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22.1 Introduction
One of the great challenges in a wide variety of learning problems is the ability to obtain suffi-

cient labeled data for modeling purposes. Labeled data is often expensive to obtain, and frequently
requires laborious human effort. In many domains, unlabeled data is copious, though labels can be
attached to such data at a specific cost in the labeling process. Some examples of such data are as
follows:

• Document Collections: Large amounts of document data may be available on the Web, which
are usually unlabeled. In such cases, it is desirable to attach labels to documents in order to
create a learning model. A common approach is to manually label the documents in order to
label the training data, a process that is slow, painstaking, and laborious.

• Privacy-Constrained Data Sets: In many scenarios, the labels on records may be sensitive
information, which may be acquired at a significant query cost (e.g., obtaining permission
from the relevant entity).

• Social Networks: In social networks, it may be desirable to identify nodes with specific prop-
erties. For example, an advertising company may desire to identify nodes in the social network
that are interested in “cosmetics.” However, it is rare that labeled nodes will be available in
the network that have interests in a specific area. Identification of relevant nodes may only
occur through either manual examination of social network posts, or through user surveys.
Both processes are time-consuming and costly.
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In all these cases, labels can be obtained, but only at a significant cost to the end user. An impor-
tant observation is that all records are not equally important from the perspective of labeling. For
example, some records may be noisy and contain no useful features that are relevant to classifica-
tion. Similarly, records that cleanly belong to one class or another may be helpful, but less so than
records that lie closer to the separation boundaries between the different classes.

An additional advantage of active learning methods is that they can often help in the removal of
noisy instances from the data, which can be beneficial from an accuracy perspective. In fact, some
studies [104] have shown that a carefully designed active learning method can sometimes provide
better accuracy than is available from the base data.

Clearly, given the differential value of different records, an important question that arises in ac-
tive learning is as follows:

How do we select instances from the underlying data to label, so as to achieve the most effec-
tive training for a given level of effort?

Different performance criteria may be used to quantify and fine-tune the tradeoffs between accuracy
and cost, but the broader goal of all the criteria is to maximize the “bang for the buck” in spend-
ing the minimum effort in selecting examples, that maximize the accuracy as much as possible. An
excellent survey on active learning may be found in [105].

Every active learning system has two primary components, one of which is already given:

• Oracle: This provides the responses to the underlying query. The oracle may be a human
labeler, a cost driven data acquisition system, or any other methodology. It is important to
note that the oracle algorithm is part of the input, though the user may play a role in its
design. For example, in a multimedia application, the user may look at an image and provide
a label, but this comes at an expense of human labor [115]. However, for most of the active
learning algorithms, the oracle is really treated as a black box that is used directly.

• Query System: The job of the query system is to pose queries to the oracle for labels of specific
records. It is here that most of the challenges of active learning systems are found.

Numerous strategies are possible for different active learning scenarios. At the highest level, this
corresponds to the broader framework of how the queries are posed to the learner.

• Membership Query Synthesis: In this case, the learner actively synthesizes instances from the
entire space, and does not necessarily sample from some underlying distribution [3]. The key
here is that the learner many actually construct instances from the underlying space, which
may not be a part of any actual pre-existing data. However, this may lead to challenges in
the sense that the constructed examples may not be meaningful. For example, a synthesized
image from a group of pixels will very rarely be meaningful. On the other hand, arbitrarily
chosen spatial coordinates in a sea surface temperature prediction system will almost always
be meaningful. Therefore, the usability of the approach clearly depends upon the underlying
scenario.

• Selective or Sequential Sampling: In this case, the samples are drawn from the underlying data
distribution, and the learner decides whether or not they should be labeled [21]. In this case,
the query comes from an actual underlying data distribution, and is therefore guaranteed to
make sense. In this case, the queries are sampled one by one, and a decision is made whether
or not they should be queried. Such an approach is synonymous with the streaming scenario,
since the decisions about querying an instance need to be made in real time in such cases.
This terminology is however overloaded, since many works such as those in [104] use the
term “selective sampling” to refer to another strategy described below.
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• Pool-based Sampling: As indicated by its name, it suggests the availability of a base “pool”
of instances from which to query the records of labels [74]. The task of the learner is to
therefore determine instances from this pool (typically one by one), which are as informative
as possible for the active learning process. This situation is encountered very commonly in
practical scenarios, and also allows for relatively clean models for active learning.

The vast majority of the strategies in the literature use pool-based sampling, and in fact some
works such as [104] refer to pool-based sampling as selective sampling. Therefore, this chapter will
mostly focus on pool-based strategies, since these form the core of most active learning methods.
Beyond these strategies, a number of other basic scenarios are possible. For example, in batch
learning, an entire set of examples need to be labeled at a given time for the active learning process.
An example of this is the Amazon Mechanical Turk, in which an entire set of examples is made
available for labeling at a given time. This is different from the methods common in the literature,
in which samples are labeled one by one, so that the learner has a chance to adjust the model, before
selecting the next example. In such cases, it is usually desirable to incorporate diversity in the batch
of labeled instances, in order to ensure that there is not too much redundancy within a particular
batch of labeled instances [16, 55, 57, 119].

Active learning has numerous challenges, in that it does not always improve the accuracy of
classification. While some of these issues may be related to algorithmic aspects such as sample
selection bias [12], other cases are inherent to the nature of the underlying data. However, in many
special cases, it has been shown [30] the number of labels needed to learn actively can be logarithmic
in the usual sample complexity of passive learning.

This chapter will discuss the different methods that are used for active learning. First, we will
provide a motivational example of how the selective sampling approach can describe the contours
of the different class boundaries with far fewer examples. Then, we will provide a discussion of the
different strategies that are commonly used for active learning. We will see that number of different
scenarios are possible for the active learning process in terms of how the samples are selected.

This chapter is organized as follows. Section 22.2 provides an example of how active learning
provides advantages for the learning process. We will also discuss its relationship to other methods
in the literature such as semi-supervised learning. Section 22.3 discusses query strategy frameworks
for active learning. Section 22.4 studies models for theoretical active learning. Section 22.5 dis-
cusses the methodologies for handling complex data types such as sequences and graphs. Section
22.6 discusses advanced topics for active learning, such as streaming data, feature learning, and
class-based querying. Section 22.7 discusses the conclusions and summary.

22.2 Motivation and Comparisons to Other Strategies
The primary motivation of active learning is the paucity of training data available for learning

algorithms. While it is possible to query the data randomly for labels, such an approach may not
result in the best model, when each query is costly, and therefore, few labels will eventually become
available. For example, consider the two class example of Figure 22.1. Here, we have a very simple
division of the data into two classes, which is shown by a vertical dotted line, as illustrated in
Figure 22.1(a). The two classes here are labeled A and B. Consider the case where it is possible
to query only 7 examples for the two different classes. In this case, it is quite possible that the
small number of allowed samples may result in a training data that is unrepresentative of the true
separation between the two classes. Consider the case when an SVM classifier is used in order to
construct a model. In Figure 22.1(b), we have shown a total of 7 samples randomly chosen from
the underlying data. Because of the inherent noisiness in the process of picking a small number
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Class A Class B

(a) Class Separation (b) Random Sample with SVM
Classifier

(c) Active Sample with SVM Clas-
sifier

FIGURE 22.1: Motivation of active learning.

of samples, an SVM classifier will be unable to accurately divide the data space. This is shown in
Figure 22.1(b), where a portion of the data space is incorrectly classified, because of the error of
modeling the SVM classifier. In Figure 22.1(c), we have shown an example of a well chosen set of
seven instances along the decision boundary of the two classes. In this case, the SVM classifier is
able to accurately model the decision regions between the two classes. This is because of the careful
choice of the instances chosen by the active learning process. An important point to note is that it is
particularly useful to sample instances that provide a distinct view of how the different classes are
separated in the data. As will be discussed later, this general principle is used quite frequently in a
variety of active learning methods, where regions of greater uncertainty are often sampled in order
to obtain the relevant decision boundaries [75].

Since active learning is an approach that often uses human feedback in order to account for the
lack of obtaining training examples, it is related to a number of other methods that either use human
feedback or augment it with other kinds of training information. These two classes of methods are
as follows:

• Human Feedback: Human feedback is often used to improve the accuracy of the learning pro-
cess. For example, decision trees and other classifiers may be built with the active intervention
of the user [4, 113]. In this case, the model itself is constructed with user-intervention rather
than the choice of data examples.

• Semi-supervised and Transfer Learning: In this case, other kinds of data (e.g., unlabeled data
or labeled data from other domains) are used in order to overcome the lack of training exam-
ples [4, 9, 29, 94, 97, 134].

Since both of these forms of supervision share some common principles with active learning, they
will be discussed in some detail below.

22.2.1 Comparison with Other Forms of Human Feedback

Human feedback is a common approach to improving the effectiveness of classification prob-
lems. Active learning is one approach for improving the effectiveness of classification models,
which is highly label-centered, and focusses only on acquisition of labels. Other human-centered
methods used human feedback directly in order to improve the model for a given set of labels. For
example, a splitting choice in a decision tree can be greatly involved with the use of human inter-
vention. As in the case of active learning, the use of human feedback is greatly helpful in improving
the quality of the model constructed with a fewer number of examples. However, the focus of the
approach is completely different in terms of using human intervention at the model level rather than
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at the level of labels [4,113]. A detailed discussion on the use of human feedback is provided in the
chapter on visual classification in this book.

