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ABSTRACT
We present an approach to train the slot-filling system in a fully
automatic, semi-supervised setting on a limited domain of events
from Wikipedia using the summaries in different languages. We
use the multiple languages and the different topics of the events
to provide several alternative views on the data. Our experiments
show how such an approach can be used to train the multilingual
slot-filling system and increase the performance of a monolingual
system.
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1 INTRODUCTION
This paper is addressing the slot filling task that aims to extract
the structured knowledge from a given set of documents using a
model trained for a specific domain and the associated slots. For
example, within a news article reporting on an earthquake, the
task is to detect the earthquake’s magnitude, the number of peo-
ple injured, the location of the epicentre and other information.
We refer to those as a set of slot keys or slots, to their exact values
as a slot values and to the named entities from the documents
corresponding to those values as target entities.

Slot filling is closely related to the task of relation extraction [1]
and can be seen as a kind of unary relation extraction. Both tasks
can be formulated as classification and are usually approached
by first training a classifier with a sentence and tagged entities at
the input and the prediction of relation or slot key as the output.

As there is a large number of relations between entities that
we might be interested in detecting, there is also a large num-
ber of slot keys we seek the slot value for. In order to avoid the
resource-intensive process of annotating a large number of exam-
ples for each possible slot/relation and to increase the flexibility
of training procedures beyond the straight-forward supervised
learning, many alternative approaches have been proposed, such
as bootstrapping [4], distant supervision [6] and self supervision
[5].

As stated both tasks can be performed for different types of
documents. We limit our focus to news events on multiple topics
(such as natural disasters and terrorist attacks), taking the articles
reporting about events as the documents. Since the number of
news topics is large, and consequently so is the number of slots,
we would like to minimize the need for manual annotations.
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Furthermore, since the set of topics is not fixed and could expand
over time, such a slot filling system should be able to adapt quickly
to fill new slots and ideally should not be limited to the English
language.

We believe that annotation work can be greatly minimized
if we rely on our limited domain to identify and annotate only
informative examples and use the additional assumptions to prop-
agate these labels. We also believe that simultaneous training of
the system on multiple topics can be advantageous, as we can
introduce additional supervision on the common slots and use
distinct slots as a source of negative examples.

In this work we use Wikipedia and Wikidata [9] as the source
of data. We treat theWikidata entities that have the point-in-time
property specified as events and summary sections of Wikipedia
articles about the entity in different languages as news articles.
Each entity belongs to a single topic and we adopt the subset of
topic-specific properties as slot keys. An automatic exact match-
ing of such values from Wikidata with named entities from
Wikipedia articles is rarely successful. We use the successful
and unambiguous matches as a set of labeled seed examples.

We formulate the task as a semi-supervised learning problem
[8] where the set of base learners is trained iteratively, starting
with a small seed set of labeled examples and a larger set of unla-
beled examples. In each iteration, the most confident predictions
on the examples from unlabeled set are used to increase the train-
ing set by assigning pseudo-labels. We introduce an additional
component which combines the confidences of multiple base
learners for each example.

To the best of our knowledge, we are the first to use the limited
domain of news events, which allows the additional assumptions,
such as the connection between slots of different topics and the
redundancy of reporting in multiple languages, to first train and
later boost the performance of a slot-filling system.

The contributions of this paper are the following:

• we combine the data from Wikidata and Wikipedia to
setup a learning and evaluation scenario that mimics the
learning on news events and articles,

• we demonstrate how simultaneous learning on multiple
topics and languages can be used not only to train the
multilingual slot-filling system, but to also improve the
performance of a monolingual system,

• we show how an inference component can be used to com-
bine predictions from multiple base learners to improve
the pseudo-labeling step of the semi-supervised learning
process.

2 METHODOLOGY
2.1 Problem Definition
Given a collection of topics T (such as earthquakes, terrorist
attacks, etc.), where each topic 𝑡 has its own set of slot keys S𝑡 ,
the goal is to automatically extract values from the relevant texts
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to fill in the slots. For example, the members of S𝑒𝑎𝑟𝑡ℎ𝑞𝑢𝑎𝑘𝑒𝑠
are number of injured, magnitude and location. For each topic
𝑡 there is a set of events E𝑡 , each of which took place at some
point in time and was reported by several documents in different
languages.

