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Abstract
The promise of active learning is to reduce the number of labeled examples required by
supervised machine learning algorithms. The largest potential benefits lie in entirely new
domains, for which no labeled examples yet exist. Yet to date, most active learning studies
are retroactive and demonstrate the benefits that could have been gained if active learning
had been used. What are the barriers to true adoption and utilization of active learning?
We focus on two: (1) the cold start or class discovery problem, in which active learning
methods may struggle to make progress with zero labeled examples, and (2) the cost of
having the classifier in the loop to select the next example to be labeled. We assess different active learning approaches in the context of these two barriers and conclude with
recommendations for how to employ active learning in new domains. As an example, we
report on the use of active learning on a large, novel data set of Mars surface images.
Keywords: Active learning, Efficiency, Class discovery, Mars surface image data set

1. Introduction and Related Work
Active learning strategies aim to reduce the labeling burden required for a machine learning
classifier to perform well on a new task. Typical heuristics for example selection prioritize
examples about which the classifier is most uncertain or which may be most informative
by causing the largest changes in the decision boundary (Settles, 2010). Active learning is
a tool best used when we encounter an entirely new domain, with no pre-existing labeled
data. Yet most active learning studies report instead on retroactive studies where all of the
labels already exist, as also noted by Lowell et al. (2019). In so doing, many convenient
yet unrealistic assumptions are made, such as assuming that the number and identity of
all classes are known, that a number of examples for each class are already labeled, and
that the optimal hyperparameters for the base classifier are given. These assumptions may
prevent the lessons learned from applying in new, real-life settings.
We focus on two important barriers to the use of active learning in new domains: (1)
lack of knowledge or examples of classes when learning begins and (2) high computational
cost for example selection. We recommend that these factors influence how active learning
methods are designed and evaluated to yield lessons of greater generalization potential.
First, most active learning studies assume that the number and identity of the classes
of interest are already known and that at least one (or 2, or 10) examples of each class are
given. Working in a new domain raises the cold start problem, in which some or all of the
classes in the data set have zero labeled examples. Clustering the unlabeled data to generate
(ideally) a representative sampling with a small number of items to label can identify some,
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but is not guaranteed to find all, of the classes present (Zhu et al., 2008). If some classes are
rare, the goal of discovering all classes may be at odds with maximizing overall accuracy,
suggesting the need for a joint optimization (Hospedales et al., 2013) or a choice by domain
experts about which objective is most valuable. Either way, for realism we recommend that
active learning evaluations provide only a single initial labeled item, with the expectation
that the active learning method should be responsible for class discovery.
Second, most active learning studies focus solely on sample efficiency or minimizing the
cost of human labeling effort. Yet in many cases, especially when employing deep learning systems, the cost required to compute the selection heuristic itself is non-negligible.
For uncertainty-based sampling, the classifier must be re-trained before it can generate
new predictions so the most uncertain ones can be identified. Most active learning studies
sidestep this issue by selecting a batch of items at a time rather than re-training the classifier (Guo and Schuurmans, 2007; Settles, 2010). Batch selection has other benefits such as
enabling distributed labeling by a team of labelers, but because they were all chosen based
on the same classifier state, learning may be slower. Some heuristics incorporate diversity
into the process of batch selection (Brinker, 2003) yet the tradeoff between batch size and
performance gain is rarely discussed. In this aspect, model-agnostic selection heuristics
that do not require re-training the classifier at each step are advantageous, such as the
use of curriculum learning (Bengio et al., 2009; Hacohen and Weinshall, 2019) or purely
diversity-based prioritization (Wagstaff et al., 2013). Further, the selections can be re-used
by other algorithms without risking the generalization issues identified by Tomanek and
Morik (2011) and Lowell et al. (2019). We propose that the cost of the selection heuristic
itself be incorporated into active learning evaluations as a guide to future experimenters,
who will necessarily pay this price.

2. Assessing Active Learning Methods in New Domains
We conducted experiments to investigate both issues (cold start and selection heuristic
cost). In all experiments, we start with a single labeled example from one class, and we
assume that the total number of classes is not known and must be discovered during the
course of active learning and labeling.
Data sets. We conducted experiments with seven benchmark data sets obtained from
the UCI Machine Learning Repository (Dua and Graff, 2017) and scikit-learn (Pedregosa
et al., 2011) (see Table 1). We selected data sets with different characteristics to explore the
effectiveness and cost of active learning. We expected dimensionality to affect computational
cost and class balance to affect class discoverability. The optdigits and pendigits data
set have separate training and test sets; our experiments employed cross-validation using
their training sets only.
We also conducted experiments in a new domain using Mars rover images (Lu and
Wagstaff, 2020). The Mars Science Laboratory (MSL) rover collected these images in its
first 2224 sols (days) on Mars, using the Mastcam and MAHLI cameras. We randomly
sampled 2900 of the 54,850 images available for this study. Our goal was to expand on
classes previously identified in MSL images (mostly rover parts) (Wagstaff et al., 2018) to
include classes of scientific interest, such as layered rocks, veins, and sand. While applying
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Table 1: Benchmark data sets: digits is from scikit-learn and the rest are from the UCI
Machine Learning Repository.
Data set
digits
wine
optical digits (optdigits)
pen digits (pendigits)
sonar
Wisconsin breast cancer,
Diagnostic
page blocks

