
Class-wise Centroid Distance Metric Learning for Acoustic Event Detection

Xugang Lu1∗, Peng Shen1, Sheng Li1, Yu Tsao2, Hisashi Kawai1

1National Institute of Information and Communications Technology, Japan
2Research Center for Information Technology Innovation, Academic Sinica, Taiwan

xugang.lu@nict.go.jp

Abstract

Designing good feature extraction and classifier models is es-

sential for obtaining high performances of acoustic event de-

tection (AED) systems. Current state-of-the-art algorithms are

based on deep neural network models that jointly learn the fea-

ture representation and classifier models. As a typical pipeline

in these algorithms, several network layers with nonlinear trans-

forms are stacked for feature extraction, and a classifier layer

with a softmax transform is applied on top of these extracted

features to obtain normalized probability outputs. This pipeline

is directly connected to a final goal for class discrimination

without explicitly considering how the features should be dis-

tributed for inter-class and intra-class samples. In this paper,

we explicitly add a distance metric constraint on feature extrac-

tion process with a goal to reduce intra-class sample distances

and increase inter-class sample distances. Rather than estimat-

ing the pair-wise distances of samples, the distances are effi-

ciently calculated between samples and class cluster centroids.

With this constraint, the learned features have a good proper-

ty for improving the generalization of the classification models.

AED experiments on an urban sound classification task were

carried out to test the algorithm. Results showed that the pro-

posed algorithm efficiently improved the performance on the

current state-of-the-art deep learning algorithms.

Index Terms: acoustic event detection, distance metric learn-

ing, class centroids, convolutional neural network.

1. Introduction

Acoustic scene and event detection (AED) is important for au-

dio content analysis and audio information retrieval [1, 2, 3, 4,

5, 6]. In most AED algorithms, feature extraction and classi-

fier modeling are included in a typical pipeline. How to de-

sign discriminative features for AED is essential to obtain a

good performance of AED systems, especially for the gener-

alization ability of the systems. With successful applications

of deep learning (DL) framework in image and speech process-

ing and recognition, the DL framework also has been applied

in the AED tasks. The advantage of this DL framework is that

they can automatically learn discriminative features and clas-

sifiers in a joint learning framework. Many models with var-

ious types of network architectures have been proposed in the

DL framework. For example, the convolutional neural network

(CNN) model can explore temporal- and/or frequency-shift in-

variant features for AED [7, 8, 9]. The recurrent neural network

(RNN) model can extract long temporal-context information in

feature representation for classification. With long short ter-

m memory (LSTM) units [10] or gated recurrent units (GRU)

[11], the RNN can be efficiently trained for AED. Models that

combines the advantages of the CNN and RNN also have been
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proposed, e.g., convolutional recurrent neural network (CRN-

N) model, where the CNN is used to explore frequency-shift

invariant feature while the RNN is used to model the temporal

structure in classification [12, 13].

In the DL framework for AED, there are two basic steps in

modeling, one is how to encode the acoustic signals with vari-

ous time durations to fixed-dimension feature vectors, the oth-

er is how to design a classifier to model these encoded feature

vectors for classification. Correspondingly, in most DL based

algorithms, a feature process module that stacks several neu-

ral network layers with nonlinear transforms is used for feature

extraction, and a classifier module with a softmax transform is

applied on top of these extracted features to obtain normalized

probability outputs. The optimization goal is directly connected

to the final classification accuracy on a training data set. Since

the optimization is directly connected to the classification accu-

racy on a training data set, there is no guarantee of whether the

extracted features are discriminative or not for a test set. Fea-

tures as intermediate outputs in optimization, there is no explicit

constraint on how their distributions should be. In consequence,

it is easy for learned models to be overfitted to training data sets

with weak generalization ability to testing sets. Therefore, ex-

plicit constraints should be given to feature extraction process

in the DL framework. Intuitively, distribution of discriminative

features of samples should have a small intra-class variation and

large inter-class variation. Based on this intuition, several algo-

rithms have been designed to combine distance metric learning

in feature extraction. For example, in a large category of ma-

chine learning, feature learning takes into account of intra- and

inter-class pair-wise distance measurements [14, 15, 16]. In the

DL framework, nonlinear distance metric learning has been pro-

posed for different applications [17, 18, 19, 20, 21], they all take

a similar idea in feature extraction with the pair-wise Siamese

network models as originally proposed in [23, 24, 19]. As a

further generalization of the idea based on pair-wise Siamese

network for feature extraction, triplet loss was proposed [22].

Most of these algorithms learn features with consideration of

the feature distance or relation of intra-class (or positive) and

inter-class (or negative) samples.

