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Image classification is a key task in image understanding, and multi-label image classification has become

a popular topic in recent years. However, the success of multi-label image classification is closely related to

the way of constructing a training set. As active learning aims to construct an effective training set through

iteratively selecting the most informative examples to query labels from annotators, it was introduced into

multi-label image classification. Accordingly, multi-label active learning is becoming an important research

direction. In this work, we first review existing multi-label active learning algorithms for image classification.

These algorithms can be categorized into two top groups from two aspects respectively: sampling and annota-

tion. The most important component of multi-label active learning is to design an effective sampling strategy

that actively selects the examples with the highest informativeness from an unlabeled data pool, according

to various information measures. Thus, different informativeness measures are emphasized in this survey.

Furthermore, this work also makes a deep investigation on existing challenging issues and future promises in

multi-label active learning with a focus on four core aspects: example dimension, label dimension, annotation,

and application extension.
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1 INTRODUCTION

In the era of big data, with the rapid advances in computer technology, networks, and the infor-
mation industry, the amount of various types of data is increasing in an explosive way. According
to the reports of International Data Corporation (IDC), the amount of data around the world will
increase sharply from 0.8 ZB in 2009 to 35 ZB in 2020, which is a 44 times growth over 10 years
with an average annual growth of 40% [61]. This new paradigm leads to an enormous challenge
on the management of the data. Among various types of data, multimedia data accounts for the
largest proportion. To make full use of the large-scale multimedia data, understanding the seman-
tic information of multimedia data becomes a primary task. Consequently, feasible approaches for
automatically understanding multimedia data are highly in demand [88].

Aiming to annotate images with specific labels for describing their semantic information, im-
age classification has become a key task in image understanding. In image classification, high-level
semantic information of images can be extracted from their underlying features, and predefined
labels can be assigned to these images. More precisely, a classifier can be learned from a training
set using a certain classification algorithm to classify unlabeled images. Therefore, image clas-
sification receives much attention and has been deemed an important issue in computer vision
and pattern recognition communities [99, 117]. Image classification is widely applicable to many
domains, including object recognition, scene recognition, image retrieval [11], video annotation
[90], and so on [13, 37, 43, 81], in the real world and widely used in medical diagnosis, aerospace,
military reconnaissance, fingerprint recognition [51], nondestructive inspection, remote sensing
satellite, and other fields as well. Clearly, image classification plays an increasingly important role
in industry and business.

Training a high-performance classification model is the core of image classification. The quality
of a trained classification model heavily relies on its training dataset. Constructing an effective
training set for image classification is an interesting and significant task. In the era of big data, a
large number of unlabeled images is yielded. However, obtaining a large number of labeled im-
ages is time-consuming and needs a lot of manpower and resources. More importantly, in real-
world applications, images are usually associated with a large number of labels [7]. For example,
shown in Figure 1, we can see that each image can be labeled with several labels simultaneously,
such as beach, mountain, fall foliage, urban, and field. It leads to multi-label image classification,
which further increases the cost of constructing an effective training set. Thus, the task of utilizing
abundant unlabeled images and limited resources to obtain an effective training set for training
a high-performance multi-label classifier has become one of the most important issues in image
classification.

To make full use of unlabeled images, two major machine learning approaches are proposed,
namely, semi-supervised learning [3, 4, 12, 75, 89, 118, 122] and active learning [21, 62, 69, 85,
88]. Although both approaches address the above problem by training a classifier using a few of
labeled images and a large number of unlabeled images, a fundamental difference between them
is whether additional labeling of images by experts is required during training. Specifically, semi-
supervised learning does not need manual intervention and directly utilizes unlabeled images to
improve the performance of the classifier [122]. However, it is difficult to guarantee the automatic
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Fig. 1. Several examples of multi-label images: Each image can be labeled with several of predefined labels,

such as beach, mountain, fall foliage, urban, and field.

annotation accuracy of semi-supervised learning. Active learning, however, acquires the labels for
some unlabeled images from domain experts, which can ensure accurate annotation. With limited
resources, active learning iteratively selects the most informative examples to acquire their labels
and trains a classifier from the updated training set, which is augmented with the newly selected
examples. Active learning not only significantly reduces the labeling workload, but also constructs
an effective training set for training a high-performance classifier. Therefore, active learning is a
very useful and adoptable solution for multi-label image classification studies.

Due to the effectiveness of active learning, it has been widely used with a wide variety of ap-
proaches proposed in the past decades. Settles et al. [69] and Fu et al. [21] provided a general
introduction and survey of recent developments in the active learning community. The recent de-
velopments in multimedia annotation, text classification, and remote sensing image classification
can be found in References [62, 85, 88]. Wang et al. [88] mainly reviewed the integration of active
learning with other related technologies, and Olsson et al. [62] and Tuia et al. [85] concentrated on
the applications of active learning in natural language processing and remote sensing image clas-
sification, respectively. Existing surveys [21, 62, 69, 85, 88] mainly concentrated on general active
learning or reviewed the applications of active learning in some specific fields. However, the dis-
cussion on multi-label active learning is limited and uncomprehensive without in-depth analysis.
Moreover, the studies on multi-label active learning are developing rapidly, and there are many
new advances of multi-label active learning over recent years. Thus, it is valuable and necessary
to present a comprehensive and deep overview in this field for potential researchers. Also, future
inspiring research directions are expected by the multi-label image classification community.

In this work, a more comprehensive survey focusing on multi-label active learning for image
classification is presented. As described in the following sections, sampling and annotation are two
essential components of an active learning system. Existing approaches for multi-label active
learning will be categorized and analyzed from the two aspects. Furthermore, we will illustrate the
future research directions in this field in terms of four potential aspects, i.e., example dimension,
label dimension, annotation, and application extension.

The remainder of this work is organized as below. In Section 2, we briefly describe active learning
and explain its general framework. In Section 3, we analyze the family of existing multi-label
active learning algorithms and discuss the characteristics of representative algorithms. In Section 4,
several future promises on multi-label active learning for image classification are given. Finally,
we conclude this work in Section 5.
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Fig. 2. A general framework of a typical pool-based multi-label active learning system.

2 PROBLEM DEFINITION

According to various ways of querying, active learning algorithms can be categorized into three
paradigms: membership query synthesis active learning [4, 45, 46, 48, 69], stream-based selective
active learning [14, 16, 22, 47, 69, 109], and pool-based active learning [15, 50].

As we discussed, there exist a great amount of unlabeled images, and the number of images still
keeps increasing at an exponential rate. Among these three paradigms, pool-based active learning
is the most applicable one for practical scenarios, especially for image classification. Pool-based
active learning has become the mainstream method, and many active learning algorithms for image
classification were derived. Thus, this work concentrates on the analysis and discussion of pool-
based active learning.

Figure 2 illustrates a general framework of a typical pool-based multi-label active learning sys-
tem, which is an iterative cycle. Sampling and Annotation are two important components of a
sample selection engine, as shown in the red-dotted boxes in Figure 2. Specifically, in each iter-
ation, a multi-label classifier is trained by the current training set. Then, the informativeness of
each example/example-label pair in the unlabeled data pool is assessed one by one using a designed
informativeness measure. The most informative ones are selected, and a human expert is asked
to label these selected examples/example-label pairs. After that, the training set is updated when
new examples/example-label pairs are added. Sequentially, a new multi-label classifier is trained
on the augmented training set. The whole cycle is iterative and stops when reaching a predefined
stopping criterion, either the number of iterations or the performance of the classifier. To ensure
that the description is intelligible and vivid, some definitions and symbols are presented as below.

Given a multi-label active learning problem, there is an example set X = {x1, . . . ,xn } consisting
of n examples. Each example xi belongs to a d-dimensional feature space and is associated with
the possible label set Yi , where Yi is a subset of the total label set A = {l1, l2, . . . , lnm

} and nm is the
number of labels in A. Besides, the definitions of a multi-label example, an example-label pair and
informativeness are given as follows.

Definition 1. Multi-label example: A multi-label example xi can be denoted as {xi ,Yi }, where
xi = {vi

1,v
i
2, . . . ,v

i
d
}, andvi

d
denotes thedth feature value of xi .Yi = {yi,l1

,yi,l2
, . . . ,yi,lnm

} denotes
the label set of xi .

Definition 2. Example-label pair: An example-label pair can be denoted as (xi ,yi,ls
), where

xi = {vi
1,v

i
2, . . . ,v

i
d
}, and yi,ls

denotes the sth label of xi and yi,ls
∈ {0, 1} is contained in the label
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setYi of example xi .yi,ls
= 0 indicates that the labelyi,ls

does not belong to the example xi .yi,ls
= 1

indicates that the label yi,ls
belongs to the example xi .

Definition 3. Informativeness: The measurement of useful information of an unlabeled ex-
ample xi or example-label pair (xi ,yi,ls

).
In a typical multi-label active learning scenario, there is an example set X including a small

labeled training set L = {(xi ,Yi ) | 1 ≤ i ≤ nl } and a large unlabeled datasetU = {(x j ,Yj ) | 1 ≤ j ≤
nu }. Here, nl is the number of examples in L, and nu is the number of examples inU (nl � nu ). Its
ultimate goal is to learn a high-performance multi-label classifier Θ : X → A. The pseudo code is
shown in Algorithm 1.

ALGORITHM 1: Pool-based multi-label active learning

Input: A labeled training set L;

An unlabeled example pool U ;

Θ←An initial classifier trained on the labeled set L;

Output: The final classifier Θ.

While iteration-stopping criterion is not reached Do

For each unlabeled example x j /example-label pair (x j ,yj,k ) in U Do

Compute the informativeness of x j /(x j ,yj,k );
End

Sort the unlabeled examples/example-label pairs in U according to an informativeness measure;

S ← Select the most valuable examples/example-label pairs;

The annotator assigns labels to the candidate examples/example-label pairs in S ;

L = L ∪ S ;

U ← U \S ;

Θ← The classifier retrained on the augmented training set L;

End

In next section, a summary of representative works on multi-label active learning is provided
and their sample selection is discussed from two aspects, sampling and annotation. For ease of
reference, Table 1 lists the major mathematical notations throughout this work along with their
explanations. It first summarizes the basic notations defined above and also provides commonly
used notations in the following section.

