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Abstract

Labeling training data is quite time-consuming but
essential for supervised learning models. To solve
this problem, the active learning has been studied
and applied to select the informative and represen-
tative data points for labeling. However, during the
early stage of experiments, only a small number (or
none) of labeled data points exist, thus the most
representative samples should be selected first. In
this paper, we propose a novel robust active learn-
ing method to handle the early stage experimental
design problem and select the most representative
data points. Selecting the representative samples is
an NP-hard problem, thus we employ the structured
sparsity-inducing norm to relax the objective to an
efficient convex formulation. Meanwhile, the ro-
bust sparse representation loss function is utilized
to reduce the effect of outliers. A new efficient
optimization algorithm is introduced to solve our
non-smooth objective with low computational cost
and proved global convergence. Empirical results
on both single-label and multi-label classification
benchmark data sets show the promising results of
our method.

1 Introduction

In many machine learning tasks, data and label collections
are time-consuming and costly. Thus, it is desired to find
ways to minimize the number of data points to be labeled,
i.e. carefully select the data points that should be labeled by
users. Recent research on active learning has been reasonably
successful in handling the problem of selecting examples to
be labeled. Typically, the active learning algorithms choose
which data points should be labeled and added to the training
set. In other words, a learner begins with a small set of labeled
data, selects a few informative data from the unlabeled data,
and queries for labels from an oracle. The goal is to reduce
the total labeling cost incurred to train an accurate supervised
learning model.
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In most cases, the active learning methods build upon no-
tions of uncertainty in classification. For example, the in-
formative data points that are most likely to be misclassified
should be considered to be the most informative and will be
selected for supervision; on the other hand, the representa-
tive data points that capture the most important natural prop-
erties of data points (e.g. manifold, clustering structures,
etc.) should also be selected. Starting from these two differ-
ent statistical uncertainty point of views, the existing active
learning approaches can be categorized into two groups. The
first group methods query the most informative data points,
such as uncertainty sampling [Lewis and Catlett, 1994; Bal-
can et al., 2007], query by committee [Seung et al., 1992;
Freund et al., 1997], and optimal experimental design [Lind-
ley, 1956; Flaherty et al., 2005]. The other group methods tar-
get to select the data points with representative information,
such as transductive experimental design [Yu er al., 2006]
and clustering based method [Nguyen and Smeulders, 2004;
Nie et al., 2012].

The active learning algorithms in both categories solve the
experimental design problem at different stages. The first cat-
egory methods prefer to choosing the uncertain or hard to be
predicted data, but need determine them by a large number of
labeled samples to avoid the samples bias. Thus, such meth-
ods should be used during the mid-stage of experiments, i.e.
after enough labeled samples are collected. At the early stage
of experiments, because we have a small number (or even
none) of labeled data, the representative data points are de-
sired to be selected for supervision.

In this paper, we focus on the early active learning strate-
gies, i.e. solving the early stage experimental design prob-
lem. The Transductive Experimental Design (TED) method
was proposed to select the data points via a least square loss
function and ridge regularization [Yu et al., 2006]. How-
ever, the TED objective leads to an NP-hard problem, and
was approximated by a sequential optimization problem with
slow greedy algorithm [Yu ez al., 2006]. Meanwhile, the least
square loss function used in TED objective is sensitive to data
outliers, thus the TED method is not suitable for the real-
world applications with large noise.

To solve these two deficiencies, we propose a novel ro-
bust active learning approach using the structured sparsity-
inducing norms to relax the NP-hard objective to the convex
formulation. A new robust active learning loss function is in-



troduced to selected the representative data insensitive to the
effect of outliers. The structured sparse regularization is uti-
lized to select the representative data points that have non-
zero weights during the sparse representations of different
data (the non-representative data points typically have small
weights or even zero, when they are used to represent other
samples). A new optimization method is derived to solve our
non-smooth objective with efficient procedure. Our algorithm
has the closed form solution in each iteration with proved
global convergence. Compared to previous greedy algorithm
[Yu et al., 2006], our new optimization method is much more
efficient. We evaluate our method using several benchmark
data sets. All experimental results show our method outper-
forms other state-of-the-art active learning methods.
Notations. In this paper, matrices are written as boldface
uppercase letters and vectors are written as boldface lower-
case letters. Given a matrix M = {m;;}, we denote its i-th
row, j-th column as m’, m;. The £5-norm of a vector v is de-

fined as ||v||2 = VvTv. The {2 1-norm of a matrix is defined

as HMH21 =i Z;n:1 mzzj

sistency, the quasi-norm /3 g-norm of a matrix M is defined
as the number of the nonzero rows of M.

