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Introduction

The EMBEDDIA project aims to develop monolingual and cross-lingual technology for the news media
industry. The overall objective of WP4, named Cross-lingual content analysis, is to facilitate the analysis
of news content across different languages, aiming to empower news media consumers, researchers and news media professionals. The current language barriers and overflow of information prevent
these groups from detecting and consuming all the relevant information, particularly across different
languages, and from analysing and reflecting on the differences in news reporting.
In this task, T4.1, we have addressed the problem of news linking, both monolingually and cross-lingually.
News linking is the problem of finding related news articles in a corpus or across different corpora,
possibly in different languages. The task is very relevant for media houses. For example, when a
journalist writes a news article, she has to recommend other articles to be indicated as related news,
tag the article by predefined topics, and categorise the article under the news categories of the relevant
portals so that others can later efficiently find related stories. Automated news linking methods can help
journalists in these tasks, and potentially also provide flexible access to related stories beyond manually
curated links.
News linking can be addressed from two perspectives: information retrieval and text classification.
• From the perspective of information retrieval, news linking aims to detect articles similar to the given

one, e.g., articles talking about the same broad topics, describing the same event or entity, or
expressing opinions on the same issue. News linking is here based on direct similarity between
the linked articles.
• From the perspective of text classification or categorisation, news linking aims to assign articles with

given news type categories, labels or tags. In this case, news are linked via predefined topics that
they share.
This deliverable (D4.5) is the final report of Task T4.1, and presents the advances since the previous
deliverable, D4.2, at month M18. For a full account of the work performed in this task, please refer to
both D4.2 and this report.
In this deliverable, we report on a range of methods that are able to link news stories across different
dimensions and correspond to the needs of the EMBEDDIA media partners. (1) We address a special event detection task that was identified as a real need by the Estonian EMBEDDIA media partner
Ekspress Meedia: find news from a bordering country (in our case Latvia) that cover events worth reporting on in Estonian media. For this task we used news data by Ekspress Meedia, and leveraged
our cross-lingual article linking methodology (Zosa et al., 2020) described in D4.2. (2) We have finalised the experiments on article linking for recommending related news on the Croatian news dataset
of 24sata by the Croatian EMBEDDIA media partner Trikoder, where the initial results were provided in
D4.2. (3) We address article linking by a predefined set of topics (tags) used by the Finnish EMBEDDIA
media partner STT. (4) We address two standard tasks of linking articles by news type or topic, i.e. news
categorisation and news topic prediction, in the scope of our novel neuro-symbolic autoML approach
and test it on publicly available news datasets. (5) We report on several preliminary experiments regarding the integration of entities and events for article linking by exploiting the output of the state-of-the-art
systems developed in Task 2.1.
The work described in this deliverable resulted in the following scientific publications that are included
as appendices of this deliverable. From the perspectives of information retrieval and text classification,
the results are grouped as follows.
• News linking results using the information retrieval approach include:
– Koloski et al. (2021): “Interesting cross-border news discovery using cross-lingual article linking and document similarity” (Appendix A) was published in EACL Hackashop on News Media
Content Analysis and Automated Report Generation and introduces a novel task and a first pro-

totype solution for discovering news of one country covering special kind of events that are
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interesting to be reported on in the other country.
– Pranjić et al. (2020): “Evaluation of related news recommendations using document similarity

methods” (Appendix B) was published in Proceedings of the Conference on Language Technologies & Digital Humanities 2020, and presents experiments on related news linking on
24sata data.
– Boroş et al. (2021): “The importance of character-cevel information in an event detection
model” (Appendix C) has been accepted for publication in Proceedings of the 25th International
Conference on Applications of Natural Language to Information Systems (NLDB 2021). It exploits

word and character-level features for detecting events that are fit for multilingual articles.
• News linking results using the text classification/categorisation approach include:
– Petrželková et al. (2020): “Knowledge graph-aware text classification” (Appendix D) was published in Proceedings of the 23rd International Multiconference (Information Society 2020) and presents

initial knowledge-graph-based feature construction methods for document classification.
– Škrlj et al. (2021): “autoBOT: evolving neuro-symbolic representations for explainable low resource text classification” (Appendix E) was published in Machine learning journal and presents

a document categorisation approach where the main novelty is representation evolution, with
a range of neural and symbolic representations including novel knowledge-graph based features linking background knowledge directly to the learning process.
– Mutuvi et al. (2021): “Étude comparative de méthodes de classification multilingue appliquées
à l’épidémiologie” (Appendix F) has been accepted for publication in Proceedings of 18th French
Information Retrieval Conference (CORIA 2021) and presents a comparative study of different text

classification models for gathering similar articles related to epidemic events.
The work in this task (T4.1) and deliverable is related to T4.2 (cross-lingual analysis of related news)
and draws from work done in WP1 (word embeddings technology) and WP2 (named entity recognition,
event detection, keyword recognition) as bases for identifying related news especially in the information
retrieval-based approach.
This deliverable is structured as follows. First, we present the method for cross-border news discovery
(Section 2). Next, we present the experiments for related news recommendation based on various
measures of document similarity on news from 24Sata (Section 3), followed by our work on linking news
based on entities and events they refer to (Section 4). We then describe the experiments on news
linking based on predefined topics using STT news (Section 5), and present the news categorisation
experiments as part of our autoBOT approach (Section 6). The report concludes with a list of associated
outputs (Section 8) and conclusions (Section 7). Our original papers are included as appendices.

2

Cross-border news discovery with cross-lingual
article linking

In this section we describe a method for identifying interesting news from neighbouring countries in
Estonian and Latvian context (Koloski et al., 2021, Appendix A).
The described work presents a novel document retrieval task resulting from a real media need. Estonian
journalists are interested in identifying stories from Latvian news that will attract a large number of
Estonian readers and are “special”. The challenge is to identify a small set of news articles from a
larger number of topics that might be somehow connected to Estonia. For example, covering scandals,
deaths and gossip that might be somehow connected to Estonia (for example, when similar things have
happened in Estonia or when similar news have been popular in Estonia) but not necessarily mentioning
Estonians.
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This challenge was suggested by EMBEDDIA media partners, and the work was carried out in the
context of the Hackashop on News Media Content Toivonen & Boggia (2021) that we organised in the
scope of the EACL 2021 (Kyiv/online, 19 April 2021).

2.1

Methods

In our approach, we first automatically create a collection of interesting articles using a string-based
search and cross-lingual document linking, and then rank the query documents based on the proportion
of interesting documents in their neighbourhood (where the neighbourhood is defined by a document
similarity) by the newly introduced Seed news of interest ratio (SNIR), to be described below in this
section.
Dataset The following data were used.
• Archives of Estonian news articles from Ekspress Meedia. From the entire collection of Ekspress

Meedia articles, we selected the articles from the years 2018 and 2019 (i.e. 64,651 articles in
total).
• Dataset of archives of Latvian news articles come from Latvian Delfi. We considered only the

articles from the years 2018 and 2019 (i.e. 60,802 articles in total).
• Manually identified interesting news for Estonian readers in Latvian (and their Estonian counter-

parts). These were manually identified as examples of interesting news by Estonian journalist
from Ekspress Meedia.
Automated selection of Latvian example articles The aim of this step is to automatically construct
Latvian seed news of interest. We first extract Estonian articles that specifically mention the source of
Latvian Delfi, which leads to 100 identified Estonian articles. Then we follow the methodology by Zosa
et al. (2020) for linking articles across languages, described in deliverable D4.2. However, instead of
representing an article using averaged static word embeddings, we use Sentence-BERT (Reimers &
Gurevych, 2019) to obtain cross-lingual document embeddings of articles from Latvian and Estonian.
For each Estonian article, we exract the k best Latvian candidates by taking the cosine similarity between
the query Estonian article and all the candidate Latvian articles.
Retrieval of interesting news articles In this step, we assign an "interestingness score" to each
query article. First, we identify the local neighbourhood of a query article by document similarity. We
use the same document embeddings as in the previous step with the difference that article similarities
are now computed in a monolingual setting.
We introduce a custom score called SNIR (Seed news of interest ratio), where we compute the ratio of automatically identified interesting news compared to all the articles in the neighbourhood. The
hypothesis is that the articles of interest will have more articles from the automatically identified interesting news articles in their surrounding than the articles, which are not relevant for the Estonian
readers.
The SNIR score is defined as follows. Let NeighborhoodDocumentsm represent the set of m nearest documents in the final embedding space. Let Interestingm represent the set of m interesting seed documents
obtained via the cross-lingual mapping discussed in the previous sections. We define the SNIR at m
as
SNIR(m) =

|Interestingm |
.
|NeighborhoodDocumentsm |

We report SNIR values for different neighborhood (m) sizes. The goal of SNIR is to score interesting
query articles higher than query articles which are not of special interest for Estonian readers.
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Experiments and results

In our experiments, we used the following settings. We tested the parameter setting for k in crosslingual article linking to 20 and 100, and the setting of parameter m to 10, 20, and 100 for determining
the neighbourhood in computing the SNIR score.
We evaluated the cross-lingual article linking on the 21 manually linked article pairs. For these article
pairs, we obtained the MRR (Mean Reciprocal Rank) score of 64.93%, which shows that for an article
in a source language, the correct article is usually proposed as the first or second candidate. For
each query article, the reciprocal rank is the position rank assigned by the model to the correct target
article.
Next we compare the SNIR scores of 21 manually identified interesting articles compared to random
Latvian articles. The results of SNIR score for parameter k = 100 at different m can be found in Figure 1.
For manual evaluation, we selected articles from one month of the Latvian collection (1408 articles in
total), and ranked the articles according to the SNIR score. These were then given to an Estonian
journalist from Ekspress Meedia who evaluated the top 10 results for each of the settings.
We prepared four different pairs of k ∈ {10, 100} retrieved documents and m ∈ {10, 20, 100} documents in
the neighbourhood which were evaluated by the media expert. The media house expert analyzed the
retrieved documents and labeled them with three different labels based on the acceptance:
• No - the article was of not relevant significance to the media house.
• Maybe - the article contained news about events that are potentially relevant to the Estonian read-

ers.
• Yes - the article contained news about events that are relevant to the Estonian readers or contained

extraordinarily news.
The evaluation of the top 10 articles retrieved for each k; m pair is listed in Table 1.
From the evaluation we can see that when we have a relatively small number of retrieved documents
and a smaller neighbourhood we can benefit from the SNIR metric. The best performing parameter
pairs were k = 20 and m = 10. With these settings, 50% of the retrieved articles are of close relevance
to the Estonian news house.
The journalist also explained why a selected news example from positive category is very relevant. For
instance, one relevant article talks about a scooter accident in court proceedings, which is extraordinary, as well as relevant to Estonians as the debate around scooters in streets is also very active in Estonia. Some examples from negative category contain articles about foreign news (terror attack, for
example) and these are not the type of news that the Estonian journalists would pick from the Latvian
media.
Table 1: Manual evaluation of the top 10 retrieved articles by the SNIR ranking for k interesting Latvian seed
documents and m neighbourhood sizes. A journalist labelled an article Yes if it is relevant to their readers,
Maybe if it is potentially relevant, and No if it is not relevant at all. At k = 20 and m = 10, half the retrieved
articles are relevant or potentially relevant.

k
20
20
100
100

m
10
100
20
100

Yes
2
1
1
0

Maybe
3
3
3
3

No
5
6
6
7
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Figure 1: Evaluation of the SNIR metric for the 21 gold standard queries (manually identified news of interest) and
21 random query points. The results indicate that a random document’s neighbourhood is structured
differently compared to relevant documents.

2.3

Future work

For further work, we propose developing a new scoring method that takes into account keywords, events
and named entities in the (potentially) interesting news, including their changes over time. It would also
be interesting to include background knowledge from knowledge graphs to improve document similarity
evaluation. For practical applications, special attention should be paid to finding a threshold for SNIR
that allows real-time investigation of best candidates.

3

Document similarity-based linking of related news
on 24sata dataset

In this section, we consider several existing natural language processing methods that measure similarities between documents, and compare their performance in automated search for related news. As the
working dataset we use Croatian articles from 24sata, a major Croatian news web portal, and use the
news links provided by journalists as the ground truth in our tests.
The work described in this section was published by Pranjić et al. (2020) and is presented in Appendix B.
An initial version was reported on in Deliverable D4.2.
We approached the news linking/document similarity problem with several text embedding methods and
evaluated semantic similarity between articles using the cosine similarity on the selected representations. We experimented with several TF-IDF configurations, latent semantic indexing (LSI) (Deerwester
et al., 1990), Doc2Vec representations (Le & Mikolov, 2014) with hyperparameters optimized using
Bayesian optimization methods, as well as using deep neural multilingual models – multilingual BERT
(mBERT) (Devlin et al., 2019) and XLM-R models (Conneau et al., 2019).
The metric used in the evaluation was the mean average precision evaluated on 10 most likely matches
returned by the model (MAP@10), where related articles provided by journalists were used as correct
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answers. The performance of document linking methods is presented in Table 2.
Table 2: The performance of different approaches on the task of news article retrieval.

Model
TF-IDF (m=5, M=50%)
TF-IDF (m=2, M=50%)
TF-IDF (m=2, M=25%)
TF-IDF (m=10, M=50%)
TF-IDF (m=10, M=25%)
LSI (d=500)
LSI (d=300)
LSI (d=100)
Doc2Vec (PV-DM)
Doc2Vec (PV-CBOW)
mBERT (AVG)
mBERT (CLS)
XLM-R (AVG)
XLM-R (CLS)

MAP@10
0.279
0.281
0.281
0.277
0.277
0.186
0.166
0.124
0.248
0.240
0.130
0.007
0.167
0.047

The tested methods include large and complex neural embedding models; however, the best results
were achieved with the baseline TF-IDF model. Below we comment on these results.
First, the metric in this experiment compared different representations using only the links between the
articles selected by the journalists. Thus, the results do not necessarily mean that the retrieved articles
are not good recommendations. Verifying this would require human evaluation.
Second, the neural embedding models were not pretrained on news datasets. However, data distribution
can play a significant factor in the success of these models. Support for this conclusion are the results
of Doc2Vec model that is trained on the article data: it significantly outperforms more complex models
mBERT and XLM-R.
Extending the experiments with BERT-like models trained on article data has the potential to provide
improved results.
The results of experiments raise important questions about similarity measures used in our comparison.
They reinforce the importance of using problem specific data distribution during model training – as is
the case with EMBEDDIA models in the use-cases involving news articles.

4

News linking with entities and events

News linking can benefit from semantically enriched background information such as entities and events
(Bimantara et al., 2018; Lu & Fang, 2019). For example, relevant articles can be triggered by the
occurrence of a specific event in time, along with the participants of the event (i.e. event-triggered)
(Rudnik et al., 2019). Thus, event-related information (who did what, when, where, why, and how)
could be extracted and utilized to follow the context of the mentioned event, and to accordingly retrieve
background links.
This section reports on preliminary work in this direction, building on the work done in WP2. The original
papers are included as Appendices C (Boroş et al., 2021) and F (Mutuvi et al., 2021).
In order to increase the performance of background linking, our work relies on several studies in epidemiological event detection and classification (Mutuvi et al., 2021, 2020) and a more fine-grained extraction
of events from various English national and international news (ACE 20051 , a widely researched dataset
1 https://catalog.ldc.upenn.edu/LDC2006T06
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utilised in the event extraction field) (Boroş et al., 2021).
First, we conduct a comparative study of different machine and deep learning text classification models
using a dataset comprising news articles related to epidemic outbreaks from six languages, four lowresourced (Greek, Polish, Chinese, and Russian) and two high-resourced (English and French). Our
assumption is that background linking can be viewed as a two-step process comprising a classification
task, where the event-triggered documents are detected, followed by a ranking of the relevant articles
(Joshi et al., 2019).
Second, when working with a fine-grained event detection system, we could be able to extract the
exact mention of a specific event. As described in the deliverables of Task T2.1, Cross-lingual Semantic
Enrichment, an ACE 2005 event (as aforementioned) is characterised by:
• an event mention: a phrase that talks about an event, e.g., an election, an outbreak;
• an event trigger: a word or multi-word that clearly represents the event, e.g., in Biden was elected
as president of the U.S., elected is a trigger for an election event;
• the participants that are generally entity types, e.g., Biden is a person entity type.

For event detection, we obtained state-of-the-art results by exploring word and character-based features
as in Boroş et al. (2021). The extraction of entities also gave further state-of-the-art results in the
EMBEDDIA languages in Task T2.1 (Cabrera-Diego et al., 2021b,a; Boros, Linhares Pontes, et al.,
2020; Boros, Hamdi, et al., 2020).
Preliminary experiments were done on the Track News dataset 20202 . TREC News 2020 organizers
provided a document collection of 671,934 news articles from The Washington Post published between
2012 and 2019. Each document contains several types of meta-information: the id, the article URL,
the title, the author, publication date, kicker (type of blog post or article), news source, the content field
(body), and captions. Given an article as input, our method has to retrieve a list of articles, ranked
according to their estimated usefulness in providing context and background for the given article. A
ranked list is evaluated on the basis of a known list of useful articles (as judged by experts). Methods
are compared on the basis of their normalised discounted cumulative gain (NDCG) scores for the top 5,
10 or 100 results, i.e. the NDCG@5, @10, and @100 scores.
The basic processing was as follows. ElasticSearch3 default settings were used for indexing and ranking.
The articles concatenated with the tile and the captions were tokenised into sentences and embedded
by utilising Sentence-BERT4 (Reimers & Gurevych, 2019). An article X is represented as the averaged
token embeddings extracted from the sentence embeddings X =

1
n

m
P

~ j , where m is the number of
w

j=1

tokens and n is the number of sentences. The pre-trained model utilised was stsb-mpnet-base-v25 .
We then consider four increasingly elaborate variants of methods to retrieve most relevant news.
1. We first retrieve the documents by querying ElasticSearch that computes the cosine distance
between the above representations. We consider this approach as out baseline (“Body + Title +
Captions”).
2. We then expand the query with 3006 keywords extracted by YAKE7 , an unsupervised automatic
keyword extraction method which rests on text statistical features extracted from single documents
to select the most important keywords of a text (“Body + Title + Captions + keywords”).
3. Next, the documents are further re-ranked with entities and event triggers. The entities and the
event triggers are extracted with the previously presented methods. We concatenate them and
2 http://trec-news.org/
3 https://www.elastic.co/guide/index.html
4 https://github.com/UKPLab/sentence-transformers
5 This

model obtained state-of-the-art results on the NLI and STS benchmarks.
hyperparameter was chosen on the evaluation dataset.
7 https://github.com/LIAAD/yake
6 This
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obtain a vector representation for each of them, in the same manner as the article embeddings
were obtained. The re-ranking is performed by adding to the final score the cosine distance
between the query entity vector, and respectively, the event vector and the same representations
for the retrieved documents (“Body + Title + Captions + keywords + cos(Ent, Ev)”).
4. Considering that the title can be viewed as a summary of the main subject of an article, we also
add to the final score, separately, the cosine distance between the titles of the query and the
retrieved article, respectively (“Body + Title + Captions + keywords + cos(Title, Ent, Ev)”).
Results are summarised in Table 3. The two variants using entity and event information outperformed
the simpler variants with respect to all three measures. The results show that these techniques can
foster a more efficient article background linking.
Table 3: Evaluation results for the News Track 2020. Ent=Entity, Env=Event, cos=cosine distance.

Methods
Body+Title+Captions
Body+Title+Captions+keywords
Body+Title+Captions+keywords+cos(Ent,Ev)
Body+Title+Captions+keywords+cos(Title,Ent,Ev)

5

NDCG@100

NDCG@5

NDCG@10

0.5904
0.5673
0.6270
0.6352

0.5529
0.5666
0.5959
0.5947

0.5495
0.5768
0.5879
0.5943

News tags prediction

This section presents results of initial experiments on predicting international news topics in the context
of detecting related news in monolingual settings. Our belief is that this approach is also feasible in a
multilingual setting with the help of EMBEDDIA technologies.
This task is related to T2.2 (Keyword extraction technologies). However, while the main focus of T2.2
was to extract keywords from text, the present task is to assign predefined topical tags which do not
necessarily appear in the article’s text.

5.1

Approach description

A common approach to finding related news is to link them by topics, tags or keywords they are using. In
a monolingual setting, this approach is straightforward: we induce a model on the text and produce a list
of topics, tags or keywords that match the article; afterwards, we link articles based on their intersections
over these items.
In a multilingual setting, the problem is more difficult: the approach requires that text corpora in different
languages share the same topics, tags or keywords, but this is not usually the case. For example, a
vocabulary of keywords shared between different countries is limited, even if they share the language.
The approach is feasible mostly for news relevant for multiple countries at the same time. This is a severe
constraint, as most news are local in scope. Similarly, predicting tags from article text would require a
list of tags shared between countries and languages. Luckily, there is a standard list of international
news topics.
International Press Telecommunications Council8 (IPTC) is a consortium of major news media companies that acts as the standards body in the field. One of EMBEDDIA partners, the STT news agency, uses
the IPTC Subject Codes9 taxonomy as tags with their news content. Subject Codes is a standardized
controlled vocabulary for classifying news content by topic with translations for many languages.
8 https://iptc.org
9 https://iptc.org/standards/subject-codes/
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Methods

In our approach, we have extracted the IPTC Subject Codes used by STT and modeled the problem as
a prediction of these tags from the article text. The training data were STT articles before 2017 and tags
contained in them. A small random sample of these articles were used as a validation set and all articles
from 2017-2018 are used as a test set. The training data contains 1352 different tags in 3 hierarchical
levels – 18 high-level topics, 395 intermediary topics and 939 fine grained topics. As Finnish language
(the language of STT articles) often poses a challenge to machine learning algorithms, we wanted to
validate this approach using a simpler model before developing a more complex solution.
The vocabulary used for this task was learned on the training data using the unsupervised SentencePiece10 tokenizer. The resulting tokens were used in training the Doc2Vec model that produced
document representations as 300-dimensional vectors. These representations served as input to a
fully-connected prediction network consisting of intermediary layer with 300 neurons and final layer with
1352 outputs.

5.3

Results

Metrics used to evaluate the approach were recall at 10 returned results (Recall@10), and the mean
average precision (MAP). The results are shown in Table 4.
Table 4: The performance of our model in predicting Subject Codes for STT news articles.

Tag hierarchy
High-level
Intermediate
Fine-grained

MAP
0.875
0.620
0.412

Recall@10
0.987
0.780
0.612

For the ranking task (Recall@10), these results are promising. If we presented only top 10 results to a
journalist, we would cover more than 60% of the fine-grained tags that are relevant for the article.
As an additional quality check, we asked journalists at STT to evaluate the results of the model on a
small, arbitrary set of articles of their choice. The articles were 11 most recent news stories.
The result of this expert evaluation was that the model found at least some relevant tags for each news
story. Their evaluation concluded with the quote:
“At this point I could see this model possibly helping journalist by suggesting possible key words /
IPTCs, but I would not let the model automatically choose metadata.”

