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Abstract. Active learning has the potential to save costs by intelligent
use of resources in form of some expert’s knowledge. Nevertheless, these
methods are still not established in real-world applications as they can
not be evaluated properly in the specific scenario because evaluation
data is missing. In this article, we provide a summary of different evaluation methodologies by discussing them in terms of being reproducible,
comparable, and realistic. A pilot study which compares the results of
different exhaustive evaluations suggests a lack in repetitions in many
articles. Furthermore, we aim to start a discussion on a gold standard
evaluation setup for active learning that ensures comparability without
reimplementing algorithms.
Keywords: Evaluation, Active Learning, Classification, Semi-supervised
Learning, Data Mining
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Introduction

The field of machine active learning (AL) investigates how a learning algorithm
can learn to solve problems (e.g., classification or regression problems) more
effectively by exploiting interactions with humans (e.g., experts in a specific
application field) or simulation systems which are abstractly modeled as an oracle [1] (Fig. 1). In many application domains, it is unproblematic to collect
unlabeled data, but gathering labels may be complicated, time-consuming, or
costly [18]. Furthermore, AL is based on the assumption that by allowing the
learner to be curios (i.e., it is allowed to choose the data from which it learns),
it may learn faster [39].
Pool-based AL [29] usually starts with an initially empty or very sparsely
labeled set of samples, a large pool of unlabeled samples (candidates), and iteratively queries for new labels from instances of the candidate pool by “asking
the right questions”. For example, in every learning cycle the oracle is asked to
provide labels for the most “informative” samples based on a selection strategy.
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Thereby, it aims to improve the performance of the learning model as fast as
possible. After the labels are added, the knowledge model is updated.
In this article, we focus on three critical aspects of AL evaluation which are
underrepresented in current AL research:
– Reliable Evaluation: Reliable evaluation results require a robust and reproducible evaluation methodology. Hence, the methodology should be described in detail and should be robust to varying seeds or shuffled data.
– Realistic Evaluation: Evaluating an AL algorithm in a lab setting (the
lack of labels is just simulated) is not realistic. Often, implications for the
real world do not hold. Hence, AL methods are not very common in industrial
applications. We will discuss the challenges of a real-world application.
– Comparable Evaluation: Current evaluation methodologies vary a lot regarding its evaluation type, performance measure, number of repetitions,
etc. Ideally, presented results are directly comparable with others. Hence,
this article aims to initiate a discussion for a standardized AL evaluation
gold standard.
The article starts with a general overview of components taking part in an
AL cycle (Sec. 2). Next, we discuss aspects of reliable evaluation (Sec. 3) and
compare two methodologies in a pilot study (Sec. 4). In Sec. 5, we present unrealistic assumptions for real-world applications. Finally, we conclude the work
and propose an outlook on how comparable evaluation could be made possible.

2

Active Learning in Classification Tasks

The learning cycle of AL (see Fig. 1) consists of three main components: In
pool-based AL for classification tasks, we have a selection strategy, an oracle,
and a classifier. The selection strategy selects the instances from the candidate
pool to be labeled by the oracle such that the classifier can learn a well-suited
model. This procedure repeats until a stopping criterion is reached. In AL evaluation, we normally investigate the performance of the selection strategy. Using
an omniscient oracle and a pre-trained classifier, we can assure that performance

labeled
training set

machine learning model
(classifier)

oracle (expert)

candidate
pool
selection strategy

Fig. 1. Pool-based active learning cycle [39]
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differences are solely induced by the selection of training instances from the candidate pool. Changing the classifier (or the parameters of the classifier) within
different AL systems might lead to falsified results because of the high interdependence between the three components.
Comparing multiple classifiers in combination with AL, the selection strategy
should be fixed. Comparing both, classifiers and selection strategies, one should
run every combination. Unfortunately, some selection strategies solely work with
specific classifiers or classifier types. Hence, it is not possible to compare these
selection strategies with their individual classifiers as performance differences
could be explained by the qualities of the classifiers and not the selection strategy. To face this problem, we could learn multiple classifiers on the selected
samples. According to [42], this is subsumed under the term label reusability.
The authors propose to use the specific classifier for the active selection (selector) and train additional classifiers for prediction (consumer). Although the
authors of [42] show that the suitability of selector-consumer pairings cannot
be estimated independently of the AL problem, we propose to run each selector
also as a consumer for evaluation.