= >, ||m?||,. For con-

2 Active Learning via Structured
Sparsity-Inducing Norms

Given unlabeled data X = [x1, X2, - ,X,] € R4*" the task
of active learning is to select m (m < n) samples for label-
ing by user, such that the potential performance is maximized
when training with the fixed m labeled samples. In early stage
experimental design, the early active learning methods usu-
ally select the representative data points to maximize the effi-
ciency of training process. Such a problem can be formulated
as the Transductive Experimental Design (TED) problem [Yu
et al., 2006] to solve:

L 2 2
min 3 (I — Bayll3 + il
A7B i=1
st.A=la, - ,a,) e R™*" BCX,|B|=m.

The key idea of TED is to select the samples that can best
represent the whole data using a linear representation. There-
fore, the selected samples can be considered to be the most
representative and informative data points since the other data
points are highly linearly related to the selected samples.

However, Eq. (1) leads to a difficult combinatorial opti-
mization problem (NP-hard). Thus, the TED problem was ap-
proximated by a sequential optimization problem and solved
by an inefficient greedy optimization approach. On the other
hand, the TED objective minimizes the least square error,
hence it is sensitive to the data outliers. To solve these two
deficiencies, we formulate the early active learning problem
using the structured sparsity-inducing norms and propose a
new robust formulation with efficient optimization algorithm.

Using the 3 o-norm, we formulate the problem in Eq. (1)
as:

ey

L& 2 2
min 3> (I — Xay |} + 7 Jlail )
=1

A =a;, -, a,] € RV HAHQ,O =m.

2
s.t.
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We propose a more concise objective as following:
n
. 2
mjinz;”)(i_Xain‘F’YHA”Q,O' (3)
1=
However, solving this problem is NP-hard because of the £3 o-
norm. Recent theoretical progress shows that |A ||, ; is the
minimum convex hull of ||Al||, ,, and when A is row-sparse
enough, one can always minimize ||A||, ; to obtain the same
result of minimizing [|All, ,. Therefore, Eq. (3) can be re-

laxed to the following convex optimization problem':
n
. 2
mAnZ‘THXi —Xail2 + VIIAL, - (4)
1=

The first term in Eq. (4) is the loss of the representation, and
the second term in Eq. (4) is the {5 ;-norm regularization on
A to obtain row-sparse solution of A. The loss used in Eq. (4)
is a squared loss, which is very sensitive to data outliers, thus
we propose to solve the following problem:

n
mAiLnZ i — Xal[, + v [[Allg

5
i=1
which can be written into a matrix format:
j:mjinH(X—XA)THz’l+7||AH2’1. (6)

In our new objective, where the ¢5 ;-norm is applied to the
loss function, the ¢1-norm is imposed among data points and
the ¢5-norm is used for features. As a result, the effects of
data outliers are reduced and the robustness of active learning
is improved.

After obtaining the optimal A in Eq. (6), we can sort the
rows of A by the row-sum values of the absolute A in the
decreasing order. Therefore, the active learning task can be
performed by selecting the m samples corresponding to the
top m rows of A. As the proposed active learning method
is based on robust representation and structured sparsity, we
call our active learning method as RRSS for short.

3 Optimization Algorithm and Analysis

Although the problem (6) is convex, it is difficult to be solved
since two non-smooth terms are involved. In this section, we
will derive an efficient algorithm to solve the problem (6),
and give a theoretical analysis to show that the algorithm will
converge to the globally optimal solution.

3.1 Algorithm Derivation

Taking the derivative of Eq. (6) w.r.t A, and setting the deriva-
tive to zero, we have?:

XTXAU - XTXU +~4VA =0 (7)

'Recently, we observed an equivalent formulation of Eq.(4) in
[Yu et al., 2008] with different motivation.