5.4

Future work

We have shown that an approach using a simple neural network produces satisfactory results on monolingual data. In order to advance these results, we envisioned two possible tracks of experiments. The
first track would focus on raising the complexity of the model in order to reach optimal results on Finnish
data. Another track of experiments would use context-dependent word embeddings developed in EMBEDDIA as an initial step for the prediction models. By tying it all together, we could evaluate the fully
multilingual model for IPTC tag prediction.
10 https://github.com/google/sentencepiece
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Table 5: Different feature types considered by autoBOT.
Feature generator type
Word n-grams
Character n-grams
Keyword features
Relational features
POS n-grams
Knowledge graph features
Document embeddings
Document embeddings

6

Description
words
tuples of sequential characters
one or multi-term keyphrases
globally close characters
part-of-speech tags
grounded relations
document embeddings (distributed memory - DM)
document embeddings (distributed bag of words - DBOW)

Data type
raw text
raw text
graph-based token paths
distance relation
grammatical
semantic
embedding
embedding

Feature type
symbolic
symbolic
symbolic
symbolic
symbolic
symbolic
sub-symbolic
sub-symbolic

Sparse
yes
yes
yes
yes
yes
yes
no
no

News categorisation with autoBOT

In this section we present a method for automatic text classification called autoBOT (Škrlj et al., 2021,
Appendix E). The method can be applied to any text classification task, including news categorisation
done in media houses to organise news content, allowing linking news based on shared categorisations.
The autoBOT method is built around the idea of representation evolution. Documents can be represented in either symbolic or subsymbolic manner – via direct learning of real-valued embeddings. Given
a collection of representations, autoBOT explores whether re-weighting of individual, normalized and
concatenated representations can offer novel, more powerful joint representations.

6.1

Method

For document representation, we consider a large set of features, which we list in Table 5. While some
of the feature sets are standard (word n-grams, document embeddings, etc.), we also introduce novel
relational features, keyword features constructed with RaKUn (Škrlj et al., 2019) developed as part of
Task T2.2, and knowledge-graph based features.
The knowledge-graph based features represent one of the key contributions of autoBOT, as they allow
for linking background knowledge directly to a learning process. We demonstrated how ConceptNet, one
of the largest knowledge graphs, could be linked to the studied corpus and used for the construction
of novel features. Furthermore, autoBOT exploits the multilingual nature of ConceptNet, potentially
generalizing to less-represented languages. To our knowledge, this is one of the first explorations of
how millions of symbolic subject-predicate-object triplets can be used as features via corpus linking.
Albeit showing that this type of features performs variably from task-to-task, we believe many real-life
applications could already benefit from this type of features. This work extends our methods (Škrlj et al.,
2020; Škrlj et al., 2019) for incorporating background knowledge from WordNet, presented in D4.1 and
initial methods for feature construction from Microsoft Knowledge graph presented by Petrželková et al.
(2020) in Appendix D.
Solution specification and weight updates. The method is based on a genetic algorithm. The solution (an

individual) is commonly represented as a (real-valued) vector, with each element corresponding to the
part of the overall solution. The solution vector of the implementation of autoBOT published in the paper
Škrlj et al. (2021) consists of 8 (hyper) parameters (for eight different feature types (we are currently
exploring also additional contextual embeddings representations). Each solution vector consists of a
set of weights, applicable to particular parts of the feature space. The union of the obtained subspaces
represents the final representation used for learning. The key idea of autoBOT is that instead of evolving
on the learner level, evolution is conducted at the representation level. The potential drawback of such
setting is that if only a single learner was used to evaluate the quality of a given solution (representation), the fitness score (that in this work equals to the mean score obtained during a five-fold cross
validation on the training set) would be skewed. To overcome this issue, autoBOT—instead of a single
classifier—considers a wide spectrum of linear models parameterized with different levels of elastic net
regularization (trade-off between L1 and L2 norms) and losses (hinge and log loss are considered).
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Being trained by the stochastic gradient descent, hundreds of models can be evaluated in a matter of
minutes, offering a more robust estimate of a given representation’s quality. Note that each solution
is considered by hundreds of learners, and there are multiple solutions in the overall population. For
details, see the full paper in Appendix E. Note that the genetic algorithm adopted as part of autoBOT
is simple, introduced already in the 1990s (Davis, 1991), but could be easily replaced by more recent
ones.

Figure 2: The autoBOT algorithm.

The key steps of autoBOT algorithm, summarized in Figure 2, are outlined below. They involve initialization (line 2), followed by offspring creation (line 6). The two steps first initialize a population of a
fixed size, followed by the main while loop, where each iteration generates a novel set of individuals
(solutions), and finally (line 14) evaluates them against their parents in a tournament scheme. Note that
prior to being evaluated, each population undergoes the processes of crossover and mutation (lines 7
and 10), where individuals are changed either pointwise (mutation), or piecewise (crossover). Once the
evolution finishes, the hall-of-fame object is inspected, and used to construct an ensemble learner that
performs classifications via a voting scheme. In this work, we explore only time-bound evolution. Here,
after a certain time period, the evolution is stopped.
A more detailed description of the methods in Algorithm 2 is as follows. The generateSplits method
offers the functionality to generate data splits used throughout the evolution. This step ensures that
consequent steps of evolutions operate on the same feature spaces and are comparable. The generateInitial method generates a collection of real-valued vectors that serve as the initial population as
discussed in Equation 4. Next, the initializeRepresentation method constructs the initial feature space,
considered during the evolution. Note that by initializing this space prior to evolution, the space needs
to be constructed only once compared to the naïve implementation where it is constructed for each individual. The mate and mutate methods correspond to standard crossover and mutation operators. The
evaluateFitness method returns real valued performance assessment score of a given representation.
The updateHOF method serves as a storage of the best-performing individuals (in the hall of fame)
throughout all generations, and is effectively a priority queue with a fixed size. The selectTournament
method is responsible for comparisons of individuals and the selection of the best-performing individuals
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that constitute the next generation of representations. Finally, the trainFinalLearners method considers
the best-performing representations from the hall-of-fame, and trains the final classifier via an extensive
grid search.

6.2

Experiments

The experiments were performed on a large variety of text classification datasets, listed in Table 6, where
we highlight those related to news article classification.
Table 6: Summary of the considered data sets.
Data set

Documents

Unique tokens

Unique labels

Task

Source

462
1,156
2,225
1,786
2,107
3,946
5,452
8,675
10,000
10,868
13,240
17,000
19,990
28,619

46,189
5,144
73,491
132,996
220,063
36,021
13,279
572,269
125,446
30,555
53,693
89,694
285,167
58,779

2
4
4
4
7
2
6
16
5
4
2
3
20
2

News source prediction
Sentiment prediction
News category prediction
Topic prediction
News topic prediction
insult prediction
Question types
Personality type prediction
Review prediction
Hate speech prediction
Offensive language prediction
Sentiment prediction
Objectivity prediction
Sarcasm prediction

Pollak et al. (2011)
Nakov et al. (2013)a
Greene & Cunningham (2006)

kenyan
semeval-2017-sentiment
bbc
subjects
fox-news
insults
questions
mbti
yelp
hatespeech
semeval2019
sentimix
articles
sarcasm

b

Qian & Zhai (2014)
c

Li & Roth (2002)
Myers (1962) d
e
f

Zampieri et al. (2019)g
h

Hajj et al. (2019)
Misra & Arora (2019)

a https://bitbucket.org/ssix-project/semeval-2017-task-5-subtask-2/src/master/
b https://www.kaggle.com/deepak711/4-subject-data-text-classification
c https://www.kaggle.com/c/detecting-insults-in-social-commentary/overview
d https://www.kaggle.com/datasnaek/mbti-type
e https://www.ics.uci.edu/

vpsaini/

f https://github.com/aitor-garcia-p/hate-speech-dataset
g https://sites.google.com/site/offensevalsharedtask/olid
h https://competitions.codalab.org/competitions/20654

As baselines, we used manually tuned linear models, i.e. support vector machines (SVM) and logistic
regression (LR), fine tuned across manually specified regularization ranges, as well as another autoML
approach TPOT (Olson & Moore, 2019), a state-of-the-art learner that adopts evolution on the level of
learners (it evolves symbolic operator tree ensembles). In addition, we added neural language models
as a strong baseline (BERT (base) and RoBERTa (base)). We also implemented a stratified majority
classifier.
To assess the performance of the evolution, we established baselines that learn directly from the constructed representation, but are not subject to iterative re-weighting of the feature space. To address
this problem, we implemented a cartesian product of representation-learner baselines that offer a solid
estimation of how far can, e.g., a SVM get by using only the initial autoBOT representation (but no
evolution). The implemented classifiers are: autoBOT-svm-neural (only embeddings + SVM), autoBOTsvm-neurosymbolic (full feature space + SVM), autoBOT-svm-symbolic (symbolic features + SVM), and
autoBOT-lr-neural (only embeddings + LR), autoBOT-lr-symbolic (symbolic features + LR) and autoBOTlr-neurosymbolic (full feature space + LR).

6.3

Results

We summarize the F1 performance in the form of critical distance diagrams, shown in Figure 3 (the
accuracy results and tabular results are shown in the original article). We report the results for the
best performing evolution hyperparameter setting, i.e. the mutation rate of 0.3 and the crossover rate of
0.9. It can be observed that the proposed autoBOT-neurosymbolic performs competitively to the other
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state-of-the-art approaches, even though it is outperformed by BERT (and to some extent by RoBERTa).
Surprisingly, the symbolic-only version of autoBOT (autoBOT-symbolic) is also highly competitive. The
performance is similar if compared against TPOT, and significantly higher than the weak baselines such
as the majority classifier (the red lines do not join the classifiers). We also observe that RoBERTa
(125M parameters) performed marginally worse than BERT (110M parameters), which we believe is
due to the fact that we did not perform extensive hyperparameter search, especially exploring various
regularization settings.

Figure 3: Critical distance diagrams showing average ranks based on the F1 scores on autoBOT experiments.

Another interesting aspect is that autoBOT shows potential for meta-transfer learning. As the proposed
approach yields solution vectors that uniquely determine the importance of each type of features, we
further explored whether the obtained solution vectors share properties across similar data sets. The
clustered solution space is shown in Figure 4. The colours represent the scale of solution weights, i.e.
the weights that correspond to individual feature types.

6.4

Future work

We dedicated an extensive effort to make autoBOT useful to end-users. To this end, we implemented autobotlib, a simple-to-use Python library with scikit-learn-like API, making it possible to perform
evolution-based search even for less programming-savvy users. Furthermore, current implementation
offers modular extensions with novel feature spaces, as well as more sophisticated (non-linear) learners.
Such modularity enables even simpler exploration of ideas related to article linking, as any additional information suitable for this task can be directly incorporated. Note that the initial autoBOT experiments
show that topic prediction and similar linking tasks can be well solved with autoBOT, indicating its potential for a simple-to-use system capable of performing these tasks with minimal human effort.
The key findings of the extensive experimentation conducted to assess the autoBOT’s performance are
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Figure 4: Similarity of the solution vectors across considered data sets. It can be observed that data sets related
to similar tasks group together, indicating potential transfer learning possibilities at the evolution solution
level. The importance scores were re-scaled to 0-1 range.

the following. First, we observed that different feature types behave consistently with respect to different
tasks. For example, the embedding-based representations (doc2vec), were more useful when considering topic-based tasks, but less relevant when predicting sentiment. Further, current implementation
offers a strong baseline with a few lines of code, making it suitable for fast experimentation on novel
tasks.
In future work, it would be interesting to test the methods on a large variety of shared tasks datasets
in various languages. We have already run the system on Malawi news classification (https://zindi
.africa/competitions/ai4d-malawi-news-classification-challenge) where the goal of the task was to
predict one of the 19 possible topics corresponding to a given document. The autoBOT achieved a
shared position 24/323 and was among the top 10% of all submissions. We are currently testing autoBOT
on media partners’ news categorisation settings, where results much above baselines are observed.
These results will be reported in Deliverable D4.8, Final evaluation report on cross-lingual content analysis
technology.

7

Conclusion

We have reported on several different methods for news linking, both on monolingual and cross-lingual
settings, and based on a variety of techniques and information sources, building on the work performed
in WP1, for word embeddings technology, and in WP2, for named entity recognition, event detection and
keyword recognition.
We developed an unsupervised method for identifying interesting news articles in a cross-lingual setting using Sentence-BERT article embeddings and a novel metric called SNIR (seed news of interest
ratio). We applied this method to an Estonian-Latvian news dataset where we rank the Latvian articles
according to their relevance to an Estonian article. In our manual evaluation with an Estonian journalist
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from Ekspress Media, the best performing parameter settings of our method achieved a 50% hit-ratio
(half of the articles identified by our method were deemed relevant by the evaluator).
We used events and entities, available in news stories enriched with methods from WP2, as a basis
for linking news stories. The results show that event and entity extraction methods can boost article
linking.
We performed experiments on linking articles in a news dataset of 24sata based on their mutual similarity. We compared a range of similarity measures, and found out that TF-IDF achieved higher results
than more complex language models.
We developed methods for predicting IPTC news tags, suitable for linking news across countries and
languages. Our experiments indicate that IPTC tags can be automatically predicted with good recall
with relatively simple methods.
Finally, we developed the autoBOT autoML approach for text classification and showcased its usability
on news categorisation datasets. The ability to learn in a language-agnostic manner offers strong
baseline results with minimal effort. The main novelty of the work is in the development of multilingual
knowledge-graph based features derived from ConceptNet.
Together with previous contributions from Task 4.1, presented in Deliverable D4.2 at month M18, we
have produced a broad set of news linking methods, using approaches based on both information
retrieval and classification. These methods can be used to help journalists or readers find related and
potentially interesting stories, even across languages. Task T4.2 complements this work by providing
methods for cross-lingual news summarisation and visualisation technology. The aim is to integrate
selected methods to the EMBEDDIA toolkit, to provide practical tools for news linking.

8

Associated outputs

The work described in this deliverable has resulted in the following resources:
Description
Code for crossborder
news
discovery
Code for autoBOT

URL
https://github.com/EMBEDDIA/interesting-cross
-border-news-discovery
https://github.com/EMBEDDIA/autoBOT

Availability
Public (MIT)
Public (BSD 3-Clause)

Parts of this work are also described in detail in the following publications.
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Citation
Koloski, Boshko, et al. "Interesting cross-border news discovery using
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Report Generation, 116–120. ACL, 2021.
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Pranjić, M., Podpečan, V., Robnik-Šikonja, M., & Pollak, S. (2020). Evaluation of related news recommendations using document similarity methods.
Qian, M., & Zhai, C. (2014). Unsupervised feature selection for multi-view clustering on text-image web
news data. In Proceedings of the 23rd ACM International Conference on Conference on Information
and Knowledge Management (pp. 1963–1966).
Reimers, N., & Gurevych, I. (2019). Sentence-BERT: Sentence embeddings using Siamese BERTnetworks. In Proceedings of the 2019 Conference on Empirical Methods in Natural Language Processing. ACL.
Rudnik, C., Ehrhart, T., Ferret, O., Teyssou, D., Troncy, R., & Tannier, X. (2019). Searching news
articles using an event knowledge graph leveraged by wikidata. In Companion Proceedings of The
2019 World Wide Web Conference (pp. 1232–1239).

22 of 94

ICT-29-2018

D4.5: Final multilingual linking technology
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Blaž Škrlj
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Abstract

not only by mentioning Estonians but by identifying news and stories that Estonians relate to (for
example, when similar things have happened in
Estonia or when similar news have been popular in
Estonia).
In our approach, we first automatically create
a collection of interesting articles using a stringbased search and cross-lingual document linking,
and then rank the query documents based on the
proportion of interesting documents in their neighbourhood (where the neighbourhood is defined by a
document similarity) by the newly introduced Seed
news of interest score (SNIR).
The article first presents the datasets (Section
2), introduces the methodology (Section 3), and
presents our experimental results (Section 4). The
code and the data are made publicly available (see
Section 5). Finally, Section 6 concludes the paper
and presents the ideas for further work.

Contemporary news media face increasing
amounts of available data that can be of use
when prioritizing, selecting and discovering
new news. In this work we propose a methodology for retrieving interesting articles in a
cross-border news discovery setting. More
specifically, we explore how a set of seed documents in Estonian can be projected in Latvian
document space and serve as a basis for discovery of novel interesting pieces of Latvian news
that would interest Estonian readers. The proposed methodology was evaluated by Estonian
journalist who confirmed that in the best setting, from top 10 retrieved Latvian documents,
half of them represent news that are potentially
interesting to be taken by the Estonian media
house and presented to Estonian readers.

1

Senja Pollak
Jožef Stefan Institute
Jamova 39, Ljubljana
senja.pollak@ijs.si

Introduction

This paper presents our results of the participation
in the hackaton, which was organised as part of
the EACL 2021 Hackashop on news media content
analysis and automated report generation. We are
addressing the EMBEDDIA hackathon challenge
on Identifying Interesting News from Neighbouring Countries (Pollak et al., 2021) in Estonian and
Latvian context, which is a fully novel document
retrieval task performed on recently released EMBEDDIA news datasets. Estonian journalists are
very interested in identifying stories from Latvia,
which will attract a large number of readers and are
“special”. While performing keyword-based search
for Latvian news, where Estonians are mentioned
is a simple task, this challenge on the contrary aims
to identify a small set of documents from a larger
number of topics, e.g. scandals, deaths and gossip that might be somehow connected to Estonia:

2 Datasets
In this study, we used the following resources.
• Archives of Estonian news articles from Ekspress Meedia. Ekspress Meedia belongs to
Ekspress Meedia Group, one of the largest
media groups in the Baltics. From the entire
collection of Ekspress Meedia articles (Pollak
et al., 2021), we selected the articles from the
years 2018 and 2019 (i.e. 64,651 articles in
total).
• Dataset of archives of Latvian news articles
(Pollak et al., 2021) come from Latvian Delfi
that also belongs to Ekspress Meedia Group.
We considered only the articles from the years
2018 and 2019 (i.e. 60,802 articles in total).
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• Manually identified interesting news for Estonian readers in Latvian (and their Estonian
counterparts). These were manually identified
as examples of interesting news by Estonian
journalist from Ekspress Meedia. Note that
the Estonian articles are not their direct translations, as the articles can be slightly adapted
to Estonian audience.

3

method as in the previous step, with the difference that here the articles similarity is computed
in monolingual setting. The number of articles
surrounding the query is a parameter m.
We introduce a custom metric called SNIR (Seed
news of interest ratio), where we compute the ratio
of automatically identified interesting news compared to all the articles in the neighbourhood. The
hypothesis is that the articles of interest will have
more articles from the automatically identified interesting news articles in their surrounding than
the articles, which are not relevant for the Estonian
readers.
The result of our method is a ranked list of articles for a given time period (e.g. a day, week,
month) where a journalist can then decide to manually check top x articles. In addition, in future
also a SNIR threshold could be set which would
allow interested journalists to be informed about
potentially interesting articles in real-time.
The SNIR score is defined as follows. Let
NeighborhoodDocumentsm represent the set of m
nearest documents in the final embedding space.
Let Interestingm represent the set of m interesting
seed documents obtained via the cross-lingual mapping discussed in the previous sections. We can
define the SNIR at m as:

Methodology

Our methodology consists of two steps. First, we
automatically construct the datasets of interesting
Latvian articles and next propose a method to retrieve interesting articles by ranking a given query
document based on the the proportion of interesting
articles in its neighbourhood.
3.1

Automated selection of Latvian example
articles

The aim of this step is to automatically construct
Latvian seed news of interest, which are considered
as good examples of interesting Latvian articles.
As there are only 21 manually identified examples,
which we keep for the evaluation purposes and
parameter setting, this step was automatised.
In our approach, we first extract Estonian articles, that specifically mention the source of Latvian
Delfi (Läti Delfi), which leads to 100 identified Estonian articles which are considered as automatically constructed Estonian example data. Then we
follow the methodology of Zosa et al. (2020). More
specifically, we use Sentence-BERT (Reimers and
Gurevych, 2019) to obtain cross-lingual encodings
of the articles from both languages. For each Estonian article, we extract best k Latvian candidates
(where k is a parameter) by taking the cosine similarities between the query Estonian article and all
the candidate Latvian articles and finally rank the
Latvian articles based on this similarity measure.
Note that also recent work (Litschko et al.,
2021) has shown that specialized sentence encoders
trained for semantic similarity across languages obtain better results in document retrieval than static
cross-lingual word embeddings or averaged contextualized embeddings.
3.2

Retrieval of interesting news articles

In this step, we assign the ”interestingness score”
to each query article. First, we identify the local neighbourhood of a query article by document
similarity. We use the same sentence-embeddings

SNIR(m) =

|Interestingm |
.
|NeighborhoodDocumentsm |

We report SNIR values for different neighborhood
(m) sizes. The goal of SNIR is to score interesting
query articles higher than query articles which are
not of special interest for Estonian readers.

4

Experiments and results

4.1 Automated analysis
For our experiments, we used the following settings.
We test the parameter setting for k in cross-lingual
article linking to 20 and 100, and the setting of
parameter m to 10, 20 and 100 for determining the
neighbourhood in computing the SNIR score.
First, we evaluated the cross-lingual article linking on the 21 manually linked article pairs. For
these article pairs, We obtained an MRR (Mean
Reciprocal Rank) score of 64.93%, which shows
that for an article in a source language, the correct
article is usually proposed as the first or second
candidate.
Next, we performed qualitative analysis by visualising the document space. In Figure 1 (using
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parameter k=20), we can see that automatically
defined Latvian seed news of interest (red) are
not evenly distributed and support the hypothesis,
that random article’s neighbourhood will differ in
this respect. The figure also presents the manually identified interesting news (orange), where at
least some of the documents seem to be positioned
together.
Next, we compare the SNIR scores of 21 manually identified interesting articles compared to random Latvian articles. The results of SNIR score
for parameter k=100 at different m can be found
in Figure 2. This also suggests that there is some
evidence that a threshold could in future be determined, but more extensive experiments should be
performed in future work.
4.2

Manual analysis

For final evaluation, we selected the last month of
the Latvian collection (1408 articles in total), and
ranked the articles according to the SNIR score.
These were provided to the Estonian journalist of
Ekspress Meedia who evaluated top 10 results for
each of the settings.
We prepared four different pairs of k ∈ 10, 100
retrieved documents and m ∈ 10, 20, 100 documents in the neighbourhood which were evaluated
by the media expert. The media house expert analyzed the retrieved documents and labeled them
with three different labels based on the acceptance:
• No - the article was of not relevant significance to the media house.
• Maybe - the article contained news about
events that are potentially relevant to the Estonian readers.
• Yes - the article contained news about events
that are relevant to the Estonian readers or
contained extraordinarily news.
The evaluation of the top 10 articles retrieved for
each k, m pair is listed in Table 1.
From the evaluation we can see that when we
have a relatively small number of retrieved documents and a smaller neighbourhood we can benefit
from the SNIR metric. As the best performing
parameter pairs were the k = 20 and m = 10
retrieving 50% articles as relevant or of close relevance to the Estonian news house. When larger
neighbourhood is introduced the space becomes
sparser and the method tends to retrieve more false
positives.

k
20
20
100
100

m
10
100
20
100

Yes
2
1
1
0

Maybe
3
3
3
3

Not
5
6
6
7

Table 1: Evaluation of the top-10 retrieved articles
by the SNIR ranking for various k interesting Latvian
seeds documents and m neighbourhood sizes.

The journalist also explained why a selected
news example from positive category is very relevant. The news talks about a scooter accident
in court proceedings, which is extraordinary, as
well as relevant to Estonians as the debate around
scooters at the streets is also very active in Estonia.
Some examples from negative category contain articles about foreign news (terror attack, for example)
and these are not the type of news that the Estonian
journalists would pick from Latvian media.