22.2.2 Comparisons with Semi-Supervised and Transfer Learning

These forms of learning are also related to the difficulty in acquisition of labels, though the ap-
proach used to improve the learning process is very different. In this case, different kinds of data are
used to improve the learning process and augment the sparse labeled data that is already available.
However, the instances that are used to augment the sparse labeled data are either unlabeled, or they
are drawn from another domain. The motivations of using such methods, which are quite distinct
from transfer learning, are as follows:

• Semi-supervised Learning: In this case, unlabeled data is used in order to learn the base
distribution of the data in the underlying space [9, 94]. Once the base distribution of the data
has been learned, it is combined with the labeled data in order to learn the class contours
more effectively. The idea here is that the data is often either aligned along low dimensional
manifolds [9], or is clustered in specific regions [94], and this can be learned effectively
from the training data. This additional information helps in learning, even when the amount
of labeled data available is small. For example, when the data is clustered [94], each of the
dense regions typically belongs to a particular class, and a very small number of labels can
map the different dense regions to the different classes.

• Transfer Learning: Transfer learning also uses additional labeled data from a different source,
and may sometimes even be drawn from a different domain. For example, consider the case
where it is desirable to classify Chinese documents with a small training collection. While
it may be harder to obtain labeled Chinese documents, it is much easier to obtain labeled
English documents. At the same time, data that provides correspondence between Chinese
and English documents may be available. These different kinds of data may be combined
together in order to provide a more effective training model for Chinese documents. Thus,
the core idea here is to “transfer” knowledge from one domain to the other. However, transfer
learning does not actively acquire labels in order to augment the sparse training data.

Thus, human feedback methods, transfer learning methods, and semi-supervised learning meth-
ods are all designed to handle the problem of paucity of training data. This is their shared character-
istic with active learning methods. However, at the detailed level, the strategies are quite different.
Both semi-supervised learning and transfer learning have been discussed in detail in different chap-
ters of this book.

22.3 Querying Strategies
The key question in active learning algorithms is to design the precise strategies that are used

for querying. At any given point, which sample should be selected so as to maximize the accuracy
of the classification process? As is evident from the discussion in the previous section, it is advanta-
geous to use strategies, so that the contours of separation between the different classes are mapped
out with the use of a small number of examples. Since the boundary regions are often those in which
instances of multiple classes are present, they can be characterized by class label uncertainty or dis-
agreements between different learners. However, this may not always be the case, because instances
with greater uncertainty are not representative of the data, and may sometimes lead to the selection
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of unrepresentative outliers. This situation is especially likely to occur in data sets that are very
noisy. In order to address such issues, some models focus directly on the error itself, or try to find
samples that are representative of the underlying data. Therefore, we broadly classify the querying
strategies into one of three categories:

• Heterogeneity-based models: These models attempt to sample from regions of the space that
are either more heterogeneous, or dissimilar to what has already been seen so far. Examples of
such models include uncertainty sampling, query-by-committee, and expected model change.
All these methods are based on sampling either uncertain regions of the data, or those that
are dissimilar to what has been queried so far. These models only look at the heterogeneity
behavior of the queried instance, rather than the effect of its addition on the performance of a
classifier on the remaining unlabeled instances.

• Performance-based models: These models attempt to directly optimize the performance of
the classifier in terms of measures such as error or variance reduction. One characteristic of
these methods is that they look at the effect of adding the queried instance on the performance
of the classifier on the remaining unlabeled instances.

• Representativeness-based models: These models attempt to create data that is as representa-
tive as possible of the underlying population of training instances. For example, density-based
models are an example of such scenarios. In these cases, a product of a heterogeneity crite-
rion and a representativeness criterion is used in order to model the desirability of querying a
particular instance. Thus, these methods try to balance the representativeness criteria with the
uncertainty properties of the queried instance.

Clearly, there is significant diversity in the strategies that one may use in the active learning
process. These different strategies have different tradeoffs and work differently, depending upon the
underlying application, analyst goal, and data distribution. This section will provide an overview of
these different strategies for active learning. Throughout the following discussion, it will be assumed
that there are a total of k classes, though some cases will also be analyzed in the binary scenario
when k is set to 2.

22.3.1 Heterogeneity-Based Models

In these models, the idea is to learn the regions that show the greatest heterogeneity, either in
terms of uncertainty of classification, dissimilarity with the current model, or disagreement between
a committee of classifiers. These different techniques will be studied in this section.

22.3.1.1 Uncertainty Sampling

In uncertainty sampling, the learner attempts to label those instances for which it is least certain
how to label. In a binary classification problem, the simplest possible uncertainty labeling scheme
would be to use a Bayes classifier on an instance, and query for its label, if the predicted probability
of the most probable label is as close to 0.5 as possible [74, 75]. The probabilities predicted by
the classifier should be normalized so that they sum to 1. This is important, since many classifiers
such as the unnormalized naive Bayes classifier often predict probabilities that do not sum to 1.
Therefore, the following entropy-centered objective function En(X) needs to be minimized for the
binary class problem:

En(X) =
k

∑
i=1
||pi−0.5||.

A second criterion is the difference in the predicted probabilities between the two classes. This
is, however, equivalent to the first criterion, if the two probabilities have been normalized. A second
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pair of criteria that are especially relevant for k-ary classification is the entropy measure or the gini-
index. If the predicted probabilities of the k classes are p1 . . . pk, respectively, based on the current
set of labeled instances, then the entropy measure En(X) is defined as follows:

En(X) =−
k

∑
i=1

pi · log(pi).

Larger values of the entropy indicate greater uncertainty. Therefore, this objective function needs
to be maximized. Note that an equal proportion of labels across the different classes results in the
highest possible entropy. A second measure is the gini-index G.

G(X) = 1−
k

∑
i=1

p2
i .

As in the case of entropy, higher values of the gini-index indicate greater uncertainty. It should be
pointed out that some of these measures may not work in the case of imbalanced data, where the
classes are not evenly distributed. In such cases, the classes may often be associated with costs,
where the cost of misclassification of i is denoted by wi. Each probability pi is replaced by a value
proportional to pi ·wi, with the constant of the proportionality being determined by the probability
values summing to 1.

Numerous active sampling techniques have been developed in the literature on the basis of these
principles, and extensive comparisons have also been performed between these different techniques.
The interested reader is referred to [27, 60, 74, 75, 102, 106] for the different techniques, and to
[68, 103, 106] for the comparison of these measures. It should also be pointed out that it is not
necessary to use a Bayes model that explicitly predicts probabilities. In practice, it is sufficient to
use any model that provides a prediction confidence for each class label. This can be converted into
a pseudo-probability for each class, and used heuristically for the instance-selection process.

22.3.1.2 Query-by-Committee

This approach [109] uses a committee of different classifiers, which are trained on the current
set of labeled instances. These classifiers are then used to predict the class label of each unlabeled
instance. The instance for which the classifiers disagree the most is selected as the relevant one in
this scenario. At an intuitive level, the query-by-committee method achieves similar heterogeneity
goals as the uncertainty sampling method, except that it does so by measuring the differences in the
predictions of different classifiers, rather than the uncertainty of labeling a particular instance. Note
that an instance that is classified to different classes with almost equal probability (as in uncertainty
sampling) is more likely to be predicted in different classes by different classifiers. Thus, there is
significant similarity between these methods at an intuitive level, though they are generally treated
as very different methods in the literature. Interestingly, the method for measuring the disagreement
is also quite similar between the two classes of methods. For example, by replacing the prediction
probability pi of each class i with the fraction of votes received for each class i, it is possible to
obtain similar measures for the entropy and the gini-index. In addition, other probabilistic measures
such as the KL-divergence have been proposed in [84] for this purpose.

The construction of the committee can be achieved by either varying the model parameters of a
particular classifier (through sampling) [28, 84], or by using a bag of different classifiers [1]. It has
been shown that the use of a small number of classifiers is generally sufficient [109], and the use of
diverse classifiers in the committee is generally beneficial [89].

22.3.1.3 Expected Model Change

A decision theoretic-approach is to select the instance that results in the greatest change from
the current model. Specifically, the instance that results in the greatest change in gradient of the
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objective function with respect to the model parameters is used. The intuition of such an approach
is to use an instance that is most different from the current model that is already known. Thus,
this is also a heterogeneity-based approach, as is the case with uncertainty sampling, and query-by-
committee. Such an approach is only applicable to models where gradient-based training is used,
such as discriminative probabilistic models. Let δgi(X) be the change in the gradient with respect to
the model parameters, if the training label of the candidate instance X (with unknown label) is i. Let
pi be the posterior probability of the instance i with respect to the current label set in the training
data. Then, the expected model change C(X) with respect to the instance X is defined as follows:

C(X) =
k

∑
i=1

pi ·δgi(X).

The instance X with the largest value of C(X) is queried for the label. Numerous techniques for
querying, that have been proposed using this approach may be found in [25, 47, 106, 107].