3 OVERVIEW OF TOPICS

As mentioned, effective solutions on constructing an effective training set for multi-label image
classification are highly in demand in real-world applications. Many multi-label active learning
algorithms have been proposed in recent years. In this section, a broad overview of representative
sampling strategies of multi-label active learning is presented. Figure 3 shows the hierarchical
structure of existing multi-label active learning algorithms. Two main areas of focus for these
algorithms are sampling and annotation. Section 3.1 of this section gives a broad overview of
representative sampling strategies and Section 3.2 focuses on annotation algorithms.

3.1 Sampling

To design a sampling strategy, two aspects should be considered, i.e., the selection of sampling
granularity and the design of information measure. In this subsection, existing multi-label active
learning algorithms for image classification will be analyzed and summarized from the two aspects.

3.1.1 Sampling Granularity. Sampling granularity indicates the selection unit of a sampling
strategy of multi-label active learning. According to various selection units, we categorize these
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Table 1. Summary of Major Mathematical Notations throughout This Work

along with Their Explanations

Notations Explanations

A label space with nm possible class labels {l1, l2, . . . , lnm
}

X d-dimensional example set
L a labeled training set
U an unlabeled data pool
xi the ith example with d-dimensional features (vi

1,v
i
2, . . . ,v

i
d

) (xi ∈ X )

Yi the label set associated with the example xi

yj,k the kth label of example x j

nl the number of examples in L
nu the number of examples in U
ns the number of selected examples/example-label pairs
Θ the trained multi-label classifier Θ : X → A

UL (x j ) the unlabeled label set of example x j

|UL (x j )| the number of unlabeled labels in UL (x j )
LD (x j ) the labeled label set of example x j

|LD (x j )| the number of labeled labels in L (x j )
c (yj,k ) the correlated label set of yj,k in x j

fk (·) the classifier of the kth label lk in A

Fig. 3. A hierarchical structure of existing studies on multi-label active learning. This section focuses on two

main research focus areas: sampling and annotation.

existing multi-label active learning algorithms into four types: example-based, example-label-
based, mixed-mode-based and batch-mode-based methods.

A. Example-based Methods.

(a) Method Definition. Definition 4. Example-based: Given an unlabeled dataset U and a
known label space A, an example-based method selects ns most informative examples {x∗}ns

1 from
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Fig. 4. An example: one iteration of an example-based multi-label active leaning method that acquires all

the labels for each candidate example.

U and then for each example x∗ acquires all the labels from domain experts. The informativeness of
each unlabeled example can be calculated through an informativeness measure function In f o(·).
Accordingly, the sampling strategy of example-based methods can be defined as follows:

x∗ = arg max
x j ∈U

In f o(x j ). (1)

For each unlabeled example, its informativeness might be assessed from several aspects, such
as its uncertainty, representativeness, diversity, and other informativeness measures. The overall
informativeness of an example is an integration of potential information measures. Since the in-
fluences of different information measures for model training are disparate, tradeoff parameters
are used to balance the relative importances of these measures. Thus, the informativeness measure
function In f o(·) of an unlabeled example x j can be denoted as follows:

In f o(x j ) =
∑

αs Is (x j )

s .t . αs ∈ [0, 1],
∑

αs = 1,
(2)

where Is (x j ) is one of the information measure methods and αs is the sth tradeoff parameter.
In an example-based algorithm, all the labels of the selected examples are supposed to be anno-

tated simultaneously. As an example, Figure 4 illustrates one iteration of an example-based multi-
label active learning method. There are six images {x1, . . . ,x6} and the label space A contains five
different labels {Beach, Mountain, Fall Foliage, Urban, Field}. In the bottom two tables of Figure 4,
“1” indicates that the label is assigned to this example, “0” indicates that the label is not assigned
to this example, and “?” indicates that the label is unknown. Supposing that examples x1, x3, and
x6 are selected, all the labels of these three examples will be labeled according to the idea of the
example-based sampling strategy.

Different sampling strategies of example-based multi-label active learning methods are pro-
posed in References [10, 20, 34, 35, 38, 39, 52, 54, 60, 66, 68, 73, 78, 86, 102]. Boutell et al. [7] first
proposed to solve a multi-label classification problem by decomposing it into a group of binary
classification problems and a framework of multi-label scene classification was built in this work.
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It is known as problem transformation [83], which inspires many subsequent multi-label active
learning studies, such as Li et al. [54], Li and Guo [52], and Singh et al. [73]. They constructed a
set of standard support vector machines (SVMs [27—29]) to conduct multi-label active learning,
which trained a set of binary classifiers associated with corresponding labels. Li et al. [54] was the
first to introduce active learning into multi-label image classification.

Clearly, acquiring all the labels of the selected examples is usually costly, especially when the
number of labels that need to be annotated in an image is large. Besides, the informativeness
of each unlabeled example is only assessed from the aspect of the example dimension. Inherent
relationships buried in the label distribution are ignored, while there must be intrinsic relation-
ships between labels, i.e., label correlation. Intuitively, label correlation is beneficial for enhancing
the sampling strategy of multi-label active learning [115]. Example-label-based methods usually
choose a subset of labels associated with a certain example during sampling by exploring label
correlation. More information about label correlation will be described in Section 3.1.2B.

(b) Parameter Setting. As mentioned in Equation (2), to optimally integrate different informa-
tion measures together, tradeoff parameters are adopted to balance their relative importance to
obtain the optimal integration scheme. Generally, there are two methods to determine suitable
parameters.

One is to set fixed parameters based on experience and constraint conditions. Specifically, a set
of different parameter groups are predefined first. This set is used to form a series of correspond-
ing informativeness measure functions, which are used to train a corresponding set of classifica-
tion models. Finally, a parameter group, which was used by the model that achieved the highest
classification performance, is chosen as the final parameter setting. This method is used in many
multi-label active learning studies. However, it is very rigid and has to be adapted for each new
dataset, which is inconvenient and costly.

Another way is to develop an adaptive parameter tuning scheme to actively select a best inte-
gration parameter group for the dataset to achieve the best performance of the classifier [100]. For
example, Li and Guo [52] developed a consistent but flexible parameter tuning strategy based on
the expected loss to fit into different learning scenarios. More precisely, the sampling strategy for
assessing the informativeness of each unlabeled example x j is denoted as

In f o(x j ) = I1 (x j )
α · I2 (x j )

1−α , (3)

where α ∈ [0, 1]. Since it is hard to make continuous selection of α value, they selected α value
from a predefined set of discretely sampled values, e.g., V = [0, 0.1, . . . , 0.9, 1]. For each α in the
given setV , a series of corresponding informativeness measure functions is obtained. Using these
functions, a batch of unlabeled examples (no more than |V | examples) is selected from the unla-
beled data pool and collected into a candidate set S for each, respectively. For each example x ′ in
S , they used a multi-label SVM classifier Θ0 = [f 0

1 , . . . , f
0

nm
] trained on the current training set L

to predict its label vector Y ′. Then, a new multi-label SVM classifier Θ = [f1, . . . , fnm
] is trained

on the augmented training set L ∪ (x ′,Y ′).
The approximate generalization error of the new classifier induced by the candidate example x ′

is defined as follows:

ε (x ′) =
nu∑
j=1

max
p∈Y +j

[1 − fp (x j )]+ + max
q∈Y −j

[1 + fq (x j )]+, (4)

where Y+j denotes the predicted positive label set of the unlabeled example x j by the classifier

Θ and Y−j denotes the predicted negative label set correspondingly. Finally, the parameter group
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Fig. 5. An example: One iteration of an example-label-based multi-label active learning method that acquires

the label for each candidate example-label pair.

selection is defined as follows:

α∗ = arg min
αk ∈V

∑
x ′ ∈Sk

ε (x ′), (5)

where Sk is the candidate set corresponding to αk .

B. Example-Label-based Methods.

(a) Method Definition. Definition 5. Example-label-based: Given an unlabeled example setU
and a known label space A, an example-label-based method selects ns most informative example-
label pairs {(x ,y)∗}ns

1 fromU and then for each example-label pair {(x ,y)∗} acquires corresponding
label from domain experts. Here, ns is the number of the selected example-label pairs, (x ,y)∗ is
the selected example-label pair, and y is the label contained in the label set of the example x . The
informativeness of each example-label pair is calculated by the informativeness measure function
In f o(·). Accordingly, the sampling strategy of an example-label-based method is written as

(x ,y)∗ = arg max
x j ∈U ,yj,k ∈U L(x j )

In f o(x j ,yj,k ). (6)

Similarly, for each unlabeled example-label pair, its informativeness is an integration of vari-
ous information measures. Thus, the informativeness measure function In f o(·) of an unlabeled
example-label pair (x j ,yj,k ) is denoted as follows:

In f o(x j ,yj,k ) =
∑

αs Is (x j ,yj,k )

s .t . αs ∈ [0, 1],
∑

αs = 1.
(7)

where Is (x j ,yj,k ) is one of the information measures and αs is the sth tradeoff parameter.
Note that only part of labels rather than all the labels of candidate examples need to be labeled

in an example-label-based method. For example, there are six images shown in Figure 5, and the
images are the same with those shown at the top of Figure 4. Here, we assume that the number
of labels needed to be annotated is the same as that required in Figure 4. Figure 5 illustrates the
labels obtained from domain experts based on an example-label-based method. As we can see from
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Figure 5, for the example x1, only the labels {Beach, Fall Foliage, Urban, Field} are labeled, which
corresponds to the example-label pairs (x1,y1,1), (x1,y1,3), (x1,y1,4), and (x1,y1,5).

Comparing to example-based methods, example-label-based methods can dramatically reduce
the annotation cost, since they only need to acquire part of labels of an unlabeled example. More-
over, it is beneficial to explore underlying information buried in the labels. That is why example-
label-based methods become the mainstream of multi-label active learning algorithms, and many
relevant works [24, 30, 33, 63, 64, 91, 93–98, 105, 106, 111, 112, 114–116] have been proposed.