5

Availability

The code and data of the experiments is made available on the GitHub: https://github.com/bkolo
sk1/Interesting-cross-border-news-discov
ery

6

Conclusion and future work

In this work we tackled the problem of retrieving
interesting news from one country for the context
of another neighbouring country. We focused on
finding interesting news in Latvian news space that
would be engaging for the Estonian public. We
used Latvian and Estonian EMBEDDIA datasets
to construct the document space. First we used
a string matching approach to identify a subset
of news in Estonian media that originated from
Latvian news. Next, we utilized the methods for
ad hoc Cross Lingual document retrieval to find
corresponding articles in the Latvian news space.
After automatically retrieving this set of Latvian
news articles of interest, we used this information
in a novel metric defined as SNIR, that analyses a
news article’s neighbourhood in order to measure
it’s relevance (interestingness). The assumption of
the metric is that if the surrounding documents of
a query point are relevant, this new point might
be of relevance. The SNIR scores of randomly
selected 20 documents and 20 documents identified
as examples of interesting news by an Estonian
journalist showed that their value differ, which is
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Figure 1: MAP 2D projection of the Latvian data, where black crosses mark query docs (GS) represent gold
standard, i.e. manually identified Latvian news of interest to Estonian readers, gray dots represent automatically
identified Latvian seeds (identified by string-based search in Estonian and cross-lingual linking to Latvian) and
dark-gray dots represent all other Latvian documents.

to achieve even better performance. We also want
to include background knowledge from knowledge
graphs to improve the document similarity evaluation. Special attention will also be paid to setting a threshold for SNIR which would allow for
real-time investigation of best candidates in a real
journalistic practice.

SNIR scores (k=100 and varying size of neighbourhood m)
0.45
0.40

SNIR

0.35
0.30
0.25
0.20
0.15
0.10

7

GS query documents
random documents
0

20

40
60
m-retrieved neighbours

80

100

Figure 2: Evaluation of the SNIR metric for the 21 gold
standard queries (manually identified news of interest)
and 21 random query points. The results indicate that a
random documents’ neighbourhood is structured differently compared to the one of relevant interesting documents.

promising. Finally, we prepared a test set of news
from one month and sent them to manual evaluation
by a journalist. Results of top 10 candidates of
each setting suggest that the proposed metric works
well if the parameters of interesting articles and
neighborhood were adjusted right, with the best
performing parameter tuple yielding 50% hit-ratio.
For the further work we propose exploring the
keywords appearing in the clusters of interesting
news and exploiting their named entity tags in order
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Abstract
A set of related articles is a useful addition to the newly published news. Such news articles contain more context and background
information and provide a richer experience to the reader. Currently, the work of finding related articles is often done manually by
the journalists writing the news story. The process can be automatized by suggesting relevant articles based on the similarity with the
new article. We compare several link recommendation methods on the news archive of popular Croatian website 24sata. Our results
show that the tf-idf weighting applied to bag-of-words document representation offers better matching with manually selected links by
journalist than more sophisticated approaches, such as latent semantic indexing, doc2vec, and multilingual contextual embeddings BERT
and XLM-R.

1.

Introduction

texts.
In this paper, we compare several existing NLP methods
that can be used to automate search for the related news.
As the working dataset we use articles from 24sata2 , a major Croatian news web portal. We approach the problem
with several text embedding methods and evaluate semantic similarity between articles using the cosine similarity on
the selected representations.
The paper consists of seven sections. In Section 2, we
present the related work on linking related news. In Section 3, we present the dataset of news articles used in this
evaluation and its preprocessing. Section 4 describes the
methods used. In Section 5, we describe the experimental
settings, and in Section 6, we present the results. In Section
7, we conclude the work and suggest ideas for further work.

Modern technology is changing the journalism and
readers are developing new habits and expectations. Media
houses throughout the world are embracing the opportunities of digital publishing and distributing the content on the
web and through mobile applications. A common feature of
online news are references (i.e. links) to other relevant news
articles that provide more context or relevant background
information. This makes other content, relevant for the current story, more accessible to readers, while media houses
benefit from more efficient use of existing content and improved business metrics such as user engagement and the
total time spent on a site.
Large media houses employ modern natural language
processing (NLP) technologies to ease the task of content
production and improve readers’ satisfaction. Currently,
advanced technological support to journalists is limited to
large media houses in high-resource languages like English.
In other cases, the task of finding and recommending related news articles remains the job of journalists writing
the news story. The work described in this paper was
done within the context of the EU H2020 EMBEDDIA
project1 , whose objective is to develop and adapt state-ofthe-art NLP technologies to less-resourced languages, and
test them in real-world news and media production con1

2.

http://embeddia.eu/
PRISPEVKI

Related Work

Various research has explored linking news articles with
the additional information. A task of finding background
news given a Twitter message is introduced in Guo et al.
(2013) and is performed using a named-entity recognition,
matrix factorization methods, and graph analysis. In Gamon et al. (2008) and Ikeda et al. (2006), systems for linking news article with blog posts are described.
In recent years, there was an increase in the interest for
document linking in the context of the news articles. In
2
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2018, NIST in a partnership with the Washington Post, created a new TREC track known as the News Track (Huang et
al., 2018; Soboroff et al., 2018). The main task of the News
Track is the Background Linking task, defined as a problem of retrieving news articles that provide important context or background information that helps readers to better
understand the query article. A number of researchers evaluated approaches to linking the query article with the background information. They attempted keyword extraction
coupled with reranking on the number of matched paragraphs (Lu and Fang, 2018), graph-based analysis (Essam
and Elsayed, 2019), or named-entity recognition (Bimantara et al., 2018). In Foley et al. (2019), authors evaluated approaches using keyphrase detection, clickbait classification and topic detection. In Lu and Fang (2019) and
van der Sluis et al. (2018), authors describe systems for
background linking of the news articles based on the entity
linking. Most of those methods extract parts of text and use
them as a query instead of comparing the whole document.
An alternative approach is to represent the entire document
as a vector in a semantic vector space. In this way, related
documents can be found in the local neighborhood of the
query (Soloshenko et al., 2015; Sitikhu et al., 2019). This
is the approach we focus on in this paper.

3.

Figure 1: Distribution of number of words for the news
articles in the dataset. The number of articles is shown on
the logarithmic scale.
and XLM-R models as well as to determine the hyperparameters for Doc2Vec model. In the remaining 25% of the
data used as the test set, there are 32,635 items with related
articles and all their references are part of the test set.

Dataset description

3.1. Data preprocessing
The data contains several attributes such as tags, sections, author names etc. which might provide relevant additional information and improve document retrieval. For
example, focusing the search to a subset of articles from the
same section or to articles containing matching tags should
improve results if such information is available during the
model inference. Another requirement present in the real
system is to take into account the date of the article and
preferably return newer articles. In this paper, our goal is to
compare the methods working on text and not on evaluating
the whole system for linking the background information so
this supporting metadata is ignored.
The text of an article is spread between title, lead and
content fields and the first step was to concatenate these
three fields. We used three different preprocessing settings,
suitable for three data representations used by document
matching algorithms (see Section 4.), bag-of-words representation, paragraph embeddings, and contextual embeddings.

The data used for analysis contains news articles from
24sata, the biggest Croatian news publisher. The dataset
contains 546,801 articles published online between 200703-12 and 2019-04-24. The length of news articles in the
datasets vary from 11 to 19,695 words, with an average
length of 272 words. The distribution of article lengths is
depicted in Figure 1. All articles are written in Croatian
language and each entry contains the title, lead text, content of the article, author, content tags, the section of the
newspaper where the article appears, published date (the
date when the article was published on the website), created date, (the date when the article was originally written), and related articles containing a list of references to
other articles. The published date and created date can differ as some articles are written in advance to be published
at a later time. The list of related articles is chosen by the
journalist when the article is written and links to related articles are embedded in the content of the article when the
article is published. In this paper, this information about
related articles is used as a ground truth for evaluation of
different related news recommendation methods.
Articles in our collection published before 2017-08-16
do not have any related article assigned, and also many
later articles are missing this information. In total, there
are 35,289 articles that have some related articles assigned
to them.
The dataset was split in such a way that 75% of the articles with the oldest created date are available for training,
and the rest form the testing set. The related articles links
for items that are found in the test set but reference news
articles in the training set are discarded. Among 410,101
articles in the training set, there are 2,654 with related articles. Those related articles reference only articles from
the training set and we use them to finetune the mBERT
PRISPEVKI

1. Bag-of-words text representation benefits from preprocessing which removes noise and performs normalization. Following tokenization based on regular expression that preserves alphanumeric characters, we
filtered out tokens of length 1 and all numbers, performed lemmatization with the updated Lemmagen
lemmatizer3 (Juršič et al., 2010), and filtered stopwords using a list of 325 Croatian stopwords.
2. The paragraphs which serve as an input to the
Doc2Vec model are tokenized with the regular expression that preserves only alphanumeric characters and
the obtained tokens are lemmatized.
3
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3. While the input to contextual embedding models
(mBERT and XLM-R) may be lightly preprocessed
(e.g., removing the URLs), in our case we performed
no preprocesing and used tokenizers provided with the
implementation of these models.

4.

idf (N, nk )
g(G, Di )

k=1

where Di = {wi1 , wi2 , ..., wit } represents a document vector with t unique terms in Di and wik and fik are weight
and frequency of each term Tk in Di , N is the number of
documents, nk is the number of documents containing term
Tk , and g(G, Di ) describes a cosine document length normalization factor expressed as a function of some global
collection statistics G, and document Di .

Document comparison methods

In our approach, the search for the most similar documents compares vectors of documents using cosine similarity. We compare two classical pre-neural approaches using
bag-of-words representation, tf-idf and latent semantic indexing (LSI), with approaches using dense vector embeddings computed with neural networks. In the later group,
we use the Doc2Vec (Le and Mikolov, 2014a) model, as
well as the contextual multilingual BERT (mBERT) and
XLM-RoBERTa (XLM-R) models. Below we shortly describe each of the approaches.
4.1.

4.2. LSI
Latent semantic indexing (Deerwester et al., 1990) performs singular value decomposition (SVD) on the weighted
term-document matrix which is typically composed of
BOW or tf-idf vectors. The computed SVD is truncated
which has the effect of retaining only the most important
semantic information while the noise and other artifacts are
reduced. The result of LSI is a dense matrix where each
document is represented with a fixed dimensional numeric
vector (with a few hundred dimensions). In this respect,
LSI is similar to neural embedding methods although the elements of the resulting vectors have a very different meaning.
We used the LSI implementation available in Gensim
to transform the vectors from the tf-idf representation. We
tested number of dimensions set to 100, 300, and 500.

Tf-idf

A standard pre-neural approach to document retrieval
is to transform the documents into a bag-of-words (BOW)
representation which is essentially a collection of sparse integer vectors (word counts). As BOW vectors do not take
into account the relative importance of words in a document with respect to the whole corpus, they are typically
re-weighted. A successful word reweighting method, termfrequency inverse-document-frequency (tf-idf ), aims to reflect word importance in a document (tf) relative to its importance in the corpus (idf ).
The preprocessing of a dataset (see Section 3.1.) returns
a list of tokens for every document. These lists are transformed into sparse numeric vectors by first extracting the
corpus vocabulary, computing word frequencies for each
document (tf ), and computing tf-idf weighted vectors using the vocabulary and overall word counts.
When compiling the corpus vocabulary, additional filtering parameters can be set. We used the default settings
where tokens which appear in less than 5 documents or in
more than 50% of all documents are filtered out. In addition, we experimented with setting these limits to 2 and
25%, respectively. The effects of different settings on the
performance are presented in Section 6.
In our implementation, we used the TfidfModel
from the Gensim library (Řehůřek and Sojka, 2010) and the
default nfc SMART setting4 for tf-idf weighting and normalization which used raw frequency for term frequency
weighting, inverse document frequency for document frequency weighting and cosine document length normalization. This translates into the following set of equations
for term frequency, document frequency, and normalization
function:

4.3. Doc2Vec
Le and Mikolov (2014b) introduced two variants of
Doc2Vec approach for dense document representations,
called PV-DM (Paragraph Vector-Distributed Memory) and
PV-CBOW (Paragraph Vector-Continuous Bag-of-Words).
In the PV-DM model, a training context is defined with a
sliding window moving over the text. The training task is
defined as a prediction of the central word of the context
window with a shallow neural network. An input to this
neural network are embeddings for all the other words from
the context together with the embedding of the whole document. During training, the network learns both the word
embeddings and the embedding for the whole document.
The simpler PV-CBOW model does not have the access to
the context words from the document. The neural network
predicts randomly sampled words from the document given
only the embedding of the whole document.
Both Doc2Vec models have a number of tuneable hyperparameters that can significantly impact the performance of the model. In order to determine those parameters, we used the Bayesian optimisation. This optimisation
strategy optimizes black-box functions by placing a prior
belief about the function, and updating it with each evaluation. The parameters of the function for the next evaluation are selected based on a predefined criterion that takes
into account previous evaluations of the function. We optimized the evaluation metric MAP@10 (introduced in Section 5.) on related articles contained in the training set. To
guide the search for parameters, we used a Gaussian Process (GP) prior and Expected Improvement (EI) criterion

tf (fik ) = fik
4
The SMART (System for the Mechanical Analysis and Retrieval of Text) Information Retrieval System defines notation for
term weighting and normalization where different formulas are
allowed for computing term frequency, document frequencty and
document length normalization.
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that maximize the evaluation metric. After 120 evaluations,
we selected the best performing hyperparameters. The size
of the resulting vector was set to 180 dimensions, the context window covered 5 words left and right from the central word, the vocabulary size was set to 36,000 words, and
we ignored words with with less than 35 occurences. The
training procedure used negative sampling with 30 negative
words and a threshold for downsampling of frequent words
set to 3.7 × 10−4 . In Section 6., we report only results using those hyperparameters.
We used the Doc2Vec (PV-DM and PV-CBOW) implementation available in Gensim library and the Bayesian optimisation from the Scikit-Optimize5 library.

In our experiments, the margin for the loss function was set
to 1. Anchor and positive example of the triplet objective
is the pair of related articles, while a negative example is
a related article of a randomly chosen article. We evaluate
the model that is finetuned using the averaged token representation, as well as the one finetuned on the initial [CLS]
token.
The pretrained model used for finetuning was the bertbase-multilingual-cased variant available in the Transformers (Wolf et al., 2019) library.
4.5. XLM-RoBERTa
The XLM-RoBERTa (XLM-R) (Conneau et al., 2019)
is a large multilingual BERT-like model based on RoBERTa
(Liu et al., 2019). It uses the sentence piece tokenizer
and it is trained with the masked language model objective (MLM) on the CommonCrawl data in 100 languages,
including Croatian. Similar to the mBERT, all languages
share the same vocabulary (a larger one than mBERT) and
the model does not need an explicit marker to denote the
language of the input. The maximum size of the input is
512 tokens and each token is represented by a vector with
1024 dimension. Long news articles that do not fit within
512 tokens are trimmed and only the first 512 tokens are
kept. All tokenized sequences begin with the ’<s>’ token
that denotes a beginning of the sequence and end with the
’<\s>’ token. The initial token can be used as a whole sequence representation in the similar way to the [CLS] token
of the mBERT model. This model also accepts a pair of sequences as input, and the same caveats apply as with the
mBERT model. Finetuning uses the same Siamese BERTNetworks architecture with the Adam optimizer, 4 × 10−5
learning rate with a linear warmup on 10% of the data and
batches of 16 examples. A triplet margin objective is optimized on the related articles with the negative sampling as
described for the mBERT model. We evaluate the model
that is finetuned on the averaged token representation, as
well as the one finetuned on the initial token.
The pretrained model used for finetuning is the xlmroberta-large variant of the model available in the Transformers library.

4.4. mBERT
Multilingual BERT (mBERT) is a 12 layer Transformer model (Vaswani et al., 2017) proposed by Devlin
et al. (2019). The mBERT was simultaneously trained on
Wikipedia pages of 104 languages using masked language
modelling (MLM) and next sentence prediction (NSP) objectives. All 104 languages for the mBERT model use
shared word piece vocabulary without an explicit way to
denote different languages. Maximum length of the input sequence for the model is 512 tokens and each token
is represented with 768 dimensions. News articles that require more tokens than the maximum length are trimmed
and only the first 512 tokens are kept. The input to BERT
begins with [CLS] token and ends with a [SEP] token denoting the end of a sequence. Additionally, model receives
an attention mask to avoid performing attention on padding
token indices in case of shorter articles. Running the model
produces a context dependant representations of the input
tokens. The whole input sequence can be represented with
a single vector by using the context dependant representation of the [CLS] token. In Devlin et al. (2019), this representation is used as an aggregate sequence representation
for classification tasks. Another way to represent the whole
sequence, used in Reimers and Gurevych (2019), is to take
an average of all input tokens. The BERT model allows for
an input to contain a pair of sequences and it is possible to
finetune the model with a classification objective that will
classify the news article as related or not. At the inference
time, in order to find related articles for a newly written
article, this approach would require running the model for
each article from the archive paired with the new article.
Due to a very large number of articles, this is not feasible determining which articles are related would take too much
time and prolong the publication of the new article. Instead,
we finetune the model using the Siamese BERT-Networks,
a network architecture proposed by Reimers and Gurevych
(2019) that avoids this problem. We hold out 10% of the
training data and use it to evaluate the finetuning progress.
Once the loss on the evaluation data starts increasing, the
training is stopped. We use Adam optimizer with a learning
rate of 1 × 10−5 with linear warmup on 10% of the training data and a batch of 16 examples. The objective that is
minimized is the triplet margin loss:

5.

L(a, p, n) = max{ka − pk2 − ka − nk2 + margin, 0}
5

6

https://scikit-optimize.github.io
PRISPEVKI

Evaluation setting

As described in Section 3., the evaluation data consists
of 25% of the latest articles from the whole dataset. This
mimics the realistic scenario, where all older articles are
considered when a new article is published. When considering eligible articles in our document retrieval task, we
considered their age stored in the published date attribute.
This is consistent with the real world scenario where a journalist must not link older but unpublished articles in order
to avoid dead links.
The algorithms were trained on the older 75% of articles. The tf-idf model thus discarded any newly introduced
tokens (words) and used idf estimates from the training data
when computing tf-idf vectors. The same tf-idf model was
used for the LSI model. All embeddings-based models used
trained models to infer vectors of the training data. We used
cosine similarity for all document retrieval operations6 .
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Model

The performance of all algorithms was assessed using
the mean average precision (MAP) score. The evaluation
score for a single article query returns all other articles
sorted by decreasing similarity from the query. The score
for this query is the average precision of elements of the
ranked result list. Evaluation over all articles produces a list
of such average precisions. The final score for the model is
a mean across the average precisions. In our experiments,
we considered only the top ten retrieved documents when
computing the MAP score, i.e. MAP@10. A model that
would return articles at random (i.e. the random baseline
model) would have a 0.0 score in MAP@10.

6.

Results

The performance of compared document linking methods is presented in Table 1. The results are surprising, as the
best result is achieved with the simple tf-idf model. This
is disappointing concerning the state-of-the-art neural embeddings. However, we evaluated different representations
using the links between articles selected by the journalists.
This does not necessarily mean that the retrieved articles
are not good recommendations, but verifying this hypothesis would require human evaluation.
The tf-idf representation consistently performs best
across all evaluated hyperparameters of the model, which
do not significantly influence the score. Nevertheless, results in Table 1 suggest that including rare words (m = 2)
improves the performance, while excluding frequent and
rare words (M = 25%, m > 2) decreases the performance.
While the difference is small it suggests that tf-idf models trained on this domain may benefit from preprocessing settings that do not remove what is typically considered as artifacts or noise. From a journalist’s perspective
this corresponds to linking articles based on a few rare keywords. This may also offer an explanation why LSI does
not achieve scores comparable to tf-idf. Since LSI is designed to retain only the most important semantic information, the rare words which could improve the models in this
particular domain are filtered out.
Both Doc2Vec representations perform similarly are
much better then LSI. They approach the performance of
tf-idf but cannot match it. LSI is less successful with the reduction of dimensions but is competitive with much larger
mBERT and XLM-R embeddings that use 768 and 1024
dimensions to represent a document. For both mBERT and
XLM-R, using an average of contextual token embeddings
shows better results than using the result of only the [CLS]
token, which is consistent with the conclusions of Reimers
and Gurevych (2019).

7.

0.279
0.281
0.281
0.277
0.277
0.186
0.166
0.124
0.248
0.240
0.142
0.094
0.246
0.186

Table 1: The performance of different approaches on the
task of similar news article retrieval.
work. Our current belief is that journalists use a keyword
search to locate related articles. The articles found in this
way contain the same words as the query and bias the evaluation in favor of the tf-idf method.
It is possible that the dataset contains a significant
amount of noise and that better results cannot be achieved.
For example, one possible source of noise would be journalists that misuse the related article information by including their own articles as related, even when they are not, in
order to increase the view count of their own articles. In
future work, we plan to perform a manual evaluation of the
returned related articles on a selected subset.
Although mBERT and XLM-R models achieve stateof-the-art results in many NLP tasks, they did not fare well
in this evaluation. Another reason for this might be that
document representations created by those models are not
suitable for comparison with the cosine similarity. Reimers
and Gurevych (2019) offer this explanation when evaluating BERT representations and we plan to explore the impact of similarity measures on the performance of mBERT
and XLM-R models.
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Conclusions and future work

We evaluated several document representations to recommend related news articles. The results show that the
tf-idf representation produces results more consistent with
manual selection of journalists compared to more sophisticated representations. We do not yet have a definite explanation for this result and plan to explore it in the future
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Université Paris-Saclay, CNRS, LIMSI, ENSIIE, F-91405, Orsay, France
brigitte.grau@limsi.fr

Abstract. This paper tackles the task of event detection that aims at
identifying and categorizing event mentions in texts. One of the difficulties of this task is the problem of event mentions corresponding to
misspelled, custom, or out-of-vocabulary words. To analyze the impact
of character-level features, we propose to integrate character embeddings,
that can capture morphological and shape information about words, to
a convolutional model for event detection. More precisely, we evaluate
two strategies for performing such integration and show that a late fusion approach outperforms both an early fusion approach and models
integrating character or subword information such as ELMo or BERT.
Keywords: Information extraction · Events · Word embeddings.