*When x; — Xa; 0, we can regularize wu;;

= 1 Similarly, when a® 0, vi;

as

WUig

24/ llxi —Xa;[|Z+s

L . Then the derived algorithm can be proved to minimize

2y/ [l [+

n 2 n
2\ lIxi = Xail; + e+ D00
that the problem is reduced to problem (6) when ¢ — 0.

l|ai]|2 + <. Itis easy to see



where U is a diagonal matrix with the ¢-th diagonal element
as u;; = and V is a diagonal matrix with the i-th

Then for each i(1 < ¢ <

1
2lx; —Xaill,’
diagonal element as v;; = S
2fla*(ly

n), we have

uiiXTXaZ- — ’LLZ'Z‘XTXZ' + "yVaZ =0
and then a; can be calculated by

a; = uy;(up XTX + V)1 X x; ©)
Note that U and V both are dependent on A and thus is also
unknown variables, we propose an iterative algorithm to solve
this problem. The detailed algorithm is described in Algo-
rithm 1. In the following, we will prove that the algorithm
will converge to the global optimal solution to the problem

(6).

®)

Input: The data matrix X € RZx",
Initialize A € R™"*" ;
while not converge do
1. Calculate the diagonal matrix U, where the ¢-th

diagonal element of U is u;; = W
i illo

Calculate the diagonal matrix V, where the ¢-th
diagonal element of V is v;; = m
2. For each i(1 < i < n), update a; by
a; = Uj; (U“‘XTX + "yV)ilXTXi )
end
Output: The matrix A € R**",

Algorithm 1: The algorithm to solve the problem (6).

3.2 Algorithm Convergence Analysis
First, we introduce a lemma as follows:
Lemma 1 ([Nie et al., 2010]) For any vectors a and a, we
[ lall;
2lall, 2|[all,”

Next, we prove the convergence of our algorithm in the
following theorem:

have ||al|, — < llall, -

Theorem 1 Algorithm 1 decreases the objective value in
each iteration.

Proof: Suppose the updated A is A. According to the step 2
in Algorithm 1, we know that

A= arg max Tr(X - XM)UX - XM)T) (10)
+yTr(MTVM)
Thus we have
Tr((X — XA)U(X — XA)T) + 4Tr(ATVA)

< Tr((X —XA)UX - XA)T) +~Tr(ATVA)
According to the definitions of U and V, we have

N2
o (- Xalp &,
& (2 Ixi — Xaill, 72
2112
n (ki — Xag||? lacll,

= ;(zxt—x@ng 2], "
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According to the Lemma 1, we have the following two in-
equalities:

Z < i — Xa|5 )
xi — X&, |, — 5o il
= (” 2= 2 = Xauf,
n X; — Xai 2
< X (|Xi — Xajl, — QHHXZ_)(aZIﬁQ) (12)

N [ (i
WZ Ha ||2_2Hai|| SWZ Ha ||2_
i=1 2 i=1

Summing Eq. (11)-(13) in the two sides, we arrive at

12
a1,
2

2|Ja’]
(13)

n

Z (sz XaZHz + H

i=1

Z l3; — Xall, +[[a’]|,)

i=1
(14)
Therefore, the algorithm decreases the objective value in each

iteration. U

Denote f(M) = Tr((X—-XMUX-XM)T) +
ATr(MTVM). In the convergence, we know f(A) =
f(A). Note that A = argmaxy f(M), thus A =

arg maxpg f(M). Note that 918 — 0 s exactly the Eq. (7),

thus A, U and V will satisfy the Eq. (7) in the convergence.
As the problem (6) is a convex problem, satisfying the Eq. (7)
indicates that A is a global optimum solution to the problem
(6). Therefore, the Algorithm 1 will converge to the global
optimum of the problem (6). Because we have closed form
solution in each iteration, our algorithm converges very fast.

4 Kernel Extension

The proposed method in the previous section can be easily
extended to the kernel version for active learning or we can
simply use a general kernelization framework [Zhang er al.,
2010] to achieve the kernel version. Let ¢ : R? — H be a
kernel mapping from the original space to the kernel space,
where H is a reproducing Kernel Hilbert Space (RKHS) in-
duced by a kernel function K(x,z) #(x)T¢(z). Then

$(X) = [p(x1), B(x2), -, §(x,)], and the problem (6) in
the kernel space becomes:
min [[(¢(X) = ¢(X)A) |, +7[Al,  (5)

Given the data matrix X = [x,Xa, - ,X,] € R>", we
denote the kernel matrix by K € R™*", where the (7, j)-th
element of K is k;; = ¢(x;)” ¢(x;). The algorithm to solve
the problem (15) is very similar to the Algorithm 1, and the
detailed algorithm is described in Algorithm 2.