22.3.2 Performance-Based Models

The primary criticism of heterogeneity-based models is that the goal of trying to identify the
most unknown regions of the space (based on the current labeling), may sometimes lead to the
identification of noisy and unrepresentative regions of the data. The precise impact of using such an
approach is of course highly data-dependent. There are two classes of techniques that are based on
the performance of a classifier on the remaining unlabeled instances.

22.3.2.1 Expected Error Reduction

For the purpose of discussion, the remaining set of instances that have not yet been labeled are
denoted by V . This set is used as the validation set on which the expected error reduction is com-
puted. This approach is related to uncertainty sampling in a complementary way. Whereas uncer-
tainty sampling maximizes the label uncertainty of the queried instance, the expected error reduction
minimizes the expected label uncertainty of the remaining instances V , when the queried instance is
added to the data. Thus, in the case of a binary-classification problem, we would like the labels of
the instances in V to be as far away from 0.5 as possible. The idea here is that it is good to query
for instances, which results in greater certainty of class label for the remaining error rate. Thus,
error reduction models can also be considered as greatest certainty models, except that the certainty
criterion is applied to the instances in V (rather than the query instance itself) after addition of the
queried instance to the model. The assumption is that greater certainty of class labels of the remain-
ing unlabeled instances corresponds to a lower error rate. Let pi(X) denote the posterior probability

of the label i for the instance X , before the queried instance is added. Let P(X ,i)
j (Z) be the posterior

probability of class label j, when the instance-label combination (X , i) is added to the model. Then,
the error objective function E(X ,V ) for the binary class problem (i.e., k = 2) is defined as follows:

E(X ,V ) =
k

∑
i=1

pi(X) ·
(

k

∑
j=1
∑

Z∈V

||P(X ,i)
j (Z)−0.5||

)

. (22.1)

The value of E(X ,V ) is maximized rather than minimized (as in the case of uncertainty-based
models). Furthermore, the error objective is a function of both the queried instance and the set
of unlabeled instances V . This result can easily be extended to the case of k-way models by us-
ing the entropy criterion, as was discussed in the case of uncertainty-based models. In that case,
the expression above is modified to replace ||P(X ,i)

j (Z)− 0.5|| with the class-specific entropy term

−P(X,i)
j (Z) · log(P(X ,i)

j (Z)). Furthermore, this criterion needs to be minimized. In this context, the
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minimization of the expression can be viewed as the minimization of the expected loss function.
This general framework has been used in a variety of different contexts in [53, 93, 100, 135].

22.3.2.2 Expected Variance Reduction

One observation about the afore-mentioned error reduction method of Equation 22.1 is that it
needs to be computed in terms of the entire set of unlabeled instances in V , and a new model needs to
be trained incrementally, in order to test the effect of adding a new instance. The model is therefore
expensive to compute. It should be pointed out that when the error of an instance set reduces, the
corresponding variance also typically reduces. The overall generalization error can be expressed as
a sum of the true label noise, model bias, and variance [45]. Of these, only the last term is highly
dependent on the choice of instances selected. Therefore, it is possible to reduce the variance instead
of the error, and the main advantage of doing so is the reduction in computational requirements.

The main advantage of these techniques is the ability to express the variance in closed form, and
therefore achieve greater computational efficiency. It has been shown [22, 23, 85] that the variance
can be expressed in closed form for a wide variety of models such as neural networks, mixture
models, or linear regression. In particular, it has been shown [85], that the output variance can be
expressed in terms of the gradient with respect to the model parameters, and the Fisher Information
Matrix. Interested readers are referred to [22, 23, 85, 103, 129] for details of the different variance-
based methods.

22.3.3 Representativeness-Based Models

The main advantage of error-based models over uncertainty-based models is that they intend
to improve the error behavior on the aggregate, rather than looking at the uncertainty behavior
of the queried instance, as in heterogeneity-based models. Therefore, unrepresentative or outlier-
like queries are avoided. However, representativeness can also be achieved by querying the data
in such a way that the acquired instances tend to resemble the overall distribution better. This is
achieved by weighting dense regions of the input space to a higher degree during the querying
process. Examples of such methods include density-based models [106]. Therefore, these methods
combine the heterogeneity behavior of the queried instance with a representativeness function from
the unlabeled set V in order to decide on the queried instance. Therefore, in general, the objective
function O(X ,V ) of such a model is expressed as the product of a heterogeneity component H(X)
and a representativeness component R(X ,V ):

O(X ,V ) = H(X) ·R(X,V ).

The value of H(X) (assumed to be a maximization function) can be any of the heterogeneity criteria
(transformed appropriately for maximization) such as the entropy criterion En(X) from uncertainty
sampling, or the expected model change criterion C(X). The representativeness criterion R(X ,V )
is simply a measure of the density of X with respect to the instances in V . A simple version of
this density is the average similarity of X to the instances in V [106], though it is possible to use
more sophisticated methods such as kernel-density estimation to achieve the same goal. Note that
such an approach is likely to ensure that the instance X is in a dense region, and is therefore not
likely to be an outlier. Numerous variations of this approach have been proposed, such as those
in [42, 84, 96, 106].

22.3.4 Hybrid Models

Conventional approaches for active learning usually select either informative or representative
unlabeled instances. There are also some works combining multiple criteria for query selection in
active learning [31, 58, 59, 120], such that the queried instances will have the following properties:
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1) Informative, the queried instance will be close to the decision boundary of the learning model in
terms of criteria like uncertainty, or the queried instance should be far away from existing labeled
instances in order to bring new knowledge about the feature space. 2) Representative, the queried
instance should be less likely to be outlier data and should be representative to a group of other un-
labeled data. For example, in the work [59], the query selection is based upon both informativeness
and representativeness of the unlabeled instances. A min-max framework of active learning is used
to measure scores for both criteria.

22.4 Active Learning with Theoretical Guarantees
Let us recall the typical setting of active learning as follows: given a pool of unlabeled examples,

an active learner is allowed to interactively query the label of any particular examples from the pool.
The goal of active learning is to learn a classifier that accurately predicts the label of new examples,
while requesting as few labels as possible.

It is important to contrast active learning to traditional passive learning, where labeled examples
are chosen randomly. In the passive learning literature, there are well-known bounds on the number
of training examples that is necessary and sufficient to learn a near-optimal classifier with a high
probability. This quantity is called sample complexity, which depends largely on the VC dimension
[14] of the hypothesis space being learned.

A natural idea is to define a similar quantity for active learning. It is called label complexity,
i.e., the number of labeling requests that is necessary and sufficient to learn a near-optimal model
with a high probability. However, not every active learning algorithm can be analyzed in terms of
the label complexity. In previous sections, we introduce many active learning algorithms that are
very effective empirically. However, most of these algorithms do not have any theoretical guarantee
on the consistency or the label complexity [54]. In this section, we are particularly interested in
active learning algorithms whose behaviors can be rigorously analyzed, i.e., that converge to an
optimal hypothesis in a given hypothesis class with substantially lower label complexity than passive
learning.

22.4.1 A Simple Example

Before going into the details of active learning with provable guarantee, we first present a simple
example [6], which demonstrates the potential of active learning in the noise-free case when there
is a perfect hypothesis with zero error rate. This is probably the simplest active learning algorithm
with provable label complexity.

Consider the active learning algorithm that searches for the optimal threshold on an interval
using binary search. We assume that there is a perfect threshold separating the classes, i.e., the
realizable case.1 Binary search needs O(log( 1

ε )) labeled examples to learn a threshold with error
less than ε, while passive learning requires O( 1

ε ) labels. A fundamental drawback of this algorithm
is that a small amount of adversarial noise can force the algorithm to behave badly. Thus, it is crucial
to develop active learning algorithms that can work in the non-realizable case.2

1The target concept function is in the hypothesis class we considered.
2The target concept function is not in the hypothesis class we considered.
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22.4.2 Existing Works

An early landmark result is the selective sampling scheme proposed in [22]. This simple active
learning algorithm, designed for the realizable case, has triggered a lot of subsequent works. The
seminal work of [44] analyzed an algorithm called query-by-committee, which uses an elegant sam-
pling strategy to decide when to query examples. The core primitive required by the algorithm is
the ability to sample randomly from the posterior over the hypothesis space. In some cases, such
as the hypothesis class of linear separators in R

d and where the data is distributed uniformly over
the surface of the unit sphere in R

d , this can be achieved efficiently [46]. In particular, the authors
showed that the number of labels required to achieve a generalization error ε is just O(d log( 1

ε )),
which is exponentially lower than the sample complexity of a typical supervised learning algorithm
O( d

ε ). Later, [30] showed that a simple variant of Perceptron algorithm also achieves O(d log( 1
ε ))

label complexity provided by a spherically uniform unlabeled data distribution. All the works men-
tioned above address active learning in the realizable case. A natural way to extend active learning
to the non-realizable case (i.e., the agnostic case) is to ask the learner to return a hypothesis with
error at most L∗+ ε, where L∗ is the error of the best hypothesis in the specified hypothesis class.
The first rigorous analysis of agnostic active learning algorithm was developed by [6], namely A2.
later, [54] derived the label complexity of A2 algorithm in terms of a parameter, called disagreement
coefficient.