In order to reduce the large computational complexity due

to the large number of pair-wise or triple-wise sample combi-

nations, the center loss based algorithm [25] was proposed for

discriminative feature extraction. In this algorithm, the intra-

class center loss was applied as a constraint in discriminative

feature extraction. The center loss is defined based on intra-

class sample distances to their own class centroids where the

centroid is an average of all samples in each class. Inspired by

this center loss based idea, in our algorithm for AED, we explic-

itly add a distance metric constraint in feature extraction with a

goal to reduce intra-class sample distances and increase inter-

class sample distances. The distances are efficiently calculat-

ed between samples and class cluster centroids. With this con-
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Figure 2: Two-stage coupling framework: (a) feature extraction

and classifier modeling, (b) class-specific score calculation.

straint, the learned features have a good property for improving

the generalization of the classification model. Our contributions

are briefly summarized as: (1) We explicitly add intra-class and

inter-class sample distance measurements in feature extraction,

and define a class-wise centroid layer to calculate the distance

measurement with an aim to reduce intra-class sample distances

and increase inter-class sample distances; (2) Integrating the

class-wise centroid distance of samples with a conventional DL

framework for AED tasks which improves the performance.

2. The proposed framework for class-wise
centroid distance metric learning

The basic idea is illustrated in Fig. 1. In a transformed space,

the class-wise centroid is marked as the cluster average for each

class. The centroid distances are defined as the distances be-

tween samples and class centroids. As illustrated in this fig-

ure, for classification (classes A and B), the purpose for feature

transform is to decrease centroid distances for intra-class sam-

ples (solid line connections) while increasing them for inter-

class samples (dash line connections). If adding this constraint

to a conventional deep learning framework explicitly, we sup-

pose that the learned features should be much more discrimina-

tive for improving generalization of a classification model.

2.1. Deep convolutional neural network for AED

Deep convolutional neural network (DCNN) is one of the cur-

rent state of the art model architectures for AED tasks. In this

paper, we also take the DCNN as our baseline modeling ar-

chitecture. As explained in introduction, although the DCNN

model for classification is try to learn the input-target mapping

function, we can regard the processing as two coupled function-

s of feature extraction and classifier modeling as we did before

[21]. The coupling network and classification score calculation

are illustrated in Fig. 2. In a DCNN model with K − 1 hidden

layers, the output of a hidden layer is represented as

h
k = f

k
(

W
k ∗ hk−1 + b

k
)

, (1)

where k = 1, ..., K − 1, and h
0 = x is the input layer with

feature vector x, “*” is a convolutional operator. W
k and b

k

are the convolutional kernel matrix and bias of the k-th hid-

den layer, respectively. Furthermore, fk (.) is a nonlinear active

function (an element-wise transform), parametric rectified lin-

ear unit (PReLU) is used in this study [26]. For an input acoustic

event sample, the extracted feature representation is hK−1 (the

last hidden layer output), based on this feature, the classifier

model is designed as:

z = W
K
h
K−1 + b

K
, (2)

where z ∈ RC is the classification score vector with the i-th

element zi as a scalar score for the i-th class defined as (i =
1, 2, ..., C, and C is the total number of classes):

zi =
(

w
K
i

)T
h
K−1 + bKi

=
〈

w
K
i ,hK−1

〉

+ bKi

=
〈

ŵ
K
i , ĥK−1

〉

,

(3)

where w
K
i is the i-th column of classifier matrix W

K which is

a class-specific weighting vector, ŵK
i and ĥ

K−1 are the aug-

mented classifier and feature vectors, respectively. A softmax

transform is applied on the classification scores for normalizing

the scores to probabilities as:

ŷi =
exp (zi)

C
∑

j=1

exp (zj)

(4)

In learning, the loss function is defined as the cross-entropy

(CE) between the estimated and true targets:

lce
∆
=

∑

#Samples

CE (yi, ŷi) = −
∑

#Samples

C
∑

i=1

yi log ŷi, (5)

where “#Samples” means the number of total training sam-

ples. From Eq. 3, we can see that the classification score is

measured based on the inner product between the feature vector

and a class specific vector where the class specific vector wK
i

for i = 1, 2, ..., C is learned without any explicit connections to

the feature vector hK−1. Actually, this class specific vector can

be prototype samples of each class which should have a close

and explicit relation to the samples for each class. In this paper,

the class specific vectors are connected to the class centroids in

a feature space.