5 Experimental Results

We empirically evaluate the proposed RRSS method, as well
as its kernelized version, K-RRSS method. We first demon-
strate the effectiveness of the proposed methods on a chal-
lenging synthetic data set. Then we study their performances
in both single-label and multi-label classification tasks.



Input: The kernel matrix K € R™*™.

Initialize A € R™"*" ;

while not converge do

1. Calculate the diagonal matrix U, Where the i-th
diagonal element of U is u;; =

\/k“-—2aTk1+a Ka;
Calculate the diagonal matrix V, Where the i-th
diagonal element of V is v;; = 2H;7 o

2

2. For each i(1 < i < ¢), update a; by
a; = ui,‘(U“‘K + ’}/V)_lki )

end
Output: The matrix A € R"*",
Algorithm 2: The algorithm to solve the problem (15).

5.1 Experiment on A Challenging Synthetic Data

We first give an experimental result on a challenging syn-
thetic data to validate the effectiveness of the proposed active
learning algorithm. The synthetic data are generated from six
subspaces of the original 500-dimension space. The dimen-
sions of the six subspaces are 10, 12, 14, 16, 18, 20, respec-
tively. The numbers of data generated from the six subspaces
are 25, 30, 35, 40, 45, 50, respectively, which are relatively
small to the dimensions. Furthermore, we add noise of 20%
perturbation on the generated subspaces data. Thus the 500-
dimensional data are distributed on six subspaces with differ-
ent dimensions, different numbers and high noises. Separat-
ing such a high dimensional, high noised and small sampled
data from the six subspaces is a very challenging task, which
can be seen from the 10-nearest-neighbor similarity graph of
the data in Figure 1(a). The cluster structure is obscure and
can not be discerned from the similarity graph on the origi-
nal data. Figure 1(b) shows the learned matrix A in Eq. (6)
by Algorithm 1, and Figure 1(c) shows the selected top 20
rows of A, the numbers of the selected samples from the six
subspaces are 1, 2, 3, 3, 4, 7. The result clearly indicates the
effectiveness of the proposed active learning algorithm.

5.2 Improved Single-Label Classification

We evaluate the proposed methods in single-label classifica-
tion tasks, in which each data point belongs to one and only
one class. We experiment with the following four broadly
used single-label data sets: Yale face image data [Georghi-
ades et al., 2001], USPS, BinAlpha [Belhumeur et al., 1997],
and Coil20 [Nene et al., 1996].

Yale face database contains 165 grayscale images in GIF
format of 15 individuals. There are 11 images per subject,
one per different facial expression or configuration.

USPS database is a handwritten digit database. We ran-
domly pick up 2000 images, 200 for each digit, from the
database for our experiments.

BinAlpha data set contains 26 binary hand-written alpha-
bets and we randomly select 30 images for every alphabet.

Coil20 database contains 20 objects. The images of each
objects were taken 5 degrees apart as the object is rotated on
a turntable and each object has 72 images. The size of each
image is 32 x 32 pixels, with 256 grey levels per pixel.
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Experimental setups. We conduct our experiments as fol-
lowing. For each data set, we first randomly select 50% of
the data points as candidate samples for training, from which
we employ the compared active learning methods to select a
certain number of samples to request human labeling. Us-
ing the selected samples and their queried labels as training
data, we learn a classification model, by which we classify the
other 50% data points. The latter is considered as test data.
We repeat every test case for 50 times and report the average
classification performances.

We compare our methods against the following two base-
line methods including: (1) random sample selection method
that randomly selects data points from a given data set to
query labels; (2) K-means sample selection method, where
we perform K-means clustering and select the data points
that are most close to the K centroids. The former is equiva-
lent to traditional passive learning, while the latter is to seek
the most representative samples of a data set. We also com-
pare our method against two related active learning methods
including (3) transductive experimental design (TED) method
[Yu et al., 2006] and (4) QUIRE method [Huang et al., 2010].
The former is closely related to our method, and the latter is
a very recent method that has demonstrated state-of-the-art
performance.