3

Aspects of Reliable Evaluation

Reliable evaluation is robust and reproducible. Robustness in evaluation means
that changing seeds or the order of data points does not effect the results. In this
section, we will point out different aspects and discuss what is done in literature.
3.1

Repetitions and Hold-Out Evaluation

In AL, we are facing classification tasks with very few training instances. When
classifiers try to generalize from only a few training samples, their performance
might be very sensitive to small changes. Also, the performance probably varies
a lot depending on the concrete choice of instances to be labeled. Hence, lots of
repetitions are needed to get a reliable trend of the performance. In Fig. 2, we
clarify the nomenclature of different sets that might take part in AL.
In recent active learning articles, the number of repetitions varies between one
single training-evaluation set [49] to 100 different partitionings [26]. Therefore,
some authors use a k-fold cross validation [2, 5, 31] with solely one execution [31,
38] or multiple ones [2, 5]. Executing a k-fold cross validation multiple times

tuning set

initialization set

labeled
training set

candidate pool

selection strategy

oracle (expert)

evaluation set

machine learning model

Fig. 2. Different sets used in literature for active learning.
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requires different seeds among the repetitions. Others [8, 21, 30, 46] use a simple
split with a fixed percentage (varying between 50% and 67%) for the candidate
pool and the rest, respectively, for the evaluation set. To get rid of random
effects, this is repeated multiple times.
In Sec. 4, we present a pre-study that shows the drawbacks of a single k-fold
cross validation and shows the importance of multiple repetitions.
3.2

Performance Measures

Active Learning is a dynamic process which improves its model by successively
adding labels to instances from the candidate pool. The aim of AL algorithms
is to achieve a high performance which improves as fast as possible. Hence, we
have two objectives [27, 39]:
1. achieve a high performance level (learn a good classifier) and
2. learn as fast as possible (save cost induced by annotations).
Applying Common Performance Measures to AL:
Depending on the learning problem, several performance measures [36] have been
used. Usually, accuracy or error [2, 6] are used for problems with balanced misclassification cost and class priors. For unbalanced data, measures like cost, F1Score, G-mean, Area under the Receiver Operating Characteristic-Curve (AUROC) [17, 20] (see [21, 22, 30, 48]) or H-measure [19] are more sophisticated. Usually, these performance measures are then plotted over time (resp. the number
of acquired labels), which is then called learning curve (e.g., see Fig. 3).
As mentioned in the previous subsection, the results from multiple executions
should be included in the evaluation by plotting standard deviations or ideally
quartiles. An evaluation of means could also include the mean standard error
or mean quartiles which can be determined using bootstrapping [15]. Note that
quartiles are more exact as the distribution of performances given the number of
acquired labels is unlikely normally distributed because these random variables
are bounded (most of the time between 0 and 1).
The comparison of learning curves remains difficult as it is unclear how to
combine the two objectives from above. The easiest option is to present the result
for different points in time (e.g., early stage, mid stage, saturated stage) [26, 37].
Having fixed these time points, one can use comparison methods like in usual
classification tasks. Note that most often, these time points and the total number
of label acquisitions (when to stop learning) are chosen by the authors which
could bias the results. We recommend not to stop learning before most of the
AL algorithms have converged, and if possible, to also include the performance
of a classifier learned on all instances as a baseline.
In reliable evaluation, statistical testing plays a essential role. Nevertheless,
one should be reminded that statistical test only show if the results may also
be explained by random artifacts [33], and do not show the real superiority of
one’s method. Nuzzo [33] claims that results should not only be reported by
their statistical significance but also their effect size. Typically, statistical tests
5
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(like the t-test or the Wilcoxon signed rank test [47]) assume to have i.i.d. random variables. Hence, the compared performance values should be drawn from
the different training-evaluation combinations and not from different time points
because these performance values are highly correlated and therefore not independent. One also could argue that even the performances across the repetitions
are not independent because training and/or evaluation sets might overlap. Many
use a t-test for comparing the tendencies of the mean between two algorithms [8,
21]. Due to the assumption of the mean being normally distributed, it might be
better to use a parameter-free test like the Wilcoxon signed rank test [8, 22, 26,
41]. To test if an algorithm is significantly better across datasets, the Wilcoxon
signed rank test might also be a good choice. An alternative to statistical testing
is to present the number of won/lost trials using a simple pairwise comparison
between the performances of two algorithms [26].
Active Learning Specific Performance Measures:
There also exist approaches to summarize the shape of the performance curve:
The easiest approach sums up all the performance values for each time point.
Often, this is called area under the learning curve [38] (also denoted as AUC1 ).
This measure is proportional to the mean and hence dependent on the length of
the AL process (i.e., the number of acquisitions which is often chosen manually).
More convenient is the deficiency score proposed by Yanik et al. [50]. This is
determined by calculating the area between the maximal performance line and
the actual learning curve which they call α for algorithm A and β for algorithm
B. The deficiency of A with respect to B is then calculated using the following
equation:
α
(1)
deficiency(A, B) =
α+β
Another measure to calculate how fast the AL algorithm learns (2nd objective) is the Data Utilization Rate (DUR) by Reitmaier et al. [38]. They first
compute the target accuracy defined as the mean (considering the performances
between 80% and 100% of the total number of acquired labels) from the random
strategy. The DUR is then the minimum number of samples needed by each
strategy to reach this target accuracy divided by the number of samples needed
by random.
3.3

