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Abstract. Extracting relations from unstructured Web content is a
challenging task and for any new relation a significant effort is required
to design, train and tune the extraction models. In this work, we inves-
tigate how to obtain suitable results for relation extraction with modest
human efforts, relying on a dynamic active learning approach. We pro-
pose a method to reliably generate high quality training/test data for
relation extraction - for any generic user-demonstrated relation, starting
from a few user provided examples and extracting valuable samples from
unstructured and unlabeled Web content. To this extent we propose a
strategy which learns how to identify the best order to human-annotate
data, maximizing learning performance early in the process. We demon-
strate the viability of the approach (i) against state of the art datasets
for relation extraction as well as (ii) a real case study identifying text
expressing a causal relation between a drug and an adverse reaction from
user generated Web content.

1 Introduction

Recent years have seen the rise of neural networks for addressing many Infor-
mation Extraction tasks. Particular interest is focused on Relation Extraction
from unstructured text content. While crafting the right model architecture has
gained significant attention, a major and often overlooked challenge is the acqui-
sition of solid training data and reliable gold standard datasets for validation.

Kick-starting a relation extraction process - i.e. acquiring reliable training
and testing data - for an arbitrary user-defined relation presents many hurdles.
This is especially true when the pool of unannotated data to choose from is
virtually infinite, as in the case of Web data and social streams - where one first
needs to identify a relevant corpus from which relations should be extracted.
Systems extracting relations from open data have been described in the litera-
ture. Although they may perform well, they are in general quite expensive: on
one hand, supervised methods require an upfront annotation effort for each re-
lation, while on the other hand unsupervised methods present many drawbacks
- mainly the reliance on Natural Language Processing (NLP) tools, which might
not be available for all languages and which do not perform that well on the
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ungrammatical text often found in social posts. Moreover for any approach it is
desirable to evaluate the performance: this implies the availability of test data,
which in general involves an expensive manual annotation process.

In this paper, we address these challenges by presenting a system for ex-
tracting relations from unlabeled data which minimizes the required annota-
tions, which needs no NLP tools and performs well with respect to the available
state of the art methods. These relations can be fairly well defined (e.g. given a
color and an object, does the author imply the object is that color) to somewhat
more subjective ones (e.g. detecting asserted causal relations between drugs and
adverse events). Here relation detection is defined in a standard way, i.e. deter-
mining if a relation is present in a text sample or not, or in Relation Extraction
terms, the goal is to recognize whether a predefined set of relations holds be-
tween two or more entities in a sentence. We propose an end-to-end system for
extracting relations from unstructured Web content. First, the type of entities
involved in the relation, e.g. drugs and adverse events, must be specified - this
step can be seen as a blackbox component here. Then we obtain a relevant pool
of potential examples of the relations from the Web and social media by select-
ing sentences where the entities co-occur. We discard parts of the corpus which
seems to contain highly ambiguous data, while retaining useful data for the task
(Section 3).

After collecting relevant unlabeled data, we ask a Subject Matter Expert
(SME) to annotate the data in small batches (e.g. 100 examples at a time).
The selection of examples that are presented to the SME is dependent on the
learning model and the active learning strategy which in itself is dependent
on the type of relation and data at hand. In this paper, we show how for a
given model the system “learns” a quite successful strategy (in general it is not
feasible to determine an “optimal” strategy with reasonable effort): we measure
the performance of several neural models and several active learning strategies
at the end of each batch, devising a method to only promote the most successful
strategies for subsequent steps (Section 3.2). By optimizing the order of examples
to annotate, the work required by the SME is much less than manually creating
labeled training data [29] or building/tuning NLP tools for different languages
and styles. We show this with several experiments on standard benchmarking
datasets.