Samples
1797
178
3823
7494
208
569

Features
64
13
64
16
60
32

Classes
10
3
10
10
2
2

Class distribution
balanced
balanced
balanced
balanced
imbalanced
imbalanced

5473

10

5

severely imbalanced

active learning, we discovered and labeled other classes such as night sky, wheel tracks, and
artifacts.
Selection heuristics. We compared five item selection heuristics in terms of class
discovery and computational cost. The model-agnostic heuristics include random (passive) selection, diversity-based class discovery (DEMUD), and marginal-probability based
active learning (MP-AL). DEMUD uses an incremental singular value decomposition of
previous selections to iteratively select the most novel next item based on reconstruction
error (Wagstaff et al., 2013). DEMUD selects (ranks) all items up front; we adapted it
to select one batch at a time for comparison with other heuristics. We set K (number
of singular vectors) to preserve 80% of data variance. MP-AL selects a batch of items so
as to match the distribution of remaining unlabeled examples (representative) while also
minimizing within-batch similarity (redundancy) and similarity to already-labeled items
(diversity) (Chattopadhyay et al., 2012). We used an RBF kernel with γ = 1.0 and solved
the quadratic programming problem using CVXOPT (Andersen et al., 2020). The modeldependent heuristics include uncertainty-based selection (Tong and Koller, 2002) and a
random-uncertainty hybrid motivated by Mussmann and Liang (2018) that uses random
sampling until internal validation accuracy exceeds a threshold value1 and then switches to
more costly uncertainty-based sampling.
Methodology. We assessed active learning with 5-fold cross-validation on the benchmark data sets with three base learners: logistic regression, support vector machine (SVM)
(Cortes and Vapnik, 1995), and random forest (Breiman, 2001); implementations are those
of scikit-learn. We did not assume that the optimal hyperparameters for the base classifier
were known and instead estimated them after each selection using internal cross-validation
on the currently labeled data set. The number of folds for this optimization was set to the
size of the smallest known class, up to a maximum of 10. If the smallest known class had
fewer than 2 items, we instead used the scikit-learn default parameter values.
We assessed active learning on the MSL image data set using a convolution neural
network (CNN). We utilized transfer learning to adapt AlexNet (Krizhevsky et al., 2012),
whose weights were pretrained using images from ImageNet (Deng et al., 2009), to apply to
the MSL image data set. The weights of the network were re-fine-tuned after the addition
of each batch of 10 labeled images. To prevent the model from overfitting to the training
1. For the threshold value, we used 70% for the benchmark data sets and 60% for the MSL image data set.
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Figure 1: SVM results for balanced (digits, top row) and imbalanced (page blocks,
bottom row) benchmark data sets, over 5 folds (standard error indicated with error bars).
data, we employed an early stopping technique to terminate the training processes if the
validation loss did not improve over three consecutive epochs.
Metrics. Active learning performance is often characterized with a learning curve that
reports test accuracy as a function of the number of labeled items (Settles, 2010). To assess
performance on the issues highlighted in this paper, we also employ class discovery curves
(number of classes discovered for a given number of selections) and accuracy as a function
of (selection heuristic) runtime. All benchmark experiments were run sequentially on a
machine with Intel Xeon CPU that has 32 GB RAM available; the CNN experiment was
run on the same machine with NVIDIA Tesla M20 24GB GPU.

3. Results
We first show results for two benchmark data sets, one with balanced classes (digits) and
one with imbalanced classes (page blocks). Due to space constraints, we show results for
the SVM base learner only. We used an RBF kernel with γ set to “auto” ( dσ1 2 where σ
is the data standard deviation and d is the dimensionality) and searched data set specific
values for C, determined by pairwise distances in feature space, following Chapelle and Zien
(2005).
The class discovery curves in Figure 1(a,d) show that MP-AL achieved the fastest class
discovery on digits while DEMUD was the best performer on the page blocks data set.
We found that MP-AL also performed the best on the optdigits, pendigits, and wine data
sets, all of which are approximately balanced. The combined emphasis on representativity
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Figure 2: CNN active learning results for the imbalanced MSL image data set.