Initialization of Active Learning

Some papers propose to initialize their AL cycle with some labels to be compatible to state-of-the-art implementations or as an essential part of their algorithm.
The number of initialization labels varies between no label at all and 10% [30].
This choice is highly dependent on the dataset and the proposed algorithm.
Unfortunately, it is often not described, how the specific values have been determined (or tuned), although this is essential for the method to succeed or
fail.
1

We do not recommend the abbrev. AUC because it can be mixed up with AUROC
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The number of initial labels is relatively small when initialization is done
due to compatibility issues [7, 13, 25, 37]. In some SVM implementations, the
classifiers need one instance per class to predict labels. Hence, some authors
added a fixed number of instances per class [43, 49, 50, 37] although this is not
possible in real applications as the class labels are unknown in advance. This is
even more relevant in datasets with unequal class priors as finding an instance
of the minority class is especially difficult [16].
In [30, 48], the initialization step is used to have a representative sample
for the dataset to find a broad decision boundary. Later, an uncertainty based
method is used to refine the boundary and improve the performance. In this
case, the number of samples used for initialization is critical for the active learning process. Especially, when the number of initial samples is varied across the
datasets [30], one should mention how this number has been tuned.
For transparent evaluation of the selection strategy, we propose that algorithms with an initialization phase should be seen as a two step selection strategy. In the first step, labeling candidates are chosen according to an initialization
strategy (e.g., random) which is stopped by a comprehensible stopping criterion.
Then, the real active learning method can proceed. As this initialization phase is
now part of the active learning algorithm it should be somehow evaluated (e.g.,
regarding robustness) and included in the learning curves [30, 37].
3.4

