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ABSTRACT in other areas such as emotion recognition [2], language recog-

nition [3] and audio scene classificatidn [4]. Recently, they were
Recently, i-vector features have entered the field of Music Infor- imported into the MIR domain, for singing language identifica-
mation Retrieval (MIR), exhibiting highly promising performance  tion [5], music artist recognitio [6] and music similarify [7].
in important tasks such as music artist recognition or music simi- I-vector features have shown to be a promising song-level rep-
larity estimation. The i-vector modelling approach relies onacom- resentation for artists. These features project songs into a fixed-
plex processing chain that limits by the use of engineered featuresiength and low-dimensional space, which is built from frame-level

such as MFCCs. features such as Mel-Frequency Cepstrum Coefficients (MFCCs)
The goal of the present paper is to make an important step to-using Factor Analysis (FA).

wards a trulyend-to-endnodelling system inspired by the i-vector First by using a Universal Background Model (UBM) trained

pipeline, to exploit the power of Deep Neural Netw@kBNNs) on a sufficient number of songs, similarities among all the songs

to learn optimized feature spaces and transformations. Severabf different artists are captured, then via FA these similarities are
authors have already tried to combine the power of DNNs with discarded and songs are projected into a new space cedtat
i-vector features, where DNNs were used for feature extraction, variability Space (TVS) which contains the remaining factors
scoring or classification. In this paper, we try to use neural net- that are in a stronger correlation with artist variability. Further, an
works for the important step of i-vector post-processing and clas- estimation of these factors in each song is calculated which con-
sification for the task of music artist recognition. tains rich information about the artist. These estimated factors are
Specifically, we propose a novel neural network for i-vector calledidentity vectors or in short,i-vectors. The use of Neural
features with a cosine-distance loss function, optimized with Networks (NNs) in different areas is increasing every day and re-
stochastic gradient decent (SGD). We first show that current net-cent advances in this area, enabled researchers to tackle problems
works do not perform well with unprocessed i-vector features, which were previously solved by a variety of different approaches
and that post-processing methods such as Within-Class Covari-in machine learning, now by only using NNs. The outcome is the
ance Normalization (WCCN) and Linear Discriminant Analysis appearance of different NN layers and architectures specialized for
(LDA) are crucially important to improve the i-vector representa- different tasks.
tion. We further demonstrate that these linear projections (WCCN I-vector based systems usually follow a specific pipeline
and LDA) can not be learned using general objective functions which contains a chain of different processing steps with specific
usually used in neural networks. goals. Multiple efforts are done by different researchers to come
We examine our network on a 50-class music artist recognition up with a solution that replaces each of those blocks with NNs.
dataset using i-vectors extracted from frame-level timbre features.The reason is that once all of these blocks are replaced with a NN,
Our experiments suggest that using our network with fully unpro- they all can be connected through a deep network and optimized
cessed i-vectors, we can achieve the performance of the i-vectortogether using the back-propagation algorithm.
pipeline which uses i-vector post processing methods suchas LDA  The frame-level feature extraction — a part of the i-vector ex-
and WCCN. traction procedure — and scoring and classification of i-vectors are
examples of the steps that have been replaced with NNs. Yet, a so-
lution for post-processing the raw i-vecbrssing neural networks
1. INTRODUCTION is not provided in classification tasks. We seek for a NN-based so-
) ) ) ) lution to post-process and classify i-vectors without any help from
In the area of MIR, music artist modelling can have different ap- the i-vector pipeline. We hope that our efforts makes us one step
plications including in recommender systems, playlist generation ¢|oser to arend-to-endmusic artist recognition system inspired by
and music similarity estimation. Each artist can be recognized by atne i-vector pipeline, using neural networks.
combination of multiple factors such as musical instruments, genre In this paper, we extract i-vectors from frame-level timbre fea-
and voice of the singer(s). tures and use them as input to NNs. By defining a cosine-distance
I-vector features first were proposed in the field of speaker ver- |oss function, we lead the network to learn a cosine metric which
ification [I] and after their revolutionary success, they were used orks the best with i-vector features. Our results suggest that us-

1The term Deep Neural Networksin this paper refers tdviulti- 2In this paper, i-vectors that are not encountered with lipeajections
Layer Artificial Neural Networks which use recent techniques from  such as LDA and WCCN are calleaw i-vectors In contrast, i-vectors that
Deep Learning such asbatch-normalization, drop-out and stochastic are projected with linear projections such as LDA and WCCNcailted
gradient descent processed i-vectors
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ing our network, we can achieve the performance of the i-vector A GMM mean supervectavl adapted to a song from artist
pipeline which is the state-of-the-art in music artist recognition.  can be decomposed as follows:

The remainder of this paper is organized as follows. In Sec-
tion[d, the related work is provided. In Sect[dn 3, the i-vector fea- M=m+ Ty (1)
tures are described. In Sectigh 4, we explain our proposed neuralyherem is the GMM mean supervector afly is an offset.y
network. In Sectiofil5 the details of the experiments are explainedis 5 |atent variable with the standard normal prior. The i-vector is
and the results are reported. And finally, Seclibn 6 concludes thegefined as the MAP estimate pM is assumed to be normally dis-

paper. tributed with mean vectam. The obtained i-vector is an artist and
song dependent vector. The matfikis used to extract i-vectors
2. RELATED WORK from statistical supervectors (knownIlg andF's) of songs which
are computed using UBM.
For the task of Music Artist Recognition (MAR) in MIR, multi- We calculate statistical supervectors for a specific samgjng

ple approaches have been followed. Frame-level featlres [8], en-UBM. These supervectors alés andFs of songs:
semble[[9] and coding approachesl[10] are some of the most used

L L
methods. c_ c_
NNs are also known to perform well in MAR. 1A 1T, 112.113], Ns™ = ;%(C)’ F = ; ve()Ye @)
Deep Belief Networks (DBNs) are used MAR using spectrograms . . L .
and timbral features. where, (c) is the posterior probability of Gaussian component
l-vector features have proven to be a promising song-level fea- ©f UBM for framet andY: is the MFCC feature vector at frame
ture for MAR. In [€], i-vector features extracted from MFCCs and After calculatingN;s andF's, using the statistical supervectors

spectral features are used for MAR. Also, in][14] i-vectors have ©f SONgs in training set we learn tfié matrix via an Expectation
shown a significant performance for MAR in noisy environments. Maximization (EM) algorithm as follows: E-step, computes the

Even though i-vector features are not used with DNNs for probability °fP(w|X) where X' is the given song and is its .
artist recognition, they are combined with deep learning tech- i-vector. M-step, optimized" by updating the following equation:
niques in many different ways. In_[15,116] speech recognition w=(I+ TtE’lN(s)T)’thE’lF(s) ®)
DNNs are used to produce statistical vectors needed for i-vector
extraction. In[[17], a DNN is used to extract a low-dimensional whereN(s) andF(s) are diagonal matrices witNs°T andF°T
representation similar to i-vectors. Also, to extract bottleneck on diameter.I is the identity matrix and® is the diagonal co-
features used for i-vector extraction, DNNs are utilized[in [18]. variance matrix. The actual computation of an i-vecsorfor a
And in [19], DNNs are employed to manipulate post-processed given songs can be done usingl(3) after trainifig The curious
i-vectors for speaker recognition. reader is referred to ][, 22] for more information about the training

In [20] DBNSs are used with rdivi-vector features to model  procedure ofT.
discriminatively the target and impostor i-vectors in a speaker ver-
ification scenario and in[21], DBNs and DNNs are combined to- 392
gether for single and multi-session speaker recognition.

The methods mentioned above that use raw i-vectors with As explained before, i-vectors contain both artist and song vari-
DNNs, pursue adaptation purposes or have used DBNs which areability. The song variability can be reduced by applying post-
trained in an unsupervised manner. Others, use the processed iprocessing techniques such as LDAI[23] and WCCN [24]. These
vectors as an input. techniques project i-vectors into a space which minimizes the
song variability and maximizes the artist variability. In this sec-
tion, we describe three techniques (LDA, WCCN and Length Nor-
malization) that are frequently used in i-vector pipeline for post-
processing. Also we describe a scoring method for classifying the
i-vectors.

