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Abstract

We propose Cartography Active Learning
(CAL), anovel Active Learning (AL) algorithm
that exploits the behavior of the model on in-
dividual instances during training as a proxy
to find the most informative instances for la-
beling. CAL is inspired by data maps, which
were recently proposed to derive insights into
dataset quality (Swayamdipta et al., 2020). We
compare our method on popular text classifi-
cation tasks to commonly used AL strategies,
which instead rely on post-training behavior.
We demonstrate that CAL is competitive to
other common AL methods, showing that train-
ing dynamics derived from small seed data can
be successfully used for AL. We provide in-
sights into our new AL method by analyzing
batch-level statistics utilizing the data maps.
Our results further show that CAL results in a
more data-efficient learning strategy, achieving
comparable or better results with considerably
less training data.

1 Introduction

Active Learning (AL) is a widely-used method to
tackle the time-consuming and expensive collection
and manual labeling of data. In recent years, many
AL strategies were proposed. The simplest and
most widely used is uncertainty sampling (Lewis
and Gale, 1994; Lewis and Catlett, 1994), where
the learner queries instances that it is most uncer-
tain about. Uncertainty sampling is myopic: it only
measures the information content of a single data
instance. Alternative AL algorithms instead focus
on selecting a diverse batch (Geifman and El-Yaniv,
2017; Sener and Savarese, 2018; Gissin and Shalev-
Shwartz, 2019; Zhdanov, 2019) or to estimate the
uncertainty distribution of the learner (Houlsby
et al., 2011; Gal and Ghahramani, 2016). However,
these methods are usually limited in their notion
of informativeness, which is tied to post-training
model uncertainty and batch diversity.
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Recently, Swayamdipta et al. (2020) introduced
data maps, to visualize the behaviour of the model
on individual instances during training (training
dynamics). The plotted data maps (Figure 1) re-
veal distinct regions in a dataset: groups of am-
biguous instances useful for high performance and
linked to high informativeness, easy-fo-learn in-
stances which aid optimization, and hard-to-learn
instances which frequently correspond to misla-
beled or erroneous instances.

We propose Cartography Active Learning
(CAL), which automatically selects the the most
informative instances that contribute optimally to
model learning. To do so, we leverage a largely
ignored source of information: insights derived dur-
ing training, i.e., training dynamics derived from
limited data maps (see Section 4) to choose infor-
mative instances at the boundary of ambiguous and
hard-to-learn instances. We hypothesize that this
region is where the model will learn the most from.
Data maps provide the additional benefit that we
can use them to measure informativeness of a batch
with straightforward metrics and visualize dataset
properties. These distinct regions in the data maps
have their own respective statistics. Therefore, as
a second research question we investigate whether
data map statistics help to assess why some AL
algorithms work better than others.

Contributions In this paper, our contributions
are twofold. (1) We present Cartography Active
Learning, a novel AL algorithm that exploits data
maps for AL. We compare our results against other
competitive and widely used AL algorithms and
outperform them in early AL iterations. (2) Ad-
ditionally, we leverage the data maps to inspect
what instances AL methods select. We show
that our approach optimally selects informative in-
stances avoiding only hard-to-learn and easy-to-
learn cases, which leads to better AL and compara-
ble or better results than full dataset training.



2 Related Work

AL has seen many usage scenarios in the Natu-
ral Language Processing (NLP) field (Shen et al.,
2018; Lowell et al., 2019; Ein-Dor et al., 2020;
Margatina et al., 2021). The perspective of AL is
that if a model is allowed to select the data from
which it will learn the most, it will achieve com-
parable (or better) performance with less training
instances (Siddhant and Lipton, 2018), and at the
same time addressing the costly labeling process
with a human annotator.

A popular scenario is pool-based active learn-
ing (Lewis and Gale, 1994; Settles, 2009, 2012),
which assumes a small set of labeled data L and
a large pool of unlabeled data U. Most AL algo-
rithms start similarly: a model is fit to L to get
access to P (y j X), then apply a query strategy
to get the best scored instance from U, label this
instance and add it to L in an iterative process.

Common Strategies A commonly used query
strategy is uncertainty sampling (Lewis and Gale,
1994; Lewis and Catlett, 1994). In this approach,
the learner queries the instances which it is least
certain about. There are two popular approaches.
(1) Uncertainty sampling based on entropy (Shan-
non, 1948; Dagan and Engelson, 1995), it uses the
entropy of the label distribution as a measure for
the uncertainty of the model on an instance. (2) Un-
certainty sampling based on which best labeling is
the least confident (Culotta and McCallum, 2005).

Batch-mode Active Learning It is inefficient
and time-consuming to obtain sampled queries one
by one for annotation in the context of Deep Neural
Networks (DNNs). In a real-world setting, con-
sider having multiple annotators available. One
can exploit this setting and label the instances in
batches and parallel. Batch-mode AL allows the
learner to query instances in groups. To assemble
the optimal batch, one can greedily pick the top-k
examples according to an instance-level acquisi-
tion function suitable for DNNs. There are many
works on ways for making neural network posteri-
ors accurately represent the confidence on a given
example. One popular example is stochastic regu-
larisation techniques such as dropout during infer-
ence time, known as the Monte Carlo Dropout tech-
nique (Houlsby et al., 2011). Gal and Ghahramani
(2016) refer to this as Bayesian Active Learning by
Disagreement (BALD). This allows us to consider
the model as a Bayesian neural network and cal-

culate approximations of uncertainty estimates by
analyzing its multiple predictions. However, if the
information of these top-k examples is similar, this
will result in the model not generalizing well over
the dataset. Therefore, alternative approaches take
the diversity of a batch into account.

Batch-aware Query Strategies Instead of greed-
ily choosing the examples that maximize some
score, one can instead try to find a batch that is as di-
verse as possible. One recently proposed effective
strategy is Discriminative Active Learning (DAL;
Gissin and Shalev-Shwartz, 2019). This approach
aims to select instances from U that make L repre-
sentative of U. In other words, the idea is to train a
separate model to classify between L and U. Then,
to use that model to choose the instances which are
most confidently classified as being from U. If U
and L become indistinguishable, the learner has
successfully closed the data gap between U and
L. DAL was proposed for computer vision and
was recently successfully used in NLP (Ein-Dor
et al., 2020). Alternative diversity AL strategies
exist, such as core-set, which often rely on heuris-
tics (Sener and Savarese, 2018; Geifman and El-
Yaniv, 2017).!

3 Cartography Active Learning

The key idea of CAL is to use model-independent
measures, from fitting the model on the seed data
L, by using data maps (Swayamdipta et al., 2020)
for AL. Data maps help identify characteristics of
instances within the broader trends of a dataset
by leveraging their training dynamics (i.e., the be-
havior of a model during training, such as mean
and standard deviation of confidence and correct-
ness with respect to the gold label). These model-
dependent measures reveal distinct regions in a data
map, by and large, reflecting instance properties
(see Figure 1 and details below on easy-to-learn,
ambiguous, and hard-to-learn instances). Train-
ing dynamics encapsulate information of data qual-
ity that has been largely ignored in AL: the sweet
spot of instances at the boundary of hard-to-learn
and ambiguous instances, which are quick to label
while providing informative samples, as shown in
full data training (Swayamdipta et al., 2020).

! Contemporary to our work and both appearing at EMNLP
2021, Margatina et al. (2021) proposed CAL (Contrastive Ac-
tive Learning), another AL method with the same acronym to
our approach. The main difference to Cartography AL is using
data points that are similar in the model feature space, while
optimizing for maximally disagreeing predictive likelihoods.