Another line of research uses importance weights to avoid the bias due to the active learning. For
example, [5] considers linear representations and places some assumptions on the data generation
process. However, the analysis is asymptotic rather than being a finite label complexity. To overcome
this drawback, [12] proposed a new algorithm, called IWAL, satisfying PAC-style label complexity
guarantees.

Due to the space limit, we do not discuss all the above methods in detail. In the remaining part
of this section, we choose to introduce the IWAL algorithm [12] in detail.

22.4.3 Preliminaries

Let X be the instance space and Y = {±1} be the set of possible labels. Let H be the hypothesis
class, i.e., a set of mapping functions from X to Y . We assume that there is a distribution D over
all instances in X . For simplicity, we assume that H is finite (|H| < ∞), but does not completely
agree on any single x ∈ X , i.e., ∀x ∈ X ,∃h1,h2 ∈H,h1(x) 	= h2(x). Note that |H| can be replaced by
VC dimension for an infinite hypothesis space. The algorithm is evaluated with respect to a given
loss function � : Y ×Y → [0,∞). The most common loss is 0− 1 loss, i.e., �(z,y) = 1(y 	= z). The
other losses include squared loss �(z,y) = (y− z)2, hinge loss �(z,y) = (1− yz)+ and logistic loss
�(z,y) = log(1+ exp(−yz)). The loss of a hypothesis h ∈ H with respect to a distribution P over
X×Y is defined as

L(h) = E(x,y)∼P�(h(x),y). (22.2)

Let h∗ = argminh∈H L(h) be a hypothesis of the minimum error in H and L∗ = L(h∗). We have
L∗ = 0 in the realizable case, and L∗ > 0 in the non-realizable case. The goal of active learning is to
return a hypothesis h ∈ H with an error L(h) that is not much more than L(h∗), using as few label
queries as possible.

22.4.4 Importance Weighted Active Learning

In this section, we will discuss the problem of importance-weighted active learning.
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22.4.4.1 Algorithm

In the importance weighted active learning (IWAL) framework [12], an active learner looks
at the unlabeled data x1,x2, . . . ,xt one by one. After each new point xt , the learner determines a
probability pt ∈ [0,1]. Then a coin with the bias pt is tossed, and the label yt is queried if and only
if the coin comes up heads. The query probability pt depends on all previous unlabeled examples
x1:t−1, any previously queries labels, and the current unlabeled example xt .

The algorithm maintains a set of labeled examples seen so far, where each example is assigned
with an importance value pt . The key of IWAL is a subroutine, which returns the probability pt of
requesting yt , given xt and the previous history xi,yi : 1≤ i≤ t−1. Specifically, let Qt ∈ {0,1} be a
random variable that determines whether to query yt or not. That is, Qt = 1 indicates that the label
yt is queried, and otherwise Qt = 0. Then Qt ∈ {0,1} is conditionally independent of the current
label yt , i.e.,

Qt ⊥ Yt |X1:t ,Y1:t−1,Q1:t−1 (22.3)

and with conditional expectation
E[Qt |X1:t ,Y1:t−1] = pt . (22.4)

If yt is queried, IWAL adds (xt ,yt ,1/pt) to the set, where 1/pt is the importance of predicting yt
on xt . The key of IWAL is how to specify a rejection threshold function to determine the query
probability pt . [12] and [13] discussed different rejection threshold functions.

The importance weighted empirical loss of a hypothesis h is defined as

LT (h) =
1
T

T

∑
t=1

Qt

pt
�(h(xt),yt) (22.5)

A basic property of the above estimator is unbiasedness. It is easy to verify that E[LT (h)] = L(h),
where the expectation is taken over all the random variables involved.

To summarize, we show the IWAL algorithm in Algorithm 22.1.

Algorithm 22.1 Importance Weighted Active Learning (IWAL)
Input: S0 = /0,
for t = 1 to T do

Receive xt
Set pt = re jection− threshold(xt,{xi,yi : 1≤ i≤ t−1})
Toss a coin Qt ∈ 0,1 with E[Qt ] = pt
if Qt = 1 then

request yt and set St = St−1∪{(xt ,yt , pmin/pt)}
else

St = St−1
end if
Let ht = argminh∈H ∑t

1
pt
�(h(xt),yt)

end for

22.4.4.2 Consistency

A desirable property of any learning algorithm is the consistency. The following theorem shows
that IWAL is consistent, as long as pt is bounded away from 0. Furthermore, its sample complexity
is within a constant factor of supervised learning in the worst case.

Theorem 3 [12] For all distributions D, for all finite hypothesis classes H, if there is a constant
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pmin > 0 such that pt > pmin for all 1≤ t ≤ T, then with a probability that is at least 1−δ, we have

LT (h)≤ L(h)+

√
2

pmin

√

log |H|+ log( 1
δ)

T
. (22.6)

Recall that a typical supervised learning algorithm has the following bound for sample com-
plexity

Theorem 4 For all distributions D, for all finite hypothesis classes H, with a probability that is at
least 1− δ, we have

LT (h)≤ L(h)+

√

log|H|+ log( 1
δ)

T
. (22.7)

By comparing with the above results, we can see that the sample complexity of IWAL is at most
2

p2
min

times the sample complexity of a typical supervised learning algorithm.

In fact, a fairly strong and large deviation bound can be given for each ht output by IWAL as
follows:

Theorem 5 [12] For all distributions D, for all finite hypothesis classes H, with a probability that
is at least 1− δ, the hypothesis output by IWAL satisfies

L(hT )≤ L(h)+ 2

√
8
t

log
t(t +1)|Ht |2

δ
. (22.8)

22.4.4.3 Label Complexity

Suppose we have a stream of T examples, some of whose labels are queried. The consistency
analysis tells us that at the end of the IWAL algorithm, the classifier output by IWAL is comparable
to the classifier that would have been chosen by a passive supervised learning algorithm that saw
all T labels. The remaining problem is how many labels of those T examples are queried by IWAL.
In other words, what is the label complexity of IWAL? This subsection is devoted to proving that
IWAL can yield substantial improvement on label complexity over passive learning.

The bound for this algorithm depends critically on a particular quantity, called the disagreement
coefficient [54], which depends upon the hypothesis space and the example distribution. Note that
the original disagreement coefficient is defined for the 0− 1 loss function. Here we need a gen-
eral disagreement coefficient [12] for general loss functions �(z,y). The definition of disagreement
coefficient needs a few new concepts.

Definition 22.4.1 [12] The pseudo-metric on H induced by D is defined as

ρ(h1,h2) = Ex∼D max
y
|�(h1(x),y)− �(h2(x),y)| (22.9)

for h1,h2 ∈ H. Let B(h,r) = {h′ ∈ H : ρ(h,h′)≤ r} be the ball centered around h of radius r.

Definition 22.4.2 [12](disagreement coefficient) The disagreement coefficient is the infimum value
of θ such that for all r

sup
h∈B(h∗,r)

ρ(h∗,h)≤ θr. (22.10)

Definition 22.4.3 [12] The slope asymmetry of a loss function � is

Cl = sup
z,z′
|maxy �(z,y)− �(z′,y)
miny �(z,y)− �(z′,y)

|. (22.11)
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Theorem 6 [12] For all distributions D, for all finite hypothesis classes H, if the loss function
has a slope asymmetry Cl, and the learning problem has a disagreement coefficient θ, the expected
number of labels queried by IWAL after seeing T examples is at most

4θCl

(

L∗T +O

(√

T log
|H|T
δ

))

. (22.12)

22.5 Dependency-Oriented Data Types for Active Learning
Active learning problems can arise in the context of different kinds of complex data types such as

sequences and graphs. Since these data types often have implicit or explicit dependencies between
instances, this can impact the active learning process directly. This is because the dependencies
between the instance translates to correlations in the node labels among different instances.

The two primary dependency-oriented data types are sequential data and graph-based data.
Graph-based learning poses different kinds of challenges because of the wide variety of scenar-
ios in which it can arise, such as the classification of many small graphs, or the classification of
nodes in a single large graph. This section will discuss sequences and graphs, the two data types
that are frequently explored in the context of dependency-oriented active learning.

22.5.1 Active Learning in Sequences

Sequences are defined as a succession of discrete values (tokens) X1 . . .XN , each of which is
possibly associated with a label. The problem of sequence labeling forms the core of all informa-
tion extraction tasks in natural language processing, which attempt to annotate the individual words
(tokens) with labels. For example, consider the following sentence:

“The bomb blast in Cairo < place > left Mubarak < person > wounded.”

In this case, the token “Cairo” is associated with the label place, whereas the token “Mubarak”
is associated with the label person. Features may also be associated with tokens of the instance,
which provide useful information for classification purposes. The labels associated with the indi-
vidual tokens in a sequence are not independent of one another, since the adjacent tokens (and
labels) in a given sequence directly impact the label of any given token. A common approach for
sequence classification is to use Hidden Markov Models (HMM), because they are naturally de-
signed to address the dependencies between the different data instances. Another class of methods
that are frequently used for active learning in sequences are Conditional Random Fields (CRF). A
detailed discussion of these methods is beyond the scope of this chapter. The reader is referred to
the work in [8, 28, 60, 102, 106], which provide a number of different probabilistic algorithms for
active learning from sequences. The work in [106] is particularly notable, because it presents an
experimental comparison of a large number of algorithms.