The contribution of this work is threefold. First, we propose an end-to-end
method for relation extraction with a human-in-the-loop. We design a system-
atic procedure for generating datasets for relation extraction on any domain and
any concept that the user is interested in. This is valuable to kick-start arbi-
trary extraction tasks for which annotated resources are not yet available. Our
method does not have to rely on any NLP tools and hence is independent of
document style and language. Second, we experiment using a combination of
active learning strategies on neural models and devise a method to prune the
ones that are not effective for the task at hand. Besides testing the approach
on a real use case, we prove its efficacy on publicly available standard datasets
for relation extraction and show that by using our pruning technique - and ob-



serving the results a posteriori - we achieve similar performance to the “optimal
active learning strategy” for the task and the specific dataset. In addition, as
one does not know a priori what the optimal strategy is, our system learns which
strategy among the available ones to use. The technique works comparably well
regardless of the chosen neural architecture. Finally, we present a real use case
scenario where we address the challenging task of extracting the causal relation
between drugs and their adverse events from user generated content.

The advantage of the proposed approach is the possibility to rapidly deploy
a system able to quickly generate high quality train/test data on any relation of
interest, regardless of language and text style of the corpus. Given the fact that
the method gives feedback on performance after every small annotation step,
the user can decide when to stop annotating when she is satisfied with the level
of accuracy (e.g. accuracy above 75%) or decide to stop if she understands that
the underlying data might not be useful for the task at hand. Substantially, we
are able to early identify high quality train/test data for challenging relation
extraction tasks while minimizing the user annotation effort.

2 Related Work

One of the key to success for machine learning tasks is the availability of high
quality annotated data, which is often costly to acquire. For the relation extrac-
tion task, the definition of a relation is highly dependent on the task at hand and
on the view of the user, therefore having pre-annotated data available for any
specific case is unfeasible. Various approaches have been proposed to minimize
the cost of obtaining labelled data, one of the most prominent being distant
supervision, which exploits large knowledge bases to automatically label entities
in text [5, 12, 16, 26, 27]. Despite being a powerful technique, distant supervision
has many drawbacks including poor coverage for tail entities [16], as well as the
broad assumption that when two entities co-occur, a certain relation is expressed
in the sentence [5]. The latter can be especially misleading for unusual relations,
where the entities might co-occur but not fit the desired semantic (e.g. a user
wants to classify “positive” or desirable side effects of drugs). One way to tackle
the problem is to use targeted human annotations to expand the large pool of
examples labelled with distant supervision [3]. This combination approach pro-
duced good results in the 2013 KBP English Slot Filling task4. Another way is to
address it as a noise reduction problem: e.g. Sterckx et al. [30] exploit hierarchi-
cal clustering of the distantly annotated samples to select the most reliable ones,
while Fu and Grishman [10] propose to interleave self-training with co-testing.
Nonetheless, it is nearly impossible to refrain from manual annotation entirely:
at the very least test data (that serves as gold standard) needs to be annotated
manually. The question then is how to minimize the human annotation effort.

Active Learning (AL) aims at incorporating targeted human annotations in
the process: the learning strategy interactively asks the user to annotate certain
specific data points, using several criteria to identify the best data to annotate

4 http://surdeanu.info/kbp2013/



next. Some of the most commonly used criteria are: (i) uncertainty sampling,
which ranks the samples according to the model’s belief it will mislabel them [18];
(ii) density weighted uncertainty sampling, which clusters the unlabeled instances
to pick examples that the model is uncertain for, but also are “representative” of
the underlying distribution [9, 23]; (iii) QUIRE, which measures each instance’s
informativeness and representativeness by its prediction uncertainty [15]; (iv)
Bayesian methods such as bald (Bayesian Active Learning by Disagreement)
which select examples that maximize the models’s information gain [11]. The
effectiveness of these criteria is highly dependent on the underlying data and the
relation to extract and it is very difficult to identify strong connections between
any of the criteria and the task [14]. The open question is then how to decide
which technique to use on a new extraction task. Following [14] we argue that it
is best to dynamically decide on the criteria on a task-driven basis. The “active
learning by learning” method (albl) [14] has an initial phase where all criteria
are tested extensively and one is chosen. Our intuition is that the technique
that seems to perform the best at the beginning might not be best one in the
long run. Therefore we propose a method that initially distributes the budget
of annotation among all considered criteria and discards the worst performing
one at each iteration. We argue that keeping a pool of options for a longer
number of iterations will maximize performance on average for a larger number
of tasks, especially given the very small sample set, and we support the claim
with comparative experiments.