1

Introduction

In this article, we concentrate more specifically on event detection, which implies identifying instances of specified types of events in a text. The notion of
event in our work is classically defined as something that happens and covers a
wide spectrum, from terrorist attacks to births or nominations. The instances
of these events in texts, which are called event mentions or event triggers, are
annotated as words or phrases that evoke a reference type of events. The most
successful approaches developed for achieving this task are currently based on
neural models, which have been intensively studied to overcome fundamental
limitations, specifically the complex choice of features [2, 27, 25, 26, 9, 36, 29]. All
these proposed models based on Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), or even Graph Neural Networks (GNNs) rely on
word embeddings, a general distributed word representation that is produced by
training a deep learning model on a large unlabeled dataset. Consequently, word
?
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embeddings replace the hard matches of words in the feature-based approaches
with the soft matches of continuous word vectors. Hence, compared to previous
rule-based or machine learning-based approaches, neural models are supposed
to be less sensitive to the problem of unseen triggers since the distributed representations of words they exploit can account for the similarity between words.
However, this capacity may vary depending on the reasons why a trigger was
not seen during the training of a model. We illustrate these different cases on the
ACE 2005 dataset4 , a standard corpus used for evaluating event detection. An
unseen trigger may be a morphological variant of a trigger already seen in the
training set. For instance, torturing is not present in the training data but is a
variant of torture and can be considered as a trigger for the same type of events,
namely Life.Injure. Moreover, torturing is likely to be present among general
pre-trained word embeddings and if so, a neural event extraction model is likely
to successfully detect this trigger. The situation may be different when a trigger
is absent from the training data because it corresponds to a misspelled version
of a reference trigger. For instance, aquitted is part of the ACE 2005 test dataset
for referring to a Justice.Sentence event while only acquitted, the correct form
for that word, is present in the training data. In that case, we cannot assume
that the unseen word is part of general word embeddings and as a consequence,
has little chance to be detected as a trigger for a Justice.Sentence event.
From a more general perspective, the problem of missing word embeddings
when using pre-trained models in the context of event extraction is not marginal.
The ACE 2005 dataset, for instance, covers the most common events of national
and international news (from a variety of sources selected from broadcast news
programs, newspapers, news reports, internet sources, or transcribed audio) and
thus, it contains different types of discourse, professional or noisy discussions
prone to the presence of mistakes in spelling and custom words. As a result,
in this dataset, 14.8% of the words are not part of the pre-trained embeddings
provided by Google, trained with word2vec on Google News [23], 1.5% for the
GloVe embeddings [30], and 4.5% for the fastText embeddings [12]. Different
strategies were proposed and implemented for dealing with the issue of missing
words in neural language models. For static word embeddings, fastText relies on a
representation of words based on n-grams of characters. For contextual models,
ELMo [31] exploits a character-based representation built with a CNN while
BERT [3] adopts a mixed strategy based on subwords, called wordpieces, where
a word is split into subwords when it is not part of a predefined and restricted
vocabulary [21, 15, 13]. However, while BERT seems to be an interesting option
for a large number of tasks in Natural Language Processing, its ability to handle
noisy inputs is still an open question [32] or at least requires the addition of
complementary methods [24]. This limitation may result from the dependence
of BERT on a vocabulary. The alternative is to rely, as ELMo for instance, on
a character model in which all words, including words with abnormal character
combinations and misspellings, are processed similarly.
4

https://catalog.ldc.upenn.edu/ldc2006t06.
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Some researchers studied the application of CNNs to characters. For antispam filtering, the use of character-level n-grams was already experimented out
of the context of deep learning models [14]. In [5], character-level embeddings
were automatically learned and joined with pre-trained word embeddings in a
CNN-based model for Part-of-Speech tagging. This architecture was also used
for improving the performance of a Named Entity Recognition (NER) system in
[4]. While character models have been used with success in several contexts for
tackling the absence of pre-trained embeddings for all words, the use of CNNs
to learn directly from characters was also investigated, without the need for any
pre-trained embeddings [37]. Notably, the authors use a relatively deep network
and apply it to sentiment analysis and text classification tasks. The application of
character-level convolutions to language modeling was explored in [15] by using
the output of a character-level CNN as the input to a Long Short Term Memory
(LSTM) network at each time step. The same model is easily applied to various
languages. However, the choice of CNN-based or LSTM-based character-level
word embeddings did not affect the performance significantly [16, 22].
Our contributions in this article are more particularly focused on the integration of character-level features in event detection models for addressing
the issue of unknown words. More specifically, we show that an event detection
model exploiting a character-based representation is complementary to a wordoriented model and that their combination according to a late fusion approach
outperforms an early fusion strategy.

2

Related Work

The current state-of-the-art systems for event extraction involve neural network
models to improve event extraction. [27] and [2] deal with the event detection
problem with models based on CNN. [28] improve the previous CNN models of
[27] for event detection, slightly modifying the way CNNs are applied to sentences
by taking into account the possibility to have non-consecutive n-grams as basic
features instead of continuous n-grams. Both models use word embeddings for
representing windows of text that are trained as the other parameters of the
neural network.
The authors of [25] predict at the same time event triggers and their arguments in a joint framework with Bidirectional RNNs (Bi-RNNs) and a CNN
and systematically investigate the usage of memory vectors/matrices to store the
prediction information during the labeling of sentence features. Additionally, the
authors augment their system with discrete local features inherited from [17].
A GNN is advocated in [29] based on dependency trees to perform event
detection with a pooling method that relies on entity mentions aggregating the
convolution vectors. The authors of [20] consider also that arguments provide
significant clues to this task and adopt a supervised attention mechanism to
exploit argument information explicitly for event detection, while also using
events from FrameNet.
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Table 1. Statistics about unknown words in the ACE 2005 dataset.
train
test
unknown words in test data
unknown words with a known similar word

All words
14,021
3,553
930 (26.2%)
825

Trigger words
931
219
66 (30.1%)
54

Further, some researchers have proposed other hybrid neural network models
with different types of pre-set word embeddings that combine different neural
networks to make use of each other’s abilities. A hybrid neural network (a CNN
and an RNN) [9] was developed to capture both sequence and chunk information
from specific contexts and use them to train an event detector for multiple
languages without any handcrafted features.
Some authors went beyond sentence-level sequential modeling, considering
that these methods suffer from low efficiency in capturing very long-range dependencies. An approach that goes beyond sentence level [8] was proposed by
using a document representation using an RNN model that can automatically
extract cross-sentence clues.
Recently, different approaches that include external resources and features
at a subword representation level have been proposed. For example, Generative
Adversarial Networks (GANs) framework has been applied in event extraction
[36, 10]. Besides, reinforcement learning is used in [36] for creating an end-to-end
entity and event extraction framework. An approach based on the BERT pretrained model [35] attempts an automatic generation of labeled data by editing
prototypes and filtering out the labeled samples through argument replacement
by ranking their quality.
The problem of ambiguous indicators for particular types of events, i.e., the
same word can express completely different events, such as fired, that can correspond to an Attack type of event or can express the dismissal of an employee
from a job, is approached in [19] by using an RNN and cross-lingual attention
to model the confidence of the features provided by other languages.

3

Motivation

Learning word representations from a corpus (word embeddings) allows us to
derive a flexible similarity between words that takes into account a form of synonymy or relatedness between the words into the model. A drawback of this
kind of representation is that unknown words (i.e. words unseen in the training
corpus) are not well represented: they are generally associated with a random
embedding even if these words are morphologically close to known words. Existing embeddings trained on very large collections of text, such as word2vec
embeddings, which have proven their efficiency as initial embeddings for event
extraction, do not take into account these morphological similarities: no lemmatization or stemming or even case normalization is performed.
We present in Table 1 some statistics about unknown words on the dataset we
will use for training and testing our proposed approach, the ACE 2005 dataset,
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Table 2. Examples of unknown words focused on triggers.
Event Type
Start-Org
End-Org
Transport
Attack
End-Position

Unknown/Closest Trigger Words
creating/creation, opening/open, forging/forming, formed/form
crumbled/crumbling, dismantling/dismantle, dissolved/dissolving
fleeing/flying, deployment/deployed, evacuating/evacuated
intifada/Intifada, smash/smashed, hacked/attacked, wiped/wipe
retirement/retire, steps/step, previously/previous, formerly/former

using the standard training/validation/test split [11]. We report the size of the
vocabulary for the whole dataset, the size of the vocabulary for the trigger words,
the number of words in the test dataset not seen in the training dataset, and
among those, the number of words for which a similar word (measured by a
Levenshtein ratio of less than 0.3) can be found.
We see that there is an important number of words, even among the trigger
words, that cannot be exploited by the models because they are not seen in the
training corpus. Also, most of these words (more than 88%) have similar words
in the training corpus which could be used to approximate their representation,
as they are likely to be semantically close words. To illustrate this, we show in
Table 2 examples of unknown words focused on triggers. The examples are pairs
of words used as triggers in the test set associated with their closest trigger words
(for an event of the same type) as seen in the training set (with a distance of
Levenshtein ratio less than 0.3). We can see in this table that most of the pairs
correspond to derivational morphology links. These semantic links are lost with
the standard embedding models.
The integration of a character-based embedding model should be able to help
in dealing with such cases by allowing to bridge the gap between the unknown
words and representations of known words used for training the system. The
same problem occurs with infrequent words, that could be better represented if
they are processed at a character level.

4

Approach

Our approach lies in the standard supervised framework of event detection where
the task is modeled as a word classification task: considering a sentence, we want
to predict for each word of the sentence if it is an event trigger and associate it
with its event type. The input of the system is therefore a target word in the
context of a sentence and the output an event type or NONE for non-trigger
words. To study the influence of character-based features, we rely on the CNN
model proposed by [27] as a core model. This core architecture is used in the two
components of our overall system: the Word model and the Character model.
These two components are combined using either an early fusion approach or a
late fusion approach, as illustrated by Figure 1.
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Fig. 1. Word + Character CNN.

4.1

Word and Character CNN Models

In the Word CNN model, the context of a target word is formed by its surrounding words in the sentence, which constitutes the input of the convolution layer.
To consider a limited-sized context, longer sentences are trimmed and shorter
ones are zero-padded. We consider a context window for every trigger candidate
where each token is associated with a word embedding and a relative position to
the trigger candidate embedding. The word and position embeddings are concatenated and passed through the convolution layer. The concatenated output
of convolutional filter maps forms, after a max-over-time pooling operation on
each one, the representation of the input (target token and context) that finally
goes through a softmax classification layer. The Character CNN model is very
close to the Word CNN model, with two main differences: words are replaced by
characters and there is no position embedding associated with each character.
4.2

Integration of Word and Character Models

Early Fusion The first type of integration is the early fusion model, in which
the two representations of the input sequence produced by the Word and Character CNNs (i.e., the concatenation of the output vectors of their filters) are
concatenated before the fully-connected softmax classification layer. Using this
type of integration allows joint learning of the parameters of the two models in
the training phase.
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Late Fusion The late fusion integration of the Word and Character CNNs
relies on the combination of the decisions of the two models, which are trained
separately and therefore learn different characteristics of the candidate trigger.
Indeed, the word-level CNN combines word and position embeddings that can
capture syntactic and semantic information, and of course, the relative positions
of words to the candidate trigger. The character-level CNN learns more local
features from character n-grams and can capture morphological information. The
late fusion focuses on the individual strength of these two models by applying
the following rule: we always keep the Character CNN label, except if a trigger
was detected by the Word CNN but not by the Character CNN. This strategy
is motivated by the fact that the Word CNN model has good coverage whereas
the Character model is more focused on precision.

5
5.1

Experiments and Results
Dataset

The evaluation is conducted on the annotated ACE 2005 corpus. We use the same
split as previous studies with this dataset [27, 25]: 40 news articles (672 sentences)
for the test set, 30 other documents (863 sentences) for the development set, and
the remaining 529 documents (14,849 sentences) for the training set. Following
the same line of work, we consider that a trigger is correct if its event type,
subtype, and offsets match those of a reference trigger. We use Precision (P),
Recall (R), and F-measure (F1) to evaluate the overall performance.
5.2

Hyperparameters

For the Word CNN, we consider a sliding window with a maximal size of 31
words. Hence, sentences are padded at the beginning and the end with a vector
of 15 zeros (a common practice for the padding special character). The window
sizes for the convolutions are in the set {1, 2, 3} and 300 feature maps are used
for each window size. After each convolutional layer with orthogonal weights
initialization, a ReLu non-linear layer is applied. We employ dropout with a
probability of 0.5 after the embedded window of text since they contain most
of the parameters and as a consequence, the possibility of being responsible
for overfitting. A dropout of 0.3 is also applied after the concatenation of the
convolutions. The size of the position embeddings is equal to 50, similarly to
[27]. We use the Google News word embeddings pre-trained with word2vec (size
= 300).
For the Character CNN, we consider a maximum length of 1,024 for a sequence of characters: longer sequences are trimmed and shorter ones are padded
with zeros. The window sizes for the convolutions are in the set {2, . . . , 10}, with
300 feature maps. The convolutional layer non-linearity and initialization are the
same as for the Word CNN. The size of the character embeddings is 300. These
embeddings are initialized based on a normal distribution and trained on the
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event detection task. A dropout of 0.5 is applied after the embedded characters.
When jointly trained, in the early fusion model, the features obtained after convolutions from both models are concatenated and, similarly to the Word CNN,
a dropout of 0.3 is applied afterward, before the softmax layer. We encode all
the characters except space.
We train both networks (Word and Character CNNs) with Adam optimizer.
During the training, we optimize the embedding tables (i.e., word, position, and
character embeddings) to achieve the optimal states. Finally, for training, we use
a batch size of 256 for the Word CNN and 128 for the Character CNN. When
they are trained jointly in the early fusion model, we use a batch size of 128. All
these hyperparameters were optimized by a grid search on the development set.
5.3

Results

We compare our model with several neural-based models proposed for the same
task that do not use external resources, namely: a set of CNN-based models
including a CNN model without any additional features [27], the dynamic multipooling CNN model of [2], the non-consecutive CNN of [26], and the Graph CNN
proposed by [29]; a set of RNN-based models, represented by the bidirectional
joint RNN model of [25], the DLRNN model of [8] and the DEEB-RNN model of
[38] that both rely on a document representation, and the work of [19], based on
a Gated Cross-Lingual Attention mechanism. Our reference models also include
the hybrid model proposed by [9], the model exploiting arguments through an
attention mechanism of [20], and the GAIL-ELMo model of [36], based on GANs.
We do not consider models that are using other external resources such as [1],
[18], or [35], since we only rely on the input text in our model. We also compare
this model with four baselines based on the BERT language model, applied in a
similar way to [3] for the NER task, with the recommended hyperparameters: a
learning rate of 2e-5 and the split of sentences into chunks of 128 tokens.
The best performance (75.8 F1 on the test set) is achieved by combining word
and position embeddings with the character-level features using a late fusion
strategy. This performance relates to improvements that have been reported
on other tasks when concatenating word embeddings with the output from a
character-level CNN for Part-of-Speech tagging [6] and NER [4]. From Table 3,
we can also outline that adding character embeddings in a late fusion strategy
outperforms all the word-based models, including complex architectures such as
the graph CNN and the models based on the BERT language model. Among
BERT models, it is worth noticing that the cased models perform better than
the uncased ones, which confirms that the character morphology is important for
the task, maybe because capitalization is connected to the recognition of named
entities, which are usually considered important to detect event mentions.
However, we can see that the character embeddings are not sufficient on their
own: using only the Character CNN leads to the smallest recall among all the
considered approaches. However, its precision is high (71.7), which makes this
model fairly reliable about the triggers it retrieves. Given this observation, we
can compare the two integration strategies, early and late fusions. In the case of
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Table 3. Evaluation of our models and comparison with state-of-the-art systems for
event detection on the blind test data. † beyond sentence level, + with gold arguments.
Approaches
Word CNN [27] (without entities)
Dynamic multi-pooling CNN [2]
Joint RNN [25]
RNN with document context† [8]
Non-Consecutive CNN [26]
Attention-based+ [20]
GAIL-ELMo [36]
Gated Cross-Lingual Attention [19]
Graph CNN [29]
Hybrid NN [9]
DEEB-RNN3† [38]
BERT-base-uncased + LSTM [33]
BERT-base-uncased [33]
BERT-base-uncased [7]
BERT-QA [7]
DMBERT [34]
DMBERT+Boot [34]
BERT-base-uncased
BERT-base-cased
BERT-large-uncased
BERT-large-cased
Word CNN (replicated)
Character CNN
Word + Character CNN - early fusion
Word + Character CNN - late fusion

Precision Recall F1
71.9
63.8 67.6
75.6
63.6 69.1
66.0
73.0 69.3
77.2
64.9 70.5
na
na
71.3
78.0
66.3 71.7
74.8
69.4 72.0
78.9
66.9 72.4
77.9
68.8 73.1
84.6
64.9 73.4
72.3
75.8 74.0
na
na
68.9
na
na
69.7
67.2
73.2 70.0
71.1
73.7 72.4
77.6
71.8 74.6
77.9
72.5 75.1
71.7
68.5 70.0
71.3
72.0 71.7
72.1
72.9 72.5
69.3
77.2 73.1
71.4
65.9 68.5
71.7
41.2 52.3
88.6
61.9 72.9
87.2
67.1 75.8

early fusion, where the two models are trained jointly, we notice that the precision is the highest among all the compared models. We assume that in the joint
approach, the power of representation of morphological properties provided by
the characters is overtaking the influence of the word and positions embedding,
and the combination reproduces the imbalance between precision and recall observed for the Character CNN, the recall being the lowest among all the models
except the Character CNN. In the case of the late fusion, since we have more
control over the combination and we can give priority to the Character CNN to
establish the labels on the trigger candidates retrieved by the Word CNN, the
method takes advantage of the high precision of the Character CNN, allowing
an increase of the precision from 71.7 to 87.2, while still having a high recall,
also increasing the recall of the Word CNN model from 65.9 to 67.1. The late
fusion integration is therefore able to take into account the complementarities
of the two models.
Finally, for more qualitative analysis, we examine the new triggers correctly
detected by the Word + Character CNN (late fusion), in comparison with the
Word CNN. We observe that among the 37 new correctly found triggers, some are
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Table 4. Examples of new triggers found with the Word+Character CNN (late fusion).
Event Type New triggers correctly found Trigger words in training data
End-Position
steps
step
Extradite
extradited
extradition
Attack
wiped
wipe
Start-Org
creating
create
Attack
smash
smashed
End-Position
retirement
retire

indeed derivational or inflectional variants of known words in the training data,
such as illustrated in Table 4. This seems to confirm that the character-based
model can capture some semantic information associated with morphological
characteristics of the words and manage to detect new correct event mentions
that correspond to inflections of known event triggers (i.e., existing in the training data). Also, the fact that the convolution windows in the Character CNN
range from 2 to 10 means that character n-grams in the same range are included in the model and contribute to the model’s ability to handle different
word variations.

6

Conclusion and Perspectives

We have proposed in this article a study of the integration of character embeddings in an event detection neural-based model using a simple CNN model as
core architecture and testing early and late fusion strategies to integrate the
character-based features. The best results are achieved by combining the wordbased features with the character-based features in a late fusion strategy that
gives priority to the Character CNN for deciding the event type. This method
outperforms more complex approaches such as Graph CNN or adversarial networks and BERT-based models. Our results demonstrate that a convolutional
approach for learning character-level features can be successfully applied to event
detection and that these features allow overcoming some issues concerning unseen or misspelled words in the test data.
We do not integrate the character information at the embedding level as it is
usually done in models considering smaller units such as ELMO with characters,
FastText with character n-grams, or BERT with subwords. In a certain way,
they implement another kind of early fusion than ours. However, our late fusion
approach is complementary and as a perspective, we consider implementing this
late fusion framework using more complex models as core models. Another way
to deal with the problem of unseen words would be to exploit data augmentation
strategies that would focus on increasing the variability about derivational and
inflectional variants of event mentions in the training data.
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ABSTRACT
Knowledge graphs are becoming ubiquitous in many scientific
and industrial domains, ranging from biology, industrial engineering to natural language processing. In this work we explore
how one of the largest currently available knowledge graphs, the
Microsoft Concept Graph, can be used to construct interpretable
features that are of potential use for the task of text classification.
By exploiting graph-theoretic feature ranking, introduced as part
of the existing tax2vec algorithm, we show that massive, real-life
knowledge graphs can be used for the construction of features,
derived from the relational structure of the knowledge graph
itself. To our knowledge, this is one of the first approaches that
explores how interpretable features can be constructed from the
Microsoft Concept graph with more than five million concepts
and more than 80 million IsA relations for the task of text classification. The proposed solution was evaluated on eight real-life
text classification data sets.

KEYWORDS
knowledge graphs, text classification, feature construction, semantic enrichment

1

INTRODUCTION

Text classification is the process of assigning labels to text according to its content. It is one of the fundamental tasks in Natural
Language Processing (NLP) with various applications such as
spam detection, topic labeling, sentiment analysis, news categorization and many more [1]. In recent years, knowledge graphs—
real-life graph-structured sources of knowledge—are becoming
an interesting source of background knowledge, potentially useful in contemporary machine learning [2]. Knowledge graphs,
such as DBPedia1 or the Microsoft Concept Graph2 span tens of
millions of triplets of the form subject-predicate-object, and include many potentially interesting relations, from which a given
machine learning algorithm can potentially benefit.
In this work we propose an approach to scalable feature construction from one of the largest freely available knowledge
graphs, and demonstrate its utility on multiple real life data sets.
The main contributions of this work are as follows:
(1) We propose an extension to the tax2vec [3] algorithm for
semantic feature construction, adapting it to operate with
real-life knowledge graphs comprised of tens of millions
of triplets.
1 https://wiki.dbpedia.org/

2 https://concept.research.microsoft.com/Home/Introduction
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(2) The proposed method is extensively empirically evaluated,
indicating that the proposed semantic feature construction aids the classification performance on many real-life
datasets.
(3) The implemented method is freely available3 with a simpleto-use, scikit-learn API.
The paper is structured as follows. Section 2 presents the
background and related work. Section 3 presents the proposed
approach to semantic feature construction using the information
from a given knowledge graph. Section 4 describes the experimental setting and the results, followed by a summary and further
work in Section 5.

2

BACKGROUND AND RELATED WORK

In text classification tasks, characterized by short documents
or small amounts of documents, deep learning methods are frequently outperformed by more standard approaches, including
SVMs [4]. In such settings, it was shown that approaches capable of using semantic context may outperform the naïve learning approaches, the examples are among other based on Latent
Dirichlet Allocation [5], Latent Semantic Analysis [6] or word
embeddings [7], which is referred to as first-level context.
Second-level context can be introduced by adding background
knowledge into a learning process, which may help to increase
performance and improve interpretability. Usage of knowledge
graphs also helped in classification with extending neural network based lexical word embedding objective function [8]. Elhadad et al. [9] present an ontology-based web document, while
Kaur et al. [10] propose a clustering-based algorithm for document classification that also benefits from knowledge stored in
the underlying ontologies. Use of hypernym-based features was
performed already in e.g., the Ripper rule learning algorithm [11].
Wang and Domeniconi [12] used the derived background knowledge from Wikipedia for text enriching. In short document classification, it was shown that the tax2vec algorithm (described
below) can help those classifiers gain better results by adding
extra semantic knowledge to the feature vectors.
The tax2vec [3] is an algorithm for semantic feature construction that can be used to enrich the feature vectors constructed
by the established text processing methods such as the tf-idf. It
takes as input a labeled or unlabeled corpus of documents and a
word taxonomy, i.e. a directed graph to which parts of a given
document map to. It outputs a matrix of semantic feature vectors
where each row represents a semantics-based vector representation of one input document. It makes it by mapping the words
from the document to a given taxonomy, WordNet or in this work
Microsoft Concept Graph, by which it creates the collection of
terms for each document and from it, a corpus taxonomy—a relational structure specific to the considered document space. The
terms presented in the corpus taxonomy represent the potential
features.
3 https://github.com/SkBlaz/tax2vec
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3

KNOWLEDGE GRAPH-BASED SEMANTIC
FEATURE CONSTRUCTION

Semantic features are constructed as follows. With the help of
spaCy library [13], we first find nouns in each document in the
corpus and for every noun we find all hypernyms in the associated knowledge graph. Next, we add the most frequent 𝑛 such
hypernyms to the document-based taxonomy (the number in
the third column in Table 1). We identified this step as critical,
as the crawl-based knowledge graphs are commonly noisy, and
prunning out uncertain relations is of high relevance. After performing this for all documents in the corpus, document-based
taxonomies are concatenated into corpus-based taxonomy. Next,
we perform feature selection, discussed next.