22.5.2 Active Learning in Graphs

Graphs represent an important scenario for active learning, since many real world networks such
as the Web and social networks can be represented as graphs. In many applications involving such
networks, labeled data is not readily available, and therefore active learning becomes an important
approach to improve the classification process. Graph-based learning is studied in different scenar-
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FIGURE 22.2 (See color insert.): Motivation of active learning on small graphs [70].

ios, such as the classification of many small graphs (e.g., chemical compounds) [70], or the classi-
fication of nodes in a single large graph (e.g., a social or information network) [10, 18, 49–52, 61].
Most of the specialized active learning methods in the literature are designed for the latter scenario,
because the former scenario can often be addressed with straightforward adaptations of standard ac-
tive learning methods for multidimensional data. However, in some cases, specific aspects of feature
selection in graphs can be combined with active learning methods. Such methods will be discussed
below.

22.5.2.1 Classification of Many Small Graphs

The first scenario addresses the problem of classifying graph objects within a graph database.
Graphs are ubiquitous and have become increasingly important in modeling diverse kinds of ob-
jects. For many real-world classification problems, the data samples (i.e., instances) are not directly
represented as feature vectors, but graph objects with complex structures. Each graph object in
these applications can be associated with a label based upon certain properties. For example, in
drug discovery, researchers want to discover new drugs for certain diseases by screening the chem-
ical database. Each drug candidate, i.e., a chemical compound, is naturally represented as a graph,
where the nodes correspond to the atoms and the links correspond to the chemical bonds. The chem-
ical compound can be associated with a label corresponding to the drug activities, such as anticancer
efficacy, toxicology properties, and Kinase inhibition. Label acquisition can often be expensive and
time-consuming because the properties of compounds may often need to be derived through a vari-
ety of chemical processing techniques. For example, in molecular drug discovery, it requires time,
efforts, and excessive resources to test drugs’ anti-cancer efficacies by pre-clinical studies and clin-
ical trials, while there are often copious amounts of unlabeled drugs or molecules available from
various sources. In software engineering, human experts have to examine a program flow in order to
find software bugs. All these processes are rather expensive. This is how active learning comes into
play. Active learning methods could be used to select the most important drug candidates for the
human experts to test the label in the lab, and could potentially save a significant amount of money
and time in the drug discovery process.
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Conventional active learning methods usually assume that the features of the instances are given
beforehand. One issue with graph data is that the features are not readily available. Many classifica-
tion approaches for small graphs require a feature extraction step to extract a set of subgraphs that
are discriminative for the classification task [63,69,114,121,123]. The number of possible subgraph
features that can be extracted is rather large, and the features extracted are highly dependent on the
labeled instances. In the active learning settings, we can only afford to query a small number of
graphs and obtain their labels. The performance of the feature extraction process depends heavily
on the quality of the queried graphs in the active learning process. Meanwhile, in the active learning,
we need to evaluate the importance of each instance. The performance of active learning also de-
pends heavily on the quality of the feature extraction process. Thus the active learning and subgraph
feature extraction steps are mutually beneficial.

For example, in Figure 22.2, we are given two labeled graphs (G1 and G2) within which we
have only a small number of the useful subgraph features (F1 and F2). If we query the graph G3 for
the label, we are not only improving the classification performances due to the fact that G3 is both
representative and informative among the unlabeled graphs, but we are also likely to improve the
performances of feature extraction, because G3 contains new features like F3.

The process of query selection can assist the process of feature selection in finding useful sub-
graph features. In other words, the better the graph object we select, the more effectively we can
discover the useful subgraph features. Therefore, the work in [70] couples the active sample prob-
lem and subgraph feature selection problem, where the two processes are considered simultaneously.
The idea is that the two processes influence each other since sample selection should affect feature
selection and vice-versa. A method called gActive was proposed to maximize the dependency be-
tween subgraph features and graph labels using an active learning framework. A branch-and-bound
algorithm is used to search for the optimal query graph and optimal features simultaneously.

22.5.2.2 Node Classification in a Single Large Graph

A second scenario addresses the problem of node classification in a single large graph. This is
a very common problem in social networks, where it may be desirable to know specific properties
of nodes for the purpose of influence analysis. For example, a manufacturer of a particular sporting
item may wish to know nodes that correspond to interest in that sport. However, this is often difficult
to know a-priori, since the interests of nodes may often need to be acquired through some querying
or manual examination mechanism, which is expensive. The work in [10, 18, 49–52, 61] actively
queries the labels of the nodes in order to maximize the effectiveness of classification. A particular
class of active learning methods, which are popular in the graph scenario are non-adaptive active
learning methods, in that the previous labels are not used to select the examples, and therefore the se-
lection can be performed in batch in an unsupervised way. The downside is that the learning process
is not quite as effective, because it does not use labels for the selection process. Many active learning
methods for graphs [49, 51, 52, 61] belong to this category, whereas a few methods [10, 11, 18, 50]
also belong to the adaptive learning category. The non-adaptive methods are generally unsupervised
and attempt to use representativeness-based models such as clustering in order to select the nodes.
Many of the non-adaptive methods are motivated by experimental design approaches [61, 126].

An important aspect of non-adaptive active learning of node labels in large graphs is that the
structural properties of the graph play an important role in the selection of nodes for the active
learning process. This is because labels are not available, and therefore only the structure of the
graph may be used for the selection process. For example, the work in [15] showed that the predic-
tion error is small when the graph cut size is large. This suggests that it is better to label nodes, such
that the size of the graph cut on the labeled graph is large. The work in [51, 52] proposes a heuris-
tic label selection method that maximizes the graph cut. Furthermore, a generalized error bound
was proposed by replacing the graph cut with an arbitrary symmetric modular function. This was
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then leveraged to provide an improved algorithm for the use of submodular function maximization
techniques. The active learning method first clusters the graph and then randomly chooses a node
in each cluster. The work in [61] proposes a variance minimization approach to active learning in
graphs. Specifically, the work in [61] proposes to select the most informative nodes, by proposing
to minimize the prediction variance of the Gaussian field and harmonic function, which was used
in [133] for semi-supervised learning in graphs. The work in [49] approaches the problem by con-
sidering the generalization error of a specific classifier on graphs. The Learning with Local and
Global Consistency (LLGC) method proposed in [135] was chosen because of its greater effective-
ness. A data-dependent generalization error bound for LLGC was proposed in [49] using the tool of
transductive Rademacher Complexity [35]. This tool measures the richness of a class of real-valued
functions with respect to a probability distribution. It was shown in [49] that the empirical transduc-
tive Rademacher complexity is a good surrogate for active learning on graphs. The work therefore
selects the nodes by minimizing the empirical transductive Rademacher complexity of LLGC on
a graph. The resulting active learning method is a combinatorial optimization problem, which is
optimized using a sequential optimization algorithm.

Another line of research [10, 11, 18, 50] has considered adaptive active learning, where the la-
bels for the nodes of a graph are queried and predicted in an iterative way with the use of a trained
classifier from the previous labels. The work in [11] made the observation that label propagation
in graphs is prone to “accumulating” errors owing to correlations among the node labels. In other
words, once an error is made in the classification, this error propagates throughout the network to
the other nodes. Therefore, an acquisition method is proposed, which learns where a given collective
classification method makes mistakes, and then suggests acquisitions in order to correct those mis-
takes. It should be pointed out that such a strategy is unique to active learning in graphs, because of
the edge-based relationships between nodes, which result in homophily-based correlations among
node labels. The work in [11] also proposes two other methods, one of which greedily improves
the objective function value, and the other adapts a viral marketing model to the label acquisition
process. It was shown in [11] that the corrective model to label acquisition generally provides the
best results.

The work in [10] works in scenarios where both content and structure are available with the
nodes. It is assumed that the labels are acquired sequentially in batch sizes of k. The algorithm uses
two learners called CO (content-only) and CC (collective classifier), and combines their predictions
in order to make decisions about labeling nodes. In particular, nodes for which these two classi-
fiers differ in their prediction are considered good candidates for labeling, because the labels of
such nodes provide the most informative labels for knowing the relative importance of the different
aspects (content and structure) over different parts of the data. The proposed algorithm ALFNET
proceeds by first clustering the nodes using the network structure of the data. Then, it selects the k
clusters that satisfy the following two properties:

• The two learners CC and CO differ the most in their predictions.

• The predictions of the classifiers have a distribution that does not match the distribution of
the observed labels in the cluster.

An overall score is computed on the basis of these two criteria. For a batch size of k, the top-k
clusters are selected. One node is selected from each of these clusters for labeling purposes.

The work in [18] proposes an active learning method that is based on the results of [51, 52] in
order to design optimal query placement methods. The work in [18] proposes a method for active
learning in the special case of trees, and shows that the optimal number of mistakes on the non-
queries nodes is made by a simple mincut classifier. A simple modification of this algorithm also
achieves optimality (within a constant factor) on the trade-off between the number of mistakes, and
the number of non-queried nodes. By using spanning trees, the method can also be generalized to ar-
bitrary graphs, though the problem of finding an optimal solution in this general case remains open.
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The work in [50] proposes selective sampling for graphs, which combines the ideas of online
learning and active learning. In this case, the selective sampling algorithm observes the examples
in a sequential manner, and predicts its label after each observation. The algorithm can, however,
choose to decide whether to receive feedback indicating whether the label is correct or not. This is
because, if the label can already be predicted with high confidence, a significant amount of effort can
be saved by not receiving feedback for such examples. The work in [50] uses the LLGC framework
[135] for the prediction process.