We construct a Gaussian kernel
date data points of each data set,

from the candi-
i.e., K(Xi,Xj)

exp (fa Ix; — xj||2>, as input for TED method, QUIRE

method, and the proposed K-RRSS method. Prior to ex-
periments, for each data set we use support vector machine
(SVM) (linear kernel) to seek the optimal parameter « of
the Gaussian kernel and the optimal tradeoff parameter of the
three methods via a standard 5-fold cross-validation using the
candidate data in the range of {10*57 1,000,100 }, where
we select 50% of the training data of each of the 5 trails to
learn the SVM classifier.

We learn SVM and transductive SVM [Joachims, 1999]
classifiers, by which we classify the test data points. The for-
mer is one of the most widely used supervised single-label
classification method, while the latter is an established semi-
supervised method extended from the former. Again, Gaus-
sian kernel is used, where we set C' = 1 and use the fine tuned
v in the sample selection process.

Experimental results. The classification accuracies by
SVMs trained with different amount of samples selected by
the compared methods for each of the four data sets are shown
in Figure 2. A first glance at the results shows that the pro-
posed methods consistently outperform the compared meth-
ods, sometimes very significantly, which demonstrate their
effectiveness in selecting useful training samples in single-
label classification. By a more careful observation, we can
see that the proposed K-RRSS method is always better than
its counterpart using vector input (equivalent to using linear
kernel), i.e., RRSS method, which is consistent with their
mathematical formulations in that kernel could make the data
more discriminative in the mapped feature spaces. Moreover,
the performance curves of the two proposed methods climb
to saturation in a much faster way than the compared meth-
ods. That is, when the number selected samples is small, our



(a) 10-NN similarity graph

(b) Learned matrix A

(c) The top 20 rows of A

Figure 1: The experimental result on the noised subspace data. Left figure: the 10-nearest-neighbor similarity graph on the
original data. Middle figure: the learned matrix A by Algorithm 1. Right figure: the selected top 20 rows of A, the numbers of

the selected samples from the six subspaces are 1, 2, 3, 3, 4, 7.
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Figure 2: Classification accuracies using SVMs trained by varied amount of samples selected by the active learning methods.

Table 1: Classification accuracies using transductive SVMs
trained by the top 10% of the candidate images selected by
the compared active learning methods.

Yale USPS BinAlpha Coil20
Random 0.523 0.667 0.511 0.572
K-means 0.537 0.673 0.519 0.576
TED 0.558 0.683 0.528 0.579
QUIRE 0.569 0.688 0.532 0.585
RRSS 0.588 0.710 0.537 0.596
K-RRSS 0.631 0.723 0.545 0.612

methods are more effective in selecting the most useful data
points to train an classifier with high accuracy. Because hu-
man annotation is often expensive in real world applications,
this adds to the practical value of the proposed methods. Fi-
nally, the performances of the active learning methods includ-
ing ours are generally superior to the passive learning method
that randomly selects samples for label query, which confirms
the values of active learning.

Table 1 show the classification results using transductive
SVMs trained with the top 10% selected samples by the com-
pared methods on each data set. We conduct this experiment
because semi-supervised learning is another way to improve
the classification performance by exploiting unlabeled data,
which could work with active learning and reinforce each
other. Again, our methods demonstrate better performances,
which confirms their effectiveness from another perspective.

5.3 Improved Multi-Label Classification

Now we evaluate the proposed approach in multi-label classi-
fication tasks, in which one single data point could be associ-
ated with more than one class label. Multi-label classification
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is more general, though more challenging, than single-label
classification, therefore it is more close to real world applica-
tions. One of the most successful application of multi-label
classification is image annotation, because one picture usu-
ally contains more than one object of interest. We evaluate the
proposed methods on the following three multi-label bench-
mark image data sets: TRECVID 2005, MSRC, and PASCAL
VOC 2010.

TRECVID 2005 data set contains 137 broadcast videos
(74523 sub-shot) from 13 different programs. Following pre-
vious work [Wang et al., 2009], we randomly sample the data
such that each concept has at least 100 images.

MSRC data set contains 591 images with 23 classes.
Around 80% of the images are annotated with at least one
classes and around three classes per images on average.

PASCAL VOC 2010 data set [Everingham et al., ] con-
tains 13321 images with 20 classes. We randomly select im-
ages, such that at least 100 images are selected for each class,
which leads to 1864 images used in our experiments.