3.1

Feature selection

During feature selection we choose a predefined number of
features within the set of features with the goal to select the
most useful or important features. Hence, from the set of hypernyms which we constructed from the knowledge graph, we
choose only top 𝑑 features (= dimension of the space) based on
one of the heuristics described below. Closeness centrality of
a node is a measure of centrality in a network, calculated as
𝐶 (𝑥) = Í 𝑑1(𝑦,𝑥) , where 𝑑 (𝑦, 𝑥) is the distance (path length) be𝑦

tween vertices 𝑥 and 𝑦. The bigger the closeness centrality value
a given node has, the closer it is to all other nodes. The rarest
terms are the most document-specific and are more likely to
provide more information than the ones frequently occurring.
Hence this heuristic simply takes overall counts of all the hypernyms, sorts them in ascending order by their frequency of
occurrence and takes the top 𝑑. The mutual information between two random discrete variables represented as vectors 𝑋𝑖
(the 𝑖-th hypernym feature) and 𝑌 (the target binary class) is
defined as follows:
𝑀𝐼 (𝑋𝑖 , 𝑌 ) =

Õ

𝑥,𝑦 ∈ {0,1}

𝑝 (𝑋𝑖 = 𝑥, 𝑌 = 𝑦) log2

𝑝 (𝑋𝑖 = 𝑥, 𝑌 = 𝑦)
𝑝 (𝑋𝑖 = 𝑥)𝑝 (𝑌 = 𝑦)

where 𝑝 (𝑋𝑖 = 𝑥) and 𝑝 (𝑌 = 𝑦) correspond to marginal distributions of the joint probability distribution of 𝑋𝑖 and 𝑌 . Tax2vec
computes the mutual information (MI) between all hypernym
features and a given class. So for each target class a vector of
mutual information scores is obtained, corresponding to MI between individual hypernym features and a given target class.
Then the MI scores for each target class are summed up and the
final vector is obtained. The features are sorted by MI scores in
descending order and the first 𝑑 features are chosen as the final
semantic space. The personalized PageRank algorithm takes
as an input a network and a set of starting nodes in the network
and returns a vector assigning a score to each node. The scores
are calculated as the stationary distribution of the positions of a
random walker that starts its walk on one of the starting nodes
and, in each step, either randomly jumps from a node to one of
its neighbors (with probability 𝑝) or jumps back to one of the
starting nodes (with probability 1-𝑝). In our experiments probability 𝑝 was set to 0.85. The tax2vec exploits the idea initially
introduced in [14], where personalized PageRank scores are computed w.r.t. the terms, present throughout the document space.
This way, a graph-based, completely unsupervised ranking is
obtained, and is used in similar manner to other feature selection
heuristics discussed in the previous paragraphs. In this section
we introduce how the knowledge graph is used for semantic

Petrželková et al.

Table 1: Part of the Microsoft Concept Graph. The row is
in form of hypernym - hyponym - frequency of relation
social network facebook
4987
symptom
fever
4966
sport
tennis
4964
fruit
strawberry 4824
activity
fishing
4789
feature construction, how the text is being processed prior to
that and how are semantic features used after that.

3.2

Microsoft Concept Graph

3.3

Proposed approach extending tax2vec

We are using Microsoft Concept Graph4 [15] [16] for obtaining
the extra semantic information. This large relational graph consists of more than 5.4 million concepts that are a part of more
than 80 million triplets. It was created by harnessing billions of
web pages, so it is very general and various, offering a lot knowledge to add to our text we want to classify. It contains mostly IsA
relations, which was the part we use to obtain hypernyms for
nouns in the input text and enrich the feature vectors by some
of them. A part of the downloaded knowledge graph is shown
in Table 1. The number in the third column is the count of times
this relation was found when creating the knowledge graph, so
a frequency of the relation’s occurrence. We removed relations
that had frequency of one, which immediately reduced the graph
approximately to half the size and removed mostly noisy relations. Later we used the NetworkX library [17] to transform the
Microsoft Knowledge Graph from bare text to a directed graph.
This step makes the subsequent exploitation of the knowledge
graph easier.

Firstly, we tokenize each document and assign part-of-speech
tags to the tokens with the help of the spaCy library [13]. Then
for each noun in the text, we find its hypernyms in the knowledge
graph. The number of hypernyms for each noun is a parameter
chosen by the user, we choose those hypernyms based on the
highest frequencies of relation between the current noun and
the hypernyms. As shown later in the paper, bigger number of
hypernyms does not help a lot, but increases execution time significantly, so it is more sensible to choose a smaller number. Then
we create a document-based taxonomy, which is a directed graph
where edges are created as hypernym-noun for each hypernym
and each noun. We merge the document-based taxonomies into
one corpus-based taxonomy (maintaining unique nodes, mergeGraph method in the pseudocode) and on it we perform one of
the above mentioned heuristics to choose the best 𝑑 hypernyms.
Those steps are outlined in Algorithm 1.

4

EXPERIMENTS AND RESULTS

This section presents the setting of the experiments and the data
sets on which the experiments were conducted. We also describe
the metrics used to estimate classification performance.

4.1

Data sets

We conducted the experiments on eight different data sets, which
are described below. They were chosen intentionally from different domains and the basic information about them can be seen
in Table 2.
4 https://concept.research.microsoft.com/
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Data: corpus, knowledgeGraph, maxHypernyms
corpusTaxonomy = [ ];
foreach 𝑑𝑜𝑐 ∈ 𝑐𝑜𝑟𝑝𝑢𝑠 do
documentTaxonomy = [ ];
𝑡𝑜𝑘𝑒𝑛𝑠 = tokenize(𝑑𝑜𝑐);
foreach 𝑡𝑜𝑘𝑒𝑛 ∈ 𝑡𝑜𝑘𝑒𝑛𝑠 do
if 𝑡𝑜𝑘𝑒𝑛 is 𝑛𝑜𝑢𝑛 then
edges = knowledgeGraph.edgesFrom(𝑡𝑜𝑘𝑒𝑛);
foreach 𝑒𝑑𝑔𝑒 ∈ 𝑒𝑑𝑔𝑒𝑠 do
if 𝑙𝑒𝑛(𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑇 𝑎𝑥𝑜𝑛𝑜𝑚𝑦) >=
𝑚𝑎𝑥𝐻𝑦𝑝𝑒𝑟𝑛𝑦𝑚𝑠 then
break;
documentTaxonomy.add(𝑒𝑑𝑔𝑒 ∈ 𝑒𝑑𝑔𝑒𝑠)
corpusTaxonomy.mergeGraph(documentTaxonomy)
featureSelection(corpusTaxonomy)
Result: Selected semantic features
Algorithm 1: Semantic feature construction.

some cases. We compare those results to the classification without
any semantic features which is plotted as a grey horizontal line.
On the other hand, on the datasets CNN News, Medical Relation
and SMS Spam we didn’t see any improvement with the addition
of semantic features. Figure 2 shows the relation between feature
space size and the execution times.

Table 2: Data sets used for evaluation of knowledge
graph’s extra features impact on learning.
Data set
PAN 2017 Gender
PAN 2017 Age
SMSSpam
CNN-news
MedicalRelation
Articles
SemEval2019
Yelp

Classes
2
5
2
7
18
20
2
5

Words
5169966
992742
86910
1685642
1136326
5524333
295354
1298353

Unique w.
607474
185713
15691
159463
66235
178443
39319
88539

Documents
3600
402
5571
2107
22176
19990
13240
10000

PAN 2017 (Gender) Given a set of tweets per user, the task
is to predict the user’s gender [18].
PAN 2017 (Age) Given a set of tweets per user, the task is
to predict the user’s age group [19].
CNN News Given a news article (composed of a number of
paragraphs), the task is to assign to it a topic from a list
of topic categories. [20].
SMS Spam Given a SMS message, the task is to predict
whether it is a spam or not. [21].
Medical Relations Given an article with biomedical topic,
the task is to predict the relationship between the medical
terms annotated. [22].
SemEval 2019 Given a tweet, the task is to predict whether
it contains offensive content [23].
Articles Given an web article, the goal is to assign to it a
topic. [24].
Yelp Given an review of a restaurant, the goal is to predict
the ranking from one to five stars.
Settings. In all the datasets the stop words were removed.
Stop words are for example "the", "is", "are" etc. There is no universal list of stop words in NLP research, however we used NLTK
(Natural Language Toolkit) [25] for filtering stop words. The documents were tokenized with the help of spaCy’s NLP tool. The
data sets were divided into 90% training data and 10% test data
by using random splits. Number of hypernyms for each noun
was 10. We used linear SVM classifier for classification and 𝐹 1
measure for performance.

4.2

Results

Figure 1 shows that on some datasets (namely Yelp, PAN 2017 Age,
PAN 2017 Gender and on SemEval 2019 and Articles) the extra
semantic features constructed from the knowledge graph help in

Figure 1: Results of text classification on data sets Yelp,
pan-2017-age, pan-2017-gender, CNN News, SMSSpam, SemEval 2019, Medical Relation and Articles with execution
times as the numbers in the plot.

5 CONCLUSION
We showed that information from a large, real-life knowledge
graph can improve text classification. Our approach aims at short
texts like tweets, shorter articles, messages and similar. We firstly
process the document with spaCy, find nouns with their corresponding hypernyms, from which we create a taxonomy and
from that we later choose the most helpful features with one
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[6]
[7]

[8]
[9]
[10]

[11]

Figure 2: Results of text classification on data sets SMSSpam and SemEval 2019 with execution times as the numbers in the plot.
of the heuristics. The result remains interpretable, which is an
advantage of this approach. This approach could be potentially
improved by performing some type of word sense disambiguation and by finding objects in texts, which consists of more than
one word. Further, other knowledge graphs can be used for the
hypernym search. Also, because the hypernym search in each
document is independent, the documents can be processed in parallel; however, such processing can be memory-intensive, which
is to be addressed.
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Abstract
Learning from texts has been widely adopted throughout industry and science. While stateof-the-art neural language models have shown very promising results for text classification, they are expensive to (pre-)train, require large amounts of data and tuning of hundreds of millions or more parameters. This paper explores how automatically evolved text
representations can serve as a basis for explainable, low-resource branch of models with
competitive performance that are subject to automated hyperparameter tuning. We present autoBOT (automatic Bags-Of-Tokens), an autoML approach suitable for low resource
learning scenarios, where both the hardware and the amount of data required for training
are limited. The proposed approach consists of an evolutionary algorithm that jointly optimizes various sparse representations of a given text (including word, subword, POS tag,
keyword-based, knowledge graph-based and relational features) and two types of document embeddings (non-sparse representations). The key idea of autoBOT is that, instead
of evolving at the learner level, evolution is conducted at the representation level. The proposed method offers competitive classification performance on fourteen real-world classification tasks when compared against a competitive autoML approach that evolves ensemble
models, as well as state-of-the-art neural language models such as BERT and RoBERTa.
Moreover, the approach is explainable, as the importance of the parts of the input space is
part of the final solution yielded by the proposed optimization procedure, offering potential
for meta-transfer learning.
Keywords Representation learning · Natural language processing · AutoML · Neurosymbolic computing

Editors: Nikos Katzouris, Alexander Artikis, Luc De Raedt, Artur d’Avila Garcez, Sebastijan
Dumančić, Ute Schmid, Jay Pujara.
* Blaž Škrlj
blaz.skrlj@ijs.si
Extended author information available on the last page of the article

13

Vol.:(0123456789)

51 of 94

ICT-29-2018

D4.5: Final multilingual linking technology

Machine Learning

1 Introduction
Contemporary machine learning approaches successfully solve many natural language
processing tasks, spanning from question answering, disambiguation, duplicate detection
to classification. The emerging paradigm that successfully solves these tasks are transformer-based language models, i.e. deep neural networks that are first pre-trained on large
corpora and only fine-tuned for a specific task (Devlin et al. 2019; Jing and Xu 2019).
Even though such (black-box) models offer state-of-the-art performance, the models are not directly explainable (Rudin 2019). Further, specialized hardware, such as
Tensor Processing Units (TPUs) or GPGPUs (General Purpose Graphical Processing
Units) are needed for their training and evaluation. Neural language models (such as
the transformer architectures) inherently operate with dense vector spaces (embeddings), leveraging the multiparallelism of the modern hardware (Jouppi et al. 2017).
This work focuses on the other part of the model spectrum: we investigated whether different sparse representations of text could be evolved in a low-resource manner, offering
similar performance as dense representations, especially in settings where the available
data is scarce. The main contributions of this work are summarized below.
– We propose autoBOT (automatic Bags-Of-Tokens), a system capable of efficient,
simultaneous learning from multiple representations of a given document set.
– The system’s hyperparameters are optimized by using an evolutionary algorithm,
adopted for exploration of high-dimensional sparse vector spaces—evolution governs the representation used for learning by a collection of linear models trained
with stochastic gradient descent.
– The dimension of the evolved space is estimated based on the expected sparsity of
the representation.
– The performance of autoBOT can be competitive to pre-trained transformer models and other state-of-the-art learners, as demonstrated on fourteen text classification data sets, while using less computational resources and requiring zero manual
hyperparameter tuning for achieving reasonable out-of-the-box performance (given
enough time).
– autoBOT offers visualization of the similarity of parts of the feature space across
multiple data sets. Such visualizations offer fast overview into key parts of the feature space relevant for a given data set.
– We explore three novel feature types, namely features derived from document keywords, relational features that represent pairs of tokens at a given distance and firstorder features constructed based on a collection of 34,074,917 grounded relations
from the ConceptNet (Speer et al. 2017) knowledge graph.
– The proposed system is especially suited for settings, where hardware as well as the
amount of data are limited.
The remainder of this work is structured as follows. In Section 2 we discuss the related
work that influenced the development of autoBOT. Section 3 presents the proposed
autoBOT system for learning from evolvable text representations, including the issue
of representing texts, the formulation of the autoBOT learning task, as well as the issue
of its explainability. Section 4 presents the conducted experiments, and in Section 5 we
discuss the obtained results. Section 6 presents the conclusions and plans for further
work.

13
52 of 94

ICT-29-2018

D4.5: Final multilingual linking technology

Machine Learning

2 Related work
In this section we discuss the related approaches that inspired the development of the proposed autoBOT system. We begin by discussing the notion of text representation learning
(Section 2.1), followed by text classification (Section 2.2) and evolutionary computation
(Section 2.3). Finally, we discuss the state-of-the-art autoML systems in Section 2.4.

2.1 Text representation learning
Machine learning approaches that learn from text usually consist of two main steps: preprocessing the text into a suitable representation, e.g., the Bag-of-words (BoW) format,
followed by subsequent learning. The main drawback of such approaches is the requirement of the user’s specification of how the text should be represented, at what granularity etc. Such semi-automated feature construction can be time-demanding and requires
large amounts of development time, however, the subsequent learning can be very efficient
(Mirończuk and Protasiewicz 2018).
Recent developments in the field of representation learning offer many insights into the
importance of having a suitable representation for the given problem. Transformer-based
language models, such as BERT (Devlin et al. 2019), RoBERTa (Liu et al. 2019), XLNet
(Yang et al. 2019), learn multi-faceted representations of the provided input sequences,
where multiple computational layers are used to distill the obtained representation into a
form used for more general problem solving. Similar insights also emerged in the fields
of graph (Kipf and Welling 2017) and image (Szegedy et al. 2017) representation learning. The state-of-the-art transformer language models also use subword information due to
byte-pair encoded inputs (Sennrich et al. 2016), offering even better performance, albeit at
the cost of explainability.
Representations learnt by deep neural network models are dense; for example, vectors
of dimension < 1000 are used to capture relations between input tokens. On the other hand,
many shared tasks, especially the ones where the number of input instances is in the order
of hundreds, yield themselves to more conventional, even linear models that operate on
sparse input spaces (Martinc et al. 2017). The main caveat of such approaches is the inclusion of the human factor: humans need to carefully fine-tune many parameters without well
defined properties or predictable behavior. For example, it is not clear how the word-based
features should be weighted when compared to character-based ones, how the classifier
should be regularized etc.
Further, the collections of features are also arbitrary as there is no general theoretical
background as to when to apply what type of e.g., n-grams or other features (e.g., emoji
counts etc.). Hence, such systems are commonly fine-tuned for a particular domain, yet
need non-negligible human effort to perform adequately well for the same task in a different domain. For example, a system can perform well when classifying sentiment, however
it fails at the prediction of side effects based on the patient reports. Finally, exhaustive
search of the hyperparameter space is in most cases computationally intractable.

2.2 Text classification
We continue the discussion by considering different machine learning approaches
employed for the task of text classification, how they relate to this paper and what are their
potential limitations. Text classification explores how representations of a given collection
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of documents can be associated with a given target space, such as for example a collection of genres. Broadly, text classification approaches can be split into two main groups,
namely symbolic and sub-symbolic classifiers. The canonical example of symbolic learners are linear classifiers such as the logistic regression or linear Support Vector Machines,
which learn to classify e.g., TF-IDF encoded documents (Manning et al. 2008; Kowsari
et al. 2019; Agarwal and Mittal 2014). In recent years, however, the paradigm of neural
language models has also offered state-of-the-art classifiers across multiple domains (Jing
and Xu 2019). Some of the currently best-performing classifiers are commonly fine-tuned
language models, pre-trained on large textual corpora (Belinkov and Glass 2019). Albeit
extensive pre-training is currently inaccessible to majority of researchers, fine-tuning
can be conducted with adequate off-the-shelf GPUs, and is actively employed on many
e.g., shared tasks, ranging from classification of social media-related texts to classification of biomedical documents (Moradi et al. 2020). Compared to discussed approaches,
which derive a representation from raw text, approaches that are able to exploit background
knowledge alongside raw text are also of increasing interest and serve as one of the motivations for the proposed autoBOT. Background knowledge can be considered in many forms.
Ontologies and taxonomies represent formally defined, hierarchical structures with humandefined concepts and relations between them. Some canonical examples of such knowledge sources are for example the WordNet (Fellbaum 2012) and similar taxonomies. On
the other hand, knowledge graphs are the structures that can be defined semi-automatically,
and are commonly comprised of millions of subject-predicate-object triplets. Examples of
freely available knowledge graphs include the ConceptNet (Speer et al. 2017) used in this
work.

2.3 Evolutionary computation and learning
We discuss in more detail the applications and the underpinnings of evolutionary computation, and more specifically genetic algorithms, as this metaheuristic optimization idea was
also used to guide representation learning conducted by autoBOT. Genetic algorithms have
been considered for both combinatorial and continuous optimization problems in the second part of the 20th century (Mitchell 1998). Inspired by (a very basic) notion of biological
evolution, these optimization algorithms often gradually evolve a solution via the process
of intermediary evaluation, crossover, mutation and selection.
More recently, genetic algorithms (GA) evidence widespread use throughout industrial
and academic projects, where GAs were successfully applied to tackle otherwise analytically intractable problems (Chambers 2000). Even though genetic and other algorithms for
hard optimization problems were applied to many real-life problems, their use for improving machine learning approaches has only recently become mainstream (see Stanley et al.
(2019) for an exhaustive overview); neuroevolution was already considered in 1960s,
however it was computationally infeasible at the time. Neuroevolution performs well for
traditional benchmark tasks, such as the knapsack problems (Denysiuk et al. 2019), but
also real-life robotics problems (Zimmer and Doncieux 2017). Evolution-based approaches
were also successfully adopted for the task of scientific workflow discovery (Pilat et al.
2016), offering symbolic descriptions of data mining workflows, directly applicable in
practice. Neuroevolution Stanley et al. (2019) approaches have shown promising results
in the domain of computer vision, where more efficient neural networks were evolved with
minimal performance trade-offs (Zoph et al. 2018).
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One of the early approaches on how genetic algorithms can be adopted for the feature
selection purposes was proposed in Vafaie and De Jong (1998). The authors developed
a system that employs a genetic algorithm to select feature subspaces useful for a decision tree classifier. They successfully showcased the performance of their approach on an
eye-detection problem. The proposed autoBOT builds on a similar idea, i.e. that feature
subspaces can be evolved prior to learning, however, extends the idea to multiple different instance (documents instead of images) representations, from symbolic to non-symbolic. Further, autoBOT also explores novel representation types such as e.g., knowledgegraph based features, capable of exploiting the knowledge beyond the textual training data
considered.
More recent works explore how task scheduling can be tackled by employing a combination of evolution and learning (Dorronsoro and Pinel 2017). Similarly convincing results
were also recently demonstrated for the task of material discovery (Jennings et al. 2019),
where machine learning algorithms were used to guide the evolution, offering up to 50x
speedup compared to naïve exhaustive search.

2.4 Advancements in autoML systems
Automatic learning of machine learning pipelines has been thoroughly explored for tabular
data in tools such as AutoWEKA (Thornton et al. 2013) and auto-sklearn (Feurer et al.
2019). The key idea is that parts of the learning procedure are modularized and automatically explored. For example, AutoWEKA and auto-sklearn employ Bayesian optimization
(Snoek et al. 2012) for scalable and efficient exploration of such hyperparameter spaces.
These approaches assume a tabular input, and consequently explore both the preprocessing, as well as heterogeneous ensemble construction methods that yield the best performing configuration. Another example of automated (tree-based) learning is conducted within
TPOT (Olson et al. 2019), a tool for automatic construction of scikit-learn workflows specializing in tree-based learners. The main advantage of TPOT is simplicity—competitive
results on tabular data sets can be obtained by merely running the default optimization
setting for a dedicated amount of time. Development of approaches for automatic learning
renders possible fast prototyping—instead of spending days in deciding to what extent the
current data is suitable for learning—autoML systems offer quick and effortless answers
to such questions, greatly speeding up the machine learning development and deployment
process.
Another prominent example of the machine learning algorithm design are the automatically constructed deep neural architectures, for example, used for solving image recognition
tasks (He et al. 2018). In this field of neuroevolution (Stanley et al. 2019) , genetic algorithms and their variations are commonly used, and were recently shown to perform better
than many alternative optimization approaches. Even though evolved neural networks were
shown to perform well for image data, and the majority of the remaining autoML systems
focus on tabular data, we believe that research on how automatic machine learning can aid
the development of algorithms that learn from texts is still scarce and worth exploring. The
idea of autoML was adapted also to text domains (Madrid 2019). Similarly, Google also

13
55 of 94

ICT-29-2018

D4.5: Final multilingual linking technology

Machine Learning

offers proprietary cloud-based solutions that address also the domain of natural language1.
Learning from texts automatically is an interesting research question, especially if the hardware is not specialized for learning, and the data are scarce.
Apart from the machine learning-based approaches, explored by the evolutionary computation community, the machine learning papers that exploit evolution (or similar optimization) were developed in parallel to the aforementioned studies. For example, the implications of using evolutionary computation for the meta learning purposes on tabular data
was also explored (Reif et al. 2012). They explored the performance of SVMs and random
forest-based classifiers on over 100 data sets from the UCI (Dua and Graff 2017). The
authors have shown that a standard genetic algorithm already offers performance improvements. Note that the methods such as the auto-sklearn (Feurer et al. 2019), TPOT (Olson
et al. 2019) and AutoWEKA (Kotthoff et al. 2017) also show consistent improvements of
using stochastic optimization on tabular data. Further, autoML frameworks such as GAMA
(Gijsbers and Vanschoren 2019), hyperopt-sklearn (Komer et al. 2014), ML-Plan (Mohr
et al. 2018) and OBOE (Yang et al. 2019) all offer an optimization layer on top of an existing e.g., learning pipeline which requires hyperparameter tuning. The proposed autoBOT,
albeit being conceptually similar to the work of (Dua and Graff 2017) at the optimization
level, explores how the evolution can be conducted at the representation level, which is a
rather novel endeavour. Further, evolution on unstructured data such as texts is also a novelty compared to e.g., optimization for tabular classifiers.