For the sake of completeness, it is worth mentioning that in relation extrac-
tion, as in many other machine learning tasks, there is no one-fits-all model and
many have been proposed ranging from early solutions based on SVMs and tree
kernels [7, 8, 20, 32, 34] to most recent ones exploiting neural architectures [24,
33, 31]. Neither the model nor the active learning strategy or any particular com-
bination is universally (on all relations / all data) “the best” performer - hence
our proposal of a data driven approach. The aim of this work is to investigate
the influence of different active learning strategies on different extraction tasks
(regardless of the underlying neural model) and to devise strategies to effectively
annotate data, rather than proposing a new neural architecture per-se. Therefore
for our experiments we considered several state of the art deep learning models
for relation classification, including Convolutional Neural Networks (CNNs) [24,
33], Recurrent Neural Networks (RNNs) [19], such as bi-directional GRUs [35],
as well as ensembles [31]. For all models, we use a simple yet effective archi-
tecture and data representation that does not require any NLP preprocessing
(besides tokenization) of the text.

3 Relation classification

We consider relation extraction as a binary classification task. Given a text
snippet s containing one or more target entities ei

5 our goal is to identify if

5 In our experiments we use pairs of entities, however we should note that our models can handle
n-ary relations as well. We leave this to future work.



s expresses a certain relation r among the entities ei. Our goal is two-fold: (i)
create a relation classification system that gradually increases accuracy from each
recognized relation, as well as (ii) identifying the sentence snippets for which the
system is most/least confident about expressing the desired relation. We first
obtain a large pool of relevant unlabeled text from a given social media stream
(e.g. the Twitter stream, a social forum etc.), applying the following method.
We consider the (two) types of entities involved in the relation, for which we
construct dictionaries using any off-the-shelf tool (e.g. [2]) and select sentences
where the (two) entities co-occur. Note that this will produce lot of noisy data,
therefore noise reduction needs to be in place. For this work we treat entity
identification in sentences as a blackbox component with various valid available
solutions [16, 26, 30].

We then segment the learning process into small steps of b examples at a
time (b = 100 in this work6) and interactively annotate the data as we train the
models. Example refers here to a text snippet expressing the relation between
the entities and annotation refers to manually assigning a “true/false” label to
each example. We select the first batch of b examples with a curriculum learn-
ing strategy (details in Section 3.2) and manually annotate them. With those
we train (i) several neural models, using (ii) two different data representation
paradigms and (iii) several active learning strategies to determine the next batch
of examples. Our goal is not to specifically improve a particular learning model
per-se, but rather (i) identify at an early stage, i.e. with minimal annotation
effort, if a specific relation can be learned from the available data and (ii) mini-
mize the labelling effort by using first examples that are more likely to boost the
learning performance. As no active learning strategy is universally preferable (we
show tests on ready-available gold standard datasets for relation extraction in
Section 4.2) we propose a pruning method (Section 3.2) that dynamically selects
the best strategy for a given task.

3.1 Models, Data Representations and Parameter choices

We employ commonly used neural models for relation extraction, specifically
CNNs [24, 33] and bi-directional GRUs [35].

As for data representation, we do not rely on lexical features or any other
language-dependent information, but after using a simple tokenizer (white spaces,
punctuation) we merely exploit distributional semantics - statistical properties
of the text data - to ensure portability to different languages, domains and
relation types. We explore two different representations for the text: (i) word se-
quences concatenated with positional features (as in [33]), i.e. we generate three
embedding matrices, one initialized with pre-trained word embeddings and two
randomly initialized for the positional features; (ii) a context-wise split of the
sentence (as in [1]), i.e. using pre-trained word embeddings and using the two
entities in the text as split points to generate three matrices - left, middle and
right context.

6 The size of the batch is adjustable, the human-in-the-loop can specify it. In our experiments, the
involved medical doctor indicated 100 as a good size in terms of keeping focus.



As for the neural network architectures specifications, following literature, all
our models use: 100-dimensional pre-trained GloVe word embeddings [25]; 100-
dimensional positional embeddings optimized with Adam [17]; initial learning
rate = 0.001; batch size b = 100; validation split = 0.2; early stopping [21] to
avoid overfitting (if no improvement happens for 5 consecutive iterations). For
the CNNs we use: 100 filters; kernels width = 3; ReLU nonlinearities [22] - for
CNNs with multiple filter sizes we set the kernels width from 2 to 5. For the
GRU we use: ReLU activations and layer size = 100.