The values of all or at least most slot keys (or slots) fromS𝑑 are
represented in each of the documents as named entities, which
we also refer to as target entities. We say most of the slots, since
it is possible that an earthquake caused no casualties. It is also
possible that some of the documents do not report about the
number of casualties as it may be too early to know if there were
any. In addition, the documents might contain different values for
the same slot key, as for example, the reported number of people
injured by an earthquake can increase over time. There may also
be several different mentions of the same slot in a particular
document, as for example one magnitude might refer to an actual
earthquake that the event is about, while the other magnitude
might refer to an earthquake that struck the same region years
ago.

Our task is actually a two step process. In the first step, the
goal is to train a system capable of identifying the target entities
for a set of slot keys from the context, which in our case is limited
to a single sentence. Such a system is not yet able to recognise
the true value for a given slot if there are multiple different
candidates, such as selecting the actual magnitude from several
reported magnitude values. The goal of the second step is to
assign a single correct value to each of the slot keys. We assume
that inferring the correctness of a value is a document-level task,
since it requires a broader context. Solving the first step is a kind
of prerequisite for the second step, so we focus on it in this paper.

2.2 Overview of the proposed method
The system is trained iteratively and starts with a noisy seed set,
which grows larger with pseudo-labeled positive and negative
examples. Each of the base learners is trained on the set of la-
beled examples from the topic (or multiple topics) and language
assigned to it. The prediction probabilities for each of the unla-
beled examples are determined by combining the probabilities of
all base learners. This is done either by averaging or by feeding
the probabilities as approximations of the true labels into the
component, which attempts to derive the true value for each ex-
ample and the error rates for each learner [7]. The examples with
probabilities above or below the specific thresholds are given a
pseudo-label and added to the training set.

The seed set is constructed by matching the slot values ob-
tained from Wikidata with named entities found in Wikipedia
articles for each event. There are only a handful of unambigu-
ous matches for each slot key, which are labeled as a positive
examples, while the negative examples are all other named en-
tities from the articles in which they appeared. Figure 1 shows
a high-level overview of the proposed methodology. The entire
workflow is repeated in each iteration until no new examples are
selected for pseudo-labelling.

2.3 Representing the entities
Each named entity together with its context forms a single ex-
ample. We annotate each article and extract the named entities
with Spacy 1. To capture the context, we compute the vector
representation of each entity by replacing it with a mask token
and feeding the entire sentence through a pre-trained version
1https://spacy.io/

of the XLM Roberta model [3] using the implementation from
the Transformers 2 library. Note that the representation of each
entity remains fixed throughout the learning process because we
have found that the representation is expressive enough for our
purposes and it speeds up the training between iterations. Also
note that since the entity is masked, it is not directly captured in
the representation.

2.4 Selecting the topics
Our assumption is that training the system to detect the slots on
multiple topics simultaneously can provide additional benefits.
For two topics 𝑡 and 𝑡 ′ there is potentially a set of common slots
and a set of topic-specific slots.

For slot 𝑠 ′which appears in both topics the base learner trained
on 𝑡 ′ can be used to make predictions for examples from 𝑡 . By
combining predictions from learners trained on 𝑡 and 𝑡 ′, we could
get a better estimate of the true labels of the examples.

For the slot 𝑠 , which is specific to the topic 𝑡 , all examples from
the topic 𝑡 ′ can be used as negative examples. Selecting reliable
negative examples from the same topic is not easy, as we may
inadvertently mislabel some of the positive examples.

2.5 Using multiple languages
Articles from different languages offer in some ways different
views on the same event. The slot values we are trying to detect
should appear in all the articles, as they are highly relevant to
the event.

The values for slots such as location and time should be con-
sistent across all articles, whereas this does not necessarily apply
to other slots such as the number of injured or the number of
casualties. Matching such values across the articles is therefore
not a trivial task, and although a variant of soft matching can be
performed, we leave it for the future work and limit our focus
only on the values that can be matched unambiguously.

We can combine the predictions of several language-specific
base learners into a single pseudo-label for entities that can be
matched across the articles.

2.6 Assigning pseudo labels
Each iteration starts with a set of labeled examples 𝑋𝑙 , a set of
unlabeled examples 𝑋𝑢 and a set of base learners trained on 𝑋𝑙 .
Base learners are simple logistic regression classifiers that use
vector representations of entities as features and classify each
example 𝑥 as a target entity for the slot key 𝑠 or not.

Each base learner 𝑓 𝑠
𝑡,𝑙

is a binary classifier trained on the la-
beled data for the slot key 𝑠 from the topic 𝑡 and the language
𝑙 . Such base learners are topic-specific as they are trained on a
single topic 𝑡 . Base learners 𝑓 𝑠

𝑙
are trained on the labeled data

for the slot key 𝑠 from the language 𝑙 and all the topics with the
slot key 𝑠 . Such base learners are shared across topics, as they
consider the examples from all the topics as a single training set.
We use the classification probability of the positive class instead
of hard labels, 𝑓 𝑠

𝑡,𝑙
(𝑥), 𝑓 𝑠

𝑙
(𝑥) ∈ [0, 1].