Parameter Tuning

Tuning parameters for classifiers is very difficult with only a few labels available.
Unfortunately, these tuning procedures are often not described in great detail.
Yanik et al. [50] used a grid search approach in an 5 fold cross validation after
each label acquisition to tune the parameters of the SVM. Similarly, Tuia et
al. [43] tune their parameters for their SVM. Both do not describe, on which data
this is executed. Using a hold out tuning set [13, 27] is not valid in AL unless these
additional labels are comprehensibly selected and included in the evaluation (i.e.,
considering them in the number of acquired labels in the learning curve). As in
passive classification tasks, it is strictly forbidden to tune the parameters using
the evaluation instances.
One could also argue that parameters should be adapted during learning as
the number of training instances is increased by AL which affects the capability
of generalization. This means, we either use a pre-trained mediocre classifier
because parameters are tuned for a specific labeling situation, or we re-calibrate
the parameters during learning which means that classifiers become different
across selection methods which also biases the results.
Another way is to use standard parameter with normalized features (e.g.
z-normalized) [25].
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3.5

Proposing an AL Evaluation Methodology

In order to achieve reliable results across selection strategies, we propose the
following methodology for AL evaluation:
– Use exactly the same robust classifier for every AL method when comparing
and try to sync the parameters of these classifiers.
– Capture the effect of different AL methods on multiple datasets using at
least 50 repetitions.
– Start with an initially unlabeled set. If you need initial training instances,
sample randomly and explain how to determine the number of samples.
– Use either a clear defined stopping criterion or enough label acquisitions
(sample until convergence).
– Show learning curves (incl. quartiles) with reasonable performance measures.
– Present pairwise differences in terms of significance and effect size (Wilcoxon
signed rank test).

4

Pilot Study: Influence of the Number of Repetitions

The major challenge of AL evaluation is to measure the effect of improvement
although the variance of results might be high: Especially in the early learning
stages (1% − 10% of the data are labeled), the classification performance varies a
lot. This is where the differences across AL methods are highest. Hence, experiments have to be repeated multiple times to yield reliable results as mentioned
before. In this section, we provide an exemplary evaluation methodology using
a 5-fold cross validation.
For these experiments, we solely used one dataset from the UCI machine
learning repository, named Mammographic Mass [3]. We chose this dataset as it
is a typical representative for an AL dataset regarding the number of instances
and features. For classification, we decided to use a robust classifier based on
Gaussian kernel density estimation, namely a Parzen Window Classifier (PWC).
Here, we only have one parameter: the bandwidth. In a pre-processing step, all
categorical data has been dichotomized and all features are linearly transformed
into [0, 1] space. Hence, we use a standard bandwidth for the Gaussian kernel of
the PWC of 0.2 as this seems to be reasonable. The AL algorithms are: Optimized
Probabilistic AL [26], uncertainty sampling (Uncer) [29], an optimized version
of expected error reduction from Chapelle (EER) [11], and random (Rand).
In 5-fold cross validation, we split the dataset D into 5 separate subsets
(D = D1 ∪. . .∪D5 , Di ∩Dj = ∅, i 6= j) to build disjoint candidates and evaluation
sets (Ti , Ei ). In this subsection, we applied AL 5 times on four of the subsets and
evaluated the trained classifier on the left out subset.
Performing solely one complete 5-fold cross validation, as shown in Fig. 3, the
performances might vary a lot. Furthermore, the ranking of the final performance
(after 60 labels have been acquired) changes completely. The left evaluation
shows OPAL being the best, followed by Expected Error Reduction, Random,
and Uncertainty Sampling. Using another seed (right plot), the ranking is different: First OPAL, then Random, Uncertainty Sampling, and Expected Error
8
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Fig. 3. Results of a 5-fold cross validation: two executions with different seeds of a
complete 5-fold cross validation.
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Fig. 4. Mean results of 10 times repeated 5-fold cross validations
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Reduction. This clearly shows that a 5-fold cross validation evaluation for these
AL methods on this dataset using a PWC is not sufficient. Similar experiments
(not shown due to space restrictions) show that it is also true for other datasets
and other classifiers. Repeating this 5-fold cross validation 10 times as shown in
Fig. 4, provides much more stable results that are also comparable to the ones
from the following experiment.

