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Abstract. Music annotation is an important research topic in the multimedia area.
One of the challenges in music annotation is how to reduce the human effort in labeling
music files for building reliable classification models. In the past, there have been many
studies on applying support vector machine active learning methods to automatic mul-
timedia data annotation, which try to select the most informative examples for labeling
manually. Most of these studies focused on selecting a single unlabeled example in each
iteration process for binary classification. As a result, the model has to be retrained after
each labeled example is solicited, and the user is likely to lose patience after a few rounds
of labeling. In this paper, we present a novel multi-class active learning algorithm that
can select multiple music examples for labeling in each iteration process. The key of the
multi-sample selection for multi-class active learning is how to reduce the redundancy and
avoid selecting the outliers among the selected examples such that each example provides
unique information for model updating. To this end, we propose the distance diversity
and set density in the support vector machine feature space as the measurement of the
scatter of the selected sample set. Experiment results on two music data sets demonstrate
the effectiveness of our method. Moreover, although our criterion is designed for music
annotation, it can be used in a general frame work.
Keywords: Support vector machine, Active learning, Relevance feedback, Music anno-
tation

1. Introduction. Rapid development in speed and capacity of computers and the Inter-
net has led to the amount of music increase explosively. This fact gives rise to a need for
making all these music easily accessible to listeners. At present, applications that manage
music data usually utilize textual meta-data, so that computers can understand. The
meta-data often contains meaningful descriptions of the music, such as title, artist, genre,
emotion and so on. While manually annotating these music data, which has been using,
is time-consuming, costly and subjective. In recent years, content-based music informa-
tion retrieval has received widespread research interest in the field of multimedia retrieval
and pattern recognition. It is now possible to annotate the music collections in a semi-
automatic way [1]. That is, randomly select some music data and annotate them by hand
as the training set, and propagate the labels to the whole collection using a supervised
learning algorithm. However, we still need to manually annotate a part of music data
to output the model. Intuitionally, we hope this part of necessary music data to be as
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few as possible. This motivates us to develop an approach that can guide the selection of
these music data instead of the blindly random selection, such that we only need to label
the smallest number of music before a particular level of annotation accuracy is achieved.
This is the very problem active learning aims at solving [2].

Active learning was first introduced by Lewis [3]. It has been widely used in many
domains ranged from text classification [4], image retrieval [5], drug discovery [6] and music
retrieval [7]. Generally, active learning is an iterative process comprising two primary
components: a sample selection strategy and a classifier. In one round of an active
learning process, it first selects samples from the unlabeled sample pool based on the
selection strategy, then requests the user to label them before passing to the classifier.
The classifier then updates itself with the newly labeled samples iteratively.

In the past decade, a number of classify techniques have been applied to the multimedia
annotation area, including the decision tress [8], Bayesian classifiers [9], neural network
[10]. Empirical studies in recent years [2] have shown that support vector machine (SVM)
is the state-of-the-art technique among all methods mentioned above. SVM has the
advantage in that it is more efficient than other techniques in model training, especially
when the training set is in small size and imbalanced. This motivates us to choose SVM
as the basis classifier for active leaning in music annotation.

In music annotation, the music data set is usually partitioned with many concepts in
a moderate dictionary, in many case, the number of concepts are more than three. Each
concept is a semantic part and should be represented by a model. In the conventional
single concept active learning, we trained the classifier based only on a selected subset of
the labeled data set. This procedure was repeated till a pre-decided number of samples
were labeled. If this were to be repeated for all concepts, then the annotation effort would
grow linearly with the number of concepts that are being annotated. With dictionary sizes
growing this would make it impossible to annotate separately for each concept. The need
for multi-class active learning thus stems from the possible common use of music to be
annotated for multiple lexical entries. Multi-class active learning is also efficient because
annotation of one music object with multiple concepts takes less time than annotating on
music data separately for each concept.

Moreover, most techniques in active learning research aim at selecting only one in-
formative example at each iteration process. However, it is not suitable for the music
annotation. If only one candidate is presented each time, the user is likely to lose pa-
tience after a few rounds of annotation. It is also time consuming to retrain the classifier
whenever a new sample is labeled and then added to the training set. It is more efficient
from a computational point of view to select multi-examples before repeatedly running
the training algorithm.