For instance, Qi et al. [63, 64] took into account not only the example space but also the la-
bel space and proposed a multi-label active learning method based on two dimensions. Wu et al.
[94] also intended to acquire the labels for the most uncertain example-label pairs, which is the
first work to propose the specific concept of example-label-based in multi-label active learning. To
speed up the whole active learning process, Zhang et al. [111, 112] further proposed a batch mode
for the selection of informative example-label pairs during each iteration. Guo et al. [30, 91] com-
bined low-rank mapping with multi-label active learning to mine label correlation for improving
the performance of the classification model.

However, to select high-informativeness example-label pairs, an example-label-based method
needs to assess the overall informativeness of all the example-label pairs in the unlabeled set U .
Its total computational cost is strongly affected by the number of labels, especially on a dataset
with a large number of labels. Therefore, to develop an efficient example-label-based method also
needs to take computation optimization into account.

(b) Parameter Setting. Similarly to the example-based methods, the example-label-based meth-
ods also utilizes tradeoff parameters to integrate multiple information measures. The two param-
eter setting ways of the example-based methods can also be extended for the example-label-based
methods. The fixed-weights setting for parameters is a commonly used approach in the example-
label-based studies while the automatic parameter tuning scheme is a more effective way. For
instance, Wu et al. [91] developed an adaptive integration framework based on the expected loss
to automatically balance relative importance degrees among three information measures.

C. Mixed-Mode-based Methods. Definition 6. Mixed-mode-based: Given an unlabeled exam-
ple set U and a known label space A, a mixed-mode-based method selects ns most informative
examples {x∗}ns

1 fromU first, and then for each candidate example x∗ selects an optimal label sub-
set Y ∗

sub
to acquire corresponding labels from domain experts. The final selection can be denoted

as {x∗,Y ∗
sub
}ns

1 . Here, ns is the number of the selected example-label pairs, x∗ is the selected exam-
ple, and Y ∗

sub
is the selected label set contained in the label set Y ∗ of x∗. The informativeness of

each example is calculated by the information measure function In f o1 (·) and the informativeness
of each label of the candidate example is calculated by the information measure function In f o2 (·).
Accordingly, the sampling strategy of a mixed-mode-based method is written as follows:

x∗ = arg max
x j ∈U

In f o1 (x j ), (8)

Y ∗sub = arg max
y∗,k ∈U L(x ∗ )

In f o2 (y∗,k ). (9)

Generally, the most informative examples are first selected based on an example-based sampling
strategy. Then, for each candidate example, part of labels will be selected based on a label-based
selection strategy to construct an optimal label subset. Finally, the selected examples and labels are
combined to augment the training set after annotated by human experts. As we can see, a mixed-
mode-based method is a balanced decision. In fact, it is a special case of the example-label-based
method.
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For example, Jiao et al. [40] proposed a typical mixed-mode-based multi-label active learning
method, max-margin uncertainty sampling with label-set push (MUSLAP). First, it selects a batch
of the most uncertain examples based on a max-margin-based uncertainty sampling strategy. Then,
it determines an optimal label set of each candidate example by estimating its label concept com-
position as the label concept composition reflects the probability distribution of the example with
different labels.

Besides, Huang et al. [36] also introduced this mixed mode to design their sampling strategy.
In their study, they also utilized uncertainty to select candidate examples, where the uncertainty
of each example depends on the number of performed queries. The fewer queries performed, the
more uncertain the example is. That is, the fewest queried examples will be selected at first. Then,
for each candidate example, two certain labels (as a label pair) whose queried information induces
a large change to the classification model will be selected. Here, the label pair is supposed to
have two properties. First, their relevance ordering should be less confident by the current model.
Second, the prediction of the two labels should not be too close.

Comparing to example-based and example-label-based methods, the mixed-mode-based meth-
ods look like the latter one, since they also consider both the example dimension and the label
dimension. Meanwhile, they can also reduce the annotation cost, since only a small label set of
each candidate example needs to be annotated.

D. Batch-Mode-based Methods.

Most state-of-the-art multi-label active learning methods select one unlabeled example at a time.
However, to reduce the waiting time of annotations, selecting batches of unlabeled examples is
preferred. A simple and commonly used way of picking a batch of unlabeled examples is to select
the best unlabeled examples by following a greedy approach. However, the main drawback of this
solution lies in the redundancy of information. To overcome this drawback, the batch-mode active

learning approach is used: it allows selecting a batch of unlabeled examples, which are informative
and have minimal redundancy.

To date, the study of batch-mode active learning on multi-label data is very scarce [10, 24, 38,
39, 68, 91, 111, 112]. Chakraborty et al. [10] proposed a batch-mode multi-label active learning
strategy, which queries all the labels of the selected unlabeled examples from human experts.
The informativeness of an unlabled example was computed as the average entropy over individ-
ual labels. The diversity between unlabeled examples was computed using a matrix that contains
the redundancy values between each pair of unlabeled examples. Jiao et al. [38, 39] proposed a
multi-criterion query-based batch-mode active learning technique. Specifically, after clustering a
pre-selected uncertain set using a kernel k-means clustering algorithm, a Gaussian process was
used to select the most informative sample in each cluster. Zhang et al. [111, 112] proposed a
high-order label correlation driven active learning strategy. After selecting unlabeled examples
based on an example-label pairs scheme, the batch-mode multi-label active learning problem was
formulated as an NP-hard integer programming problem with constraints. Gao et al. [24] pro-
posed a batch-mode strategy named multi-label active learning based on distribution matching.
Specifically, the representativeness and diversity criteria were used to select a batch of unlabeled
examples according to labeled and unlabeled sets with regards to their marginal probability distri-
butions in feature and label spaces. Reyes et al. [68] formulated the batch-mode multi-label active
learning as a multi-objective problem and resolved this problem using an evolutionary algorithm.
The proposed strategy intends to optimize three criteria at the same time (informativeness, rep-
resentativeness and diversity) to select the best batch of unlabelled examples. It also has a lower
computational cost than previous batch-mode active learning methods do, allowing its application
to large multi-label datasets.
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The representativeness and diversity are good criteria for improving the generalization of base
classifiers when used for batch-mode active learning methods. Representativeness-based criteria
measure whether an unlabeled example is representative of the underlying distribution by analyz-
ing the density around examples in the feature space. Diversity-based criteria measure the infor-
mation overlap among a set of examples in the label space. The representativeness and diversity
computation is described in detail in Sections 3.1.2C and 3.1.2D, respectively.

3.1.2 Informativeness Measure. As discussed, a sampling strategy is the key of a multi-label
active learning algorithm, which aims at labeling the examples/example-label pairs with high in-
formativeness. An information measure for assessing the informativeness of each example is the
core of a sampling strategy. Considering that there is much potential information buried in the ex-
ample distribution and label distribution, it is helpful to mine these kinds of information as basic
information measures.

In this subsection, we illustrate different basic information measures used in existing multi-
label active learning algorithms. Here, we categorize these basic informativeness measures into
six groups, as shown in Figure 3:

(1) Uncertainty metric;
(2) Label correlation metric;
(3) Representativeness metric;
(4) Diversity metric;
(5) Noise content metric;
(6) Expected error reduction metric.

A. Uncertainty Metric. Definition 7. Uncertainty metric: Given an unlabeled set U and a
known label space A, an uncertainty metric is a function Unc used to measure the uncertainty
of a classifier to predict an unlabeled example/example-label pair. The uncertainty metric in an
example-based active learning method is calculated based on the unlabeled set U , while it is cal-
culated from both examples and labels U ×A in an example-label-based active learning method:

Unc :

{
U 
→ R example − based
U ×A 
→ R example − label − based, (10)

where R defines a real number space. Uncertainty sampling aims to select an example/example-
label pair where the current classifier is the most uncertain in its prediction, which is a simple and
widespread used strategy. Many multi-label active learning algorithms adopted the uncertainty
metric in their sampling strategies.

As it is easy to obtain prediction probabilities or confidence scores from classifiers, a simple
uncertainty metric is easily proposed with an underlying intuition that the lower the prediction
confidence, the higher informativeness the corresponding examples/example-label pairs have to
improve the current classifier [36]. For example, Singh et al. [73] trained several SVM classifiers
and calculated the SVM margin values for all labels of an example simultaneously. By converting
the distances from the margins to probability scores, the average probabilities across all SVMs can
identify the uncertainty of the example.

Combining the classification margin value with a simplest rank aggregation method, Reyes et al.
[66] proposed a score function to measure the uncertainty of each unlabeled example. Specifically,
they first calculated the margin value for utilizing the predictions from the current classifier to
represent whether an example belongs to a certain label. Note that a larger margin value means
that the classifier has a smaller prediction error. Accordingly, the margin value mar j of the label
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yj,k in the example x j is written as follows:

mar j (yj,k ) = |p (yj,k = 1|x j ) − p (yj,k = 0|x j ) |. (11)

Using Equation (11), they obtained a vector of margin values M (x j ) = [mar j (yj,1), . . . ,
mar j (yj,nm

)] for each unlabeled example x j . Then, after collecting and listing the margin values of
all the unlabeled examples on the label yj,k , they computed a ranking τyj,k

to order the unlabeled
examples as follows:

τyj,k
= (x1,x2, . . . ,xnu

) |mar1 (yj,k ) < · · · < marnu
(yj,k ). (12)

After that, they adopted the Borda’s method, which is a positional method to assign a score
to an element in correspondence to the position where this element appears in each ranking, to
compute the score of each unlabeled example x j as

Unc (x j ) =

∑
yj,k ∈Yj

(nu − τyj,k
(x j ))

nm (nu − 1)
. (13)

Several works followed the same idea above, such as Huang et al. [34, 35].
Certainly, there are some other ways to represent the uncertainty based on the classifiers’ pre-

diction probabilities. The simplest and most widely used method used in References [20, 30, 93—96,
105, 106] can be denoted as follows:

Unc (x j ,yj,k ) =
����
1

2
− p (yj,k = 1|x j )

���� , (14)

where p (yj,k = 1|x j ) defines the prediction probability that the label yj,k is associated with the
example x j . Tur et al. [86] made a few alterations and predefined a threshold as a lower prediction
probability limit to query the example-label pair whose prediction probability conforms to the
criteria.