For each entity 𝑥 from a news article with the language 𝑙

reporting on the event 𝑒 from the topic 𝑡 we obtain the following
predictions:

• 𝑓 𝑠
𝑡 ′,𝑙

(𝑥) for each 𝑠 ∈ S𝑡 and all such 𝑡 ′ that 𝑠 ∈ S𝑡 ′ , that
is the probability that 𝑥 is a target entity for the slot key

2https://huggingface.co/transformers/
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Figure 1: High-level overview of the proposed methodology.

𝑠 , where 𝑠 is a slot key from the topic 𝑡 , using the topic-
specific base learner trained on examples from the same
language on the topic 𝑡 ′ that also has the slot key 𝑠 ,

• 𝑓 𝑠
𝑡,𝑙 ′

(𝑥) which equals 𝑓 𝑠
𝑡,𝑙 ′

(𝑦) for each 𝑠 ∈ S𝑡 and for each
language 𝑙 ′ such that there is an article reporting about
the same event 𝑒 in that language and contains an entity
𝑦 which is matched to 𝑥 ,

• 𝑓 𝑠
𝑙
(𝑥) for each 𝑠 ∈ S𝑡 , using the shared base learner, which

is on examples from all topics 𝑡 ′ that have the slot key 𝑠 .
Predictions from multiple base learners for each 𝑥 and 𝑠 are
combined as a weighted average to obtain a single prediction
𝑓 𝑠 (𝑥). Theweight of each base learner 𝑓 is determined by its error
rate 𝑒 (𝑓 ) which is estimated using an approach from [7] using
both unlabeled and labeled examples. This is done by introducing
the following logical rules (referred to as ensemble rules in [7])
for each of the base learners 𝑓 𝑠 predicting for 𝑥 :

𝑓 𝑠 (𝑥) ∧ ¬𝑒 (𝑓 𝑠 ) → 𝑓 𝑠 (𝑥), 𝑎𝑛𝑑 , 𝑓 𝑠 (𝑥) ∧ 𝑒 (𝑓 𝑠 ) → ¬𝑓 𝑠 (𝑥),
¬𝑓 𝑠 (𝑥) ∧ ¬𝑒 (𝑓 𝑠 ) → ¬𝑓 𝑠 (𝑥), 𝑎𝑛𝑑 ,¬𝑓 𝑠 (𝑥) ∧ 𝑒 (𝑓 𝑠 ) → 𝑓 𝑠 (𝑥).

The truth values are not limited to Boolean values, but instead
represent the probability that the corresponding ground predicate
or rule is true. For a detailed explanation of the method we refer
the reader to [7]. We introduce a prior belief that the predictions
of base learners are correct via the following two rules:

𝑓 𝑠 (𝑥) → 𝑓 𝑠 (𝑥), 𝑎𝑛𝑑 ,¬𝑓 𝑠 (𝑥) → ¬𝑓 𝑠 (𝑥) .
Since each 𝑥 can be target entity for at most one slot key, we

introduce a mutual exclusion rule:

𝑓 𝑠 (𝑥) ∧ 𝑓 𝑠
′
(𝑥) → 𝑒 (𝑓 𝑠 ) .

The rules are written in the syntax of a Probabilistic soft logic
[2] program, where each rule is assigned a weight. We assign
a weight of 1 to all ensemble rules, a weight of 0.1 to all prior
belief rules and a weight of 1 to all mutual exclusion rules. The
inference is performed using the PSL framework 3. As we obtain
the approximations for all 𝑥 ∈ 𝑋𝑢 , we extend the set of positive
examples for each slot 𝑠 with all 𝑥 such that 𝑓 𝑠 (𝑥) >= 𝑇𝑝 and
the set of negative examples with all 𝑥 such that 𝑓 𝑠 (𝑥) <= 𝑇𝑛 ,
for predefined thresholds 𝑇𝑝 and 𝑇𝑛 .

3 EXPERIMENTS
3.1 Dataset
To evaluate the proposed methodology, we have conducted ex-
periments on two topics: earthquakes and terrorist attacks.