Therefore, in this paper we propose a novel active learning approach with multi-class
SVM to minimize the human effort in annotating music data. Our contribution is that we
extend the multi-class SVM active learning selection strategy from selecting one example
a time to multiple examples, which enables the user to annotate multiple examples simul-
taneously each round instead of just only one example. We evaluate the effectiveness of
the proposed strategy on two benchmark data sets. The experimental results indicate that
our approach works effectively. To attain a level of generalization accuracy, the approach
requires many fewer labeled examples than some existing approaches.

The remainder of this paper is organized as follows: In Section 2, we first briefly
introduce some related works. In section 3 we describe the multi-class SVM. In Section
4, we introduce the active learning for the multi-class SVM. In Section 5, we present
our multi-sample strategy for multi-class SVM active learning. In Section 6, we report
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experiment settings and experiment results. Finally, we offer our concluding remarks in
Section 7.

2. Related Work. Recently, active learning with SVM has been developed and applied
in a variety of applications. The most representative and relevant works are reviewed in
the following.

A similar active learning method was developed by several researchers Tong [5], Schohn
[11], and Campbell [12]. These approaches theoretically analyzed the learning process of
SVM in the framework of shrinking the version space, and suggested to select the sample
halving the version space. Mitra [13] argued that the greedy search method employed
in these methods was not robust and a confidence factor was proposed to measure the
closeness of the current SVM to the optimal SVM. A random sampling factor was intro-
duced when the confidence factor was low. Roy [14] used a probability model to label the
sample which could maximize the posterior entropy on the unlabeled data set.

Yet these strategies are designed to select only one optimal sample to the user for
feedback. We termed them as single-sample strategy. In order to select multiple samples,
Brinker [15] presented an approach that can select several samples which are close to the
SVM classification boundary, and at the same time, maintain their angular diversity to
reduce the redundancy. A parameter was introduced to control the tradeoff between the
two criteria. Similar selection strategy to label several samples at a time was developed
by Ferecatu [16].

However, all these aforementioned algorithms were devised to the binary-class SVM
active learning. In the music annotation scenario, it is a multi-class classification problem
rather than a binary classification, so a multi-class SVM is needed. And to be practical,
more than one sample is necessary to be presented to the user for annotation in each round.
Unfortunately, in the literature few studies have been done to address this problem of how
to select best n(n > 1) samples for multi-class SVM active learning. One of the most
relevant papers to our work was done by Tong et al. [17]. They proposed a heuristic
algorithm to select an unlabeled sample that minimizes the maximum volume reduction
over all version spaces. It has been proved to be a special case of the algorithm proposed
by Yan [18]. But these methods still belong to the single-sample strategy since only one
example is selected in each round of active learning.

In general, the challenge in selecting multi-sample for multi-class SVM active learning
is twofold: on one hand the examples selected should be informative for all binary SVM
models; on the other hand the examples should be diverse enough such that information
provided by different examples does not overlap with each other. To address this challenge,
we employ a distance diversity and density in the SVM feature space as the measurement
of scatter for the example set, and choose the set shares the smallest score of the scatter
over the whole unlabeled set. The following sections present the proposed approach in
more detail.

3. Multi-class Support Vector Machine. The support vector machine is a supervised
classification system that minimizes an upper bound on its expected error. It attempts
to find the hyper-plane separating two classes of data that will generalize best to future
data [19]. Suppose we are given i training data x1, ..., xi that are vectors in some space
X ∈ RN . We are also given their labels y1, ..., yi where yi ∈ {−1, +1}. Assuming that the
samples are linearly separable, there are many possible hyper-planes that can separate
the samples, but there is only one that maximizes the distance between the hyper-plane
and the closest points. For the optimal hyper-plane, it can be characterized by a weight
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vector w and a bias b such that
wT x + b = 0 (1)

The decision function of classifying an unknown point x is defined as

f(x) = sign(wT x + b) (2)

where

w =
N∑

i=1

aiyixi (3)

N is the support vector number, xi is the support vector. yi is the class label xi belongs
to and b is set by the Karush Kuhn Tucker conditions [20]. Where ai satisfies

max LD(a) =
N∑

i=1

ai −
1

2

∑
i,j

aiajyiyjxixj (4)