Entropy is another commonly used uncertainty measure method [91, 97, 98, 111, 112, 115, 116].
Within example-label-based methods, it can be represented as follows:

Unc (x j ,yj,k ) = −
∑

m∈{0,1}
p (yj,k =m |x j ) logp (yj,k =m |x j ). (15)

Moreover, to combine entropy with mutual information, Qi et al. [63, 64] achieved a new reli-
able uncertainty metric, which is able to explore the uncertainty on both the example and label
dimensions. Specifically, this two-dimensional active learning approach is denoted as follows:

Unc (x j ,yj,k ) =
nm∑
s=1

MI (yj,s ;yj,k |yj,LD (x j ),x j )

= H (yj,k |yj,LD (x j ),x j ) +
nm∑

s=1,s�k

MI (yj,s ;yj,k |yj,LD (x j ),x j ),

(16)

where the former one H (·) is the uncertainty measured from the selected example-label pair
(x j ,yj,k ) itself, and the latter one MI (·) is the statistical redundancy between the selected label
yj,k and the rest yj,LD (x j ) . The label uncertainty is decreased when the inference of other labels
can obtain some information by maximizing the mutual information term. Furthermore, Zhang
et al. [114] considered the uncertainty over different views when selecting example-label pairs
and extended this algorithm under a multi-view scenario.

To take into consideration the uncertainty on both the example and label dimensions, Li and
Guo [52] proposed two metrics to assess the uncertainty on the two dimensions, respectively. First,
a max-margin prediction uncertainty selection strategy is designed from the example dimension,
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which is also used in Reference [40]. As we know, based on SVM [27—29], it is clear that the
separation margin of the most uncertain example is the smallest as multi-label classification is
actually about the overall separation between the groups of positive labels and negative labels.
Accordingly, a max-margin uncertainty measure is modeled using a global separation margin,
which is represented by an inverse separation margin as follows:

Unc (x j ) =
1

min
k ∈Ŷ +j

| fk (x j ) | +min
s ∈Ŷ −j

| fs (x j ) |
, (17)

where the denominator is the separation margin over example x j , Ŷ
+
j and Ŷ−j denote the predicted

positive and negative labels of an unlabeled example x j of a corresponding classifier, respectively,
and fk is the SVM classifier for the kth label trained from the segmented labeled set L ∪ (x j ,Yj ).

Then, an inconsistency strategy based on label cardinality [81] is designed from the label di-
mension. Since all the examples are extracted from the same natural distribution, the statistical
properties should be shared by the input features and the labels simultaneously. Accordingly, Eu-
clidean distance is chosen as the label inconsistency, which calculates the distance between the
label cardinality of the current labeled data and the number of predicted positive labels,

Unc (x j ) =
������

nm∑
k=1

I[yj,k >0] −
1

nl

nl∑
s=1

nm∑
k=1

I[ys,k >0]

������2

, (18)

where I[·] expresses an indicator function. When the given condition is met, it is 1; otherwise, 0.
Besides, the conflicts between the known label predictions and the obtained label correlation

can also be regarded as an uncertainty metric, which is known as cross label uncertainty [66, 111,
112, 115]. Specifically, it is achieved by summing all the Kullback-Leibler divergences between each
label yj,k and its correlated labels in example x j , as defined:

Unc (x j ,yj,k ) =
1

|c (yj,k ) |
∑

yj,s ∈c (yj,k )

DK L (pk ‖ps ). (19)

The Kullback-Leibler divergences DK L is calculated as follows:

DK L (pk ‖ps ) = −
∑

yj,k ∈{0,1}
p (yj,k |x j , f

t
k ) log

p (yj,k |x j ,w
t
k

)

p (yj,s |x j ,w
t
s )
, (20)

where t denotes the t th iteration, wt
k

is a parameter vector of classifier for the label yj,k learned

from the training set in the t th iteration, p (yj,k |x j ,w
t
k

) is the prediction probability of yj,k in x j

under wt
k

, and f t
k

is the classifier for the label yj,k trained in the t th iteration.

B. Label Correlation Metric. Definition 8. Label correlation metric: Given an unlabeled set
U and a label space A, a label correlation metric is a function Cor used to assess the relevance
between any two labels as follows:

Cor : U ×A 
→ R example-label-based. (21)

In practical applications, each image can be annotated by several specific labels. There exist
intrinsic relationships among labels, such as co-occurrence, mutual exclusion, and independence.
These correlations are capable of providing valuable information for the classifier training. For
example, if a label yj,k belongs to an example x j and the relationship of two labels yj,k and yj,s is
co-occurrence, then it is more likely that the label yj,s also belongs to the example x j . Thus, many
studies adopted label correlation as an information measure metric.
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Depending on its characteristics, label correlation can be distinguished into two different types,
unconditional label dependence and conditional label dependence.

(a) Unconditional Label Dependence. Definition 9. Unconditional label dependence: Uncon-
ditional label dependence is a global static label dependence existing in the label space, which is
independent to concrete observations.

At present, unconditional label dependence is frequently used in multi-label active learning
studies. For example, to characterize the label relationship, Jiao et al. [38] constructed a label hi-
erarchy tree to describe the label correlation in a tree structure. The label hierarchy tree is built
recursively in a top-down approach by depth-first traversal on the training set. The balanced k-
means cluster algorithm [82] is used to segment the label set into several irrelevant subsets, which
is corresponding to several child nodes. This process is repeated until each child node only contains
one single label.

To take advantage of label correlation to enhance the training process, Zhang et al. [115] devel-
oped the measure for assessing the informativeness of an example-label pair by considering the
information gain of its corresponding label on the related label set of this label. Specifically, based
on the information gain, the label correlation of an example-label pair (x j ,yj,s ) is calculated as
follows:

Cor (x j ,yj,k ) =
∑

yj,s ∈PropC (yj,k ),yj,s ∈U L(x j )

R (yj,s ,x j ), (22)

where R (·) is the information gain of the label yj,k on one of its related labels yj,s . PropC (yj,k ) is a
set of propagated outcomes to represent the labeling outcome that they can be inferred from the
assignment yj,s based on a set of constraints C , denoted as follows:

PropC (yj,k ) = {yj,s |yj,k
C−→ yj,s }. (23)

Therefore, the inference of outcomes is based on a series of rules provided by constraints. For
example, the inheritance constraint “yj,k is a derived class of yj,s ” provides two rules “yj,k = 0→
yj,s = 0,” and “yj,k = 1→ yj,s = 1.”

Based on the same idea, Nasierding and Kouzani [60] assessed label correlation by measuring
the rank of label predictions, i.e., ranking the most relevant label to obtain the highest score and
ranking the most irrelevant one to obtain the lowest score. Therefore, average precision evaluating
the average fraction of labels ranked above a particular label yj,k is defined as follows:

Cor (x j ,yj,k ) =
1

nu

nu∑
j=1

1

|LD (x j ) |
∑

yj,k ∈LD (x j )

|yj,s ∈ LD (x j ) : r j (yj,s ) ≤ r j (yj,k ) |
r j (yj,k )

, (24)

where r j (yj,k ) is the label ranking of the label yj,k . Similarly, Huang et al. [36] also proposed to
minimize an approximated rank loss to rank relevant labels before all irrelevant ones. They trained
a dummy label to separate relevant and irrelevant labels from the ranked label list.

Furthermore, unconditional label dependence can be explored through statistical analysis as
well. Some relevant statistical approaches are introduced. For instance, association rule mining
[1] is a useful method to discover frequently co-occurred label pairs, which aims to obtain a se-
ries of underlying association rules to acquire the correlated label set of a certain label [111, 112].
Specifically, considering a known example with its labeled label set as a transaction, two measure-
ments, support and confidence, are required to conduct association rule mining:

support (lk ⇒ ls ) = support (lk ∪ ls ), (25)

confidence(lk ⇒ ls ) =
support (lk ∪ ls )

support (lk )
, (26)
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where the support of lk is equal to the percentage of the transactions that includes lk ,

support (lk ) =
|{ti |lk ⊆ ti }|

T
, (27)

where ti is the ith transaction and T is the number of all the transactions. Combing these two
measurements, the label correlation is obtained.

Besides, two methods, cosine similarity and chi-square statistics, are also popular in label corre-
lation metric designing. For example, Ye et al. [105] proposed a cosine similarity-based multi-label
active learning (CosMAL) method, and the correlation between the label pair (lk , ls ) is denoted as
follows:

cks = cos(�lk , �ls ) =
〈�lk , �ls 〉
‖�lk ‖‖�ls ‖

. (28)

However, though this traditional method is useful, it only considers the positive label correlation
while ignoring the negative one. The negative label correlation is more common in real-world
applications. Incomplete label correlation exploration might have a negative impact on training a
classification model. Thus, cosine similarity-based methods are more suitable to the dataset, whose
number of positive-relation label pairs is large. To address this issue, Ye et al. [95, 96, 106] further
put forward a CSMAL method for a full correlation estimation using the chi-square statistics [44].
Note that the correlation measured by the chi-square statistics is symmetrical. That is, cks = csk ;
cks > 0 indicates a positive correlation between the label pair (lk , ls ), while cks < 0 indicates that
their relationship is negative.

After obtaining the correlation between each possible label pair, the label correlation of each
example-label pair can be calculated as follows:

Cor (x j ,yj,k ) =
1

|UL(x j ) |
∑

yj,s ∈U L(x j )

|cks |. (29)

The approaches mentioned above are purely based on the observed label distribution, which
is actually extracted from an incomplete training set. Since only partial labels of the selected ex-
amples will be annotated in an example-label-based algorithm, the training set is incomplete. It is
clear that it cannot provide sufficient and reliable information for a full and correct label correlation
mining. To solve this problem, Wu et al. [91] proposed a solution to automatically assign values to
the missing labels in an incomplete training set to have a complete training set, so that they could
obtain more related information from this more complete label distribution. Then, they further
adopted chi-square statistics to obtain the label correlations based on the completed training set.

(b) Conditional Label Dependence. Definition 10. Conditional label dependence: Conditional
label dependence is a special label dependence that only exists in a specific set of examples.