An i-vector refers to vectors in a low-dimensional space called To- ~ WCCN: provides a linear projection with an effective com-
tal Variability Space (TVS). The TVS models variabilities encoun- Pensation. WCCN scales the i-vector space in the opposite di-
tered with both the artist and sorid [7] where, the song variability fection of its inter-class covariance matrix, so that directions of

defines as the variability exhibited by a given artist from one song intra-artist variability are improved for i-vector scoring.
to another. LDA: yields a linear projection that tries to find a orthogonal

TVS is created using a matriX known asTVS matrix This basis with a better discrimination between different classes. LDA
matrix is obtained by applying Factor Analysis (FA) on the adapted Projection maximizes the between-class and minimize the within-
means of a Gaussian Mixture Model (GMM) known as Universal class covariance of the data. _ _

Background Model (UBM). This UBM is trained on the acoustic Length Normalization: Length (amplitude) of i-vectors are
features of a sufficient amount of data. The means of UBM are in correlation with negative effects such as song variability. For
then adapted to each song and then are used for the FA procedurg"s reason, an iterative length-normalization for i-vectors is pro-

I-vector post-processing and scoring

3. I-'VECTOR FEATURES

3.1. Theoretical background

explained in[[1]. posed in[[25] where suggest to divide each i-vector by its length
In the TVS, a given song is represented byi-aector which (norm). It is suggested to apply length-normalization before each
indicates the directions that best separate different artists. post processing, also before feeding to the classifier/scoring step.

Cosine Scoring (CS) In the TVS, a simple cosine scoring
3l-vectors that are not encountered with post-processingaostsuch ~ has been successfully used to compare two i-vectors, as described
as LDA or WCCN. in [26]. To predict the artist label for an i-vector, the artist with
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the highest cosine score is chosen as the label where the score imyer, we use the same number of hidden neurons as our classes to
defined as the cosine score of the given i-vector and class-averagegroduce a score for each class given an i-vector.

i-vectord. Cosine loss function For the loss optimization, we use a
novel Cosine-distance based loss. This loss is the cosine distance
of the activations of the output layer with one-hot encoding of the
correct class. The calculation of our proposed loss is as follows.

In Figure[d (top), a diagram of an i-vector based system is shown. ~ For aC classes problem, a one-hot encoding of clags=

As you can see, first the frame-level features are extracted and ther, - - ., C) is one at the indexand zero otherwise. The cosine loss
the i-vector models (such as UBM afidmatrix) are trained and  Of the network for a batch size éfis defined as follows:

then i-vectors are computed. Further, these raw i-vectors are en-

countered with post-processing methods. First LDA is applied and
the resulting i-vectors are projected using WCCN. Finally, LDA-
WCCN projected i-vectors are used for scoring via Cosine Scor-
ing.

3.3. l-vector pipeline

3
[08Scos = 1 — % HZI cos(outn,ly) 4
whereout,, is the output activation of the output layer ahdis
the one-hot encoding for the correct class. Alsg; is a standard
cosine similarity [26]. Then maximum of the cosine loss is equal
4. THE PROPOSED NETWORK to 1. Also, each one-hot encoding is orthogonal to the others. So
the labels have the maximum distance from each other. Hence,
In this section, we introduce our proposed NN for music artist minimizing the cosine loss of the output activations to the correct
recognition using i-vector features. As we show in Fiddre 1 (bot- one-hot encoding, will increase the discrimination power of the
tom), instead of using post-processing methods such as LDA andnetwork. The network tries to minimize this loss by using stochas-
WCCN, and scoring methods such as cosine-scoring, our networktic gradient descent. Then it back-propagates the error through the
is able to use raw i-vectors directly as an input. previous layers to update the weight of the layers.

Our experiments show that linear projections such as LDA This is not the first time that cosine-distance is used as loss
and WCCN play a significant role in the performance of i-vector in a NN. In [30], a NN optimized with a similar cosine distance-
pipeline. Hence, we would like to replace such linear projections based loss function is used for the task of signature verification.
with a NN. We use linear activation function (LIN) in our NN. The  Although the cosine loss function in [30] is used to process both
reason to choose LIN is that other layer activation functions such imposter and target signature features. Some of the differences be-
as rectify units discard all the negative values by replacing them tween our CDB-Net loss and loss used|inl[30] can be explained
with zero Because i-vectors have a mean value close to zero, byas: 1) the loss definitions are different. The loss[inl [30] is de-
using a rectified activation function [27], the layer's output activa- fined for a special NN called “Siamese” containing two identical
tions that still have negative values, might be forced to throw away sub-networks with a special training procedure. This network is
the information related to negative values of i-vector features. designed to compare two signatures for signature verification. The

Instead of the common loss functions used with NNs such loss defined in our CDB-Net can be used in any multi-class clas-
as Mean Squared Error (MSE) and Categorical Cross-Entropy sification task. 2) The Siamese network training tries to minimize
(CCE), we introduce a novel Cosine-distance based loss functionthe cosine distance of two output activations from two different
for multi-class classification tasks using i-vector features. Our signatures. CDB-Net minimizes the cosine distance of the output
Cosine-Distance Based Neural Network (CDB-Net) is described activations of a given i-vector with its correct one-hot encoding
in details in the following. label in a discriminative manner.