Subject to
N∑

i=1

aiyi = 0 ∀i, ai ≥ 0 (5)

In most cases, data for training is difficult to be linearly separated in input space. The
solution to this situation is mapping the input space to a higher dimensional space which
is called as feature space in this paper, and searching optimal hyper-plane in this new
space. Let Z = φ(x) denotes the corresponding space with a mapping from RN to a
space Z. It is not necessary to know about φ. We just provide a function K called kernel
function which uses the vectors in input space to compute the dot product in the feature
space Z, that is

K(xi, xj) = φ(xi) ∗ φ(xj) (6)

Frequently used kernel functions are listed in Table 1.

Table 1. SVM Kernels

Kernel function K(x, y) =
Linear x · y

Polynomial (γ(x · y) + cof0)d, γ > 0
RBF exp(−γ‖x− y‖2), γ > 0

Sigmoid tanh(γ(x · y) + coef0)

Although SVM is originally designed to two-class problems, they can be adapted to
multi-class classification by ensemble schemes, such as one-against-others, one-against-
one and DAGSVM [21]. One-against-others is simplest among these schemes, but it can
give favorable performance. When the number of classes k is large, we need only to train
k binary classifiers, while other ensemble schemes require many more than k classifiers.
Thus a one-against-others multi-class SVM is used in our work.

For one-against-others multi-class SVM, the i-th SVM is trained with all of the examples
in the i-th class with labels +1, and all over other examples with labels −1. Suppose we
are given m training data (x1, y1), ..., (xi, yi), where xi ∈ RN , i = 1, ...m and yi ∈ {1, ..., k}
is the class label of xi. Instead of one decision function, there are k decision functions:

f1 = (w1)T φ(x) + b1,
...

fk = (wk)T φ(x) + bk

(7)
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So, the final decision function is

f(x) ≡ argmaxi=1,...k((w
i)T φ(x) + bi) (8)

We say x is in the class which has the largest value of the decision function.

4. Multi-class SVM Active Learning. Active learning is defined as strategies for a
learning system to actively select one sample or batch of samples to query the user for
labels in order to achieve the maximum information gain or minimal uncertainty. More
specifically, suppose we have a set of instances X comprised of a set of labeled instances
L and a set of unlabeled instances U such that X : U ∪ L. The labeled instances are
used to train a classifier f : X → {+1,−1}. The issue with active learning is how to
choose the next instance or set of instances from U to train f such that the classification
performance improvement is greatest. Thus, the next instance or set of instances should
be the most informative.

For SVM based active learning, a class of selection strategies which aims at reducing the
volume of the version space is reviewed in the paper [2]. These strategies are theoretically
well-fund for two-class active learning problem, while they are hard to be extended to
multi-class active learning case. For a multi-class SVM with k binary SVM, these strate-
gies do not suggest how to choose which instance or instances are best for all binary SVM.
It is not unusual that the most informative instances for one binary SVM could be useless
for other SVM. Instead, an intelligent approximation is needed. When a new instance x
is introduced to the learning system for label, we assume that the ratio of volume reduc-

tion on a single version space is approximated by 1+fi(x)·yi

2
, where fi denotes the decision

function of the i-th binary SVM classifier and yi ∈ {−1, +1} denotes the binary label of
the multi-class example (x, y) ∈ X × {1, ..., k} in the binary classification problem. The
product of all individual reduction ratios is then used to quantify the volume reduction
of the set of k version spaces for the instance x:

volume(x) =
k∏

i=1

1 + fi(x) · yi

2
(9)

Considering a best-worst case scenario, for each unlabeled example x the maximum
product of reduction ratio over all possible multi-class label is calculated. A low value of
the production corresponds to a small size of the version space over all binary classifiers.
An single sample x then can be selected according to the following best-worst case selection
strategy:

x← arg min
x∈U

max
y∈{1,...k}

(
k∏

i=1

1 + fi(x) · yi

2
) (10)

5. Multi-samples Strategy For Multi-class SVM Active Learning. As motiva-
tion, consider that whether a traditional or active learning-based paradigm is used, the
user is often asked to label multiple examples. The version space based single-sample
strategy for multi-class active learning is effective only when selecting one sample each
time. Whereas when extended to select a batch of examples, this method should consider
the volume reduction of the resulting version spaces for each possible labeling of each
possible set of the batch. It would require an exhaustive search in the space of all possible
label assignments for all possible batches. The computational complexity makes it unfea-
sible to find the optimal samples set in practice. Here, an alternatively heuristic algorithm
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can be applied to find a sub-optimal solution. We term this strategy as SVM-simple. It
selects multiple samples exclusively based on this single-sample strategy.