Zhao et al. [116] and Wu et al. [97] are the first two articles concentrating on utilizing con-
ditional dependence in multi-label active learning. Having observed that adding relevant label
pairs to training set benefits to the performance improvement of a classifier, conditional label de-
pendence between each label pair can be evaluated based on the gain for binary classification
after taking advantage of this conditional dependence. More precisely, it is necessary to learn four
binary classifiers for each label pair, respectively. Two of them are only trained from the origi-
nal example space with each label from the label pair as the target, respectively. For simplicity,
we simply call these two classifiers as original classifiers. After augmenting the original example
space with each label from the label pair, two more classifiers are trained with the other label as
the target. These two classifiers are called augmented classifiers. The accuracy of each classifier is
obtained using k-fold cross-validation. Comparing to the original classifiers, if the two augmented
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classifiers have significantly higher accuracies respectively, then this indicates that there is condi-
tional dependence among these label pair. To determine the statistical significance of the average
accuracy difference among each classifier pair of classifiers, a paired t-test is adopted, which is
denoted as follows:

t =
a1 − a2√

1
2 (s2

a1
+ s2

a2
) ×

√
2

nu

, (30)

where ai expresses the average value of the classifiers’ accuracies and s2
a1

expresses the unbiased
estimation of the two accuracies’ variances. While the correlated label sets are obtained, they in-
troduced information gain usingKL divergence as the label correlation metric, denoted as follows:

Cor (x j ,yj,k ) =
∑

yj,s ∈c (yj,k )

∑
m∈{0,1}

pk (yj,k =m |x j ) ln
pk (yj,k =m |x j )

ps (yj,s =m |x j )
, (31)

where pk (yj,k |x j ) is the posterior probability, denoting the probability of label yj,k belonging to
example x j .

Furthermore, Wu et al. [98] proposed the concept of asymmetrical conditional dependence de-
pending on the difference of label dependency degrees. To assess the label dependency degree,
they intended to normalize all the dependence degrees to a region [0, 1] via a row-based nor-
malization. Given a conditional dependence matrix R, each element rks presents the dependence
degree that label lk depends on label ls . Each row of R represents the dependence degrees of all
labels that depends on the label ls . Specifically, they normalized the dependence degree in R to
obtain a normalized dependence matrixW , through the following normalization formula:

⎧⎪⎨⎪⎩
wks =

rks∑k−1
s=1 rks+

∑nm
s=k+1

rks
(k � s )

wks = 1 (k = s )
, (32)

wherewks is the normalized dependence degree of the label lk depending on the label ls . The label
dependence degree for the label with itself is set aswks = 1. Ifwks = 0, then it means that the label
ls is completely independent to the label lk .

C. Representativeness Metric. Definition 11. Representativeness metric: Given an unlabeled
set U and a known label space A, a representativeness metric is a function Rep used to estimate
the representativeness of an unlabeled example in the whole unlabeled dataset U or an unlabeled
example-label pair in its corresponding example set:

Rep :

{
U 
→ R example-based
U ×A 
→ R example-label-based

. (33)

Representativeness of an unlabeled example reflects what degree this example could represent
others. Since there are some outliers in the dataset, they will mislead the classification model
training. Selecting the most representative example from the unlabeled dataset can reduce the
probability of adding the outliers to the training set and help a classifier to learn on an actual
example distribution.

For instance, a representativeness metric can be developed based on the approximately correct
decision boundary [34, 35]. More specifically, the mutual information between a candidate example
x j and the remainder unlabeled examples inU can be used to assess the representativeness of each
unlabeled example x j as well [39]. It is developed based on the Gaussian Process framework [42]
and is defined as follows:

Rep (x j ) = I (x j ,U − {x j }) =
1

2
ln 	



∑
j j∑

j |Uj

�
�
, (34)
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where U − {x j } is the current unlabeled example set expect the example x j . The covariance ma-

trix is generated by a Gaussian Kernel function K (x j ,xs ) = exp(− ‖x j−xs ‖2
2λ2 ), which is symmetric

positive definite, as follows:

∑
UjUj

=

	








K (x1,x1) K (x1,x2) · · · K (x1,xnu
)

K (x2,x1) K (x2,x2) · · · K (x2,xnu
)

...
...

...
...

K (xnu
,x1) K (xnu

,x2) · · · K (xu ,xnu
)

������
�
, (35)

where
∑

UjUj
is a kernel matrix defined over all the unlabeled examples indexed by Uj , and Uj is

assumed as Uj = {1, 2, . . . ,nu }.
Generally, we can see that the representativeness metric can avoid the drawbacks associated

with the uncertainty metric and tend to gradually improve the classification model.

D. Diversity Metric. Definition 12. Diversity metric: Given an unlabeled set U and a known
label spaceA, a diversity metric is a function Div used to measure the diversity of an unlabeled ex-
ample corresponding to the labeled example set or an unlabeled example-label pair corresponding
to the labeled example-label pair set:

Div :

{
U 
→ R example-based
U ×A 
→ R example-label-based

. (36)

In other words, it is supposed to reduce the redundancy inside the labeled training set and
maximize the generalization ability of the training set. To obtain the diversity, redundancy between
examples/example-label pairs should be measured first.

Definition 13. Redundancy: Redundancy is a function Red used to measure the similarity
between an example pair (x j ,xs ), which is called pairwise redundancy, defined as below.

Red (x j ,xs ) ⇔ Similarity (x j ,xs ). (37)

After uncovering pairwise redundancy between each example pair, we can estimate the diversity
of an unlabeled example/example-label pair then.

To measure the redundancy, Joshi et al. [41] introduced a cosine similarity method. Specifically,
based on a kernel K , the redundancy among an example pair (x j ,xi ) can be defined as follows:

Red (x j ,xi ) = cos(〈x j ,xi 〉) =
|K (x j ,xi ) |√

K (x j ,x j )K (xi ,xi )
. (38)

Accordingly, the diversity of an example x j is estimated as follows:

Div (x j ) = 1 −max
xi ∈L

Red (x j ,xi ), (39)

where L is the current training set constructed by all the labeled examples.
There is something different in Reference [91], which regarded the diversity of each unlabeled

example-label pair (x j ,yj,k ) as the average value of the redundancy between its example and the
examples of all the labeled example-label pairs in the current training set, which is denoted as
follows:

Div (x j ,yj,k ) = 1 − 1

nl

∑
xi ∈L

Red (x j ,xi ), (40)

where nl is the number of the examples in the training set L.
In a multi-label active learning process, a classifier has to be trained iteratively, which is time-

consuming. To speed up the process of active learning, batch-mode is introduced, which allows
incremental addition of a batch of labeled examples/example-label pairs to the training set. The
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entire batch will be labeled by domain experts simultaneously. It is hard to directly optimize the se-
lection of examples/example-label pairs under batch-mode as it is usually accompanied by a greedy
process. However, it is more convenient to ensure that the selected unlabeled examples/example-
label pairs are different from each other in the batch (a diverse batch). That is, the selection of each
example/example-label pair depends on the sum of its diversity to others that are already in the
batch.

Jiao et al. [38, 39] noticed that the batch of selected examples should be kept diverse and ap-
plied the kernel k-means clustering algorithm to select the most diverse examples. More precisely,
during the clustering process of an example set, the most similar examples will be assembled in
the same cluster. Then, the less representative example in each cluster is deemed to be the most
diverse. Accordingly, the diversity sampling is defined as follows:

x∗ = arg min
x j ∈Ci

Rep (x j ), (41)

where Rep (x j ) is illustrated in Equation (33) andCi is the ith cluster after clustering all the candi-
date examples.

E. Noise Content Metric. Definition 14. Noise Content Metric: Given an unlabeled setU and a
known label spaceA, a noise content metric is a function Noi used to measure the noise content of
an unlabeled example/an unlabeled example-label pair to quantize the influence of noise on their
original data distribution:

Noi :

{
U 
→ R example-based
U ×A 
→ R example-label-based

. (42)

Sample data are captured from real-world applications, and it is always influenced by noise. So,
the classification model is usually learned from noisy data. Noisy data will mislead the estimation
of the data distribution and subsequently deteriorate the performance of the model built from
itself. Thus, some researchers endeavored to explore how to reduce the interference of the noise.

(a) Denoising. Without external influence, the subspaces of a dataset are low-rank, independent
and noiseless. All of these will be destroyed when there exists noise, since the noise distribution is
usually scattered randomly and does not follow original subspace structures. Considering this phe-
nomenon, Liu et al. [57] proposed a low-rank representation (LRR) model to identify the original
subspace structures from corrupted data by segmenting examples into their respective subspaces.

As the LRR algorithm is tractable with a good robustness to noise, Wu et al. [91] adopted this
low-rank representation method into multi-label active learning to reduce the noise influence.
They separated out the noise data and extracted a low-rank representation to represent the original
data distribution instead of the noisy data for model training. More precisely, since the presence
of noise will result in a high-rank feature space, they imposed a low-rank constraint to reduce the
rank of the noisy data. When reaching the lowest rank, a low-rank representation will be obtained,
which contains the original distribution of the noisy data. It can be written as follows:

min
Z ,E

rank (Z ) + λ‖E‖0

s .t . U = UZ + E,
(43)

where Z is a low-rank transition matrix that is used to acquire a low-rank representation of the
noisy data U , rank (Z ) denotes the rank of matrix Z , λ is a tradeoff parameter, E is the noise data
that is represented by a sparse matrix, and ‖ · ‖0 is the 0-norm. To preserve the data structure and
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approximately expose the underlying subspace of U , they additionally adopted a self-
representation formulation (using U as the base).

(b) Noise measure. Denoising aims to separate the noise from noisy data. However, the orig-
inal data distribution may be still influenced after separation processing, as partial data with-
out noise influence might be separated out as well during the process of separation. Meanwhile,
as the noise distribution is usually discrete and scattered randomly, the noise influence on each
example/example-label pair is different. That is, the noise contents of the example-label pairs are
diverse, and it is clear that the higher the noise content, the more severely data distribution is de-
stroyed. Therefore, to preserve the data distribution and better observe the noise content of each
example/example-label pair, a good choice is to learn a noise distribution for a dataset, which can
be used to calculate the noise content of each example/example-label pair. That is, the noise influ-
ence is quantized. Then, based on the extracted noise, the examples/example-label pairs that are
less influenced by noise can be selected with high priority. Obviously, it can be useful to reduce
the noise influence on the original data distribution.

