterns in the sample [10]. However, due to the imbalance of
normal samples, majority samples easily overfit on this distri-
bution [15]. Therefore, both strategies have their limitations in
addressing the imbalance problem in ASD tasks, which moti-
vates us to explore a more robust multi-subcenter representation
approach in the next section.
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3. Proposed method
3.1. Principles of multi-center representation

The optimal subclass representation strategy is a direct exten-
sion of the original AML, which has been discussed in [23]. In
this paper, we focus on joint subclass representation strategy.
Assume that for each class 7, there exist .S; subclass centers,
denoted as w}, w?, . .. 7wfl The goal of the multi-center rep-
resentation is to align samples with multiple subclasses within
the normal class. Thus, given a sample x and its class index i,
the loss function Lscanrr is defined as follows:
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where the numerator is the sum of the exponents of the sample
z belonging to all subcenters under its class ¢, m is the index of
the subcenter, and the denominator is the sum of the exponents
of all subcenters under all classes, j is the class index.

P; is defined as the probability that sample = belongs to
class 7, calculated as the sum of the probabilities of « belonging
to each existing subcenter within class ¢:
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Thus, the loss function can be simplified to:
Lscamr = —log P; (5)

Compute the gradient of the loss function Lscanrr With re-
spect to the feature h:

1
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Substituting the above expression into the Eq. (6), the gradient
Vilscamr is:
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The first term, >257, > " _, pj" wj", represents the
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weighted sum of all subclass centers, where p7* denotes the
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Figure 2: The schematic diagram of AASRL. Fr is the model in representation quality measurement phase. My, is the subcenter set

for sample representation.

probability of the sample = belonging to w}“/, the m/-th sub-
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class of class j. The second term, =m=-+—" represents the

weighted average of the subclass centers under the class i to
which the sample x belongs, normalized by the total probabil-
ity P; of sample = belonging to class 7. Therefore, the gradi-
ent Vi, Lscanmr drives the sample x to approach the weighted
average of the subclass centers of its corresponding class 4,
while also considering the overall structure of all subclass cen-
ters. This ensures that the sample x is aligned with the subclass
centers of its class without deviating from the global weighted
structure.

3.2. Adaptive across-subcenter representation learning for
imbalanced ASD

From Eq. (10), the contribution of each subclass center w;"
to the gradient is weighted by its corresponding probability p;"
(p™ > 0). Consider two subclass centers w;, w? with com-
pletely opposite orientations. Without probability weighting,
their gradient contributions would cancel each other out. How-
ever, since the probability values p; and p? are mutually exclu-
sive (i.e., they sum to 1), the probability weighting mechanism
effectively prevents gradient conflicts. Consequently, increas-
ing the number of subclass centers does not lead to gradient
conflicts, as the influence of each subcenter is proportionally
adjusted by its probability. This provides a theoretical basis for
steadily improving the representation capability by increasing
the number of subclass centers.

According to [16], samples that are less well-represented
should utilize more subclass centers to capture their complex
patterns. When using the optimal subclass representation strat-
egy, the angle between a sample and its nearest subcenter can
reflect the representation quality of a sample in the overall dis-
tribution [28, 29]. Therefore, AASRL initially employs the op-
timal subclass representation strategy to train the model with
T iterations. This captures intra-class diversity and provides a
basis for measuring the representation quality for each sample.
The set of angles 6;" between the sample x of class ¢ and each
sub-center w;" can be obtained as follows:

0;" = arccos (| Fr(z) - wi 11

[Fr (@) - [lwi|]

where Fr is the model after T iterations.
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A subcenter number function is designed according to the
sample representation quality:

1—cosf 0<90°
= - 12
@ {1 6 > 90° 12)
k=1+(Si—1)-a") (13)

where 6 = min(60]"), T is a temperature parameter, 7 > 0,
which controls the speed of subcenter expansion, with larger
values expanding more slowly.

Lastly, the k£ most similar subclass centers {w;" | m €
M, } are selected as the final representation subspace for the
current sample:

(k) m
argmin 6;
mef{1,2,...,5;}

My (14)

The schematic diagram of AASRL is shown in Fig. 2. In
AASRL, samples are adaptively represented by k (k < S%)
subcenters, rather than by all S* subcenters. This selective ap-
proach prevents majority samples from dominating the repre-
sentation space and ensures that minority samples are also ef-
fectively represented.