2.2. Class-wise centroid distance metric

In a feature space, one class specific centroid vector ci is ob-

tained as the class center averaged on all samples in each class

(i = 1, 2, ..., C). In order to learn discriminative feature, the

feature distributions should satisfy small intra-class distances

and large inter-class distances. The class centroid distance is

defined as di= Dist
(

h
K−1, ci

)

(refer to Fig. 3). Suppose the

j-th sample is with class label yj , then the sum of intra- and

inter-class centroid distances are defined as:

dintra
∆
=

C
∑

i=1

∑

j∈{yj=i}
Dist

(

h
K−1
j , ci

)

dinter
∆
=

C
∑

i=1

∑

j∈{yj 6=i}
Dist

(

h
K−1
j , ci

)

,

(6)
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Figure 3: Class centroid distance metric learning: (a) class-

wise centroid estimation, (b) centroid distances.

where Dist
(

h
K−1
j , ci

)

is the distance between the j-th sample

vector and the i-th class centroid. There are two types of def-

initions of the distance metric, one is l2 norm based Euclidian

distance defined as:

Distl2

(

h
K−1

, ci

)

=
∣

∣

∣h
K−1 − ci

∣

∣

∣

2
, (7)

and the other is inner product defined as:

Distinner
(

h
K−1

, ci

)

=
〈

ci,h
K−1

〉

(8)

The inner product defined in Eq. 8 is a similarity metric which

takes the norm lengths and angles between the feature vectors

and centroid vectors. Comparing Eqs. 3 and 8, we can see that

there is a close relation in the classification score calculation.

The only difference is that the class-wise vector in Eq. 3 is not

constrained as the class-wise centroid.

2.3. Integration of class-wise centroid distance metric

learning in classification modelling

We can add the distance metric learning in conventional CE

based learning (defined in Eq. 5) as a regularization term by

minimizing intra-class distances dintra while maximizing inter-

class distances dinter (negative for inner product based similar-

ity metric). Theoretically, the learned features should be dis-

criminative with a better generalization property than without

the explicit regularization. However, due to the different dy-

namic ranges of the losses in CE and distance metric, it is d-

ifficult to control a good balance between the CE and distance

metric learning with optimization algorithms. We further define

the distance metric based classifier model with a normalized s-

core. For a feature vector h
K−1, following the definition in

Eq. 4, the normalized probability score is defined for Euclidian

distance based metric as:

si =
1

1+

C∑

j=1,j 6=i

exp(−Distl2(h
K−1,cj))

exp(−Distl2(h
K−1,ci))

=
exp(−Distl2(h

K−1,ci))
C∑

j=1

exp(−Distl2(h
K−1,cj))

(9)

And similarly for inner product based metric is defined as:

ŝi =
exp

(

Distinner
(

h
K−1, ci

))

C
∑

j=1

exp (Distinner (hK−1, cj))

(10)

In both conditions, the loss function is defined as:

lmetric
∆
=

∑

#Samples

CE (si, ŝi) = −
∑

#Samples

C
∑

i=1

si log ŝi

(11)

In this definition, si can be regarded as similarity label which is

the same as class label yi. Eq. 11 can be used independently for

optimization in classification modeling. In our study, the per-

formance is a little worse than directly using lce in optimization

as defined in Eq. 5. We combine them to the following loss in

optimization as:

ltotal = lce + λlmetric, (12)

where λ is a regularization coefficient to control the tradeof-

f between the two losses. The method of learning the model

parameters is based on minimizing this objective function de-

fined in Eq. (12) with additional parameter regularization (e.g.,

weight decay) as follows:

ltotal (Θ) = lce (Θ) + λlmetric (Θ) + αR (Θ) , (13)

where Θ =
{

W
k,bk, k = 1, 2, ..., K

}

is the model parameter

set with neural weight matrix W
k and bias b

k. R (Θ) is the

regularization for model parameters (e.g., either L2 or L1 regu-

larization) which has been shown to improve the generalization

ability of the model.

3. Experiments and results

We carried out experiments on an AED task where the Urban-

Sound8K data corpus was used. The task is to recognize acous-

tic scene or event categories with given duration of acoustic sig-

nals [7, 27], and many studies carried out research work based

on deep architectures to test their algorithms on this data corpus

[7, 8, 27]. In this data corpus, there are 8732 sound clips (less

than 4 seconds) of 10 classes labeled on clip-level as: air con-

ditioner, car horn, playing children, dog bark, drilling, engine

idling, gun shot, jackhammer, siren, street music. All sounds

were organized into ten folds. In our study, samples in eight

folds were used as training set, and samples in the remaining

two folds were used for validation and testing sets respective-

ly. The log compressed Mel filter band spectrum (MFBS) was

used as input to the network model. In the MFBS extraction, all

sounds were down-sampled with a 16 kHz sampling rate, 512-

point windowed FFT with 256-point shift was used for frame-

based power spectrum extraction, and 60 Mel filter bands were

used for subband spectrum extraction.