Following prior computer vision studies, for these three
image data sets, we divide each image into 64 blocks by a
8 x 8 grid and compute the first and second moments (mean
and variance) of each color band to obtain a 384-dimensional
vector as features.

Experimental setups. We follow the same experimental se-
tups as in single label classification, i.e., we randomly split
a data set into two parts with equal size, and use one half as
candidate pool and the other as test data. We still use the six
compared methods as before to select images with the same
settings. Upon the top 20% selected images and their queried
labels, we classify the test images using the multi-label k-
Nearest Neighbor (Mk-NN) method [Zhang and Zhou, 20071,
which is a lazy learning method without a training process.
Multi-label classification is more complicated than single-



Table 2: Classification performance of Mk-NN method using the top 20% selected training samples by compared active learning

methods on multi-label data sets.

Methods Hamming loss | One-error | Coverage | Rank loss | Average precision T
Random 0.187 0.368 2.642 0.234 0.467
Kmeans 0.181 0.360 2.635 0.228 0.468
TRECVID TED 0.176 0.342 2.621 0.226 0.471
QUIRE 0.168 0.336 2.611 0.218 0.477
RRSS 0.148 0.319 2.584 0.201 0.488
K-RRSS 0.135 0.306 2.473 0.189 0.497
Random 0.289 0.554 3.969 0.293 0.571
Kmeans 0.281 0.550 3.884 0.288 0.579
MSRC TED 0.268 0.537 3712 0.271 0.586
QUIRE 0.263 0.532 3.684 0.263 0.591
RRSS 0.256 0.515 3.516 0.258 0.609
K-RRSS 0.250 0.511 3.507 0.248 0.611
Random 0.182 0.312 1.069 0.196 0.439
Kmeans 0.177 0.308 1.030 0.190 0.441
PASCAL TED 0.175 0.304 1.017 0.187 0.443
QUIRE 0.172 0.301 0.996 0.181 0.449
RRSS 0.171 0.297 0.994 0.176 0.453
K-RRSS 0.163 0.291 0.986 0.170 0.462

label classification, therefore it requires more metrics to eval-
uate the classification performance. We employ the following
five widely used multi-label performance metrics to assess
the classification results: Hamming loss, one-error, coverage,
rank loss and average precision. We refer readers to [Zhang
and Zhou, 2007] for detailed definitions of these performance
metrics. For the first four metrics, the smaller is better (de-
noted as | in Table 2); while for the last one, the bigger is
better (denoted as 1 in Table 2).

Experimental results. The average classification perfor-
mances on the three multi-label image data sets over 50 re-
peats are reported in Table 2. The results show that the pro-
posed methods are again better than the compared methods,
which demonstrate the effectiveness of our methods in select-
ing training images for multi-label data.

We further examine the average number of labels associ-
ated with the selected training images by the compared meth-
ods, which are listed in Table 3. Compared to the average
numbers of labels associated with the images in the original
data sets, the randomly selected images have about the same
numbers of labels as the original data, while the images se-
lected by the active learning methods, including ours, have
greater average label numbers than the original data. Because
the more labels a data point associated with in multi-label
settings, the more information it conveys [Wang et al., 20101,
the results in Table 2 provide a concrete evidence that sample
selection by active learning methods do improve the informa-
tiveness of the data. Because the average number of labels
associated with the selected training images by our K-RRSS
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Table 3: Average labels per image of the three data sets, and
average labels per image of the selected training images by
compared methods from these data sets.

TRECVID 2005 MSRC PASCAL
Original data 4.16 2.51 1.62
Random selected 4.09 2.56 1.64
K -means 4.35 2.66 1.69
TED selected 4.63 2.79 1.86
QUIRE 5.04 2.93 1.96
RRSS selected 5.87 4.07 2.03
K-RRSS selected 5.93 4.12 2.11

method is greatest, it is the most effective method in selecting
content rich images for multi-label image classification.

6 Conclusion

In this paper, we proposed a novel active learning method to
solve the early stage experimental design problem. Instead
of using the traditional least square loss function, we intro-
duce the robust sparse representation based active learning
loss function. As a result, the data points selected by our
method are insensitive to the outliers. The [3 ;-norm based
structured sparse regularization is utilized to select the most
representative data points that have large weights in the sparse
representations of other data points. We performed the empir-
ical studies on both single-label and multi-label classification
tasks. In all experimental results, our new approach outper-
forms other related active learning methods.
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