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Abstract. While unlabeled instances are often easy to obtain, labeling
of instances for training is a bottleneck of classification, as it requires human effort. Active learning methods aim to reduce the number of training
instances and consequently the labeling costs by actively choosing from
which instances to learn. This strategy has been shown to yield good
classification results with less training compared to passively learning a
training set. In this report, we summarize scenarios for active learning
and different approaches how to select beneficial instances for training.
Furthermore, a selection of practical challenges and setting variants is
discussed.
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Introduction

Active learning, also referred to as optimal experimental design in statistics, is a subfield of machine learning. In order to understand the motivation for active learning, it is useful to have a look at classification first.
Given a set of training instances with known labels, the task is to learn
a classifier that is able to predict the correct label for a new instance. To
obtain a high classification accuracy, those classifiers need to be trained
with a large number of labeled instances. Labels are obtained by an
”oracle”, in most cases a human annotator. In practice, an enormous
amount of unlabeled data is often available: One might think of articles
in the web, images uploaded to social media platforms or video sequences
automatically recorded by cameras. However, to annotate this data by
humans is time-consuming and expensive. Here arises the research field
of active learning.
The common approach to train a classifier with a set of already labeled
instances is a rather passive way of learning. In contrast, the paradigm
of active learning can be summarized as follows: A learning algorithm
actively chooses the instances for training it considers most beneficial.
The classifier obtains good accuracy values with less training, as it only
learns from interesting or controversial instances selected by the learner,
see Fig. 1. Less training means less labeling effort for annotators and
therefore a reduction of costs.
The obvious questions as how to pose queries and measure the usefulness
of an instance for training have been answered in many ways in the
literature. This report gives an overview of these answers and discusses
a selection of practical considerations and setting variants investigated
in recent years. The application of active learning methods in different
domains revealed many new questions and led to further research topics
in the field of active learning.

Fig. 1: This figure illustrates the classification of an artificial data set (a),
where the classifier achieves an accuracy of 70% trained on 30 randomly
chosen instances (b) compared to an accuracy of 90% trained on 30
activly chosen instances (c). Image taken from [26].
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Scenarios

Active Learning addresses applications in which unlabeled data is easy to
obtain, but labeling is costly and reducing the necessary amount of training instances therefore highly desirable. In the literature, a small number
of scenarios is differentiated. They differ in the way the learner decides
for a query. Which scenario to use depends on the specific application
domain, sometimes several scenarios are possible.

2.1

Query synthesis

An early investigated active learning scenario is query synthesis [1], where
the learner is allowed to generate new instances it finds helpful to query.
To do so, the learner needs to know the feature dimensions and ranges
of the input space. A successful application of query synthesis was proposed by King et al. [13, 14]. They developed a laboratory robot, which
autonomously designs and performs experiments to study the growth
of microbial strains. In this context, all possible query instances - the
experiments - generated by the robot’s active learning component are
meaningful. If this is not the case, an unexpected problem can occur,
as reported by Baum and Lang [2]. They aimed to classify handwritten
characters and therefore applied query synthesis to train a neural net.
The annotators were confronted with a large number of query images
that contained non-existing or hybrid characters impossible to label for
a human, see Fig. 2. In this case, much labeling effort is wasted on training examples without practical usefulness. This limitation is addressed
by the stream- and pool-based scenarios.

2.2

Stream-based active learning

The stream-based scenario, also referred to as selective sampling [3], relies
on the assumption that unlabeled data can be obtained at low cost. A
new unlabeled instance is sampled in a first step and then the task for
the learner is to decide, whether or not to acquire its label. How to
make this decision has been investigated by different researchers: Dagan
and Engelson suggested to introduce a measure of utility and to query

Fig. 2: Queries hard to label for humans proposed by an active learner
in handwritten character classification. Image taken from [2].

promising instances according to this measure with a higher probability.
Another approach by Cohn et al. explicitly defines a region of uncertainty
and queries instances which fall therein.