3.2 Active Learning by Pruning

At the bootstrapping phase, we have no information on the performance of each
model as all data is unlabeled. We used curriculum learning (CL) strategies
[6], where the order of the data is decided in advance - before starting the
learning process using several text based criteria. While we tested several criteria,
including random as baseline, the best performance was obtained by maximizing
dissimilary. Starting from a random example (sentence) we sort the data as to
maximize dissimilarity between the sentences. We calculate sentence similarity
exploiting GloVe embeddings as proposed by [4].

For all subsequent steps, we can use previously annotated examples to test
the performance of the different active learning strategies. We consider a pool-
based active learning scenario [28] in which there exists a small set of labeled
data L = (x1, y1), . . . , (xnl

, ynl
) (in this case we consider the batch of 100 ex-

amples selected by CL) and a large pool of unlabeled data U = x1, . . . , xnu
.

The task for the active learner is to draw examples to be labeled from U , so
as to maximize the performance of the classifier (the neural net) while limiting
the number of required annotations to achieve a certain accuracy. We train the
model on the first batch of annotated examples, using 5-fold validation on the
batch itself. At each subsequent iteration we select b

n examples according to
each of the n target active learning strategies; after labelling those b examples
we calculate the performance for each of them and identify the worst performing
AL strategy, which gets discarded in subsequent iterations. After n iterations we
remain with one strategy for the particular task. In this particular work, we se-
lect n = 5 active learning strategies: uncertainty sampling (us), density weighted
uncertainty sampling (dwus), bayesian active learning by disagreement (bald),
QUIRE and we include as baseline the random selection (rs) of examples. The
proposed approach is not limited to those - any other strategy can be added
without changing the overall framework.

We perform extensive experiments testing all possible combinations of mod-
els, data representations and active learning strategies. Results are summarized
in Table 2. We show that our proposed “active learning by pruning” strategy is
robust across relation extraction tasks and datasets (Section 4).



4 Experiments

The relation extraction task is a challenging one. Especially in the case of de-
veloping early prototype systems, little can be done with a traditional neural
network in the absence of a significant quantity of hand labeled data. While a
task specific labeling system can help [29], it makes sense to consider the “best
order” to ask the user for input in the hopes of achieving a sufficiently performant
system with minimal human effort.

Assuming the existence of a relevant corpus of unlabelled examples for the
relation at hand our aim in this work is to identify the best active learning
strategy for each extraction task to prioritize the annotation of examples that
have a better impact on the models. We exploit existing benchmark datasets on
relation extraction and simulate the human-in-the-loop: we treat all examples
as unlabelled and “request” the annotations in small batches from the existing
labels, as if they were annotated in real-time by a user. This gives us useful
insights, as we can compare partial performance (after any given annotation
batch) against the best achievable performance (using the whole dataset), as
well as run in parallel all active learning strategies to figure out if any of them
is “universally” better for all tasks. A post-hoc analysis reveals that in terms of
active learning strategy there is no one-fits-all solution (Section 4.2) but that our
proposed solution is able to promote good performing ones for the task. We test
our pruning technique on all the benchmark relations, as well as on our real case
scenario on extracting adverse drug events, for a total of 10 different relations
(details on the data in Section 4.1).

4.1 Datasets

We test our method in a real case experiment, extracting Adverse Drug Events
(ADE) relations from a Web forum (http://www.askapatient.com/). Our human-
in-the-loop is a medical doctor using our system to annotate the data. We pro-
duced annotations in the same style as CADEC (CSIRO Adverse Drug Event
Corpus)7, totaling of 646 positive and 774 negative examples of causal rela-
tionships between drugs and ADEs. We name this dataset causalADEs8. Posts
are tagged based on mentions of certain drugs, ADEs, symptoms, findings etc.
However, the mere co-occurrence of a drug and an ADE in a sentence does not
necessarily imply a causal relation among the two. Fig. 1 shows three sentences,
one where the drug caused an ADE and others where it did not.

Fig. 1: Examples of causal and non-causal relations between drugs and ADE mentions in sentences.