Architecture: Our CDB-Net consists of 4 layers with 1 hid- Network distance metric. The proposed network is forced
den layer. The first hidden layer is a dense (fully connected) to use the cosine distance metric in its optimization because of
layer with linear activation function. It is followed by a batch- two reasons: 1) the input raw i-vectors are length-normalized. So
normalization layer[[28] then a drop-out layér [29] and finally the network can not distinguish between different classes using a
a dense output layer with linear activation function. Using the distance metric such as Euclidean distance that relies on the am-
drop-out, prevents the network from over-fitting and let each fea- plitude of the output activations. 2) The loss function is a cosine
ture to be learned, without relying on other dimensions. During distance between output layer activation and their respective one-
training a NN the parameters of a layer change, and consequentlyhot encoding class label. So the network’s objective function is
the distribution of each layer’s outputs changes as well. Batch- defined by a cosine metric.
normalization layer normalizes each layer output for each training
mini-batch. Thlis. qll(.)ws.us to use hligher Iearnjng rgtes and be I'ess 5. EXPERIMENTS
careful about initialization. The aim of the first hidden layer is
to learn a linear projection that improves the i-vector representa-5 1. Data
tion. We expect that since the i-vector pipeline benefits from LDA
and WCCN linear projections, our CDB-Net also should be able Similar to the data used in [12] for music artist recognition, we
to learn a projection with similar characteristics. Our first hidden used a subset of Million Song Dataset|[31] (MSD) in the artist
layer has 400 hidden neurons (the same as the i-vectors dimensiont€cognition experiments. We follow a similar procedure as used
ality). in [@] We first removed the duplications from MSD by using the

The output activations of this layer and one-hot encoding of Official duplication list provided in MSD website which reduced

the correct class are used to calculate a cosine loss. In the outputh® number of songs from one million to around 900,000. Then
we selected all the artists with more than 100 songs. From these

4c|ass.averaged i-vectors are defined as the average ofdrséc each artists, we selected top 50 artists with more songs and further se-
class, in training set. lected 100 random songs from each artist (in sum, 5,000 songs)
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Figure 1: The block-diagram of i-vector based artist recognition system. On thectapsic state-of-the-art i-vector pipeline. On the
bottom, the proposed artist recognition method using a deep netwbrknput layer. DL: dense layer.BN: batch-normalization layer.
DO: dropout layer.OL: output layer.

as our dataset for the experiments in this paper. 80% of the songs A stochastic gradient descent (SGD) with back-propagation
are used for training and the rest are used for validation (10%) andalgorithm and a momentom of 0.9 is used with the batch size of
testing (10%). We trained our models on training set, optimized 500 samples. The one-hot coding of the labels are computed to be
using validation set and reported the results on the testing set.  used in the cosine-loss calculation.

The results reported i [12] (35.74% accuracy) can not be For all of our experiments with NNs, the open-source python
compared with the performance of our network because of two library Lasagne[34] is used. Our network is implemented in
reasons: Python usingrheand35].

1) in [12] both timbre and chroma features are used together. e used a PC running on Linux with a NVIDIA Titan X GPU
and 2) the performance reported(in[12] is in a bar level (which is card, an Intel Core i7 CPU and 16 GB of RAM for our experi-
smaller than a song), but i-vectors are song-level features and ouiments. All the NN experiments are optimized on GPU.

performance is reported in the song level. We use the averaged F-measure to compare the performance
of different methods. This measurement is calculated by averaging

5.2. Features the F-measures of all the classes in each experiment.

Using the features available through The Echo NesHARe ex- Baselines Four baseline methods are used in this work. We

gt 9 o use the i-vector pipeline method and three NNs similar to our

tracted i-vectors from Echo Nest Analyzer’s timbre feature. Each baseli he diff b d