For instance, having the noise matrix E obtained from Equation (43), Wu et al. [93] further
quantify the noise QNj of each unlabeled example x j , as follows:

QNj = lim
p→∞

( d∑
s=1

( |Ej,s |)p

) 1
p

, (44)

where Ej,s denotes the sth element of the noise vector Ej of example x j .

F. Expected Error Reduction Metric. Definition 15. Expected error reduction metric: Given
an unlabeled setU and a known label spaceA, an expected error reduction metric is a function Err
used to estimate the reduction of expected error after labeling an unlabeled example/example-label
pair:

Err :

{
U 
→ R example-based
U ×A 
→ R example-label-based

. (45)

Since achieving a high-performance classifier is the ultimate objective of a multi-label active
learning scheme, an unlabeled example/example-label pair that can directly enhance the gener-
alization ability of the current classifier is the best choice and should be selected to label prefer-
entially. Thus, enhancing the generalization ability can also be regarded as reducing the expected
error [2], which leads to an expected error reduction metric.

Taking an example-based active learning method for example, expected error reduction sam-
pling has three main steps. First, each example x in the unlabeled dataset U is temporarily added
to the training set as a candidate example with each potential label to retrain a classifier. Second,
the expected classification error of this unlabeled example is calculated from the classification er-
ror of each retrained classifier. Finally, after obtaining the expected classification error of each
unlabeled example, the unlabeled example with the greatest expected error reduction is selected
to query its label and then truly added into the training set.

There are many studies whose sampling strategies are designed based on the expected error
reduction metric. For instance, a more direct way is to calculate the decrement of the expected
loss between two contiguous learning cycles. Li et al. [54] named it as Mean Max Loss (MML),
which is defined as follows:

{x∗j }t = arg max
{x j }ts ⊂U t

∑
x j ∈{x j }ts

1

|Ŷ |

⎧⎪⎪⎪⎨⎪⎪⎪⎩

|Ŷ |∑
yj,s ∈Ŷ ,s=1

nm∑
k=1

max[(1 −msk fk (x j )), 0]

⎫⎪⎪⎪⎬⎪⎪⎪⎭
, (46)
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where |Ŷ | is the number of the predicted labels in the predicted label set Ŷ of the example x j ,msk is
a component of a coding matrix M [80] that is a nm × nm matrix with diagonal components 1 and
others −1, fk (x j ) represents the output on the kth binary SVM classifier of x j , t is the t th iteration,
and {x j }ts is the corresponding selected example set from the unlabeled example set U in the t th
iteration.

However, this approach is troubled by its time-consuming process. To simplify the computation,
Li et al. [54] further considered a special case of MML that only computes the loss value on the
most certain predicted label for an example. It is named Max Loss (ML), which can be represented
as follows:

{x∗j }t = arg max
{x j }ts ⊂U t

∑
x j ∈{x j }ts

nm∑
k=1

max[(1 −msk fk (x j )), 0], (47)

where s is the label index of the most certain predicted label yj,s of x j .
Whereas Yang et al. [102] evaluated the loss function from the perspective of model depending

on the size of version space [80]. A heuristics idea [79] is applied to approximate the new version
space by the mapping between current SVM classification margin and the size of this new ver-
sion space. The loss reduction Loss (·) of each binary classifier f k

L+(x j ,yj,k )
after the addition of the

example-label pair (x j ,yj,k ) can be approximated as follows:

Loss ( f k
L+(x j ,yj,k )

)

Loss ( f k
L

)
≈
V k

L+(x j ,yj,k )

V k
L

≈
1 + yj,k f

k
L

(x j )

2
, (48)

where f k
L+(x j ,yj,k )

is a classifier trained from the training set L corresponding to the kth label and

V k
L+(x j ,yj,k )

is the size of its version space. Accordingly, the loss reduction is denoted as follows:

Loss ( fL+(x j ,yj,k ) ) − Loss ( fL ) =
nm∑
k=1

(Loss ( f k
L+(x j ,yj,k ) ) − Loss ( f k

L ))

=

nm∑
k=1

	



Loss ( f k

L+(x j ,yj,k ) ) ·
	



1 −

Loss ( f k
L

)

Loss ( f k
L+(x j ,yj,k )

)

��
�
��
�
∝

nm∑
k=1

	




1 − yj,k f
k
L+(x j ,yj,k )

(x j )

2
��
�
,

(49)

where f k
L

is the classifier before adding the example-label pair (x j ,yj,k ).
Some existing loss functions are also useful to measure the expected error reduction, such as

Hamming-Loss [60] and Bayesian error bound [33, 63, 64, 78]. Here, Hamming-Loss is defined as
follows:

HamLoss =
1

nu

nu∑
j=1

|L(x j )ΔŶj |
nm

, (50)

where Ŷj = f (x j ) represents the predicted label set of the example x j from a classifier Θ. The
smaller value of the Hamming-Loss indicates a better classification performance.

Bayesian error bound can be defined as follows:

Err (x j ,yj,k ) = εa − εb , (51)

where εa is the expected Bayesian classification error of each example-label pair (x j ,yj,k ) over all
the unlabeled examples in U before selection and defined as follows:

εa =
1

nu

∑
x j ∈U ,yj,k ∈LD (x j )

ε ( f |yj,k ,x j ), (52)
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Fig. 6. An illustration of how the manual and automatic annotations are integrated into active learning

pipeline.

where f is the classifier and εb is the expected Bayesian classification error after selection, which
is defined as follows:

εb =
1

nu

⎧⎪⎪⎨⎪⎪⎩

∑
xp ∈U−x j ,yj,k ∈LD (x j )

ε ( f |yj,k ,xp ) −
∑

xp ∈U−x j ,yj,s ∈LD (x j )+yj,k

ε ( f |yj,s ,xp )
⎫⎪⎪⎬⎪⎪⎭
, (53)

where LD (x j ) + yj,k is the augmented training set.
In addition, two hinge losses were adopted by Li and Guo [52], which are related to the predicted

separation margin on each unlabeled example, and their summation is considered as the error. The
approximate generalization is shown in Equation (4).

3.2 Annotation

In this subsection, different annotation methods are illustrated. There are two main annotation
ways. One is manual annotation done by domain experts, and the other is automatic annotation.
Figure 6 shows the integration of different annotation methods into active learning pipeline. Here,
high-informativeness examples/example-label pairs will be selected to query their true labels.

3.2.1 Domain Experts. When using active learning, the most informative examples/example-
label pairs in the unlabeled pool are iteratively selected for annotation and then used to augment
the training set. Through iterations, errors might be amplified if the annotation is not correct.
When non-experts are asked to conduct annotations, they might be subjective and lack relevant
experience. On the contrary, the labeling results from domain experts might be more reliable and
precise, since they have rich professional knowledge and labeling experience. To ensure the accu-
racy of annotation, domain experts are usually hired in most studies.

When using manual labeling, it is important to evaluate the labeling reliability of the experts,
specifically:

A. Intra-expert reliability: the measure of how consistent the labeling of the same example is
when performed by the same expert at different occasions.

B. Inter-expert reliability: the measure of how consistent the labeling of the same example is
when performed by different experts.

Selecting experienced professionals to perform the labeling improves intra-expert [6] and inter-
expert [87] reliability. In addition, creating a detailed labeling protocol increases both intra- and
inter-expert reliability measures [19].
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Comparing with labeling by non-experts, the cost of domain experts is expensive. Especially,
when the number of labels of each example is larger, the cost further increases. In the era of big
data, we need to build models for more complicated problems, which usually need more labeled
data to train a good model. Thus, a certain level of automatic annotation is necessary. In the next
subsection, automatic annotation is described in detail.

3.2.2 Voting Committee. As domain experts are costly and annotation workload is too heavy
to be handled by domain experts, automatic annotation is adopted in many multi-label active
learning studies, which can greatly reduce the labeling cost. We can understand the process of au-
tomatic annotation via voting committee from Figure 6. Specifically, in each iteration of a voting
committee approach, the candidate examples/example-label pairs that are selected by a selection
strategy are divided into two parts following an allocation criterion. One part of the candidate
examples/example-label pairs are labeled by domain experts as an auxiliary for automatic anno-
tation, while the other part is automatically labeled by a voting committee. The allocation criteria
and the approaches of constructing the voting committee are the main components of automatic
annotation. The latter is of great importance. Depending on various modeling approaches, existing
approaches of constructing the voting committee are separated into two categories: multi-source
information fusion based and multi-classifier based.

A. Multi-Source Information Fusion. There exists much potential information that can be ob-
tained during the process of active learning, some of which were described before. The potential
information can be used to construct the voting committee.

With a goal to effectively utilize the remaining unlabeled data after some unlabeled data have
been selected for manual labeling (contrast to automatic annotation), Tur et al. [86] proposed an
automatic annotation method using the uncertainty. They claimed that the unlabeled example with
the lowest uncertainty can be predicted with a high confidence, which can be used to augment the
training set directly. To maximize the usage of manually labeled examples, they first retrained a
classifier using the manually labeled examples and then made predictions for the examples in the
unlabeled data pool using the classifier. Furthermore, they set a threshold to control the automatic
process. Only the examples whose uncertainties are lower than the threshold will be selected to
conduct automatic annotation.

For the sake of the improvement of the accuracy for automatic annotation, Wu et al. [95] pro-
posed a SLMAL method, which captured three aspects of information, not only uncertainty but also
nearest-neighbor and label correlation, to automatically annotate selected example-label pairs. Af-
ter the most informative example-label pair is selected, they first determined whether this example-
label pair can be automatically annotated correctly. If not, then it is sent to be labeled by domain
experts.

B. Multi-Classifier. Building multiple classifiers is another way to construct the voting committee
for automatic annotation. Basically, it integrates the classification results from multiple classifiers
to predict the labels for some unlabeled examples.