2.5 The rationale behind autoBOT
This work presents autoBOT, an approach for scalable, low-resource text classification that
requires as little human input as possible, but nevertheless offers a decent classification
performance. To our knowledge, similar approaches were explored mostly for tabular data,
where the representation is already given, or for evolution of neural network architectures,
where the models many times require custom hardware and are not (at all) explainable. We
believe that evolution—when operating with less structured inputs such as texts—should
simultaneously consider both the suitable representation and the subsequent learning,
which was to our knowledge not yet explored at the scale done in this work. Further, the
optimized feature space is inherently sparse, requiring an end-to-end implementation that
operates with sparse matrix-algebraic operations (including learning), otherwise resulting
in high dimensional dense vector spaces that require lots of computational resources. For
example, considering a dense matrix of a hundred thousand features is computationally
infeasible, unless sparse representation is considered.

3 Learning from evolving text representations with autoBOT
In this section, we present the proposed autoBOT approach. First, we discuss the representations of text considered, followed by the overall formulation of the approach. A schematic overview of autoBOT is shown in Figure 1.

1

https://cloud.google.com/natural-language/automl/docs/beginners-guide, however this software is not
open-source.
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Fig. 1  Schematic overview of autoBOT. The input is a collection of documents D alongside a knowledge
graph K. The feature space F is constructed based on the information from both sources. Next, G generations of representation evolution are conducted. Here, the o(F) represents the application of different
operators to solution vectors representing weights of feature subspaces (e.g., word, character etc.), followed
by selection, s(F), where the next generation of solutions is chosen. Once the optimization finishes, the
best solutions (HOF - Hall Of Fame) are used for the final set of predictions. The SOL1…ιHOFι denotes the
individual solutions, used for construction of final classifiers, and ε represents the set of explanations –
feature-value associations. As the solutions encode both the weights at the feature subspace level, as well as
weights of individual features, autoBOT offers two distinct views of feature importances

Here, the training set of documents is first represented at different granularities ( F); Sparse
bag-of-words type of vectors on the level of characters, words, part-of-speech (POS) tags as
well as keywords and relations spanning multiple tokens, to dense document embeddings
and knowledge graph-based features (K). This is followed by the process of representation
evolution (G field). The obtained initial set of representations is considered as the base for
evolutionary optimization. Here, weights (individuals), multiplied with the feature values corresponding to the parts of this space are evolved so that a given performance score is maximized. The final set of solutions is used to obtain a set of individual classifiers, each trained on
a different part of the space. However, for obtaining final predictions, a majority vote scheme
is considered. Hence, evolution effectively emits an ensemble of classifiers. More details follow below.

3.1 Multi‑level representation of text
Let FT represent the set of all feature types that are considered during evolution. Let D denote
the set of considered document instances. Examples of feature types include single word features, their n-grams, character n-grams etc. Assuming f represents a given feature type. Let df
∑
denote the number of features of this type. The number of all features is defined as d = f df .
Hence, the final d-dimensional document space consists of concatenated Ff ∈ ℝ|D|×df -dimensional matrices, i.e.

||
F = || Fi ,
||i
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Table 1  Different feature types considered by autoBOT
Feature generator type

Description

Word n-grams

words

Character n-grams

tuples of sequential characters
Keyword features
one or multi-term keyphrases
Relational features
globally close characters
POS n-grams
part-of-speech tags
Knowledge graph features grounded relations
Document embeddings
document embeddings (distributed memory - DM)
Document embeddings
document embeddings
(distributed bag of words DBOW)

Data type

Feature type

Sparse

raw text

symbolic

yes

raw text

symbolic

yes

graph-based token paths
distance relation
grammatical
semantic
embedding

symbolic
symbolic
symbolic
symbolic
sub-symbolic

yes
yes
yes
yes
no

embedding

sub-symbolic no

where i denotes the i-th feature type, and |||| denotes concatenation along the separate columns. The matrix is next normalized (L2, row-wise), as is common practice in text mining.
Types of features considered by autoBOT are summarized in Table 1.
The considered features, apart from the relational ones and document embeddings, are
subject to TF-IDF weighting, i.e.,
�
�
�
�D�
TF-IDF(t, m) =
𝟙[j = t] ⋅ log ∑
,
(1)
k∈D 𝟙[t ∈ k] + 1
j∈m

where t is a token of interest and m the document of interest. The D is the set of all documents. While word and character n-grams, POS tags as well as document embeddings2 are
commonly used, the relational, knowledge graph-based and keyword-based features are a
novelty of autoBOT discussed below.
Relational features. One of the key novelties introduced in this paper is the relational feature construction method, summarized as follows. Consider two tokens, t1 and
t2. autoBOT already considers n-grams of length 2, which would account for patterns
of the form (t1,t2). However, longer-range relations between tokens are not captured
this way. As part of autoBOT, we implemented an efficient relation extractor, capable of producing symbolic features described by the following (i-th) first-order rule:
Ri ∶= presentAtDistance(t1 , t2 , 𝛿(t1 , t2 )), where 𝛿 represents the average distance between
a given token pair across the training documents. Thus, the features represent pairs of
tokens, characterized by binary feature values, derived from the top dt=relational distances
(number of considered features) between token pairs. An example is given next.

2

See Le and Mikolov (2014) for an overview of the two embedding models used. The two namings, i.e.,
DBOW and DM are used in the state-of-the-art implementation in Khosrovian et al. (2008).
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Keyword-based features.
The second type of features introduced in this work are the features based on keywords.
Given a document, keywords represent a subset of tokens that are representative of the
document. There exist many approaches for keyword detection. For example, statistical
methods, such as KP-MINER (El-Beltagy and Rafea 2009), RAKE (Rose et al. 2010) and
YAKE (Campos et al. 2018), use statistical characteristics of texts to capture keywords.
On the other hand, graph-based methods, such as TextRank (Mihalcea et al. 2004), Single
Rank (Wan and Xiao 2008), TopicRank (Bougouin et al. 2013), Topical PageRank (Sterckx et al. 2015) and RaKUn (Škrlj et al. 2019) build graphs to rank words based on their
position in the graph. The latter is also the method adopted as a part of autoBOT for the
feature construction process, which proceeds in the following steps:
1. Keyword detection. First, for each class, the set of documents from the training corpus corresponding to this class are gathered. Next, keywords are detected by using the
RaKUn algorithm for each set of documents separately. In this way, a set of keywords
is obtained for each target class.
2. Vectorization. The set of unique keywords is next obtained, and serves as the basis for
novel features that are obtained as follows. For each document in the training corpus,
only the keywords from the subset of all keywords corresponding to the class with
which the document is annotated are recorded (in the order of appearance in the original document), and used as a token representation of a given document. This way, the
keywords specific for a given class are used to construct novel, simpler “documents”.
Finally, a TF-IDF scheme is adopted as for e.g., character or word n-grams, yielding n
most frequent keywords as the final features 3.
The rationale behind incorporating keyword-based features is that more local information,
specific to documents of a particular class is considered, potentially uncovering more subtle token sets that are relevant for the differentiation between the classes.
Knowledge graph-based features. A key novelty introduced as part of autoBOT is
the incorporation of knowledge-graph-based features. Knowledge graphs are large, mostly
automatically constructed relational sources of knowledge. In this work we explored how

3

The features, identified on the training set of data as relevant are also used to construct the test set’s
instances.
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Table 2  Considered relations. from ConcepNet considered by PropFOL
/r/Antonym

/r/AtLocation

/r/CapableOf

/r/Causes
/r/dbpedia/capital
/r/dbpedia/genus
/r/dbpedia/language
/r/dbpedia/product
/r/Entails
/r/ExternalURL
/r/HasContext
/r/HasPrerequisite
/r/InstanceOf
/r/MadeOf
/r/NotHasProperty
/r/PartOf
/r/SimilarTo
/r/UsedFor
/r/DefinedAs

/r/CausesDesire
/r/dbpedia/field
/r/dbpedia/influencedBy
/r/dbpedia/leader
/r/Desires
/r/EtymologicallyDerivedFrom
/r/FormOf
/r/HasFirstSubevent
/r/HasProperty
/r/IsA
/r/MannerOf
/r/NotUsedFor
/r/ReceivesAction
/r/SymbolOf
/r/MotivatedByGoal
/r/DerivedFrom

/r/CreatedBy
/r/dbpedia/genre
/r/dbpedia/knownFor
/r/dbpedia/occupation
/r/DistinctFrom
/r/EtymologicallyRelatedTo
/r/HasA
/r/HasLastSubevent
/r/HasSubevent
/r/LocatedNear
/r/NotDesires
/r/ObstructedBy
/r/RelatedTo
/r/Synonym
/r/NotCapableOf

ConceptNet (Speer et al. 2017), one of the currently largest freely available multilingual
knowledge graphs could be used to construct novel features of which scope extends the
considered data set4. We propose an algorithm for propositionalization of grounded relations, discussed next.
Assuming a collection of documents D, the proposed propositionalization procedure
identifies which relations, present in the knowledge graph, are also present in a given
k ∈ D. Let K = (N, E) represent the knowledge graph used, where N is the set of terms
and E the set of subject-predicate-object triplets, so that the subject and the object are two
terms. We are interested in finding a collection of features FKG (i.e. knowledge graph-based
features). We build on the late propositionalization ideas of Lavrač et al. (2020), where
zero-order logical structures are effectively used as features, that are automatically identified. We refer to the algorithm capable of such scalable extraction of first-order features as
PropFOL, summarised next. The key idea of PropFOL is related to grounding the triplets,
appearing in a given knowledge graph while traversing the document space. More specifically, each document k is traversed, and the relations present in each document are stored.
The relations considered by PropFOL are shown in Table 2. The PropFOL operates by
memorizing the collections of grounded relations in each k (document). Once the document corpus is traversed, the bags of grounded relations are vectorized in TF-IDF manner.
Finally, for each new document, two operations need to be conducted. First, the grounded
relations need to be identified. Second, the collection of relations is vectorized by using the
stored weights of the individual relations occurring based on the training data. The feature
construction algorithm is given as the Algorithm 1.

4

September 2020 version, found at https://github.com/commonsense/conceptnet5
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The algorithm consists of two main steps. First, the document corpus (D) is traversed
(line 4), whilst the relations are being recorded for each document (k). Once memorized
(for training data, line 7), a vectorizer is constructed, which in this work conducts TF-IDF
re-weighting (line 16) of first order features, and based on their overall frequency selects
the top n such features that shall be used during evolution. Note that this simple propositionalization scheme is adopted due to a large knowledge graph considered in this work,
as one of the key purposes of autoBOT is to maintain scalability (such graph can be processed on an off-the-shelf laptop). Note that in practice, even though millions of entities
and tens of millions of possible relations are inspected, the final collection of grounded
relations, particular to a considered data set, remains relatively small. In more detail, the
getAllTokens (line 2) method maps a given document corpus D to a finite set of possible
tokens (e.g. words). The obtained token base is retrieved for each document (k, line 7) via
getTokens method. The subset of tokens corresponding to a given document is next used to
extract a subgraph of the input knowledge graph K, corresponding to a given document.
This step is mandatory as the subgraph effectively corresponds to the set of triplets that are
used as features. The missing component at this point are the relations, which are retrieved
via the decodeToTriplet method (line 12). Such triplets represent potentially interesting,
background knowledge (K)-based features. In the final part of the algorithm, triplet sets
are processed as standard bags-of-items to obtain the real valued feature space suitable for
learning ( FKG).
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The following example demonstrates how the constructed features are obtained,
and what are the potentially interesting relations entailed by performing such feature
construction.

P

This type of feature construction is thus able to extract relations, otherwise inaccessible by conventional learners that operate solely based on e.g., word-based representations.
Even though current implementation of autoBOT exploits the ConceptNet knowledge
graph due to its generality, the implementation permits utilization of any triplet knowledge
base that can be mapped to parts of texts, and as such offers many potentially interesting
domain-specific applications.

3.2 Solution specification and weight updates
The key part of every genetic algorithm is the notion of solution (an individual). The solution is commonly represented as a (real-valued) vector, with each element corresponding
to the part of the overall solution. Let FT represent the set of feature types. The solution
vector employed by the autoBOT is denoted with SOL ∈ [0, 1]|FT| (|FT| is the number of
feature types).
Note that the number of parameters a given solution consists of is exactly equal to the
number of unique feature types (as seen in Table 1). The solution is denoted as:
[
]
SOL = w1 , w2 , … , w|FT| .
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟
Subspace weights

Thus, the solution vector of the current implementation of autoBOT consists of 8 (hyper)
parameters (for eight different feature types as seen in Table 1). Next, solution evaluation,
the process of obtaining a numeric score from a given solution vector is discussed.
Each solution vector SOL consists of a set of weights, applicable to particular parts of
the feature space. Note that the initial feature space, as discussed in Section 3.1, consists of
d features. Given the weight-part of SOL, i.e. [w1 , w2 , … , w|FT| ], we define with Iifrom and
Iito the two column indices, which define the set of columns of the i-th feature type. The
original feature space F is updated as follows:
I from to Iito

Fsi

from

= wsi ⊙ FIi

to Iito

.

(2)

where ⊙ refers to matrix-scalar product and s to a particular individual (updated feature
space). Note also that the superscript in the weight vector corresponds to the considered
individual. The union of the obtained subspaces represents the final representation used for
learning.
The key idea of autoBOT is that instead of evolving on the learner level, evolution is
conducted at the representation level. The potential drawback of such setting is that if
only a single learner was used to evaluate the quality of a given solution (representation),
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the fitness score (that in this work equals to the mean score obtained during a five-fold
cross validation on the training set) would be skewed. To overcome this issue, autoBOT—
instead of a single classifier—considers a wide spectrum of linear models parameterized
with different levels of elastic net regularization (trade-off between L1 and L2 norms) and
losses (hinge and log loss are considered). Being trained by the stochastic gradient descent,
hundreds of models can be evaluated in a matter of minutes, offering a more robust estimate of a given representation’s quality. Note that each solution is considered by hundreds
of learners, and there are multiple solutions in the overall population. More formally, we
denote with
[
]
Sc (F) = arg max SGD(SOL, h, F)
(3)
h
the optimization process yielding the best performing classifier when considering feature
space F , where SGD represents a single, stochastic gradient descent-trained learner parameterized via h (a set of hyperparameters such as the loss function and regularization). Note
that SGD considers the labeled feature space during learning.
A detailed specification of the family of linear models that are considered during fitness
computation are given in Section 4.2. We next discuss the final component of autoBOT
that can notably impact the evolution—the initialization. Let Ff represent a feature subspace (see Section 3.1 for details). The initial solution vector is specified as:

SOLinit = [Sc (Ff ) ⋅ U(0.95, 1.05)]f ∈FT .

(4)

Note the link to Equation 3: the vector consists of feature type-specific performances. The
U(a, b) represents a random number between a and b drawn from the uniform distribution.
This serves as noise which we add to prevent initialization of too similar individuals. As in
this work the F1 score is adopted for classifier performance evaluation, its range is known
(0 to 1), thus the proposed initialization offers stable initial weight setting5.

3.3 Dimension estimation
Commonly, dimension of a learned representation is considered as a hyperparameter. However, many recent works in the area of representation learning indicate that high-enough
dimension is a robust solution across multiple domains, albeit at the cost of additional
computational complexity. The proposed autoBOT exploits two main insights and adapts
them for learning from sparse data. The dimension estimation is parametrized via the following relation:

df = round(dd ∕s),
where df is the final dimension, dd the dense dimension and s the estimated sparsity. The
idea is that autoBOT attempts to estimate the size of the sparse vector space based on the
assumption that models that operate with dense matrices require dd dimensions for successful performance, and that s is the expected sparsity of the space produced by autoBOT.
In this work, we consider dd = 128 and s = 0.1, the dense dimension is based on the existing literature and s is low enough to yield a sparse space.

5

However, should a different custom score be used, it is not necessarily a sensible approach.
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3.4 Formulation of autoBOT
Having defined the key steps for evaluation of a single solution vector SOL, we continue
by discussing how such evaluation represents a part of the evolution process undertaken by
autoBOT. The reader can observe that the genetic algorithm adopted as part of autoBOT is
one of the simplest ones, introduced already in the 1990s (Davis 1991).

The key steps of autoBOT, summarized in Algorithm 2, are outlined below. They
involve initialization (line 2), followed by offspring creation (line 6). The two steps first
initialize a population of a fixed size, followed by the main while loop, where each iteration
generates a novel set of individuals (solutions), and finally (line 14) evaluates them against
their parents in a tournament scheme. Note that prior to being evaluated, each population
undergoes the processes of crossover and mutation (lines 7 and 10), where individuals are
changed either pointwise (mutation), or piecewise (crossover). Once the evolution finishes,
the HOF object (hall-of-fame) is inspected, and used to construct an ensemble learner that
performs classifications via a voting scheme. In this work, we explore only time-bound
evolution. Here, after a certain time period, the evolution is stopped. The more detailed
description of the methods in Algorithm 2 is as follows. The generateSplits method offers
the functionality to generate data splits used throughout the evolution. This step ensures
that consequent steps of evolutions operate on the same feature spaces and are as such
comparable. The generateInitial method generates a collection of real-valued vectors that
serve as the initial population as discussed in Equation 4. Next, the initializeRepresentation method constructs the initial feature space, considered during evolution. Note that
by initializing this space prior to evolution, the space needs to be constructed only once
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compared to the naïve implementation where it is constructed for each individual. The
mate and mutate methods correspond to standard crossover and mutation operators. The
evaluateFitness method returns real valued performance assessment score of a given representation.6 The updateHOF method serves as a storage of the best-performing individuals
throughout all generations, and is effectively a priority queue with a fixed size. The selectTournament method is responsible for comparisons of individuals and the selection of the
best-performing individuals that constitute the next generation of representations. Finally,
the trainFinalLearners method considers the best-performing representations from the
hall-of-fame, and trains the final classifier via extensive grid search.
We next discuss the family of linear models considered during evolution. Note that the
following optimization is conducted both during evolution (line 13) and final model training (line 16). The error term considered by stochastic gradient descent is:

Err(w, b) =

]
[
|D|
|D|
|D|
∑
1−𝛽 ∑ 2
1 ∑
|wi | ,
L(yi , wT xi + b)) +𝛼
wi + 𝛽
|D| i=1
2 i=1
i=1
⏟⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟ ⏟⏞⏟⏞⏟
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Loss term

L2

L1

where y is the target vector, xi the i-th instance, w is a weight vector, L is the considered
loss function, and 𝛼 and 𝛽 are two numeric hyperparameters: 𝛼 represents the overall weight
of the regularization term, and 𝛽 the ratio between L1 and L2. The loss functions considered are the hinge and the log loss, discussed in detail for the interested reader in Friedman
et al. (2001).

3.5 Theoretical considerations and explainability
We next discuss relevant theoretical aspects of autoBOT, with the focus on computational
complexity and parallelism aspects, as the no-free-lunch nature of generic evolution as
employed in this work has been previously studied in other works (Wolpert and Macready
1997; English 1996). In terms of computational complexity, the following aspects impact
the evolution the most:
Feature construction. Let 𝜏 represent the number of unique tokens in the set of documents D. Currently, the most computationally expensive part is the computation of keywords, where the load centrality is computed (Škrlj et al. 2019). The worst case complexity of this step is O(𝜏 3 ) – the number of nodes times the number of edges in the token
graph, which is in the worst case 𝜏 2. Note, however, that such scenario is unrealistic, as
real-life corpora do not entail all possible token-token sequences (Zipf’s law). The complexities of e.g., word, character, relational and embedding-based features are lower. Additionally, the features based on the knowledge graph information also contribute to the
overall complexity, discussed next. Let E(K) denote the set of all subject-predicate-object
triplets considered. The propFOL (Algorithm 1) needs to traverse the space of triplets only
once (O(|E(K)|)). Finally, both of the mentioned steps take additional |D| steps to read the
corpus. We assume the remaining feature construction methods are less expensive.
Fitness function evaluation. As discussed in Section 3.2, evaluation of a single
individual that encodes a particular representation is not conducted by training a single

6

Note that each representation is evaluated by training a collection of linear classifiers in a cross-validation
setting.
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learner, but a family of linear classifiers. Let the number of models be denoted by 𝜔 , the
number of individuals by 𝜌 , and the number of generations by |G| (G is a set of aggregated evaluations for each generation). The complexity of conducting evolution, guided
by learning, is O(𝜌 ⋅ 𝜔 ⋅ |G|).
Initial dimensionality estimation. The initial dimensionality is computed via a linear equation, and is O(1) w.r.t. the |FT| (number of feature types).
Space complexity. When considering space complexity, we recognize the following aspects as relevant. Let |I| denote the number of instances and |FT| the number of
distinct feature types. As discussed in Section 3.1 the number of all features is denoted
with da , the space required by the evolution is O(|I| ⋅ da ⋅ 𝜌). In practice however, the
feature space is mainly sparse, resulting in no significant spatial bottlenecks when tens
of thousands of features are considered.
The individual computational steps considered above can be summarized as the following complexity:

O( |D| + 𝜏 3 + |E(K)| + 𝜌 ⋅ 𝜔 ⋅ |G|).
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟ ⏟⏞⏞⏟⏞⏞⏟
Representation construction

Evolution

We next discuss how autoBOT computes solutions in parallel, offering significant speedups when multiple cores are used. There are two main options for adopting parallelism
when considering simultaneously both the evolution and learning. The parallelism can be
adopted either at the level of individuals, where each CPU core is occupied with a single
individual, or at the learner level, where the grid search used to explore the space of linear
classifiers is conducted in parallel. In autoBOT, we employ the second option, which we
argument as follows. Adopting parallelism at the individual level implies that each worker
considers a different representation, thus rendering sharing of the feature space amongst the
learners problematic. However, this is not necessarily an issue when considering parallelism at the level of learners. Here, individuals are evaluated sequentially, however, the space
of the learners is explored in parallel for a given solution (representation). This setting,
ensuring more memory efficient evolution, is implemented in autoBOT. Formally, the space
complexity, if performing parallelism at the individual’s level rises to O(c ⋅ |I| ⋅ d𝛼 ⋅ 𝜌),
which albeit differing (linearly) only by the parameter c (the number of concurrent processes), could result in an order of magnitude higher memory footprint (when considering
autoBOT on a e.g., 32 core machine). The option with sequential processing of the individuals but parallel evaluation of learners remains of favourable complexity O(|I| ⋅ d𝛼 ⋅ 𝜌)
(assuming shared memory). An important aspect of autoBOT is also explainability, which
is discussed next.
As individual features constructed by autoBOT already represent interpretable patterns (e.g., word n-grams), the normalized coefficients of the top performing classifiers
obtained as a part of the final solution can be inspected directly. However, in practice,
this can result in manual curation of tens of thousands of features, which is not necessarily feasible, and can be time consuming. To remedy this shortcoming, autoBOT’s
evolved weights, corresponding to semantically different parts of the feature space can
be inspected directly. At this granularity, only up to e.g., eight different importances
need to be considered, one per feature type, giving practical insights into whether the
method, for example, benefits the most by considering word-level features, or it performs better when knowledge graph-based features are considered. In practice, we
believe that combining both granularities can offer interesting insights into the model’s
inner workings, as considering only a handful of most important low-level (e.g., n-gram)
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features can also be highly informative and indicative of the patterns recognized by the
model as relevant.
Finally, autoBOT also offers direct insights into high-level overview of what types of
features were the most relevant. We believe such information can serve for transfer learning purposes on the task level, which we explore as part of the qualitative evaluation.