Echo Nest Analyzer’s timbre feature consists of a vector that in- CDB-Net as aselines. The di erence etween our (_ZDB-Net_an
other NN baselines is the loss function and the activation functions

cludes 12 unbounded values roughly centered around 0. Those Valbf the hidden layer. Our first baseline is the Cosine Scoring (CS)

ues are high level abstractions of the spectral surface, ordered by sed in i-vector pipeline. CS first projects i-vectors using LDA and

de_gree of importance such as the average loudness of the segmerﬁqen by WCCN. Further, it uses the cosine distance to calculate a
brightness, the flatness of a sound and attack [32]. As meta-datay .ot each given testing i-vector and class-averaged i-vectors

we used the artist ids provided in MSD in our artist recognition ex- f - inallv. it classif A by mini
eriments. To extract i-vectors, all the Echo Nest timbre features o training set. Finally, It classifies testing I-vectors by mini-
p ) ' mizing the cosine score. Similar to the architecture of CDB-Net,

for each song are used. our second baseline (CCE-REC-Net) is a 4 layers feed-forward
network with 1 hidden layer of 400 neurons which uses recti-

5.3. Setup fied activation function. The hidden layer is followed by batch-
normalization layer and a drop-out layer with 50% drop outs. At
the output layer, CCE-REC-Net uses a soft-max activation func-
tion. CCE-REC-Net is optimized using a CCE loss function.

Our third baseline (CCE-TAN-Net) is a a 4 layers feed-
forward network with 1 hidden layer of 400 neurons. CCE-TAN-
Net has exactly the same architecture as CCE-REC-Net, only uses

l-vector extraction: For i-vector extraction, a 1024 components
GMM is trained as UBM on Echo Nest timbre features. Then,
T matrix with 400 dimensions is learned using the statistics com-
puted from Echo Nest timbre features and UBM. The training set
is used to train UBM and . Further i-vectors are extracted using

UBM andT for both training and testing sets. All the i-vectors are - o o L ;
length normalized. tanh activation function instead of rectified activation function.

S , . P _ Our fourth baseline (CCE-LIN-Net) is also a a 4 layers feed-
box-%e].-r matrix is trained using matlab MSR identity tool forward network with 1 hidden layer of 400 neurons. CCE-LIN-
CDB-Net: We used 400 neurons in our hidden layer and 50 Net has exactly the same architecture as CCE-REC-Net, only uses

neurons in the output layer with 50. The hidden layer is followed linear actlyatlon fungtlon instead of.rectn‘led activation function.
by batch normalization and 50% droup-out. Experiment design We examine the performance of our

We apply learning-rate schedule during training and decrease CDB-Net in three different experiments: 1) dealing with LDA-
the learning rate by its half after each 10 epochs. The initial learn- WCCN projected i-vectors, 2) dealing with raw i-vectors and 3)

ing rate is 1.0 the learning-rate starts to decrease atifé epoch The effect of weight initialization in NNs.

out of 200 epochs used for training. In our first experiment, we compare the performance of
CDB-Net and our baselines on processed i-vectors. Since the i-
Shttp://the.echonest.com/ vector pipeline uses LDA and then WCCN projections for post-
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processing, we use the LDA, then WCCN projected i-vectors in loss function from CCE to cosine, the NN's behavior changes and

our first experiment. Our first experiment reveals how different it can find much better optimum points which leads to achieving

networks—as well as the i-vector pipeline—deal with processed i- much higher performances.

vectors. The results of this experiment are provided in Table 1 In our final complimentary experiment (exp. 3) we studied the
Our second experiment compares the CDB-Net with the base-effect of weight initialization with LDA-WCCN projection matrix

lines encountering raw i-vectors. This experiment is the core of in the hidden layer. In Tablg 3 it can be seen that as expected, by

this paper and shows how our CDB-Net performs compared to all initializing the weight of the hidden layer with the projection ma-

the other baselines. trices of LDA-WCCN, all the baseline methods and the proposed
Finally, in our third experiment, we study the effect of weight method achieved similar performances to exp. 1 that processed i-

initialization in the hidden layer of the baseline NNs as well as our Vvectors were used.

CDB-Net. In [36] the importance of layer’s weight initialization By looking at 3 baselines used in experiment 3, it can be seen

in feed-forward NNs is discussed in details. In the experiments that the networks which previously did not perform well with raw

1 and 2, we initialize the weight of our hidden layer from a uniform i-vectors, now can perform much better if the hidden layer’s weight

distribution as explained i [36]. In experiment 3, we would like matrix initializes with the LDA-WCCN projection matrix. Even

to compare this initialization with an initialization using the LDA-  though the results are not surprising as we observed from the per-

WCCN projection matrix which is used in the i-vector pipeline for formance of our baseline NNs in experiment 1, we learned that it

i-vector post-processing. is not necessary to only use processed i-vectors to achieve good
Even though we are aware that initializing the hidden layer performances with NNs. By a right initialization, the performance

with LDA-WCCN projection matrix is similar to use processed i- 0f a CCE-optimized NN can be significantly improved.