22.6 Advanced Methods
Active learning can arise in the context of different scenarios, such as feature-based learning,

streaming data, or other kinds of query variants. In feature-based learning, it is desirable to learn
techniques for acquiring features rather than instance labels for classification. These different sce-
narios will be discussed in detail in this section.

22.6.1 Active Learning of Features

Most of the discussion in the previous sections focussed on cases where new instances are
acquired in order to maximize the effectiveness of a given learner. However, there are also numerous
scenarios where the labels of the instances are known, but many feature values are unknown, and
require a cost of acquisition. In such scenarios, when we query the features for some instances,
the “oracle” can provide their corresponding feature values. It is assumed that the values for some
features of an instance are rather expensive to obtain. In some very complex scenarios, knowledge
of the feature values and the labels may be incomplete, and either may be acquired at a given cost.
Furthermore, in feature-based active learning, the acquisition of more features may be done either
for the training data or for a test instance, or for both, depending upon the underlying application. In
some applications, the training data may be incompletely specified in a non-homogeneous way over
different instances, and the problem may be to determine the subset of features to query for a given
test instance in order to maximize accuracy. In other application, the same feature may be collected
for both the training data and the test data at a particular cost. An example of this case would be
the installation of a sensor at a particular location, which is helpful for augmenting both the training
data and the test data. Some examples of feature-based active learning scenarios are as follows:

• Medical Applications: Consider a medical application, where it is desirable to collect infor-
mation from different medical tests on the patient. The results of each medical test may be
considered a feature. Clearly, the acquisition of more features in the training data helps in
better modeling, and the acquisition of more features in the test data helps in better diagnosis.
However, acquisition of such features is typically expensive in most applications.

• Sensor Applications: In sensor applications, the collection and transmission of data is often
associated with costs. In many cases, it is desirable to keep certain subsets of sensors passive,
if their data is redundant with respect to other sensors and do not contribute significantly to
the inference process.

• Commercial Data Acquisition: In many commercial applications (e.g., marketing, and credit
card companies), different features about customers (or customer behavior) can be acquired
at a cost. The acquisition of this information can greatly improve the learning process. There-
fore, feature-based active learning can help evaluate the trade-offs between acquiring more
features, and performing effective classification.
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Feature-based active learning is similar in spirit to instance-based active learning, but the method-
ologies used for querying are quite different.

One observation about missing feature values is that many of them can often be partially imputed
from the correlations among the features in the existing data. Therefore, it is not useful to determine
those features that can be imputed. Based on this principle, a technique was proposed in [132]
in which missing feature values are first imputed. The ones among them that have the greatest
uncertainty are then queried. A second approach proposed in this work uses a classifier to determine
those instances that are misclassified. The feature values of the misclassified instances are then
queried for labels. In incremental feature acquisition, a small set of misclassified instances are used
in order to acquire their labels [88], or by using a utility function that needs to be maximized
[87, 101].

Active learning for feature values is also relevant in the context of scenarios where the feature
values are acquired for test instances rather than training instances. Many of the methodologies
used for training instances cannot be used in this scenario, since class labels are not available in
order to supervise the training process. This particular scenario was proposed in [48]. Typically
standard classifiers such as naive Bayes and decision trees are modified in order to improve the
classification [19,37,79,110]. Other more sophisticated methods model the approach as a sequence
of decisions. For such sequential decision making, a natural approach is to use Hidden Markov
Models [62].

Another scenario for active learning of features is that we can actively select instances for fea-
ture selection tasks. Conventional active learning methods are mainly designed for classification
tasks. The works in [80–82] studied the problem of how to selectively sample instances for feature
selection tasks. The idea is that by partitioning the instances in the feature space using a KD-tree, it
is more efficient to selectively sample the instances with very different features.

22.6.2 Active Learning of Kernels

Active kernel learning is loosely related to the active learning of features in the previous sub-
section. Most of the discussion in the previous sections focuses on designing selective sampling
methods that can maximize the effectiveness of a given supervised learning method, such as SVM.
Kernel-based methods are very important and effective in supervised learning, where the kernel
function/matrix, instead of the feature values, plays an important role in the learning process. Since
the choice of kernel functions or matrices is often critical to the performance of kernel-based meth-
ods, it becomes a more and more important research problem to automatically learn a kernel func-
tion/matrix for a given dataset. There are many research works on kernel learning, i.e., the problem
of learning a kernel function or matrix from side information (e.g., either labeled instances or pair-
wise constraints). In previous kernel learning methods, such side information is assumed to be given
beforehand. However, in some scenarios, the side information can be very expensive to acquire, and
it is possible to actively select some side information to query the oracle for the ground-truth. This
is how active kernel learning comes into play.

Specifically, active kernel learning corresponds to the problem of exploiting active learning to
learn an optimal kernel function/matrix for a dataset with the least labeling cost. The work in [56]
studied the problem of selectively sampling instance-pairs, instead of sampling instances, for a given
dataset, in order to learn a proper kernel function/matrix for kernel-based methods. Given a pair of
instances (xi,x j), the corresponding kernel value is Ki, j ∈ R, indicating the similarity between xi
and x j. If the two instances are in the same class, Ki, j is usually a large positive number, while if the
two instances are in different classes, Ki, j is more likely to be a large negative number. One simple
solution for active kernel learning is to select the kernel similarities that are most close to zero,
i.e., (i∗, j∗) = argmin(i, j) |Ki, j|. This solution is simply extended from the uncertainty-based active
learning methods. The underlining assumption is that such instance pairs are the most informative in
the kernel learning process. However, in real-world kernel-based classification methods, the instance
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pairs with the smallest absolute kernel values |Ki, j | are more likely to be must-link pairs, i.e., both
instances are in the same class. It is also crucial to query instances pairs that are more likely to be
cannot-link pairs, where the two instances are in different classes.

The work in [56] proposed an approach based upon min-max principle, i.e., the assumption is
that the most informative instance pairs are those resulting in a large classification margin regardless
of their assigned class labels.

22.6.3 Active Learning of Classes

In most active learning scenarios, it is assumed that the instances are queried for labels. In
such querying processes, we can control which instances we want to query for the labels, but cannot
control which classes we will get for the queried instances. It is explicitly or implicitly assumed that:
1) The cost of getting the class label for an instance is quite expensive. 2) The cost of obtaining the
instances is inexpensive or free. However, in some scenarios, such assumptions may not hold, and it
may be possible to query with a class label, so that the oracle will feedback with some instances in
the class. Thus, this is a kind of reverse query, which is relevant to certain kinds of applications [83].
For example, the work in [83] designs method for training an artificial nose which can distinguish
between different kinds of vapors (the class labels). However, the key distinction here is that the
instances here are generated for training a particular application. For example, in the “artificial nose”
task, the chemical (the instances) are synthesized. Different kinds of instances are synthetically
generated representing the different kinds of vapors. In traditional active learning, the instances are
already existing. A key observation in [83] is that methods that optimize the class stability were
more effective than either random sampling or methods that optimized the class accuracy.

22.6.4 Streaming Active Learning

The data stream scenario is particularly suited to active learning, since large volumes of data are
often available, and the real-time stream generation process usually does not create labels of inter-
est for specific applications. Unlike static data sets, which have often been extensively processed in
order to generate labels, data stream instances are often “newly generated,” and therefore there has
never been an opportunity to label them. For example, in a network system, the incoming records
may correspond to real time intrusions, but this cannot be known without spending (possibly man-
ual) effort in labeling the records in order to determine whether or not they correspond to intrusions.
Numerous simple methods are possible for adapting data streams to the active learning scenario. In
local uncertainty sampling, active learning methods can be applied to a current segment of the data
stream, with the use of existing algorithms, without considering any other segments. The weakness
of this is that it fails to use any of the relevant training data from the remaining data stream. One
way to reduce this is to build historical classifiers on different segments, and combine the results
from the current segment with the results from the historical classifier. The work in [136] goes
one step further, and combines an ensemble technique with active learning in order to perform the
classification. The minimal variance principle is used for selecting the relevant sample.

The work in [26] proposes unbiased methods for active sampling in data streams. The ap-
proach designs optimal instrumental distributions to minimize the variance in the sampling pro-
cess. Bayesian linear classifiers with weighted maximum likelihood are optimized online on order
to estimate parameters. The approach was applied on a data stream of user-generated comments
on a commercial news portal. Offline evaluation was used in order to compare various sampling
strategies, and it was shown that the unbiased approach is more effective than the other methods.

The work in [41] introduces the concept of demand-driven active mining of data streams. In this
model, it is assumed that a periodic refresh of the labels of the stream is performed in batch. The
key question here is the choice of the timing of the model for refreshing. If the model is refreshed
too slowly, it may result in a more erroneous model, which is generally undesirable. If the model is
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refreshed too frequently, then it will result in unnecessary computational effort without significant
benefit. Therefore, the approach uses a mathematical model in order to determine when the stream
patterns have changed significantly enough for an update to be reasonably considered. This is done
by estimating the error of the model on the newly incoming data stream, without knowing the true
labels. Thus, this approach is not, strictly speaking, a traditional active learning method that queries
for the labels of individual instances in the stream.