Many models based on deep learning have been proposed

for the AED [7, 8, 4]. Among these models, the DCNN based

models perform consistently well due to their strong power in

temporal-frequency invariant feature extraction. Therefore, in

this paper we implemented a DCNN as a baseline model. The

DCNN was composed of two convolutional blocks, and each

block was with a convolution layer (256 kernels with a recep-

tive filed as 3*3 for each), PReLU nonlinear activation function,

and max-pooling. A global average pooling (GAP) was applied

to the output of the last convolution block to obtain a fixed-

dimension feature vector for each training sample. In order to

enhance the DCNN model, batch normalization (BN) algorith-

m was applied to increase the training speed and improve the

performance [29]. In our implementation, a little different from

the original usage of the BN [29], the BN was applied in the

input layer of each convolution processing. The proposed class-

wise centroid distance metric based learning was integrated in
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Figure 4: Distributions of acoustic event samples in learned feature space with an DCNN model regularized with: (a) intra-class

centroid Euclidian distance loss, (b) class-centroid distance based softmax loss, (c) original model

Table 1: Performance with different regularization parameters

for different models (classification accuracy) (%)

Methods Valid Test

Baseline 79.68 80.96

Distance based softmax (Distl2 ) 77.64 79.33

Distance based softmax (Distinner) 77.82 80.76

Distl2 (λ = 0.1) 80.27 81.48

Distl2 (λ = 0.01) 80.12 80.88

Distl2 (λ = 0.005) 80.64 83.15

Distl2 (λ = 0.001) 79.53 82.20

Distl2 (λ = 0.0001) 80.02 81.96

Distinner (λ = 0.1) 78.43 81.72

Distinner (λ = 0.01) 80.35 82.41

Distinner (λ = 0.005) 80.76 82.92

Distinner (λ = 0.001) 80.64 82.32

Distinner (λ = 0.0001) 80.02 81.84

this baseline DCNN to enhance the power of the feature extrac-

tion. In learning, a mini-batch size 32 was used, and the Adam

optimization algorithm with an initial learning rate 0.001 was

applied [28]. Finally, the best model parameters were selected

based on the best performance on the validation set.

Before showing the AED results, we first visually check

how the feature distributions are affected by the constraint of the

regularization in feature learning. For convenience of checking

in a 2D space, in model training, the final feature dimension

was set to 2 (before input to classifier layer). The Euclidian

distance metric is used, and the regularization parameter is set

with λ = 0.01. The distribution of training samples of the

10 categories is shown in Fig. 4. Because with different reg-

ularization methods, the feature dynamic ranges are different.

We normalized them to be in the range [0, 1] for convenience

of visualization. In this figure, each color represent one acous-

tic event category, and the black star mark is the class centroid

for each category. Comparing the sample distributions from the

baseline model (panel (c) of Fig. 4)), we can see that regulariza-

tion with reducing sample intra-class centroid distance makes

the event category cluster more compact in homogeneous di-

rections along the feature space (panel (a) of Fig. 4)), while

much more compact along some specific directions (panel (b)

of Fig. 4)) when regularized with the softmax loss based on

centroid distance metric. In our study, we also find a similar ef-

fect of in panel (b) when the model is regularized with softmax

loss estimated based on the inner product based distance metric.

For recognition, the feature dimension was set to 256, and the

results are summarized in Table 1. From this table, we can

see that both baseline model and distance metric based model
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Figure 5: Distributions of intra- and inter-class centroid dis-

tances for four types of acoustic events.

perform well independently. When the baseline model is regu-

larized with the distance metric based loss, the performance is

effectively improved. The results indicate that integrating the

distance metric based loss in feature learning helps to learn a

better feature representations for model generalization.

4. Discussion and conclusion

In this paper, we confirmed that learning with a distance metric,

i.e., explicitly adding constraints to reduce intra-class sample

distances and increase inter-class sample distances, is effective

in discriminative feature learning hence to improve generaliza-

tion of classification models. For a further understanding, based

on a learned model, the sample intra-class and inter-class cen-

troid distances are calculated, and their distributions are showed

in Fig. 5. From this figure, we can see that centroid distances

for intra-class and inter-class samples have been clearly dis-

criminated based on the learned features. Also from this fig-

ure, we can see that the learned features have different capaci-

ties in discriminating different class from the other left classes,

for example, Gun-shot event (panel (c) in Fig. 5) is much eas-

ier to be discriminated from other event categories, while the

learned features are not friend for discriminating street-music

event from other event categories (panel (d) in Fig. 5). In the

future, we will further develop this idea and carry out large scale

experiments to examine the capacity of the algorithm.
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