As an example, Wu et al. [97] constructed a committee using the classifiers trained for each
label. Specifically, they utilized the conditional dependence information to determine a corre-
lated Label set for each label. Supposing that the correlated label set of yj,k of the example x j

is {Label1,Label2, . . . ,Labelt }, t classifers {F1, F2, . . . , Ft } are built on the original feature space
augmented by each label in the correlated label set of (x j ,yj,k ). Then, they constructed a voting
committee for example-label (x j ,yj,k ). The label yj,k of the example x j will be automatically an-
notated if a high voting consistency exists. Otherwise, the example-label pair remains for human
experts.
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3.3 Discussion

In this section, we discussed existing multi-label active learning methods for image classifica-
tion, focusing on two main sub-tasks, sampling and annotation. We discussed the advantages and
disadvantages of each multi-label active learning algorithm. The summary of the state-of-the-art
multi-label active learning methods is presented in Table 2. A check symbol (×) indicates that a
multi-label active learning method has the feature(s) shown in columns.

From Table 2, we can draw the following conclusions. First, the selection granularity based on
example-label pairs is becoming a popular research topic. Comparing to example-based sampling,
it can dramatically reduce the annotation cost. Second, recent works are focused on designing
sampling strategies, in which many different information sources are combined. The aim is to make
use of various types of information from the feature and the label spaces such as uncertainty, label
correlation, representativeness, diversity, noise content, and expected error reduction. Among the
six information measures, expected error reduction has the highest computational complexity.
There still exists additional potential information that can be mined from the example and the
label dimensions that could be used to develop new metrics for designing sampling strategies. This
has a lot of potential for future research. Third, combining domain expert and automatic labeling
is being investigated to further reduce the annotation cost [30, 95—97]. The most important issue
to consider here is how to guarantee the annotation accuracy.

From sampling granularity, the most commonly used are the example-based and example-
label-based, as summarized in Section 3.1.1. A lot of effort has been put into example-label-based
multi-label active learning in recent years, as it allows to simultaneously consider the example
and the label dimensions. Our team has been studying the example-label-based sampling methods
for multi-label active learning since 2014, and we have been focusing on the following aspects:
label correlation, noise content, and automatically labeling. For the detailed description and
experiments on these topics, please refer to our team’s multiple publications [30, 38–40, 91, 93–98,
105, 106, 116]). In addition, we also summarized available open source libraries and commonly
used evaluation metrics as below.

Available Open Source Libraries. There are several open source libraries for multi-label learning.
MULAN [84] offers a plethora of state-of-the-art algorithms for multi-label classification and label
ranking. In addition, it provides an evaluation framework that computes a large variety of multi-
label evaluation measures through hold-out evaluation and cross-validation. It is written in Java
and built on top of Weka [31], which is one of the most popular libraries for supervised learning.
JCLAL [67] is another machine learning open source software for active learning, which uses both
the WEKA and the MULAN libraries.

Evaluation Metrics. Any binary evaluation metric can be used, commonly including precision,
recall, accuracy, and F1-score [25]. For F1-score, two different approaches can be used: the macro
approach, which computes one metric for each label and then the values are averaged over all
categories, and the micro approach, which considers predictions from all instances together and
then calculates the measure across all labels. When several active learning strategies are assessed,
the visual comparison of learning curves may not be the best choice to conclude whether a strat-
egy is significantly better than others. Therefore, Reyes et al. [65] proposed two comparison ap-
proaches based on the use of non-parametric statistical tests to statistically compare active learning
strategies.

4 FUTURE PROMISE

The effectiveness of active learning in multi-label image classification is demonstrated by exten-
sive efforts. However, there are still many open challenges that need to be resolved. In this section,
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Table 2. Summary of the State-of-the-art Multi-label Active Learning Methods

MLAL Methods
Sampling Granularity Informativeness Measure Annotation

E EL MM BM U LC R D NC EER DE VC

Li et al. 2004 [54] × × ×
Tur et al. 2005 [86] × × × ×

Singh et al. 2009 [73] × × ×
Esuli et al. 2009 [20] × × ×
Yang et al. 2009 [102] × × ×
Huang et al. 2010 [34] × × × ×

Nasierding et al. 2010 [60] × × ×
Chakraborty et al. 2011 [10] × × × × ×

Tang et al. 2012 [78] × × ×
Li et al. 2013 [52] × × ×

Jiao et al. 2014 [39] × × × × × ×
Jiao et al. 2015 [38] × × × × × ×

Reyes et al. 2018 [66] × × ×
Reyes et al. 2018 [68] × × × × × ×

Qi et al. 2008 [63] × × × ×
Qi et al. 2009 [64] × × × ×

Hua et al. 2008 [33] × × × ×
Zhang et al. 2009 [114] × × × ×
Zhang et al. 2010 [115] × × × ×
Zhang et al. 2012 [112] × × × × × ×
Huang et al. 2014 [35] × × × × ×
Zhang et al. 2014 [111] × × × × × ×

Wu et al. 2014 [94] × × ×
Wu et al. 2015 [95] × × × × ×
Ye et al. 2015 [105] × × × ×
Ye et al. 2015 [106] × × × ×

Zhao et al. 2015 [116] × × × ×
Wu et al. 2016 [98] × × × ×
Gao et al. 2016 [24] × × × × ×
Guo et al. 2017 [30] × × × × ×
Wu et al. 2017 [91] × × × × × × ×
Wu et al. 2017 [96] × × × × ×
Wu et al. 2017 [97] × × × × ×
Wu et al. 2018 [93] × × × × ×
Jiao et al. 2014 [40] × × × ×

Huang et al. 2015 [36] × × × ×
The multi-label active learning (MLAL) methods are ordered by the year of their corresponding publication grouped by

example-based, example-label-based and mixed-mode-based. E: Example-based, EL: Example-label-based, MM: Mixed-

mode-based, BM: Batch-mode-based, U: Uncertainty Metric, LC: Label Correlation Metric, R: Representativeness Met-

ric, D: Diversity Metric, NC: Noise Content Metric, EER: Expected Error Reduction Metric, DE: Domain Experts, and

VC: Voting Committee.
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Fig. 7. A hierarchical structure of future promises on multi-label active learning in terms of example dimen-

sion, label dimension, annotation, and application extension.

we will discuss six worth-studying issues of multi-label active learning for image classification in
terms of example dimension, label dimension, annotation, and application extension, as shown in
Figure 7. As for the problems that have already been studied, we try to highlight existing difficul-
ties. We hope these highlights can guide researchers to develop better solutions. As for brand new
problems, we will give some suggestions for future studies.

4.1 Example Dimension

4.1.1 Weak-Label Problem. Many previous studies on example-based multi-label active learn-
ing have a basic assumption. That is, all the labels of each selected example in a training set are
given. However, this assumption is hardly established, since obtaining all the labels is costly and
practically difficult. In practical applications, only partial labels of examples are usually provided.
Under such a situation, the existence of a label does mean that the example is associated with this
label, but the absence of a label cannot imply that this label does not belong to this example. This
phenomenon is known as a weak-label problem [8, 12, 77, 97, 104, 108, 116].

Some existing studies solved the weak-label problem by decomposing it into a series of PU-
learning (positive and unlabeled data learning) problems [18, 23, 53, 56] corresponding to each
label, of which all labels are independent. However, as we discussed, there exist intrinsic rela-
tionships among labels, which can be used to improve the classifier’s performance. Such a simple
decomposition can reduce the impact of the correlations among labels. To solve the weak-label
problem, there are two possible ways as described below.

One way is to automatically assign labels to fill in an incomplete training set and capture more
useful information about the label distribution. Based on the complete training set, a more correct
and comprehensive label correlation can be captured using a statistical method. It is clear that the
core of this way is how to handle missing labels. A common solution adopted in the models SMSE2
[12], WELL [77], and MLR-GL [8] is to treat the missing labels as negative labels to complement
the incomplete training set. This assumption can be made for multi-label active learning when
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most labels of each example in a dataset are negative. However, this is not true in most scenarios.
Considering that there is an intrinsic mapping relation between the example space and the label
space of a dataset, Wu et al. [91] proposed to capture the mapping structure to help predict the
missing labels of each example in the training set by its vector representation in the feature space.

Another way is to design a suitable sampling strategy to explore a comprehensive label cor-
relation. Since it is difficult to directly obtain the global unconditional label dependence in the
weak-label context, Zhao et al. [97, 116] intended to explore the conditional label dependence
with the aid of input features. However, in their studies, the way of calculating conditional label
dependence needs plenty of computations. Besides, Yang et al. [104] proposed a MIML with weak-
label (MIMLwel) approach, which takes the label relation into account under an assumption that
some common examples are shared by some highly relevant labels. By making use of the mapping
relation among the examples and their labels, Guo et al. [30] further proposed to capture the label
correlation based on the label distribution buried in the mapping structure.

4.1.2 Example Noise Problem. Example noise is a universal phenomenon in real-word applica-
tions [49]. There are many possible reasons resulting in the noise problem, e.g., being contaminated
during the process of data collection and data storage. Existing multi-label active learning studies
for image classification always neglect possible noise in multi-label datasets. Noisy data misleads
the estimation of data distribution and subsequently deteriorates the performance of a model built
from the data. Therefore, how to reduce the interference of the noise in the training set is a much
more important problem, which needs to be considered.

An applicable solution is to separate out the noise and obtain the original data. It has been widely
used in other fields. For example, Meng et al. [58] proposed a low-rank matrix factorization (LRMF)
method to estimate subspaces with an unknown noise distribution, which is useful to separate out
the noise. In addition, aiming at adapting to more complex noise, Cao et al. [9] regarded noise
as Mixture of Exponential Power (MoEP) distributions and proposed a penalized MoEP model
by combining the penalized likelihood method with MoEP distributions. Based on the penalized
MoEP model, a new LRMF model was developed. Inspired by this, Wu et al. [91] introduced a low-
rank matrix recovery method in the active learning framework to separate out the noise from the
dataset and extracted a low-rank representation to replace the noisy data for model training.