The traditional problem of active learning from data streams, where a decision is made on each
instance to be queried, is also referred to as selective sampling, which was discussed in the introduc-
tion section of this chapter. The term “selective sampling” is generally used by the machine learning
community, whereas the term “data stream active learning” is often used by data mining researchers
outside the core machine learning community. Most of the standard techniques for sample selection
that are dependent on the properties of the unlabeled instance (e.g., query-by-committee), can be
easily extended to the streaming scenario [43,44]. Methods that are dependent on the aggregate per-
formance of the classifier are somewhat inefficient in this context. This problem has been studied in
several different contexts such as part-of-speech tagging [28], sensor scheduling [71], information
retrieval [127], and word-sense disambiguation [42].

22.6.5 Multi-Instance Active Learning

The idea in multiple instance active learning [33] is that the instances are naturally organized
into “bags,” each of which is assigned a label. When a label is assigned to a bag, it is implied that all
instances in that bag have that label. This problem was first formalized in [107]. This problem arises
quite naturally in some data domains such as protein family modeling, drug activity prediction,
stock market prediction, and image retrieval. In these data domains, scenarios arise in which it is
inexpensive to obtain labels for bags, but rather expensive to obtain labels at the individual instance
level. The real issue here is often one of granularity. For example, in a text document, image, or a
biological sequence, consider the case where individual instances correspond to portions of these
objects. In such cases, it may often be easier to label the whole object, rather than portions of it, and
all segments of the object inherit this label. In many cases, the labeling may simply be available at
the higher level of granularity. It should be pointed out that multiple instance labeling naturally leads
to errors in labeling of the fine-grained instances. Therefore, a major challenge in multiple-instance
learning is that the learner must determine which instances of a particular label in a bag do actually
belong to that label. On the flip side, these coarse labelings are relatively inexpensive, and may be
obtained at a low cost.

Several scenarios have been discussed in [107] for the multi-class problem. For example, the
learner may either query for bag labels, for specific instance labels, or for all instance labels in a
specific bag. The appropriateness of a particular scenario of course depends upon the application set-
ting. The work in [107] focuses on the second scenario, where specific instance labels are queried.
In addition, a binary classification problem is assumed, and it is assumed that only positively la-
beled bags are of interest. Therefore, only instances in positive bags are queried. The approach uses
multiple-instance logistic regression for classification purposes. In addition, uncertainty sampling
is used, where the instances for which the labels are the least certain are sampled. It should be
pointed out that the bag labels directly impact both the logistic regression modeling process, and
the computation of the uncertainty values from the labels. Details of the approach are discussed
in [107].

A second scenario is the case where each query may potentially correspond to multiple in-
stances. For example, in the case of Amazon Mechanical Turk, the user provides a batch of instances
to the learner, which are then labeled by experts at a cost. In many cases, this batch is provided in
the context of a cold start, where no previous labeled instances are available. The cold start scenario
is closer to unsupervised or non-adaptive active learning, where no labeled data is available in order
to evaluate the performance of the methods. Some examples of this scenario have already been dis-
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cussed in the context of active learning for node classification in networks, where such methods are
very popular. Even in the case where labeled data is available, it is generally not advisable to pick
the k best instances. This is because the k best instances that are picked may all be quite similar, and
may not provide information that is proportional to the underlying batch size. Therefore, much of
the focus of the work in the literature [16,55,57,119] is to incorporate diversity among the instances
in the selection process.

22.6.6 Multi-Label Active Learning

Conventional active learning approaches mainly focus on single-label classification problems,
i.e., binary classification and multi-class classification. It is usually assumed that each instance can
only be assigned to one class among all candidate categories. Thus the different classes are mutually
exclusive in the instance level. However, in some applications, such assumptions may not hold.
Each instance can be associated with multiple labels simultaneously, where the classification task
is to assign a set of labels for each instance. For example, in text classification, each text document
may be assigned with multiple categories, e.g., news, politics, economy. In such classification tasks,
when we query the “oracle” with an instance, the “oracle” will annotate all the labels for the queried
instance. In the active learning process, we need to estimate the importance or uncertainty of an
instance corresponding to all the labels.

One solution is to measure the informativeness of each unlabeled instance across all the can-
didate labels [17, 38, 78, 112]. For example, Yang et. al. [124] proposed an approach that selects
the unlabeled data based upon the largest reduction of the expected model loss for multi-label data
by summing up losses on all labels. In multi-label learning, it is also important to consider the
relationship among different labels instead of treating each label independently. A second type of
approaches considers the label structure of a multi-label learning problem, such as the correlations
among the labels [98], the cardinality of label sets [77], and hierarchy of labels [77], to measure
the informativeness of the unlabeled instances. The work in [76] proposed two methods based upon
max-margin prediction uncertainty and a label cardinality inconsistency, respectively, and integrated
them into an adaptive method of multi-label active learning.

22.6.7 Multi-Task Active Learning

Multi-task learning is closely related to multi-label learning scenarios. Conventional active
learning mainly focuses on the scenarios of single task with single learner. However, in some appli-
cations, one instance can be involved in multiple tasks and be used by multiple learners [99]. For
example, in NLP (Natural Language Processing) tasks, each instance can be involved in multiple
levels of linguistic processing tasks, such as POS tagging, named entity recognition, statistical pars-
ing. It is usually easier for the “oracle” to be queried with one instance, and feedback with labels
for all the tasks, instead of being queried multiple times for different tasks. In this scenario, the key
problem is how to assess the informativeness or representativeness of an unlabeled instance w.r.t.
all the learning tasks. Some examples of this scenario have already been discussed in the context
of active learning for NLP applications [99], which usually involve multiple tasks and the labeling
costs are very high.

In the work [99], two approaches have been proposed. In the first approach, i.e., alternating
selection, the parser task and named entity recognition task take turns to select important instances
to query for the label iteratively. While the second approach, i.e., rank combination, combines the
ranking of importance from both tasks and select important instances that are highly ranked in both
tasks.

Another scenario for multi-task active learning is that the outputs of multiple tasks are cou-
pled together and should satisfy certain constraints. For example, in relational learning, the entities
classification and link prediction are two prediction tasks, where their outputs can often be related.
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If an entity is predicted as the mayor of a city, the class label of the entity should be “politician”
or “person”, instead of other labels like “water.” In such scenarios, the outputs of multiple tasks
are coupled with certain constraints. These constraints could provide additional knowledge for the
active learning process. The work in [128] studied the problem of active learning for multi-task
learning problem with output constraints. The idea is that we should exploit not only the uncertainty
of prediction in each task but also the inconsistency among the outputs on multiple tasks. If the class
labels on two different tasks are mutually exclusive while the model predicts positive labels in both
tasks, it indicates that the model makes an error on one of the two tasks. Such information is pro-
vided by the output constraints and can potentially help active learners to evaluate the importance
of each unlabeled instance more accurately.

22.6.8 Multi-View Active Learning

Most of the discussion in the previous sections focuses on single view settings, where each in-
stance only has one view of a set of features. However, there are also numerous scenarios where each
instance is described with several different disjoint sets of features. Each set of features corresponds
to one view, which is sufficient for learning the label concept. For example, in the Web page clas-
sification problems, we can have two different views: 1) One set of features corresponds to the text
appearing on a Web page. 2) Another set of features corresponds to the anchor text in the hyper-links
pointing to the Web page. Multi-view active learning is closely related to semi-supervised learning
and active learning [90, 116]. The multi-view active learning problem was first studied in [90–92],
where a model called co-testing was proposed. The idea is related to Query-by-Committee, which
uses multiple learners and selects the set of unlabeled instances where the predictions on different
learners disagree with each other. However, Query-by-Committee approaches build multiple learn-
ers on one single view, while the co-testing method focuses on multiple views and trains one learner
on each view. The motivation of such model design is as follows: Suppose learners in different views
predict different labels on an unlabeled instance. These kinds of unlabeled instances are called con-
tention points. At least one learner could make a mistake on that instance prediction. If we query the
oracle with that instance (i.e., a contention point), it is guaranteed that at least one of the learners
will benefit from the label information. In this sense, the active sampling is based upon learning
from mistakes (at least in one view). So the co-testing method can potentially converge to the target
concept more quickly than alternative active learning methods.

The work in [116] provided a theoretical analysis on the sample complexity of multi-view active
learning based upon the α-expansion assumption [7]. The sample complexity of multi-view active
learning can be exponentially improved to Õ(log 1

ε ), approximately. The work in [117] extended the
theoretical analysis to Non-Realizable cases, where the data are no longer assumed to be perfectly
separable by any hypothesis in the hypothesis class because of the noise.