3.6 How successful was evolution?
Quantification of a given evolution trace, i.e. fitness values w.r.t generations has been
previously considered in Beyer et al. (2002), and even earlier in Rappl (1989), where the
expected value of the fitness was considered alongside the optimum in order to assess how
efficient is the evolution, given a fixed amount of resources. To our knowledge, however,
the scores were not adapted specifically for a machine learning setting, which we address
in the heuristic discussed next. We remind the reader that G = (perf(i))i represents a tuple
denoting the evolution trace – the sequence of performances. Each element of G is in this
work a real valued number between 0 and 1. Note that the tuple is ordered, meaning that
when moving from left to right, the values correspond to the initial vs. late stages of the
evolution’s performance. Further, the perf(i) corresponds to the maximum performance in
each generation. Let maxg (G) denote the maximum performance observed in a given evolution trace G. Let arg max g (G) represent the generation (i.e. evolution step) at which the
maximum occurs. Finally, let |G| denote the total number of evolution steps. Intuitively,
both the maximum performance, as well as the time required to reach such performance (in
generations) need to be taken into account. We propose the following score:
)
(
arg max g (G)
1−
GPERF(G) = max(G) ⋅
.
g
|G|
⏟⏟⏟
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Top score

How late it converged to the top score?

Intuitively, the score should be high if the overall performance is good and evolution found
the best performing solution quickly. On the other hand, if all the available time was spent,
no matter how good the solution, the GPERF will be low. Note that the purpose of GPERF
is to give insights into the evolution’s efficiency, which should also take into account the
time to reach a certain optimum. If the reader is interested solely in performance, such
comparisons are also offered. Note that maxg (G) represents the best performing solution
obtained during evolution. The heuristic, once computed for evolution runs across different
data sets, offers also a potential insight into how suitable are particular classification problems for an evolution-based approach – this information is potentially correlated with the
problem hardness.

4 Experiments
In this section we present the considered data sets, the adopted baselines with corresponding hyperparameter settings and the hardware environment used to conduct the experiments. The data sets are discussed in Section 4.1, followed by the discussion of the baselines in Section 4.2. Finally, the used hardware and software are presented in Section 4.3,
followed by the evaluation in Section 4.4.
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4.1 Data sets
This section presents the data sets used for quantitative evaluation of the autoBOT’s performance. The data sets are summarized in Table 3. The selection of data sets spans from
sentiment classification (semeval data sets), to news classification (fox, bbc), as well as personality classification (mbti). The data sets span various numbers of documents, from a
few hundred to tens of thousands. The number of unique tokens represents the number of
tokens obtained by doing document splitting directly by whitespace. Furthermore, multiclass and binary classification are considered.

4.2 Classifiers tested and hyperparameter settings
We next discuss the baseline approaches and configurations of autoBOT tested in this
work. We divide baselines into the following main groups.
Manually tuned linear models. The first branch of models are linear classifiers, i.e. support vector machines (SVM) (Chang and Lin 2011) and logistic regression (LR), fine tuned
across manually specified regularization ranges. The regularization of SVM and LR classifiers was in the range [0.1, 0.5, 1, 5, 10, 20, 50, 100, 500]. Each of the two learners was
tested on word, character and word + character n-gram space. The feature space was normalized prior to learning.
Another autoML system. We considered TPOT, a state-of-the-art learner that adopts
evolution on the level of learners (it evolves tree ensembles). We used the default settings
on the word n-gram space, as this approach is not suitable for large sparse spaces.
Neural language models. Strong baselines, which operate with two orders of magnitude
more parameters were also considered. More specifically, we fine-tuned BERT (base) and
RoBERTa (base), two state-of-the-art language models for up to 20 epochs with early stopping, should the optimization converge faster. The hyperparameters for the two language
models were left to defaults7.
Representation-specific baselines. One of the key experiments needed to be conducted
in order to assess the performance of the evolution was that of establishing baselines that
learn directly from the constructed representation, however are not subject to iterative reweighting of the feature space. To address this problem, we implemented a cartesian product of representation-learner baselines, that offer a solid estimation of how far can e.g., a
SVM get by using only the initial autoBOT representation (but no evolution). The implemented classifiers are (as named in figures): autoBOT-svm-neural (only embeddings +
SVM), autoBOT-svm-neurosymbolic (full feature space + SVM), autoBOT-svm-symbolic
(symbolic features + SVM), and autoBOT-lr-neural (only embeddings + LR), autoBOTlr-symbolic (symbolic features + LR) and autoBOT-lr-neurosymbolic (full feature space +
LR).
Other baselines. We implemented a stratified majority classifier8.
Having discussed the baseline approaches, we next discuss the considered variants
of autoBOT. The main hyperparameters of evolution that we explored were the mutation rate and crossover rate. The mutation rates were varied in the range [0.3, 0.6, 0.9]
and the crossover rates in the range [0.3, 0.4, 0.6, 0.9]. The tournament size was set to

7
8

https://github.com/ThilinaRajapakse/simpletransformers
https://scikit-learn.org/stable/modules/generated/sklearn.dummy.DummyClassifier.html, default option
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3946
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17000
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semeval-2017-sentiment
bbc
subjects
fox-news
insults
questions
mbti
yelp
hatespeech
semeval2019
sentimix
articles
sarcasm

h

g

f

e

d

c

b

5144
73491
132996
220063
36021
13279
572269
125446
30555
53693
89694
285167
58779

46189

Unique tokens

https://competitions.codalab.org/competitions/20654

https://sites.google.com/site/offensevalsharedtask/olid

https://github.com/aitor-garcia-p/hate-speech-dataset

https://www.ics.uci.edu/ vpsaini/

https://www.kaggle.com/datasnaek/mbti-type

https://www.kaggle.com/c/detecting-insults-in-social-commentary/overview

https://www.kaggle.com/deepak711/4-subject-data-text-classification

https://bitbucket.org/ssix-project/semeval-2017-task-5-subtask-2/src/master/

462

kenyan

a

Documents

Data set

Table 3  Summary of the considered data sets

4
4
4
7
2
6
16
5
4
2
3
20
2

2

Unique labels
Sentiment prediction
News category prediction
Topic prediction
News topic prediction
insult prediction
Question types
Personality type prediction
Review prediction
Hate speech prediction
Offensive language prediction
Sentiment prediction
Objectivity prediction
Sarcasm prediction

News source prediction

Task

Hajj et al. (2019)
Misra and Arora (2019)

h

Zampieri et al. (2019)g

f

e

Li and Roth (2002)
Myers (1962)d

c

Qian and Zhai (2014)

b

Nakov et al. (2013)a
Greene and Cunningham (2006)

Pollak et al. (2011)

Source
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be integer-rounded one third of the number of individuals. Three main variants of autoBOT are reported, i.e. autoBOT-neurosymbolic, a variant where document embeddings are
evolved along with the symbolic part of the feature space and autoBOT-symbolic, a variant where the document embeddings are omitted (see Table 1). Further, autoBOT-neural
evolves only the two neural representations. The time for evolution was set to 8h per data
set. The time was selected from a practical viewpoint; leaving an autoML running during
the night instead of having an idle machine is an option that does not require any additional
time allocation at the user side. The population sizes were set to 8, the same number as the
number of available cores for parallel evolution (with minimal overhead). The spectrum of
linear models, evaluated during fitness evaluation was specified as follows9. The loss functions considered were the hinge and the log loss. The learning rate of stochastic gradient
descent was set to a value from the set {0.01, 0.001, 0.0001}. The elasticnet penalty was
adopted, where the ratio between L1 and L2 terms was varied in the range [0, 0.1, 0.5, 0.9,
1]. Here, if this ratio was 0, the penalty would be L2, however, if the ratio was 1, L1 penalty (lasso) would be adopted.
Finally, we discuss the data set splits considered used to evaluate the aforementioned
approaches. Three different splits used for evaluation are discussed next. Each data set was
split to 60% training, 20% validation and 20% testing, where the validation set was used to
e.g., stop the training early on convergence when considering language models, however,
as autoBOT employs cross-validation for determining the best learners, training and validation were merged—a similar scenario is computationally not feasible for language models.

4.3 Hardware and software used
The experiments were conducted using the SLING supercomputing architecture10. Each
run was given at most 16GB of ram and 8CPU cores. autoBOT was implemented as a
CPU-parallel procedure, and does not need GPU accelerators.
Additional information on the hardware used is accessible in Appendix 1. For language models benchmarks, however, specialized hardware Nvidia Tesla GPUs with 32GB
of RAM (GPU) and 128GB of RAM (CPU) was used. Intentionally, we minimized the
number of dependencies. Hence, Scikit-learn was used to fit linear classifiers (highly optimized) (Pedregosa et al. 2011), evolution primitives from the DEAP library (De Rainville
et al. 2012) were used, and for matrix subsetting and similar linear-algebraic operations,
Scipy library was adopted (Virtanen et al. 2020). The NLTK library was used for part-ofspeech tagging and language parsing (Bird et al. 2009). The GENSIM library was used
to obtain document embeddings (compiled versions of the algorithms) (Khosrovian et al.
2008). The language model baselines were implemented by using the PyTorch-transformers library (Wolf et al. 2020).

4.4 Evaluation of the results
Throughout the experiments we adopted the micro F1 score for multiclass classification
and F1 score for binary classification. As critical distance diagrams (Demšar 2006) are
currently one of the only alternatives for simultaneous comparison of multiple classifiers

9
10

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.SGDClassifi er.html
http://www.sling.si/
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Fig. 2  Critical distance diagrams showing average ranks based on the F1 scores

across multiple data sets, we report the results by using these diagrams (for F1 and accuracy, separately) as they offer a more compact view compared to tabular results (which are
reported in Appendix 2. The distance diagrams are interpreted as follows. The black lines
denote the average ranks. The lower the average rank, the better the classifier. The red lines
join all classifiers which are according to Friedman-Nemenyi testing part of the same significance class – there are no significant differences in their performance at ( p = 0.05). We
interpret the diagrams in alignment with the tabular results. In terms of GPERF, we visualize distributions for different data sets—such visualizations offered insights into which data
sets are, given the same resources, easier or harder for the conducted evolution.

5 Results
In this section we discuss the results of empirical evaluation. We first report on classification performance in Section 5.1, followed by qualitative exploration of possible transfer
learning properties of autoBOT in Section 5.2, an explainability case study in Section 5.3,
and case studies of evolution’s behavior in Section 5.4.

5.1 Classification performance
We summarize the F1 and accuracy-based performances in the form of critical distance
diagrams, shown in Figures 2 and 3, and tabular results, shown in Tables 5 and 6 in
Appendix 2. We report the results for the best performing evolution hyperparameter settings which were the mutation rate of 0.3 and the crossover rate of 0.9. It can be observed
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Fig. 3  Critical distance diagrams showing average ranks based on the Accuracy scores

that the proposed autoBOT-neurosymbolic performs competitively to the other stateof-the-art approaches, even though it is outperformed by BERT (and to some extent by
RoBERTa). Surprisingly, the symbolic-only version of autoBOT (autoBOT-symbolic) is
also highly competitive. The performance is similar if compared against TPOT, and significantly higher than the weak baselines such as the majority classifier (the red lines do not
join the classifiers). We also observe that RoBERTa (125M parameters) performed marginally worse than BERT (110M parameters), which we believe is due to the fact that we did
not perform extensive hyperparameter search, especially exploring various regularization
settings. Another interpretation of this result is that due to the large number of parameters, overfitting on the validation set occurred. Such behavior can be problematic for low
resource scenarios where many classes are predicted (e.g., mbti). Current results indicate
that language models perform sub-optimally, if multiple classes are considered (e.g., five
or more), however, the results could also be due to the class imbalance, which is present in
the most multiclass problems.
The overall performance can be, based on the diagrams, summarised as follows. The
neural language models, as discussed, on average out-perform other approaches. The proposed autoBOT variants including either the combination of symbolic and non-symbolic
features (autoBOT-neurosymbolic) and only symbolic features (autoBOT-symbolic) are
ranked next, performing on average better than e.g., TPOT (autoML baseline) and other
variants of linear learners trained on the constructed representation, which, however, do
not consider the evolved representation. The LR (char + word) baseline performed surprisingly well, and was, out of the weaker baselines, out-performed only by the symbolic
feature space of autoBOT + SVM classifier (autoBOT-svm-symbolic). The doc2vec-only
representations were amongst the worst-performing ones (doc2vec (svm) and doc2vec
(lr)), indicating their potential complementarity with symbolic features (as observed
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in e.g., autoBOT-base-neurosymbolic). Interestingly, if the two neural representations
were evolved, the performance increased, however did not reach the neuro-symbolic
combinations.
In terms of the performance across individual data sets, we highlight the following
observations. The news-based data sets were rather easy to classify – in e.g., bbc, the
strong learners all achieved around 99% accuracy. The data sets, where the discrepancy
was larger, are for example the ones with more classes. One such example is the mbti,
where TPOT outperformed the other learners, however was followed closely by the autoBOT-symbolic variant. On data sets such as sarcasm, the discrepancy between the neural
language models and other types of methods was the largest. For example, BERT and RoBERTa achieved > 90% accuracy, the closest autoBOT implementation was again the symbolic one which scored with 82%, which is substantially lower. Interestingly, on the data
sets with a large number of instances, the proposed autoBOT came within two percentage
points w.r.t. the neural language models. Finally, when considering the hatespeech data
set, the proposed autoBOT performed on par with neural language models, albeit being
completely explainable, which can be the decision factor when deploying a model on a this
type of task. Overall, the clear win of neural language models is in alignment with previous
work (e.g., Devlin et al. (2019)), where such models performed very well across a spectrum of multiple tasks. In terms of the interpretable methods, autoBOT was shown to offer
a viable alternative a user can obtain with minimal input (and setup), and no specialized
hardware (GPUs in this case).

5.2 Towards meta transfer learning
As the proposed approach yields solution vectors that uniquely determine the importance
of each type of features, we explored further whether the obtained solution vectors share
properties across similar data sets. The clustered solution space is shown in Figure 4. The
colors represent the scale of solution weights—weights that correspond to the individual
feature types.
We observe that distinct clustering patterns emerge, roughly grouping the data sets
based on the type of classification task. For example, the yelp and bbc data sets appear
to have similar solutions, similarly the insults, questions and the sarcasm data sets. As
we conducted two-way (hierarchical) clustering, insights into relations between types can
also be observed. The POS and relational features appear to have the most in common,
and similarly word-, character- and the keyword-based features. The two types of document embeddings behave similarly, and were recognized by autoBOT as such, which is
an expected result that validates the purpose of such visualization. The image also offers
insights into the question whether the embedding-based representations are always useful (assuming high weights correspond to relevance). For data sets such as sarcasm and
insults, keyword and word-level features emerged with higher weights, however, when considering for example the yelp data set, the embedding-based representation appears to have
had the most impact on the success of learning. Another apparent benefit of such visualization is the inspection of how relevant a given feature type is across multiple data sets.
Current results indicate that POS tag-based features and the relational features appear to
improve the predictive performance very selectively. For example, the POS tags appear to
work well when considering the sarcasm data set, and relational features help, albeit moderately, when considering semeval2019 and hatespeech data sets. We believe the visualizations like the proposed one are a very transparent option for efficient exploration of which
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Fig. 4  Similarity of the solution vectors across considered data sets. It can be observed that data sets related
to similar tasks group together, indicating potential transfer learning possibilities at the evolution solution
level. The importances were re-scaled to 0-1 range

feature types carry the most information, and could be potentially further inspected (or
extended). Current results indicate that the observed clustering is related to the properties
of the addressed task (e.g., embedding relevance for bbc, yelp and the articles)

5.3 Explainability
One of the key features of autoBOT is its two-level transparency scheme. The first level
corresponds to weights, representing parts of a given feature space, and can be used to
understand what autoBOT emphasizes across data sets (Figure 4). However, autoBOT
can also offer direct importances, based on the absolute coefficients of linear classifiers
employed. An example for the bbc data set is given in Table 4. The tokens such as “blair”,
“election” and similar emerged as the most relevant, which is in alignment with the task
that addresses differentiation between the topics. Note that proper nouns (nnp – noun-nounpronoun), either one or two in a sequence, were found to be the most relevant POS tags.
The table demonstrates that even though importances can be computed for each feature
separately, if the feature itself is non-symbolic, such feature importances contribute very
little to the interpretation (or nothing at all). Hence, we see token or knowledge graph-level
features as the most relevant when attempting to interpret what impacts the autoBOT’s
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mr : 0.03
fil : 0.03
mr : 0.03
mus : 0.02
mus : 0.02

5
6
7
8
9

mr howard : 0.04
rail : 0.04
wto : 0.04
big brother : 0.03
hunt : 0.03

mr brown : 0.07
drug : 0.05
mr blair : 0.05
g8 : 0.04
blackpool : 0.1
party : 0.1
straw : 0.09
athletes : 0.08
committee : 0.08

music : 0.16
brown : 0.14
election : 0.12
athletics : 0.1

ilm : 0.04
mr : 0.03
fil : 0.03
mr : 0.03

1
2
3
4
ex : 0.0
in : 0.0
nn : 0.0
pos : 0.0
rp : 0.0

nns : 0.02
cd : 0.0
rb : 0.0
cc : 0.0
a–9–o : 0.2
s–7–i : 0.2
–2–r : 0.18
s–6–t : 0.18
p–2–n : 0.18

–2–n : 0.29
e–8–l : 0.21
u–2–c : 0.2
–3–l : 0.2

hascontext (fall,uk) : 0.03
hascontext (mr,uk) : 0.02
relatedto (minister,british) : 0.02
relatedto (secretary,government)
: 0.02
synonym (minister,secretary) : 0.02
synonym (movie,film) : 0.02
usedfor (film,movie) : 0.02
hascontext(average,uk) : 0.01
hascontext(chancellor,britain) :
0.01

atlocation(committee,government)
: 0.03

Relational features KG features

nnp nnp : 0.02 –2–e : 0.4

blair : 0.16

film : 0.04

0

iaaf : 0.12

keyword features POS features

Index Char features Word features

4361 : 1.05
4601 : 1.03
671 : 1.02
4061 : 1.0
3711 : 0.95

3731 : 1.21
1021 : 1.15
4241 : 1.13
1211 : 1.09

1951 : 1.37

4240 : 0.97
4280 : 0.95
380 : 0.94
780 : 0.91
2800 : 0.91

1420 : 1.18
1960 : 1.09
80 : 0.99
4730 : 0.98

3620 : 1.19

Neural features v1 Neural features v2

Table 4  Top six features for different feature subspaces (bbc data set). The row index corresponds to considered feature types, columns are top six features. Each cell consists
of the feature name and the absolute importance extracted with autoBOT. Note that even though importances can be extracted for the embedded space, they are not informative—these features are only numbered dimensions. Note that e.g., char-based features appear the same, as the difference can be in the whitespace next to a given token (part
of the feature)
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Fig. 5  GPERF across considered data sets. The standard deviations entail different hyperparameter settings
(mutation, crossover)

decisions. Further, the proposed ConceptNet features also offer interesting insight into
what predicates emerged as the most relevant. For example, synonym(movie, film) indicates
the relevance of synonyms, however, the hascontext(fall, uk) offers insight into symbolic
context, previously not considered in such setting.