7 http://doi.org/10.4225/08/570FB102BDAD2
8 https://github.com/Isminoula/CausalADEs



We also test our method on the Semeval2010-Task8 dataset [13], which con-
sists of 8,000 training and 2,717 test examples on nine relation types: Cause-
Effect, Component-Whole, Content-Container, Entity-Destination, Entity-Origin,
Instrument-Agency, Member-Collection, Message-Topic, and Product-Producer.

4.2 Fixed Active Learning strategy VS dynamic selection

The aim of the experiments is to compare all the considered active learning
strategies (as used individually) against dynamic selection, either our proposed
pruning strategy or the albl method [14]. We ran experiments using various dif-
ferent configurations of neural networks, data representations and active learning
strategies. For the sake of reporting clarity we use CNN with positional features
to plot results on the different active learning strategies - but we summarize
results for different configurations in Table 2. Figure 2 shows the accuracy on
the Semeval extraction tasks for all the strategies as a function of the number
of labelled examples (Fig. 2): no single AL strategy is always the best, but we
can observe that our pruning strategy has a consistent behavior across all tasks,
approximating top performance.

(a) Cause-Effect (b) Component-Whole (c) Content-Container

(d) Entity-Destination (e) Entity-Origin (f) Instrument-Agency

(g) Member-Collection (h) Message-Topic (i) Product-Producer

Fig. 2: Active Learning strategies comparison across all Semeval relation extraction tasks, fixing
CNN as neural model and context-wise splitting as data representation. Accuracy is calculated on
the reference test set.

In a real case scenario, where all data is unlabeled and we do not have
a designated test set, the feedback that we can provide at each step is the



performance calculated with cross-validation on the currently annotated data.
In Figure 3 we show the accuracy for our real case scenario causalADE on
the current pool of annotated data (Fig. 3b) as compared to performance on a
designated test set (Fig. 3a). This is to remark that it is nearly impossible to
decide a priori - and only initially having unlabelled data - the single best AL
strategy for the task.

(a) Accuracy on test set. (b) Accuracy on currently annotated examples.

Fig. 3: Accuracy on the causalADE extraction task.

Taking a closer look at individual results (Table 2) one can observe that our
proposed pruning strategy (i) obtains top performance - with respect to other
strategies - with exhaustive annotation, i.e. when all examples are labelled on
most tasks (9 out of 10) and (ii) can consistently “near” top performance (with
a loss ≤ 2% in most cases (7 out of 10) with less than half of the annotated data,
for some relations as early as after 400 annotations. For completeness we also
compare our pruning strategy to albl [14], which is to the best of our knowledge
the best performing method for dynamically selecting active learning strategies.
Our pruning method outperforms albl (or has same performance) in all the runs,
with a maximal increase of 6% (the Entity-Origin task).

A further observation is about the causalADEs dataset, which is our true
real-case experiments (while the others are simulated with existing benchmark
datasets). The presence of a causal relation between a Drug and an Adverse
Drug Event can be very tricky to identify. Table 1 shows examples of correct
and incorrect predictions of our models.

Sentence y ŷ P (ŷ = y|x)

I was on Crestor for only two months when my knee just flared up in pain followed by muscle pain. 1 1 0.99

However, I am afraid to discontinue the Paxil due to fear of withdrawal symptoms and/or return of panic attacks 0 0 0.99

I felt like Zoloft turned me into a little bit of a zombie 1 0 0.722

I was crying at the drop of a hat until I started taking the Celexa, so has been a life saver in my opinion 0 1 0.497

put me on prozac and it made me more jittery 1 0 0.803

Table 1: Examples of correct and incorrect predictions on causalADEs

Our overarching goal is to be able to identify a pool of examples for which
we are highly confident to have been annotated correctly leading to a reliable
training/test dataset to train the extraction of a new relation. This is particularly
valuable in situations where the unlabeled sample data is particularly large and
we can afford to discard examples, as long as the selected ones are of high quality.