2.3

Pool-based active learning

Huge amounts of unlabeled data often available in practice led to the
idea of pool-based active learning. An instance to query is selected from
a large pool of unlabeled data, typically using an utility measure that is
used to compare instances in the pool. This scenario was mentioned first
by Lewis and Gale [17], who used active learning for text classification.
A large number of scientific works with varying application domains followed this publication. Pool-based methods were not only successfully
applied in the domain of text classification [19, 31], but also for information extraction [27], image and video classification [9, 31, 37, 38] and
speech recognition [32], among many others.
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Active learning approaches

Introducing the task of active learning to choose the most beneficial
instances for training, the most important question is: How can we evaluate, which instances are valuable for training? This section introduces
different strategies to answer this question. Due to its practical importance, the pool-based scenario is considered here.

3.1

Uncertainty sampling

The idea of uncertainty sampling is straight forward: In each iteration,
the learner queries the instance of whose label the classifier is most un-

certain. Lewis and Gale [17] were the first to propose this strategy along
with a simple uncertainty measure for their binary classification task.
An instance is denoted uncertain if the probabilistic classifier assigns a
probability close to 0.5 - which means that both classes are equally likely.
For multi-class problems, a more general uncertainty measure is needed;
a common practice is to use entropy [11, 10].

3.2

Query by committee

Query by committee, proposed by Seung et al. [29] and further analyzed by Freund et al. [6], emerged from a quite different motivation
than uncertainty sampling. Instead of a single classifier, an ensemble of
classifiers - the ”committee” - is used here. Whenever those classifiers disagree on the predicted label of an instance, this instance is an interesting
candidate to query. Theoretically speaking, this strategy corresponds to
minimizing the version space, which in machine learning denotes the set
of hypotheses consistent with the training data. The more the version
space is reduced in each iteration, the faster the model converges to the
true hypothesis. To obtain a query that can discard a large number of hypotheses, a measure of disagreement among the classifiers is needed. The
most common choices are long-established measures from information
theory, namely the entropy of committee votes and the Kullback-Leibler
divergence between the single classifiers’ and the committee’s prediction. A modified version of the latter called Jenson-Shannon divergence
is applied in the work of Melville et al. [21]. Ngai and Yarowski [22] introduced the f-compliment as a new disagreement measure and showed in
experiments that the resulting learning performance is better compared
to using vote entropy.

3.3

Error reduction

Error reduction [23] is motivated by the classification task itself: The best
instance to query is the one which, once incorporated into the training
set, most reduces the future classification error. As neither the label of a
query candidate nor its influence on the future classification performance
is known, the expectation of the error instead of the error itself is reduced.
Successful modifications of the original algorithm can be found in the
literature. Combining error reduction with semi-supervised learning, an
idea of Zhu et al. [40], significantly outperformed uncertainty sampling
on handwritten digit recognition and text classification. Guo and Greiner
[8] assume the current likeliest label to be the true label of an instance,
and change their query strategy whenever this assumption turned out to
be false after asking the oracle.

3.4

Density-weighted methods

Uncertainty sampling and query by committee tend to query outliers, as
these instances are likely to be uncertain or produce disagreement among

a classifier committee [26]. Error reduction avoids this problem by considering the unlabeled data, but is therefore computationally intensive.
Density-weighted methods aim to combine the advantages: exploit the
underlying distribution and at the same time be fast. A simple heuristic
is to multiply one of the former explained utility measures (e.g. uncertainty) with a density factor; this way, outliers and instances in sparse
areas are downvoted. Experiments performed by different researchers [7,
19, 27, 36] showed that density-weighted approaches yield better results
than methods which does not consider the underlying distribution.
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Challenges in practice

None of the previously introduced algorithms is in general superior to
the others, as large-scale comparisons show [15, 25, 27]. However, the results support the assumption that active learning is able to save costs
when used instead of passive learning. In recent years, the idea of active
learning spread beyond the research community and reached industry;
companies like Google, IBM, Microsoft and Siemens increasingly rely
on active learning methods for their real-world applications [28]. As a
consequence, the focus of research moves towards solving challenges in
practice, like the exemplary ones introduced in this section.