Another better choice is to design a specific sampling strategy for selecting the most dependable
examples that contain less noise. Image noise would result in the implicit deviations of sample
data from their actual values, and the influences on the examples are different because of the
randomness of the noise. Clearly, the examples with less noise would contribute more to the model
training than those that are severely influenced. Based on this idea, Lee et al. [49] emphasized more
on reliable examples that contain less noise while learning a model. A novel matrix factorization
model was designed for modeling the deviation of sample data. Also, Wu et al. [93] incorporated
the noise level measure into the sampling strategy that quantifies the noise content of each example
in the unlabeled data pool.

Until now, only few works [91, 93] focus on the example noise issue of multi-label active learn-
ing. These works conducted the exploratory studies on how to reduce the influence of example
noise for constructing an effective training set. Furthermore, due to the complexity of example
noise, e.g., various types of noise (Gaussian noise [59], Laplacian noise [101], and so on), the influ-
ence of example noise on the sampling strategy needs to be further studied. A better noise measure
would be a main research direction for this issue.

4.2 Label Dimension

4.2.1 Multi-Instance Problem. In real-word applications, the semantic information of an image
is usually ambiguous. It leads to the fact that an image can not only be described by a number
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of labels but also be associated with a number of instances simultaneously [110, 119–121]. It is
known as a multi-instance multi-label problem, which is first formalized by Zhou et al. [120].

To solve a multi-instance multi-label active learning task, an admissible solution is to use multi-
label learning as the bridge, which is proposed in References [120, 121]. More precisely, a multi-
instance multi-label learning problem can be decomposed into a set of multi-label learning prob-
lems by extending existing multi-label active learning methods. However, if we directly decompose
the multi-instance multi-label learning problems, then it might lose sight of the correlation among
instances.

Whereas Zha et al. [110] designed an integrated framework depending on the observation that
each individual label of one image is actually related to some local regions rather than an entire
image. Regarding each region as an independent part, it can be viewed as an instance respectively.
Then, the image can be seen as a bag of instances. Accordingly, the multi-instance multi-label
problem can be converted into a set of single-instance problems. Then, corresponding approaches
in multi-instance learning can be adopted to deal with the multi-instance multi-label issue.

4.2.2 Label Tree. As discussed, the performance of a classifier can be improved with the help
of label correlation exploration. There is a special label relationship that can be demonstrated in a
hierarchical structure, as there exist inclusion relations among labels.

As for two types of label correlation exploration in existing studies as we have mentioned in
Section 3.1.2, the discussed relationship is usually the relationship between a label pair, which ne-
glects the label correlation among multiple labels. The tree structure is useful to describe the label
correlations among multiple labels. Regarding each label as one node of a tree, relevant label pairs
can be represented as two nodes connecting by one branch. Specifically, in the same subtree, there
is an inclusion relation between a parent node and a child node, and the relationship between sib-
ling nodes is also relevant. The relationship between nodes in different subtrees is independent.
After constructing a label tree to represent the hierarchical structure among all the labels in the
dataset, only the labels on the leaf nodes need to be annotated. It is easy to automatically anno-
tate the labels on their upper nodes. Therefore, constructing a label tree is a very useful way to
represent the label correlation. A following-up question is how to construct a label tree.

The approach used to explore conditional label dependence in References [97, 98, 116] is a rea-
sonable way. First, they obtained the conditional dependence among each label pair and ranked
these label pairs in terms of the degree of dependence. Then, a threshold is set to select a set of
high-dependence label pairs. Different label pairs that one of their component labels is the same
can be integrated. For instance, if a label a is conditional dependent on a labelb (i.e., a → b) and the
label a is also conditional dependent on a label c (i.e., a → c), then it can be integrated as a → {b, c}.
After integrating all the possible suitable label pairs, a label tree is constructed.

4.3 Annotation

4.3.1 Automatic Annotation. As the process of active learning is iterative, it is more likely to
amplify the annotation errors occurred in previous iterations. That is why most multi-label active
learning studies for image classification request labels from domain experts to ensure the accuracy
of annotation. However, it is costly to hire domain experts to conduct annotation (as mentioned).
Inspired by semi-supervised learning, it can train classifiers exploiting a limited number of labeled
examples and a large number of unlabeled examples [3, 4, 12, 75, 89, 118, 122], incorporating auto-
matical annotation into multi-label active learning attracts much more attention. Apparently, the
most important issue of automatic annotation is its annotation accuracy.

Inspired by Query by Committee (QBC) [70], constructing a voting committee is a good choice
to conduct the automatic annotation. As discussed in Section 3.2.2, two schemes can be used to
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construct a voting committee. One is a multi-source information-based scheme, and another is a
multi-classifier-based scheme. The major challenge of the multi-source information-based scheme
is how to explore different types of potential information and utilize them. The major challenge
of the multi-classifier-based scheme is how to construct an effective training set for each classifier
and choose proper learning algorithms to build the classifiers from the training set.

4.3.2 Crowdsourcing. As mentioned, annotation by domain experts is costly. Moreover, with
the increment of labeling time, the labeling precision could decrease because of fatigue. These
factors need to be further discussed and considered.

One reliable solution, also an important research direction, is to incorporate crowd computing
into active learning, which is well known as crowdsourcing. Crowdsourcing is first introduced in
Reference [32]. Basically, crowdsourcing means that a group of non-experts (workers) work on the
tasks that cannot be easily done by individuals. Comparing to annotating by domain experts, the
application of crowdsourcing in multi-label active learning is able to save the cost, due to the low
cost of non-experts.

The high-informativeness examples/example-label pairs are handed out to a batch of network
users for annotation. Different from annotating by domain experts, crowdsourcing allows several
workers to repeatedly annotate an unlabeled example several times, i.e., repeated labeling [71].
After obtaining the repeated annotating results of the same example, a consensus algorithm is ap-
plied to estimate its ground truth. Then, the estimated ground truth is treated as the label for this
example to augment the training set. The advantage of crowdsourcing is that a plenty of cheap
labels can be obtained in a short time, while its disadvantage is that the obtained labels may have
errors or omissions because of different labeling abilities of labelers. Thus, how to integrate net-
work users’ annotations effectively is an important issue on this topic. To improve data quality,
Sheng et al. [71, 72] proposed several intelligent repeated-labeling strategies. With some recent
advent of inexperience and scalable online annotator tools (e.g. Amazon’s Mechanical Turk and
Crowdflower), Donmez et al. [17] presented a thresholding mechanism (IEThresh) to estimate a
confidence interval to represent the reliability of each worker and select the one with the high-
est estimated annotation accuracy. Zhang et al. [113] proposed a bilayer collaborative clustering
method for the label aggregation in crowdsourcing.

4.4 Application Extension

4.4.1 Semantic Segmentation. Some other computer vision tasks can also be included in image
classification such as semantic image segmentation. The goal of semantic image segmentation is
to label each pixel of an image with a corresponding class. Recent advances in semantic segmen-
tation have enabled their application to medical image segmentation [55]. Convolutional Neural
Network– (CNN) based deep learning algorithms became a natural choice for medical image seg-
mentation tasks. Medical imaging data varies between different imaging modalities and protocols.
Therefore, each new segmentation task usually needs a new dataset. Creating a training dataset
involves manual segmentation of three-dimensional imaging volumes by experienced clinical pro-
fessionals. In addition, each voxel may correspond to multiple labels (multi-label semantic segmen-

tation). Therefore, creating such training dataset requires a great deal of effort and cost.
A deep active learning framework, which combines fully convolutional neural network and

active learning, could be developed to significantly reduce annotation effort. Active learning would
help decide which images should be annotated to achieve the best performance with limited time
and budget. A few recent works [74, 103] have been presented to determine the most uncertain and
representative examples for annotation. A new deep active learning framework that fuses multi-
source information from subject data and the label space to select the most informative subject
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data for annotation would help us achieve optimal semantic segmentation results with limited
resources for manual segmentation of training data.

4.4.2 Active Feature Selection. An important aspect of this problem has usually been ignored.
Base classifiers are not specifically designed for active learning; they often require ample labeled
data [5]. When the number of features is large and the training data are limited, it is difficult to
get reliable estimates of model parameters. This could create an inaccurate model and adversely
affect the whole active learning process.

For example, radiomics is the high-throughput extraction and analysis of numerous features
from medical images. It represents a highly promising approach for characterizing tumor phe-
notypes, providing an unprecedented opportunity to support and improve personalized clinical
decision-making [26, 92]. However, the reliable and efficient usage of radiomic features for an
accurate cancer outcome prediction remains very challenging due to the uncertainty and the re-
dundancy of radiomic features extracted from medical images.

Feature selection refers to the study of algorithms selecting an optimal subset from the input
feature set. Feature selection algorithms are widely used in machine learning to reduce the feature
space representing given data samples. Inspired by the idea of multi-label active learning, we can
develop an effective sampling strategy to select the most informative radiomic features from an
unselected radiomics feature pool and then construct an effective training set with strong discrim-
inative radiomic features. Using active learning on simultaneous example and feature selection
combines faster learning with a smaller feature space dimensionality.

In recent years, a new direction in cancer research, radiogenomics [76], has emerged that aims to
discover clinically actionable association between high-throughput features extracted from med-
ical images and high-throughput genomic data. Radiogenomics studies have focused primarily
on investigating selection of salient features to predict a pathological stage [107]. Using active
learning on simultaneous example and feature selection for radiogenomics is another promising
research direction.

In summary, we discussed future promises of multi-label active learning from four aspects, i.e.,
example dimension, label dimension, annotation, and application extension. A key area of future
research should focus on improving sampling strategies to construct an effective training set for
various application scenarios.

5 CONCLUSION

In this work, we provided a systematic overview of multi-label active learning for image classifi-
cation. Existing multi-label active learning algorithms have been categorized into two top groups,
namely sampling and annotation. The corresponding representative works in each group have
been discussed in detail, and recommendations for future improvements have also been discussed.
We then summarized major challenges for multi-label active learning, together with the promis-
ing trends that might be developed in the future. However, this survey is not exhaustive and the
research in this field is far from being over. We expect the multi-label active learning for image
classification to become more widespread due to the key advantage of utilizing abundant unlabeled
images with limited resources.
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