As we know, learning algorithms make the assumption that similar elements are likely
to belong to the same class. Thus the knowledge of one sample generally induces the
knowledge of its similar neighbors. Samples those have high ability in reducing the size of
version spaces are quite similar to one another, often times in the same area of the SVM
feature space. In a small-sample setting, especially when we want to minimize both user
and system effort, it makes more sense for the user to label a diverse set of examples rather
than many similar points which are, by comparison, much less informative. Therefore,
in order to reduce the redundancy, it is important to take into account the samples’
distribution in the SVM feature space where the classification is conducted. An optimal
selected sample set not only should be effective to reduce the volume of version spaces,
but also should be scattered over the feature space.

We can measure the scatter of the selected samples from the following two aspects:

(1) The selected samples should be representative in the SVM feature space.
(2) The selected samples should be far away from each other in the SVM feature space.

Aspect (1) is to avoid choosing the outliers as candidates and suggests select samples
from dense regions. Instance in a high density region is usually more representative and
conveys more information than those in low density regions. We use density in a region
around a particular sample to quantify the aspect (1). The density is implemented directly
by the average distance from the sample to the nearby 10 samples. In the SVM feature
space, the distance between two samples can be calculated as:

D(xi, xj) =
√

(φ(xi)− φ(xj))2

=
√

φ(xi)2 + φ(xj)2 − 2φ(xi) ∗ φ(xj)
(11)

It can be rewritten in terms of the kernel function

D(xi, xj) =
√

K(xi, xi) + K(xj, xj)− 2K(xi, xj) (12)

The density around a sample xi can be computed as:

Dens(xi) = arg minxj1 6=...xj10

D(xj1, xi) + ...D(xj10, xi)

10
(13)

Aspect (2) is to ensure the selected samples be globally spread in the feature space. If
two samples close to each other are selected, they probably belong to the same concept,
and then provide the learner with similar knowledge. We use a concept named diversity
to quantify the aspect (2). The diversity is measured as the inverse value of the minimum
distance between samples in the current samples set S. A smaller value of the diversity
corresponds to a sparser distribution of the sample set.

Div(xi) = −arg minxm,xn∈{S+xi}D(xm, xn) (14)

Consequently, the sample selection is formulated as a problem to find an optimized
samples set S∗ which satisfies

S∗ = arg min F(S)

F(S) =
1

b

b∑
1

volume(xi) + Div(S) +
1

b

b∑
1

Dens(xi)
(15)

where b is the preferred number of S and xi ∈ S. Note that before the combination of
volume, diversity and density, we should normalize their values to be on the same scale
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by subtracting the mean value and dividing by the standard deviation over the whole
samples.

6. Experiments And Results.

6.1. Music data sets and features. The feedback information by user is essential
to the evaluation of the performance of the active learning mechanism. However, it is
difficult to evaluate and compare the effectiveness of an active learning mechanism with
different strategies and different parameters when experimenting with users because they
have to undergo many experiments and require too much listening time. Moreover, it is
also doubtful that a concept formed by a user is consistent across all experiments. The
common alternative for researchers of active learning in the image annotation is to use a
collection for images which the ground truth is available. In other words, a collection in
which each example has been annotated with a label which corresponds to a concept.

The experiment in this paper adopts a similar approach. For this study, two different
real music collections in polyphonic WAV format are used. The two data sets include a
number of pre-categorized music files, where the category can be used as ground truth.
The first one is a music genre database [22]. The genre database has the following 10
classes: classical, country, disco, hip-hop, jazz, rock, blues, reggae, pop and metal. An-
other database is a music mood database [23]. The mood database includes: aggressive,
happy, relax and sad. Each category of two databases includes 100 music excerpts.