and diversity enabled MP-AL to identify items that span the data set yet are different from
previously labeled items. However, MP-AL performed about the same as random selection
on the severely imbalanced page blocks data set. DEMUD’s emphasis on diversity with
respect to the previously selected items allowed it to find rare classes quickly.
The learning curves for digits and page blocks data sets are shown in Figure 1(b,e).
For the balanced digits data set, MP-AL significantly outperformed other heuristics in
early selections; the uncertainty heuristic outperformed the random-uncertainty hybrid
heuristic during its random selection phase; and DEMUD performed about the same as
the random heuristic. For the severely imbalanced page blocks data set, the DEMUD and
uncertainty heuristics outperformed the other heuristics for the first 5 selections, with mixed
performance after that until selection 23, at which point all heuristics performed about the
same. The performance tradeoff curves in Figure 1(c,f) show accuracy scores as a function
of runtime. Random selection was, of course, the fastest heuristic, followed by DEMUD. We
found that the MP-AL heuristic was by far the most expensive heuristic (note log x axis).
Although it achieved higher accuracy for a given number of selections, other methods were
able to achieve the same overall accuracy at a tiny fraction of the MP-AL computational
cost. In real-world applications, one must assess the relative costs of item labeling versus
the cost of selecting the next item to be labeled. For digits, MP-AL required ∼10 seconds
to select each item, while for page blocks it required ∼2 minutes per item (cost scales with
the data set size). We also observed the same pattern in the breast cancer, optdigits,
and pendigits data sets. Can you wait that long to receive the next item to be labeled?
We also assessed active learning in a real setting using the MSL data set containing
images from the surface of Mars. The total number and nature of the image classes was
not known in advance. We used DEMUD to rank the images for labeling and identified 19
severely imbalanced classes. Given the now-labeled data set, we retroactively assessed the
other methods. Figure 2(a) shows that all methods identify several of the classes quickly,
but DEMUD found all 19 with the fewest selections. MP-AL did not find the 19th class
within 1000 selections. Figure 2(b,c) show the learning curve and performance tradeoff
results for DEMUD, MP-AL, random, and uncertainty heuristics. Strikingly, we did not
see a benefit in overall accuracy from using active learning, a phenomenon that has been
noted elsewhere (Settles, 2010; Lowell et al., 2019). Mussmann and Liang (2018) found that
active learning benefits correlated with inverse error (i.e., how easy or separable or noise5
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free a data set was), and the inability of active learning to improve over random sampling,
along with the relatively low asymptotic performance, suggests that the concepts in data
set are quite challenging to learn. The runtimes of MP-AL and DEMUD include the time
to extract image feature vectors using AlexNet’s “fc6” layer (Wagstaff and Lee, 2018).

4. Conclusions and Next Steps
Our goal in this work is to identify and explore issues associated with the use of active
learning in new domains. Large, unlabeled data sets present exactly the setting for which
active learning was designed, yet to be of true utility, the selection heuristics must operate
starting with very few labeled examples (perhaps only one) and without knowledge of the
total number and nature of the classes or knowledge about the optimal hyperparameters for
the base classifier. In this study we have placed more responsibility on the active learning
heuristic to bootstrap itself entirely by starting with a single labeled example.
We found that selection heuristics that emphasize diversity are, unsurprisingly, the ones
that can most quickly discover all classes that are present. MP-AL achieved the fastest class
discovery for balanced data sets, while DEMUD was the best performer on imbalanced data
sets. Fast class discovery did not always lead to the most sample-efficient learning in terms of
overall accuracy, because rare classes have less impact on total accuracy. However, complete
knowledge of the classes in a domain increases understanding of the domain and can guide
the next analysis steps. Determining when all classes have been discovered remains an open
question.
In terms of accuracy, we found that model-agnostic selection heuristics such as random,
DEMUD, and MP-AL were often competitive with model-sensitive heuristics based on uncertainty. Because they are model-agnostic, they can be computed once and employed for
multiple different base classifiers rather than requiring that the selection heuristic re-train
the classifier each time new examples are chosen. MP-AL was the most costly heuristic to
compute by far and may be infeasible for large data sets or those with high dimensionality.
Of the heuristics assessed so far, we found DEMUD to provide the best balance between
class discovery and efficient operation. If overall accuracy is more important than finding
all classes, then simple random selection achieved this goal with the least computational
time (but perhaps more selections) on the benchmark data sets, and it was the strongest
performer on the more challenging MSL data set. Others have noted that random selection
may be the best choice for challenging or novel domains (Settles, 2010; Lowell et al., 2019).
Our next steps include the investigation of additional selection heuristics and a broader
assessment of performance with more data sets to more fully answer this question.
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