vectors, we would like to provide proof that our CDB-Net is able

to find an optimum point that other NNs are unable to find using Table 1: Experiment 1- Artist recognition F-measure usingo-

SGD without a proper initialization. If we initialize the hidden cessed (LDA-WCCN projected) i-vector features and different

layer's weight, or use processed i-vectors, other netowrks are ablemethods. The method marked with an asterigkg the i-vector

to reach that optimum point. pipeline.
Using a LDA-WCCN projection matrix, we initialize the hid-

den layer's weight matrix in all of our baseline NNs as well as our method in. dim. | hid. neu.| out. layer| F1 (%)
CDB-Net. Then we feed all the networks with raw i-vectors. The *CS 49 - - 56.17
LDA-WCCN projection matrix is computed by multiplying LDA CCE-REC-Net| 49 49 SM 54.12
and WCCN projection matrices. In[26] a procedure is described | CCE-TAN-Net 49 49 SM 57.45
about how to combine LDA and WCCN projection matrix to be CCE-LIN-Net 49 49 SM 59.77
used with i-vector features and cosine scoring in an efficient way. CDB-Net 49 49 LIN 58.24

We follow the same procedure to compute our LDA-WCCN pro-
jection matrix.

Table 2: Experiment 2- Artist recognition F-measure usingw
i-vector features and different methods.

5.4. Results

The performance of NNs with LDA-WCCN projected i-vectors method in. dim. | hid. neu.| out. layer| F1 (%)

can be found in TablEl1. Also, the performance of the i-vector CS 400 - - 26.99

pipeline can be found under (CS) name. CCE-REC-Net| 400 400 SM 37.10
It can be seen that using LDA-WCCN projected i-vectors, | CCE-TAN-Net 400 400 SM 40.26

all the networks achieved similar performances to the i-vector | CCE-LIN-Net 400 400 SM 41.46

pipeline. Also, it can be observed that CCE-LIN-Net and CDB- CDB-Net 400 400 LIN 57.86

Net achieved better performances than CCE-REC-Net and CCE-
TAN-Net. It shows that rectified anthnh activation functions
were not useful, as expected.

As the main experiment of this paper, in Table 2 we com-

pare the CDB-Net with other baselines using raw i-vectors. AS tarant methods.

can be seen, the performance of the i-vector pipeline is very poor
without LDA-WCCN projection step. This shows the importance

- . ! method in. dim. | hid. neu.| out. layer | F1 (%)

of the post-processing for i-vector features. Also, looking at the CCE-REC-Net| 400 29 SM 53.33

other baseline NNs, it can be seen that all the other baseline net—==~ETANNet | 200 29 SM 5714
works also could not achieve a F-measure of more than 41.46%.

. s . Lo S CCE-LIN-Net 400 49 SM 58.41

This show that similar to i-vector pipeline, post-processing is very CDB-Net 700 9 N 5689

effective to process i-vector features using NNs optimized with
CCE loss function. The proposed CDB-Net could achieve the
performance 067.86% and outperformed all the baselines. The
good performance of CDB-Net reveals that even though no weight
initialization using LDA-WCCN projections were used, also i-

Table 3: Experiment 3- Artist recognition F-measure usingw
i-vector features with LDA-WCCN weight initialization for dif-

6. CONCLUSION

vectors were not processed with such linear projections, usingOur experiment results (exp. 1) suggest that feed-forward NNis ca
cosine loss function was very effective to optimize the network. be used as a classifier with processed i-vectors and achieve the per-
From the second experiment, we can observe that changing thdormance of i-vector pipeline. Also in exp. 2 we showed that the
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same NNs that performed well with processed i-vectors, are unable
to achieve good performances with raw i-vectors and the perfor-

mance of these NNs drops significantly when the post-processing[lz]

step is removed.

To tackle this problem, we introduced a NN with a cosine-

distance loss function and linear dense layers. We showed that this

network can achieve the performance of the NNs that used pro-[1

cessed i-vectors. It demonstrate that our network has the ability to
learn similar projections to LDA-WCCN which significantly im-
prove the i-vector representation for music artist recognition.

Our complimentary experiment results (exp. 3) suggest we can

improve the performance of the feed-forward NNs by initializing
their hidden layer’s weights using LDA-WCCN projection matrix.
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