In order to annotate the music more accurately, we try to extract as many low-level
features as possible, providing a very rich description of every music object in the database,
we used a set of features of different kinds, including temporal, Spectral, Tonal and
Rhythm features [24-26].

6.2. Experiment setting and procedure. In the experiments, LIBSVM (Version 2.85)
[27] is used to handle multi-class classification and perform the experiments with default
parameters. We test our strategy with the RBF kernel. The performance of the algorithm
is evaluate by the average precision on the unlabeled data.

For the sake of simplicity, we simulated the human annotating process without actually
asking a human for the labels at each round. The procedure of the experiment is described
as follows:

(1) Treat music samples in the same category as the same class and the remaining as
different class;

(2) Randomly select ten music from the database, at least one from each class as the
initial training set and remove them from the database;

(3) Train a N-class SVM using the training set where N is the number of classes;
(4) Select another ten new samples from database according to the sample selection

strategy;
(5) According to the ground truth, automatically label the ten music samples to different

class to simulate user’s annotation. After that, these labeled music samples are added
into the current training data set and removed from the database;

(6) Redo steps 3 to 5 ten rounds to simulate user relevance feedback;
(7) To accumulate statistics, redo steps 2 to 6 one hundred times. The obtained perfor-

mance is averaged;

6.3. Experiment results. The first experiment aims to compare the performance of
our measure with SVM-simple which selects samples only based on the reduction of the
version spaces. The experiment results are shown in Figure 1 where we can see that the
performance of our method is significantly superior to the SVM-simple.



928 G. CHEN, T. J. WANG, L. Y. GONG AND P. HERRERA

For our method and SVM-simple the average precisions for the initial annotation are the
same because they are training with the same initial training set. After that our method
consistently outperforms the SVM-simple with more samples are annotated. Especially
for genre database, the improvement is significant during the ten rounds. After 10 rounds
of annotation, as seen the genre database with 100 samples annotated by the user, 10%
to the whole database, can be automatically annotated at 62% with our method. On the
other hand, for mood database, it shows that with 100 samples annotated, which is 25%
to the whole database, can be automatically annotated up to 65%. From another point of
view, to achieve the same precision level, our method need less samples to be annotated.

The second experiment aims to compare the performance of our active learning based
method with methods without active learning. We select two classical annotation ap-
proaches, a regular SVM and K-NN. Both methods randomly select the same number of
samples as that used for training in our method. The regular SVM method trains models
to determine the labels of the un-annotated music data, and we term this method as
SVM- random. K-NN determines the label of an instance by the label of its K nearest
neighbors in annotated data. We conducted experiments to determine the impact of K
used in K-NN method. The peak performance is obtained at different number of K for
two different data sets, in most cases at round 10 with a better performance. So in the
experiment we set K=10 in K-NN for comparison.

As seen in Figure 2, in the first two rounds, the precision of three algorithms is similar.
After that, the precision of our method is increased faster that the other two. An expla-
nation of the phenomenon is that, at the beginning, for our method, the redundancy and
density are not so important. But with more samples selected, the impact of redundancy
and density becomes obvious, and therefore the performance of our method is further
improved. On the contrary, the SVM-random and K-NN is not so improved when the
diversity and density are not applied. The result indicates that the use of our multi-class
active learning method is beneficial in music annotation.
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Figure 1. Annotation precision vs. number of iterations

7. Conclusion. In this paper, we have studied the multi-class SVM active learning for
music annotation. We present a novel multi-class SVM active learning algorithm that is
able to select multiple informative and diverse examples for labeling in music annotation.
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Figure 2. Annotation precision vs. number of iterations

This is different from traditional active learning algorithms that focus on selecting the
most informative examples for labeling. We use the distance diversity and density in SVM
feature space for the measurement of the score and choose the set of examples that will
effectively maximize the score. We conduct extended experimental evaluations on two real
music collections for annotation. The promising results demonstrate that our method is
more effective than other conventional approaches. Although our criterion is designed for
music annotation, it can be used in a general frame work such as image annotation, video
annotation etc.
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