5

Challenges of realistic evaluation

Publications from companies such as Microsoft [24, 35], IBM [32], or Mitsubishi [23]
show the growing interest in AL and its practical usefulness. AL has been successfully applied to solve problems such as on-road vehicle detection [40] or in
recommender systems [28]. Unfortunately, these systems are highly specialized
and often cannot be easily used for related problems.
In contrast to lab experiments, real active learning approaches only have one
shot to learn. Hence, not the mean performance of multiple repetitions is of
interest but the pairwise comparisons of the different methods. Because of high
variances, it is still difficult to ensure a certain improvement of performance of
one selection algorithm against others. This is the reason for many researchers
arguing that random sampling is still a powerful baseline [10].
One of the main challenges to apply active learning in practice is to know
when to stop querying for new label information. By now, in real-world applications, the AL process stops when a given “labeling budget” has been consumed.
For example, in [40] the performance of the investigated AL approaches is done
after a fixed number of queried samples. But, this may be a waste of resources,
both in terms of time and money. Thus, the active learner should be able to
asses its own performance. Here, different problems occur: a) collecting a separate evaluation dataset by randomly sampling instances is expensive, b) the
collected data can not be used for performance estimation due to the sampling
bias [12]. Some research work has been done to analyze when to stop the AL process besides estimating the performance directly [14, 34, 45]. It has been shown
that it is possible to identify when a learning process might be saturated, but
none provides information about the real classification performance.
In dedicated collaborative interactive learning (D-CIL) [9], different realistic
applications for AL have been outlined. It addresses AL processes that are interactive – the information flows from humans to the active learner and vice
versa, collaborative – multiple domain experts collaborate, and dedicated – a
small number of benevolent domain experts interact with the active learner in
order to support the selection process. Even though the oracles are impersonated by benevolent domain experts, they are still prone to error. Their labeling
performance may depend on the labeler’s experience, form of the day, or the
complexity degree of the learning problem. In case of an opportunistic active
learner [4], the oracles are not necessarily embodied by benevolent domain experts. Similar smart systems, simulation systems, or own sensors of the learning
10
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system may assemble together or separately the oracle. Furthermore, there is
high heterogeneity between these oracles, and their number is not fixed.
To summarize, AL research is mostly based on the following (limiting) assumptions [9]: a) the classification problem is well-defined (i.e., the number of
classes and features are known in advance), b) labeled samples are available
at the beginning of the learning process, c) uniform labeling cost (i.e., identical labeling costs for all samples), d) the oracle is omnipresent and omniscient,
e) there exists a ground truth, based on which the performance of the active
learner is evaluated. However, these assumptions often do not hold in real-world
applications. Although, a large variety of specialized solutions is given which
solve single problems, there is further work necessary to apply methods in a
real-world setting. Here, a central aspect is the lack of comparability across different approaches which is a critical point for practitioners to apply AL in their
specific domain.

6

Conclusion and Outlook

In this article, we summarized various challenges of AL evaluation with regard
to being reliable, realistic, and comparable. Some of these appear naturally by
the problem’s definition, others are defined through the demands of real-world
applications. We proposed an evaluation methodology to initialize a discussion
on a gold standard for AL evaluation and provided preliminary results in a pilot
study which shows the importance of many repetitions in AL which hopefully
leads to comparable results without repeating whole experiments. Nevertheless,
it is essential to report all details of evaluation to be able to reproduce the results
of a paper. Those details have been discussed in this paper.
As future work, we plan to extend this literature overview and refine our
proposed methodology. Additionally, we aim at providing a large comparison
of different methodologies showing the effect of each component for different
selection strategies. In this paper, we excluded the whole discussion of online
algorithms and methods for evolving datastreams. Providing a valid evaluation
framework for one-shot AL, is one of the goals of future research.
Our vision is to develop an evaluation system, enabling researchers and practitioners to collaborate. This system will provide a web-based user interface like
OpenML [44] showing detailed information about different AL methods and their
specific characteristics in relation to different tasks. In that way, we aim to standardize AL evaluation in order to simplify the steps towards practical solutions
and fair comparison.
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