3https://psl.linqs.org/

We have collected the Wikipedia articles and Wikidata in-
formation of 913 earthquakes from 2000 to 2020 in 6 different
languages, namely English, Spanish, German, French, Italian and
Dutch. We have manually annotated the entities of 85 English
articles using the slot keys number of deaths, (number of injured
and magnitude, which serve as a labeled test set and are not in-
cluded in the training process. In addition, we have collected the
data of 315 terrorist attacks from 2000 to 2020 with the articles
from the same 6 languages.

3.2 Evaluation Settings
The evaluation for each approach is performed on the labeled
English dataset, where 76 entities are labeled as number of deaths,
45 as number of injured and 125 as magnitude. The threshold
values for the pseudo-labeling are set to 𝑇𝑝 = 0.6 and 𝑇𝑛 = 0.05.
The approaches differ by the subset of base learners used to form
the combined prediction and by the weighting of the predictions.

Single or multiple languages. In single language setting, only
English articles are used to extract the entities and train the base
learners. In the multi-language setting, all available articles are
used and the entities are matched across the articles from the
same event.

Single or multiple topics. In the single topic setting only the
examples from the earthquake topic are used. In the multi-topic
setting, the examples from terrorist attacks are used as negative
examples for the slot key magnitude, the base learners for the
slot keys number of deaths and number of injured are combined
as described in the section 2.6.

Uniform or estimated weights. In the uniform setting all pre-
dictions of the base learners contribute equally, while in the
estimated setting the weights of the base learners are estimated
using the approach described in the section 2.6.

3.3 Results and discussion
The results of all experiments are summarized in the table 1. Since
the test set is limited to the topic earthquake and English, only a
subset of base learners was used to make the final predictions. We
report the average value of precision, recall and F1 across all slot
keys. The threshold of 0.5 was used to round the classification
probabilities.

Single iteration. Approaches in which base learners are trained
on the initial seed set for a single iteration achieve higher preci-
sion with the cost of a lower recall. We observe that they distin-
guish almost perfectly between the slots from the seed set and
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Table 1: Results of all experiments. The column Single iteration reports the results of approaches where base learners
were trained on the seed set only. Results where base learners were trained in the semi-supervised setting with different
weightings of the predictions are reported in the columnsUniformweights and Estimated weights. The values of precision,
recall and F1 are averaged over all slot keys.

Single iteration Uniform weights Estimated weights
Model P R F1 P R F1 P R F1

Single language, single topic 0.94 0.64 0.76 0.83 0.75 0.77 0.84 0.76 0.79
Multiple languages, single topic 0.94 0.64 0.76 0.82 0.74 0.76 0.83 0.75 0.77
Single language, multiple topics 0.91 0.76 0.83 0.83 0.83 0.83 0.86 0.83 0.84

Multiple languages, multiple topics 0.93 0.76 0.83 0.82 0.83 0.82 0.84 0.84 0.84

produce almost no false positives. Using one or more languages
has almost no effect on the averaged scores when the number
of topics is fixed. When using multiple topics, a higher recall is
achieved without a significant decrease in precision. All incorrect
classifications of the slot number on injured are actually examples
of the number of missing slot that is not included in our set and
likewise almost all incorrect classifications for the slotmagnitude
are examples of the slot intensity on the Mercalli scale. This could
easily be solved by expanding the set of slot keys and shows how
important it is to learn to classify multiple slots simultaneously.

Semi-supervised. Approaches inwhich base learners are trained
iteratively trade precision in order to significantly improve recall.
Most of the loss of precision is due to misclassification between
slots number of deaths and number of injured, similar as the exam-
ple "370 people were killed by the earthquake and related building
collapses, including 228 in Mexico City, and more than 6,000 were
injured." where 228was incorrectly classified as number of injured
and not the number of deaths. The use of multiple topics reduces
misclassification between these slots and further improves the
recall as new contexts are discovered by the base learners trained
on terrorist attacks.

Uniform and estimated weights. Using the estimated error rates
as weights for the predictions of base learners shows a slight
improvement in performance. It may be advantageous to estimate
multiple error rates for topic-specific base learners, as they tend to
be more reliable in predicting examples from the same topic. We
believe that more data and experimentation is needed to properly
evaluate this component. A major advantage is its flexibility,
since we can easily incorporate prior knowledge of the slots or
additional constraints on the predictions in the form of logical
rules.

4 CONCLUSION AND FUTUREWORK
We presented an approach for training the slot-filling system
which can benefit from large amounts of data from Wikipedia.
The experiments were performed on a relatively small dataset
and show that the proposed direction seems promising. However,
the right test of our approach would be to apply it to a much
larger number of topics and events, which will be done in the
immediate next step. Furthermore, the current approach needs
to be evaluated in more detail.
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