4.1

Cost-sensitive active learning

All of the above introduced methods aim to reduce the number of training
instances by actively choosing queries, assuming that this achievement
leads to a reduction of costs (e.g. time, money). However, this conclusion might not be true if annotation costs differ between the instances. In
speech recognition for example, a long recording might be more beneficial
for the learning process than a shorter one and is therefore queried, but
a human annotator will spend a considerable amount of time labeling it.
The term cost-sensitive active learning refers to approaches that address
the problem of varying costs: different labeling costs among instances on
the one hand, different misclassification costs per class on the other hand.
The former mentioned laboratory robot developed by King et al. [14] considers the material costs when designing its next experiment to perform.
Kapoor et al. [12] applied a cost-sensitive algorithm to a voicemail classification problem. Their utility measure combines both the labeling costs
and the expected future misclassification costs. In Kapoor’s work, a simple heuristic was used to estimate these costs; the work of Settles et al.
[28] goes further and additionally trains a regression model to estimate
the true labeling costs. A fast prediction of the future misclassification
costs is the focus of OPAL, an algorithm proposed by Krempl et al. [16].

4.2

Noisy oracles

Until now, we assumed the oracle (e.g. a human annotator) to label always correct. If this is not the case, a learner can decide between querying

a new instance or an already known one to confirm its label. Sheng et
al. [30] observed a positive effect by querying suspect instances multiple
times, their decision for a query is based on both the oracle and model
uncertainty. In contrast to this work, Donmez et al. [4] also allowed for
different noise levels among the oracles. The restriction to constant noise
levels over time was dropped in their follow-up work [5]. In case of human annotators, Wallace et al. [33] introduced the idea to ask annotators
about their certainty. This way, the model quality improved while benefiting from both experts and novices.
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Related tasks

In the narrower sense, the term active learning refers to selecting the
best instance to request a label for. In the broader sense, it covers all
methods that actively choose what to learn. Active feature acquisition
and active class selection are two problem settings in that sense, which
are far less popular than the common active learning task.

5.1

Active feature acquisition

Active feature acquisition builds on the frequent occurrence of missing
values in practice. In a medical context, missing values could be results
of further diagnosis procedures, which have not been performed for the
patient yet. To obtain a more reliable diagnosis, the most informative
medical test should be performed next. An active feature acquisition
algorithm aims to decide, which feature to request in order to achieve
a better classification performance. In the described example, a feature
corresponds to a medical test, the correctness of the diagnosis to the
classification performance. The techniques used here are similar to those
from common active learning: One could request the least certain feature
[39], or the one with the highest expected information value [24]. Melville
et al. [20] suggested to request features that are likely to change the
model’s classification.

5.2

Active class selection

In active class selection, the learner decides for a class and subsequently a
new instance of that class is generated - directly opposed to the common
active learning setting. Lomasky et al. [18] were the first to investigate
active class selection and proposed multiple active class selection strategies: inverse, original proportion, accuracy improvement and redistricing.
Wu et al. successfully applied a subset of these methods for arousal classification [35] and combined active class selection with transfer learning
to train a brain-computer interface [34].

6

Conclusion

Active learning has the potential to considerably reduce the human effort needed to label training instances for classification tasks. By actively

choosing the instances from which to learn, classifiers become better with
less training. This report summarized the most investigated scenarios and
common algorithms for the pool-based scenario, which differ in the way
they evaluate the usefulness of instances. As the focus of current research
moves towards applying active learning in different domains in industry,
practical considerations become more import. In this report, two challenges in practice were discussed in detail. Finally, we introduced two
related tasks, which also profit from an active learning manner, although
their setting is different.
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