4. Experimental results
4.1. Experimental setup

We conducted experiments on two datasets: (i) The
DCASE2023 Challenge Task 2 dataset consists of real-world
samples collected from 14 device types. The samples in this
dataset naturally exhibit imbalance. Details can be found in
[30]. (i) The test set of the first dataset is balanced in the source
and target domains, but the imbalance within subclasses makes
the test conditions insufficient to fully meet our research ob-
jectives. To better evaluate model performance under imbal-
anced conditions, we constructed an Imbalanced dataset. This
dataset was created by replacing the Toy car and Toy train data
in the first dataset with samples from ToyADMOS?2 [31]. Using
the tools' provided by ToyADMOS?2, a total of 1000 training
and 200 test samples were obtained for each type, with each
type containing 10 configurations (using micl only). The de-
vice speed label was set to be unobtainable during training to

Uhttps://github.com/nttcslab/ToyADMOS2-dataset



simulate intra-class imbalance. For training, the ratio of “speed
level 1:speed level 2” was set to 3:2 for Toy Train and 4:1 for
Toy Car, while the ratio was 1:1 for testing. The data quality
was set at 0 dB.

Evaluation metrics are the area under the receiver operat-
ing characteristic (ROC) curve (AUC) and partial AUC (pAUC)
with p = 0.1. pAUC is computed under the low false-positive
rate range [0, p] to prioritize high true positive rates and avoid
frequent false alarms.

The baseline system adopted SSLASD [26], an OE-based
system that integrates several self-supervised learning meth-
ods and achieves outstanding performance. The network archi-
tecture and training settings for all experiments were aligned
with the baseline to ensure manageable comparison results. For
SCAML, each class has 16 subclass centers. To ensure a fair
comparison, all methods were trained for 10 epochs.

4.2. Performance comparison with existing methods

We first compared different types of imbalanced ASD meth-
ods on the DCASE2023 Challenge Task2 dataset, based on
the model of [32]. Then, three different subclass representa-
tion strategies, including optimal (‘“*””)/joint (baseline) subclass
representation, proposed AASRL (7 = 0.5, T' = 1200) are per-
formed on both datasets. In addition, to avoid interference from
the performance of other devices, only the results of Toy train
and Toy car in the imbalance dataset are considered.

Table 1: Harmonic mean of AUC (%) and pAUC (%) of different
methods on two Datasets. Results are the mean and standard
deviation from five independent experiments.

Method AUC(%) PAUC(%)
DCASE2023 Task2 Dataset
OE [6] 64.61+0.73 54.19 + 0.58
+FL [20] 64.81 +0.41 55.01 +0.93
+SMOTE [17] 65.27 + 1.06 55.39 £ 0.75
+mixup(intra-calss) [18] 66.21 +0.51 56.34 +0.32
+SCAdaCos [10] 69.57 + 0.82 57.45+0.84
+SCAdaCos* [11] 68.94 4+ 0.52 56.95 + 0.54
+AASRL 70.31+0.21 57.77+0.71
SSLASD (baseline) [26] 72.86 £+ 0.82 59.39 +£0.74
SSLASD (SCAdaCos*) [11]  72.16 +0.91 58.59 + 0.87
SSLASD (AASRL) 73.91+0.59 60.01 +0.64
Imbalanced Dataset
SSLASD (baseline) [26] 67.82+0.76 55.65 + 0.62
SSLASD (SCAdaCos*) [11]  68.91 4+ 0.85 55.88 +0.51
SSLASD (AASRL) 70.89 +0.47 57.26 +0.53

The experimental results are shown in Table 1. The pro-
posed AASRL achieves the highest performance. On the
DCASE2023 Task2 Dataset, AASRL shows improvements of
1.05% in AUC and 0.62% in pAUC compared to the baseline.
The enhancements are more pronounced on the Imbalanced
dataset, with AUC and pAUC improvements reaching 3.07%
and 1.61%, respectively.

4.3. Hyperparameter impact on performance

The number of iterations 71" affects the accuracy of the sample
representation quality assessment, and the temperature coeffi-
cients 7 in the subclass number function determine the speed of
subclass expansion. A sensitivity analyses were conducted by
alternatively fixing each parameter, the The results are shown
in Fig. 3. It can be concluded that the first phase of AASRL
requires a certain number of iterations to establish the accuracy
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Figure 3: Harmonic mean of combined AUC and pAUC H. (%)
on DCASE2023 Task2 and Imbalanced datasets by varying the
hyperparameters value. (a) T fixed at 0.5; (b) T fixed at 1200.
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Figure 4: The t-SNE plots of the test set in the Imbalanced
dataset: (a) baseline, (b) SSLASD (AASRL).

of the sample representation quality assessment. In addition, a
faster subclass expansion speed is beneficial to the performance
improvement.

4.4. Visualization

As can be seen from Fig. 4, compared to the baseline method,
AASRL can better capture the similarities of normal data, mak-
ing them more clustered in the feature space.

5. Conclusion

This paper proposed AASRL, a novel method that adaptively
increases the number of subcenters based on the representa-
tion quality of each sample. AASRL effectively expands the
representation space for under-represented samples while mit-
igating overfitting to majority samples, thereby achieving su-
perior performance compared to existing methods with a fixed
number of subcenters. The effectiveness of AASRL is demon-
strated through experiments on the DCASE2023 Challenge
Task2 dataset and a constructed imbalanced dataset.
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