22.6.9 Multi-Oracle Active Learning

In conventional active learning settings, it is usually assumed that there is only one “oracle” for
the system to query the labels, and the “oracle” knows ground-truth about classification tasks and
can annotate all the queried samples without any errors. These assumptions may not hold in some
real-world applications, where it is very hard or impossible to find such an “oracle” that knows
everything about the ground-truth. It is more likely that each “oracle” (i.e., annotator) only knows
or is familiar with a small part of the problem, while we could have access to multiple “oracles”
with varying expertise. For example, in Crowdsourcing systems, such as Amazon Mechanical Turk,3

each user or annotator may only know a small part of the task to be queried while we could query
multiple users, each with different queries. In many other applications, many “oracles” may disagree

3http://www.mturk.com
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with each other on the same instance. The answer from an individual “oracle” may not be accurate
enough. Combining answers from multiple “oracles” would be necessary. For example, in medical
imaging, the diagnosis of different doctors may be different on one patient’s image, while it is often
impossible to perform a biopsy on the patient in order to figure out the ground-truth.

In multi-oracle active learning, we could not only select which instance to query for the label,
but also select which oracle(s) or annotator(s) to be queried with the instance. In other words, multi-
oracle active learning is an instance-oracle-pair selection problem, instead of an instance-selection
problem. This paradigm brings up new challenges to the active learning scenario. In order to benefit
the learning model the most, we need to estimate both the importance of each unlabeled instance
and the expertise of each annotator.

The work in [122] designed an approach for multi-oracle active learning. The model first esti-
mated the importance of each instance, which is similar to conventional active learning models. The
model then estimated which “oracle” is most confident about its label annotation on the instance.
These two steps are performed iteratively. The high level idea of the approach is that we first decide
which instance we need to query the most, then decide who has the most confident answer for the
query.

The work in [111] studied both the uncertainty in the model and noises in the oracle. The idea is
that the costs of labelers with low qualities are usually low in crowdsourcing applications, while we
can repeatedly query different labelers for one instance to improve th labeling quality with additional
costs. Thus the work [111] studied the problem of selective repeated labeling, which can potentially
reduce the cost in labeling while improving the overall labeling quality, although this work focused
on the cases that all oracles are equally and consistently noisy, which may not fit in many real-world
cases. The work [32] extended the problem setting by allowing labelers to have different noise
levels, though the noise levels are still consistent over time. It shows that the qualities of individual
oracles can be properly estimated, then we can perform active learning more effectively by querying
only the most reliable oracles in selective labeling process. Another work extended the setting of
multi-oracle active learning in that the skill sets of multiple oracles are not assumed to be static,
but are changeable by teaching each other actively. The work in [39] explored this problem setting,
and proposed a self-taught active learning method from crowdsourcing. In addition to selecting the
most important instance-oracle-pair, we also need to figure out which pair of oracles could be the
best pair for self-teaching, i.e., one oracle has the expertise in a skill where the other oracle needs to
improve the most. In order to find the most effective oracle pair, we not only need to estimate how
well one oracle is on a type of skill, but also which oracle needs the most help on improving the
type of skill. In this way, the active learning method can help improve the overall skill sets of the
oracles and serve the labeling task with better performance.

22.6.10 Multi-Objective Active Learning

Most previous works on active learning usually involved supervised learning models with sin-
gle objective optimization. The selective sampling process is mainly performed in the level of data
instances, i.e., it is assumed that the labeling of the instances is very expensive. However, there are
some scenarios where the learning problem involve multiple objectives in the optimization process.
Each model will have multiple scores with reference to multiple objective functions. For example, in
classification problems, the performance of the model can be evaluated from multiple objective/loss
functions, such as empirical loss, model complexity, precision, recall, and AUC (for ROC curve).
In hardware design, each model design can have different scores on multiple criteria, such as en-
ergy consumption, throughput, and chip area. In all these scenarios, the models are not evaluated
according to one single objective function, but a set of multiple objective functions.

Usually there is no single model that is the best model in all objectives. Different “optimal”
solutions/models can have different trade-offs on the multiple objective functions. For example,
model M1 may have better performance on “energy consumption” than another model M2, while
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M2 may have better performance on “throughput” than model M1. In this case, we call a model a
non-dominated solution or “optimal” solution, if there is no other solution that can achieve better
performance in all objectives than the model. Thus the task of multi-objective optimization is to
obtain a set of multiple “optimal” models/solutions, such that all the models in the set are “optimal”
and cannot be dominated by any other solution or dominate each other. Such a model set is called
a “Pareto-optimal set,” where there is a potentially infinite number of “optimal” solutions in the
model space. It is usually infeasible to get a set of Pareto-optimal models by exhaustive search.

Moreover, in some real-world applications, the evaluation of the performance of a
model/solution with reference to multiple criteria is not free, but can be rather expensive. One ex-
ample is the hardware design problem. If we would like to test the performance of a model design
in hardware, synthesis of only one design can take hours or even days. The major cost of the learn-
ing process is on the model evaluation step, instead of the label acquiring step. This is how active
learning comes into play. We could perform active learning in the model/design space, instead of the
data instance space. The work in [138] studied the problem of selectively sampling the model/design
space to predict the Pareto-optimal set, and proposed a method called Pareto Active Learning (PAL).
The performance on multiple objectives is modeled as a Gaussian process, and the designs are esti-
mated to iteratively select the models that can maximize the model searching process.

22.6.11 Variable Labeling Costs

In the previous discussion, we considered cases where the costs are fixed for each training in-
stance. This may, however, often not be the case, where some instances may be harder to label than
others. For example, consider the case where the labels correspond to information extracted from
text documents. In practice, the documents may correspond to varying lengths and complexity, and
this may reflect the variable labeling cost associated with these documents. This interesting scenario
has been discussed in [66,67,86,108]. The difference in these many scenarios is in how the labeling
cost is defined, and whether it is known prior to the learning process. The work in [108] provides
a detailed experimental study of the annotation times over different instances in different domains,
and shows that these times can be significantly different, and can also depend on the underlying data
domain.

22.6.12 Active Transfer Learning

Active learning and transfer learning are two different ways to reduce labeling costs in clas-
sification problems. Most of the previous works discussed these two problem settings separately.
However, in some scenarios, it can be more effective to combine the two settings via active trans-
fer learning. Transfer learning focuses on exploiting the labeled data from a related domain (called
source domain/dataset) to facilitate the learning process in a target domain/dataset. The basic idea
is that if the source dataset is very similar to the target dataset, we can save a lot of labeling costs in
the target domain by transferring the existing knowledge in the source domain to the target domain.
On the other hand, active learning focuses on selective sampling of unlabeled instances in the target
domain.

The work in [118] first studied the problem of combining active learning with transfer learning.
The idea is that both transfer learning and active learning have their own strengths and weakneses.
It is possible to combine them to form a potentially better framework. In active transfer learning,
the transfer learner can have two different choices during the domain knowledge transferring. One
choice is to directly transfer an instance from the source domain to the target domain following
conventional transfer learning methods. A second choice is to query the oracle with an instance for
the label instead of directly transfering the labels.

The work in [137] studied a second scenario where the unlabeled data in the target domain is
not available. Only the source domain has unlabeled instances. The task is to actively select some
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unlabeled instances from the source domain and query the oracle with the instance. The queried
instances should be able to benefit the target domain in the transfer learning process. The work
in [20] integrated the active learning and transfer learning into one unique framework using a single
convex optimization. The work in [125] provided a theoretical analysis on active transfer learning.

The work in [40] extended the active transfer learning problem with the multi-oracle settings,
where there can be multiple oracles in the system. Each oracle can have different expertise, which
can be hard to estimate because the quantity of instances labeled by all the participating oracles is
rather small. The work in [131] extended the active transfer learning framework into the recommen-
dation problems, where the knowledge can be actively transfered from one recommendation system
to another recommendation system.

22.6.13 Active Reinforcement Learning

Active learning has also been widely used beyond supervised learning. In reinforcement learn-
ing, there are many scenarios where active learning could help improve the performance while
reducing human efforts/costs during the learning process. The work in [36] studied the problem of
active reinforcement learning, where transition probabilities in a Markov Decision Process (MDP)
can be difficult/expensive for experts to specify. The idea is to combine offline planning and online
exploration in one framework that allows oracles to specify possibly inaccurate models of the world
offline.

The work in [65] studied the active imitation learning that can be reduced to I.I.D active learning.
Imitation learning usually learns a target policy by observing full execution trajectories, which can
be hard/expensive to generate in practice. The idea is that we could actively query the expert about
the desired action at individual states, based upon the oracle’s answers to previous queries.

22.7 Conclusions
This chapter discusses the methodology of active learning, which is relevant in the context of

cases where it is expensive to acquire labels. While the approach has a similar motivation to many
other methods, such as semi-supervised learning and transfer learning, the approach used for deal-
ing with the paucity of labels is quite different. In active learning, instances from the training data
are modeled with the use of a careful sampling approach, which maximizes the accuracy of clas-
sification, while reducing the cost of label acquisition. Active learning has also been generalized
to structured data with dependencies such as sequences and graphs. The problem is studied in the
context of a wide variety of different scenarios such as feature-based acquisition and data streams.
With the increasing amounts of data available in the big-data world, and the tools now available to
us through crowd sourcing methodologies such as Amazon Mechanical Turk, batch processing of
such data sets has become an imperative. While some methodologies still exist for these scenarios,
a significant scope exists for the further development of technologies for large scale active learning.
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