In Table 2 we summarize our results and report top performance for each
extraction task. Regarding neural architecture we observe that the simple CNN
model performed better in most cases, with a preference for the context-wise
split data representation. Regarding active learning strategies we compare our
method with (i) each considered state-of-the-art fixed AL strategy (ii) as well
as with the albl dynamic AL strategy selection. The experimental results show
that our pruning method achieves either better or comparable performance with
the best performing AL method, and we surpass the best performance of albl in
almost all cases. Our method also has a computational advantage with respect
to albl. While we train and test in small batches, albl works in a streaming
fashion where a micro-training and performance estimation is done after each
new example. While this is affordable in their tested settings (using a Support
Vector Machine model) it becomes computationally heavy in neural network
settings9. Additionally, our performance using only 500 examples is very close
to the best accuracy we can potentially achieve (but do not know a priori) in
each task, with comparable results to albl with the same number of examples.

Task
Best performing NN Fixed AL strategy ALBL Pruning
Model Data Best AL A@all A@500 A@all A@500 Selection A@all A@500

Content-Container GRUatt positional r, q, d, b 0.95 0.95 0.94 0.93 dwus 0.96 0.95

Member-Collection CNN positional us 0.96 0.96 0.96 0.94 us 0.96 0.95

Message-Topic CNN positional r, q, d, b, u 0.94 0.93 0.94 0.90 rs 0.94 0.93

Cause-Effect CNNmsf context bald 0.94 0.93 0.92 0.90 QUIRE 0.93 0.93

Entity-Destination CNN context r, q, d, b 0.94 0.95 0.94 0.93 dwus 0.94 0.93

Entity-Origin GRU context rs 0.92 0.90 0.87 0.86 QUIRE 0.93 0.89

Component-Whole CNN context q, r, u 0.88 0.86 0.86 0.87 bald 0.89 0.85

Product-Producer CNN context rs 0.88 0.83 0.84 0.83 rs 0.87 0.83

Instrument-Agency CNN positional dwus 0.91 0.89 0.88 0.86 bald 0.88 0.86

causalADEs GRUmp positional q, r 0.80 0.77 0.78 0.75 rs 0.79 0.76

Table 2: For each extraction task we report: the best neural network configuration, in terms of the
model and the data representation - either context-wise split or positional features - which have
produced best results; which of the fixed single AL strategies among rs (r), quire (q), dwus (u), bald
(b), us (u) produced the best accuracy - either using all the data (A@all) or the first 500 examples
(A@500) - when a tie occurs at A@all we report all tying strategies and mark in bold the one with
best accuracy A@500; accuracy for the dynamic selection of AL strategies for albl and for our novel
proposed pruning technique - for which we report the last AL strategy remaining (selection) after
the pruning is completed. We highlight in bold highest performances.

Another observation is that when using the whole available training data, the
different active learning strategies tend to converge. On the other hand at the
first stages of training some strategies might be “slower” in terms of performance
gain. We can observe this both in the plots (Fig. 2) and well as in Table 2:
after using all available data several AL strategies achieve top performance (as
reported in column Best AL), while when using only 500 examples (strategies
marked in bold in column Best AL) we have less ties. Regarding our pruning
method we report which AL strategy is selected (column selection) after the
pruning is completed. It is important to note that this is not equivalent to
running the selected strategy alone, because the first stages of training include

9 On a Linux server with 48 Intel Xeon CPUs @2.20GHz, 231GBs RAM, NVIDIA
GeForce GTX 1080 GPU, on causalADE task albl (the libact implementation
https://github.com/ntucllab/libact) took 3hrs-10mins, our pruning method took 7 minutes.



data selected with various techniques, and this contributes to learning a slightly
different model than with a single technique.

5 Conclusions and future work

Previous literature on relation extraction has been focusing on improving model
performance by either developing new architectures, incorporating additional lin-
guistic features or acquiring additional data. We conjecture that in order to be
able to capture any domain specific relation, we need to design models that take
into account the effect of the data size and type in addition to the computational
cost occurring from training under streamed annotations. To this end, we train
neural models with minimal data pre-processing, without using any linguistic
knowledge and we propose a novel active learning strategy selection technique.
We achieve promising performance on various relation extraction tasks. More-
over, we demonstrate that our method is effective for the rapid generation of
train/test data for ambiguous relations and we release a novel dataset for the
detection of adverse drug reactions in user generated data. In future work, we
will investigate pruning strategies, specifically a hierarchical approach which,
given the small amount of data, may result in faster convergence, especially
when exploring many AL options.
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