5.4 The Evolution’s behavior
We next present aggregations of autoBOT’s GPERF scores when varying the evolution
hyperparameters in Figure 5.
We observe the following. There exist distinct distribution differences among the data
sets. For example, the articles and subjects data sets, and also bbc are characterized with
high GPERF scores. On the other hand, yelp, insults and semeval2019 data sets are on
the lower end of the spectrum. As GPERF considers both the percentage of generations
needed to convergence, as well as performance, we conjecture that the data sets with high
GPERF are indeed easier to learn. For example, when considering bbc, both the F1 scores
are above 95%, and also converge to the final maximum in the first couple of generations.
In contrast, we observe gradual evolution when considering e.g., the insults data set,
and when this information is combined with the fact that F1 scores for this data set are
lower than e.g., when considering bbc, we can conclude that this data set is harder to
learn from and requires more time (generations). Another observation is that fox, bbc
and subjects data sets are all focusing on topic prediction, where word-level semantics (and keywords) can play a dominant role. Note that comparison of multiple data

13
76 of 94

ICT-29-2018

D4.5: Final multilingual linking technology

Machine Learning

Fig. 6  Relation between GPERF and the crossover and mutation hyperparameters of evolution. Mutation of
0.3 and crossover of 0.9 offer a good trade-off between performance and evolution convergence, and were
considered as the default setting

sets yields different distributions even if only performances are considered—the GPERF
only offers additional insight into the nature of the evolution trace that led to a certain performance. For example, the semeval2019’s GPERF is very low, even though its
final F1 performance is around 60%. We believe GPERF (or its variants) could serve
for inspecting how the evolution progresses and potentially serve as a mechanism for
automatic stopping, however we leave such evaluation for further work. Note also, that
if autoBOT would be expected to perform well on a particular collection of data sets
of the same type, this type of measurement (and visualization) would offer immediate
insight into its success (e.g., detection of insults, hate speech and fake news) and potentially interesting task hardness ranking.
We next discuss the behavior of the two main hyperparameters; the crossover and
mutation, on the GPERF score in Figure 6. It can be observed that very high mutation
rates result in, on average, lower GPERF scores (0.3 and 0.6 yield similar results). On
the contrary, current results indicate that high crossover values are beneficial for the
considered problem setting.
In Figure 7 we present the interesting evolution traces we observed and discuss their
implications. The figure shows four distinct evolution traces we observed when further
investigating the conducted experiments. One of the key observations is that a fixed
amount of time (8 hours) is not necessarily enough, and can vary highly when considering different data sets. For example, the kenyan data set appears relatively simple
compared to e.g., the semeval2019 data set, when gradual progress is observed, however there is no visual evidence of convergence (evolution, when considering the kenyan data set, converges rather quickly in the first 10% of generations). An interesting
trace was observed when considering the insults data set, where at first larger performance increases were observed, however, when a certain point was reached, only minor
improvements were present. Even though not systematically addressed, the results indicate neuro-symbolic learning is subject to faster convergence. Further, we acknowledge
the existence of many approaches that could help with further analysis of such traces
(e.g., Eiben et al. (1990)), however we consider them for further work, as the purpose
of this paper was to evaluate whether autoML systems for text are feasible at all and in
what scenarios.
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Fig. 7  Examples of evolution traces. The blue lines represent mean and red ones maximum fitness values.
It can be observed (c,b) that in some cases, the dedicated evolution time of 8 hours, was not necessarily
enough to achieve convergence. On the other hand, as seen for example when considering the kenyan data
set (d), relatively fast convergence is observed due to a relatively simple classification task. The evolution
either gradually unveils a relevant representation (b), or in a few generations, as can be seen in (d)

6 Discussion and conclusions
The focus of this paper is the proposed autoBOT system for automatic learning of classifiers and representations for texts. We demonstrate the system’s competitive performance
on multiple data sets, when compared to strong baselines such as other autoML systems
or neural, transformer-based language models. We additionally investigate the evolution’s
behavior for selected examples, showing that instead of evolving a heterogeneous ensemble
of learners, as performed by existing state-of-the-art approaches, evolution on the representation level proves to be a feasible and computationally more sensible option.
The proposed autoBOT system currently considers six symbolic and two non-symbolic
document representations, however it is by no means limited to feature types considered in this work—these were selected to take multiple possible text representations into
account, as well as to explore potentially interesting implications for meta transfer learning, where the solution vectors could be directly transferred across similar problems. As
part of the future work, we believe incorporation of translational distance-based features
could also be a promising approach. Here, a feature would be a conjunct of e.g., pairs of
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presentAtDistance predicates, which approximate the distance between the considered pair
of tokens. This type of features could potentially entail more complex relations between
tokens that can be otherwise hard to detect.
The proposed autoBOT approach can also be considered in analogy to the attention
mechanism, used in contemporary transformer-based architectures (Devlin et al. 2019).
The neural attention, during backpropagation, prioritizes parts of the byte pair encoded
space, yielding sparse signals that are highly dependent on the context. The evolution, as
implemented in this work, effectively optimizes a single vector of weights, each corresponding to a particular collection of features. Similarly to the attention, however, particular collections are left out (e.g., character-level features when considering semantics-rich
texts). In this way, the evolution is responsible for distillation of the feature space (and not
backpropagation). Finally, we believe that also the granularity of the considered space is
different. While the attention mechanism emphasized e.g., individual tokens (or pairs), the
autoBOT importances are related to larger feature subsets related to feature types.
Even though the proposed implementation of autoBOT is not meant for online execution, a
potentially interesting research direction would be its adaptation for operation with e.g., data
streams. Here, we see two main opportunities on how this setting could be considered. First,
the existing, pre-initialized evolution weight space could be used to evolve a collection of classifiers just for a few iterations, potentially adapting to the new properties of the data, and second, as the learners are trained with stochastic gradient descent, their weights could be updated
in a minibatch manner; in this scenario, the evolution iteration would not be considered after
each learning update but more seldom, lifting the potentially time expensive re-training.
The proposed dimensionality estimation procedure operates based on a simple assumption that there exist useful high-dimensional feature spaces that have the same memory
footprint as the commonly used low-dimensional ones (e.g., of size 128). This intuitively means that one can select the dimensions with the spatial footprint of a reasonable
size, e.g., a 128 dimensional dense representation (the dimension is a hyperparameter),
for which we already got an insight into its behavior on a given hardware. The estimation assumes the same dimension for all feature types, making it possible to happen that
e.g., there are fewer POS-based features than the estimated dimension permits. This could
be solved via some form of dynamic assignment procedure, despite the apparently low
expected effect on the overall performance.
In terms of computational load, we observed the following. As the proposed autoBOT
was developed with sparse representation structure in mind, its memory footprint never
exceeded that of available in individual cluster jobs (16GB). As the runtime is coupled
with the parameter denoting the time, current results indicate that in 8h (e.g., over-night),
autoBOT is able to find good classifiers, an explanation as to what are the relevant parts
of the feature space, and the features themselves that matter for the final classification.
We observed that even though TPOT performs competitively, it is not able to leverage the
sparseness of input matrices, resulting in potentially high memory overhead. Finally, as the
neural language models were evaluated on specialized hardware, and could not be easily
fine-tuned on an off-the-shelf laptop due to high working memory, disk and computation
requirements, we believe this branch of models does not cover all the low-resource scenarios in which symbolic or neuro-symbolic approaches should operate well.
In terms of explainability, the proposed autoBOT offers insight into feature type and
feature-level importances that are jointly learned. Potentially, a similar level of explainability can be obtained by combining explanations based on linear learners that learn based
on individual features in conjunction with learners that learn on the subspaces governed
by the separate feature types. The main difference between the two paradigms is that the
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feature-type weights are obtained by evolution, offering potentially easier incorporation
of additional type-related constraints or simultaneous consideration of multiple objectives
related to a given representation’s properties. The bags-of-features-based approaches can be,
on the contrary, faster and are potentially an interesting future research direction in terms of
weight screening prior to the main, more computationally intense evolution part. We leave
a more detailed study of the explanatory power and combinations of the two paradigms for
further work. Note that the evolution performs feature selection only in the scenario where
the weights are exactly zero (for a given type). This type of features will be omitted entirely
during classification (extreme feature discarding). In most of the experiments conducted to
this end, the evolution merely re-weighted parts of the feature space, which is used in a regularization-based approach (as part of the fitness function). Even though document embeddings could be obtained with existing language models, and potentially further improve the
performance, such implementation would defeat the current purpose of autoBOT, which
emphasizes low resource learning. To our knowledge current state-of-the-art language models (e.g., RoBERTa) are not yet necessarily suitable for commodity hardware, even though
due to increasingly more computational power, this statement might change in the future.
Overall, as autoBOT was built with modular representation learning in mind, should the
need arise, contextual document space could also be included as one of the considered feature types (see Section 3.1). Further, we observed that large language models struggle with
problems where the amount of data is not large, and there are many classes (e.g., mbti).
Such behaviour will be further studied, as it is not clear whether this is a general limitation.
One of the emphasis of this paper is autoBOT’s capability to operate on sparse spaces.
The sparsity of the considered document representations can be the result of two different
procedures. First, the classifier, evolved as part of the evolution is regularized so that it
potentially prunes out parts of the feature space. One of the classifiers explored as a part of
each individual is also lasso, hence the classifier-based sparseness is obtained if the classifier performs well. Further, sparseness can also be induced at the representation level by
the evolution itself; here, typed parts of the feature space can be jointly neglected (weight
= 0) if e.g., character-based features are non-informative.
Current autoBOT implementation considers very basic evolution principles, known for
at least 30 years. This choice is intentional, aiming to demonstrate that by considering a
simple tournament-based evolution with mutation and crossover, the system already offers
competitive performance. An apparent direction of future work is thus to explore more
advanced evolution schemes, including the exploration of Pareto optimal representations
(as for example discussed by Deb and Jain (2013))—simultaneous optimization of multiple
metrics could be beneficial in many real-life scenarios (Ishibuchi et al. 2008), and shall be
considered in future work.
Another design choice of autoBOT was the adoption of simple, well regularized linear learners instead of more computationally intensive ones. This choice was due to the
emphasis on representation evolution, which can otherwise be out-sourced to the model
itself (e.g., with deeper neural network models). Furthermore, the current implementation
of autoBOT offers relatively simple (drop-in replacement) exploration of more involved
models, which we leave for further work.
Finally, as the main result of this work we recognize the autoBOT’s performance to
offer reasonable results with zero human hyperparameter tuning, while at the same time
offering insights into which parts of the input space, either at the level of feature types,
or at the level of individual features is relevant. Even though we employed simple coefficient normalization, we believe importance assessment can already be useful for low-risk
scenarios such as e.g., model debugging for news classification, however more involved
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normalization schemes with statistical guarantees should be adopted if systems of this type
were to be used in more high-risk (e.g., biomedical) domains. The proposed implementation offers a straightforward way of obtaining relatively strong classifiers with as little
human input as possible, whilst remaining interpretable.

Appendix 1: Hardware used for neural language model training
The following is the hardware specification of the machine used for training neural language models. Note that GPUs were not used for autoBOT, as it performs as a parallel, CPU-only algorithm.
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hatespeech

insults

kenyan

mbti

pan-2017 questions sarcasm

semeval-2017

robertabase
TPOT
doc2vec
(lr)
doc2vec
(svm)
autoBOTlr-neural
autoBOTsvmneural

SVM
(word)
LR (char)
SVM
(char)
LR (char
+ word)
SVM
(char +
word)
bert-base

0.81 (0.0) 0.98 (0.0) 0.84 (0.01) 0.82 (0.0)

0.81 (0.0) 0.99 (0.0) 0.85 (0.0) 0.81 (0.0)

0.64 (0.0) 0.97 (0.01) 0.7 (0.01) 0.82 (0.0)

0.64 (0.0) 0.97 (0.0) 0.93 (0.01) 0.84 (0.0)
0.65 (0.0) 0.98 (0.01) 0.77 (0.01) 0.82 (0.0)

1.0 (0.0) 0.89 (0.01)

0.82 (0.0) 0.99 (0.0)

0.67
(0.01)
0.67
(0.25)
0.40 (0.0)
0.36
(0.01)
0.39 (0.01) 0.95 (0.01) 0.5 (0.01) 0.79 (0.22) 0.54 (0.01) 0.76 (0.0) 0.34 (0.0) 0.37
(0.01)
0.28 (0.02) 0.95 (0.0) 0.57 (0.0) 0.83 (0.21) 0.53 (0.01) 0.7 (0.0) 0.45 (0.0) 0.36
(0.01)
0.49 (0.01) 0.97 (0.0) 0.59 (0.01) 0.82 (0.19) 0.56 (0.0) 0.74 (0.0) 0.47
0.48
(0.01)
(0.01)

0.78 (0.01) 1.0 (0.02) 0.33 (0.09) 0.68 (0.16) 0.96 (0.0) 0.92 (0.0) 0.67
(0.01)
0.77 (0.01) 0.99 (0.02) 0.26 (0.07) 0.69 (0.15) 0.96 (0.0) 0.93 (0.0) 0.71
(0.13)
0.62 (0.01) 0.97 (0.0) 0.67 (0.01) 0.82 (0.22) 0.82 (0.0) 0.8 (0.0) 0.53 (0.0)
0.39 (0.01) 0.97 (0.01) 0.54 (0.01) 0.81 (0.23) 0.47 (0.0) 0.75 (0.0) 0.34 (0.0)

1.0 (0.0) 0.88 (0.0)

0.8 (0.04) 0.54 (0.0) 0.56
(0.03)

0.84 (0.0) 0.99 (0.0)

0.5 (0.0) 0.75 (0.21) 0.78 (0.0)

0.59 (0.01) 0.97 (0.0)

0.64 (0.0) 0.95 (0.0) 0.88 (0.0) 0.81 (0.0)

0.7 (0.0) 0.96 (0.0) 0.86 (0.0) 0.83 (0.0)

0.68 (0.0) 0.95 (0.0) 0.8 (0.0) 0.83 (0.0)
0.69 (0.0) 0.94 (0.0) 0.82 (0.0) 0.83 (0.0)

0.63 (0.0) 0.96 (0.0) 0.86 (0.0) 0.81 (0.0)

subjects
0.29
(0.01)

yelp

0.98 (0.0) 0.49 (0.0)

0.99
0.58
(0.01)
(0.01)
0.98 (0.0) 0.56
(0.01)
0.97 (0.0) 0.53 (0.0)
0.95
0.49
(0.01)
(0.01)
0.95
0.47 (0.0)
(0.01)
0.98 (0.0) 0.52 (0.0)

0.98 (0.0) 0.43 (0.0)

0.97 (0.0) 0.5 (0.0)

0.98 (0.0) 0.48 (0.0)
0.98 (0.0) 0.46 (0.0)

0.95 (0.0) 0.49 (0.0)

0.96 (0.0) 0.49 (0.0)

0.34 (0.0) 0.37
(0.03)

semeval2019

0.58 (0.0) 0.96 (0.0) 0.58 (0.0) 0.77 (0.24) 0.78 (0.0) 0.78 (0.0) 0.51 (0.0) 0.54
(0.02)
0.63 (0.0) 0.97 (0.0) 0.65 (0.0) 0.82 (0.26) 0.82 (0.0) 0.78 (0.0) 0.45 (0.0) 0.53
(0.03)
0.64 (0.0) 0.95 (0.0) 0.4 (0.0) 0.8 (0.22) 0.76 (0.0) 0.77 (0.0) 0.42 (0.0) 0.54 (0.0)
0.62 (0.0) 0.96 (0.0) 0.48 (0.0) 0.79 (0.24) 0.78 (0.0) 0.77 (0.0) 0.43 (0.0) 0.56
(0.04)
0.64 (0.0) 0.91 (0.0) 0.65 (0.0) 0.81 (0.26) 0.82 (0.0) 0.81 (0.0) 0.42 (0.0) 0.56 (0.0)

fox

LR (word) 0.62 (0.0) 0.96 (0.0) 0.86 (0.0) 0.84 (0.0)

bbc
0.3 (0.02) 0.53 (0.03) 0.14 (0.01) 0.52 (0.11) 0.2 (0.01) 0.49 (0.01) 0.38
(0.01)

articles

dummy0.05 (0.0) 0.31 (0.02) 0.18 (0.01) 0.77 (0.0)
stratified

dataset
model

Table 5  Macro F1 performance across data sets and classifiers
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0.48 (0.02) 0.97 (0.0) 0.58 (0.0) 0.82 (0.19) 0.56 (0.0) 0.74 (0.0) 0.47
(0.01)
0.49 (0.08) 0.97 (0.01) 0.6 (0.01) 0.84 (0.21) 0.37 (0.06) 0.67 (0.02) 0.34
(0.08)
0.63 (0.04) 0.97 (0.01) 0.61 (0.01) 0.84 (0.21) 0.78 (0.02) 0.79 (0.01) 0.54
(0.03)
0.66 (0.04) 0.96 (0.01) 0.63 (0.0) 0.83 (0.23) 0.79 (0.01) 0.82 (0.01) 0.56
(0.04)

0.81 (0.0) 0.98 (0.0) 0.84 (0.0) 0.82 (0.0)

0.8 (0.0) 0.99 (0.0) 0.86 (0.01) 0.82 (0.0)

0.8 (0.01) 0.99 (0.0) 0.86 (0.01) 0.82 (0.01)

0.78 (0.01) 0.99 (0.0) 0.88 (0.01) 0.82 (0.01)

semeval-2017

0.29 (0.02) 0.96 (0.0) 0.58 (0.0) 0.83 (0.21) 0.54 (0.01) 0.7 (0.0) 0.46
(0.01)

pan-2017 questions sarcasm

0.81 (0.0) 0.99 (0.0) 0.84 (0.0) 0.81 (0.0)

mbti

0.48 (0.01) 0.97 (0.0) 0.59 (0.01) 0.82 (0.19) 0.56 (0.01) 0.74 (0.0) 0.47
(0.01)

kenyan

0.81 (0.0) 0.98 (0.0) 0.84 (0.01) 0.82 (0.0)

insults
0.29 (0.02) 0.96 (0.0) 0.58 (0.0) 0.83 (0.21) 0.54 (0.01) 0.7 (0.0) 0.46
(0.01)

hatespeech

0.81 (0.0) 0.98 (0.0) 0.85 (0.0) 0.81 (0.0)

fox

autoBOTlr-symbolic
autoBOTsvmsymbolic
autoBOTlr-neurosymbolic
autoBOTsvmneurosymbolic
autoBOTbaseneural
autoBOTbaseneurosymbolic
autoBOTbasesymbolic

bbc

articles

dataset
model

Table 5  (continued)
yelp

0.97 (0.0) 0.52 (0.0)

0.99 (0.0) 0.49
(0.01)

0.97 (0.0) 0.52
(0.01)

subjects

0.63
(0.06)

0.57
(0.04)

0.46
(0.06)

0.99 (0.0) 0.48
(0.01)

0.99 (0.0) 0.52
(0.01)

0.99 (0.0) 0.52 (0.0)

0.47 (0.0) 0.98 (0.0) 0.49
(0.01)

0.36
(0.01)

0.48
(0.01)

0.37
(0.01)

semeval2019
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hatespeech

insults

kenyan

mbti

pan-2017 questions sarcasm

semeval-2017

robertabase
TPOT
doc2vec
(lr)
doc2vec
(svm)
autoBOTlr-neural
autoBOTsvmneural

SVM
(word)
LR (char)
SVM
(char)
LR (char
+ word)
SVM
(char +
word)
bert-base

0.81 (0.0) 0.98 (0.0) 0.84 (0.01) 0.86 (0.0)

0.82 (0.0) 0.99 (0.0) 0.85 (0.0) 0.87 (0.0)

0.66 (0.0) 0.97 (0.01) 0.7 (0.01) 0.87 (0.0)

0.64 (0.0) 0.97 (0.0) 0.93 (0.01) 0.87 (0.0)
0.66 (0.0) 0.97 (0.01) 0.77 (0.01) 0.87 (0.0)

0.9 (0.01)

1.0 (0.0)

0.82 (0.0) 0.99 (0.0)

0.78 (0.0) 0.97 (0.0)

0.6 (0.01) 0.81 (0.17) 0.56 (0.01) 0.75 (0.0) 0.53
(0.01)

0.68
(0.01)

0.78
(0.01)
0.78
(0.04)
0.7 (0.0)
0.71 (0.0)

0.29
(0.01)

yelp

0.98 (0.0) 0.43 (0.0)

0.97 (0.0) 0.51 (0.0)

0.98 (0.0) 0.49 (0.0)
0.98 (0.0) 0.47 (0.0)

0.96 (0.0) 0.51 (0.0)

0.97 (0.0) 0.5 (0.0)

0.38
(0.03)

subjects

0.98 (0.0) 0.49 (0.0)

0.99
0.58
(0.01)
(0.01)
0.98 (0.0) 0.56
(0.01)
0.98 (0.0) 0.53 (0.0)
0.95
0.5 (0.01)
(0.01)
0.77 (0.0) 0.95 (0.01) 0.48 (0.01) 0.78 (0.22) 0.55 (0.01) 0.77 (0.0) 0.51 (0.0) 0.72 (0.0) 0.95
0.49 (0.0)
(0.01)
0.77 (0.0) 0.95 (0.0) 0.62 (0.0) 0.82 (0.18) 0.53 (0.01) 0.73 (0.0) 0.55 (0.0) 0.71 (0.0) 0.98 (0.0) 0.53 (0.0)

1.0 (0.02) 0.34 (0.04) 0.68 (0.15) 0.96 (0.0) 0.92 (0.0) 0.68
(0.01)
0.88 (0.01) 0.99 (0.02) 0.27 (0.02) 0.68 (0.12) 0.96 (0.0) 0.93 (0.0) 0.72
(0.08)
0.83 (0.0) 0.97 (0.0) 0.68 (0.01) 0.83 (0.18) 0.82 (0.0) 0.8 (0.0) 0.57 (0.0)
0.76 (0.0) 0.97 (0.01) 0.53 (0.01) 0.8 (0.22) 0.47 (0.0) 0.76 (0.0) 0.51 (0.0)

0.89 (0.0)

1.0 (0.0) 0.89 (0.0)

0.8 (0.02) 0.54 (0.0) 0.73
(0.04)

0.84 (0.0) 0.99 (0.0)

0.5 (0.0) 0.75 (0.21) 0.78 (0.0)

0.79 (0.0) 0.97 (0.0)

0.64 (0.0) 0.95 (0.0) 0.88 (0.0) 0.81 (0.0)

0.7 (0.0) 0.96 (0.0) 0.86 (0.0) 0.87 (0.0)

0.68 (0.0) 0.95 (0.0) 0.8 (0.0) 0.87 (0.0)
0.69 (0.0) 0.94 (0.0) 0.82 (0.0) 0.87 (0.0)

0.64 (0.0) 0.96 (0.0) 0.86 (0.0) 0.87 (0.0)

0.56
(0.01)

semeval2019

0.78 (0.0) 0.96 (0.0) 0.59 (0.0) 0.77 (0.24) 0.78 (0.0) 0.79 (0.0) 0.53 (0.0) 0.73
(0.01)
0.84 (0.0) 0.97 (0.0) 0.66 (0.0) 0.82 (0.25) 0.81 (0.0) 0.8 (0.0) 0.54 (0.0) 0.73
(0.01)
0.83 (0.0) 0.95 (0.0) 0.43 (0.0) 0.8 (0.22) 0.76 (0.0) 0.78 (0.0) 0.53 (0.0) 0.73 (0.0)
0.83 (0.0) 0.96 (0.0) 0.5 (0.0) 0.8 (0.24) 0.78 (0.0) 0.78 (0.0) 0.53 (0.0) 0.73
(0.04)
0.83 (0.0) 0.9 (0.0) 0.66 (0.0) 0.81 (0.26) 0.82 (0.0) 0.82 (0.0) 0.53 (0.0) 0.73 (0.0)

fox

LR (word) 0.62 (0.0) 0.96 (0.0) 0.86 (0.0) 0.87 (0.0)

bbc
0.63 (0.01) 0.54 (0.04) 0.14 (0.01) 0.53 (0.11) 0.2 (0.01) 0.51 (0.01) 0.38
(0.01)

articles

dummy0.05 (0.0) 0.32 (0.02) 0.18 (0.01) 0.77 (0.0)
stratified

dataset
model
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0.82 (0.02) 0.97 (0.01) 0.61 (0.01) 0.84 (0.2) 0.78 (0.02) 0.79 (0.01) 0.57
(0.03)
0.84 (0.03) 0.96 (0.01) 0.65 (0.0) 0.83 (0.21) 0.79 (0.01) 0.82 (0.02) 0.58
(0.04)

0.81 (0.0) 0.99 (0.0) 0.86 (0.01) 0.87 (0.03)

0.79 (0.01) 0.99 (0.0) 0.89 (0.01) 0.86 (0.02)

0.6 (0.0) 0.82 (0.17) 0.56 (0.0) 0.75 (0.0) 0.53
(0.01)

0.6 (0.01) 0.81 (0.17) 0.56 (0.01) 0.75 (0.0) 0.53
(0.01)

0.99 (0.0) 0.5 (0.01)

0.77
(0.06)

0.72
(0.05)

0.99 (0.0) 0.52
(0.01)

0.99 (0.0) 0.54
(0.01)

0.71 (0.0) 0.99 (0.0) 0.54 (0.0)

0.68 (0.0) 0.98 (0.0) 0.49
(0.01)

0.69
(0.01)

0.71 (0.0) 0.98 (0.0) 0.53
(0.01)

0.77 (0.01) 0.97 (0.01) 0.61 (0.01) 0.84 (0.2) 0.37 (0.04) 0.68 (0.0) 0.51
(0.09)

yelp

0.81 (0.0) 0.99 (0.0) 0.86 (0.01) 0.87 (0.0)

subjects

0.77 (0.0) 0.97 (0.0)

semeval2019

0.81 (0.0) 0.98 (0.0) 0.84 (0.0) 0.86 (0.0)

semeval-2017

0.78 (0.0) 0.96 (0.0) 0.62 (0.0) 0.82 (0.18) 0.54 (0.01) 0.73 (0.0) 0.56 (0.0) 0.71 (0.0) 0.98 (0.0) 0.53 (0.0)

pan-2017 questions sarcasm

0.82 (0.0) 0.99 (0.0) 0.84 (0.0) 0.87 (0.0)

mbti

0.78 (0.01) 0.97 (0.0)

kenyan

0.81 (0.0) 0.98 (0.0) 0.84 (0.01) 0.86 (0.0)

insults
0.78 (0.0) 0.96 (0.0) 0.62 (0.0) 0.82 (0.18) 0.54 (0.01) 0.72 (0.0) 0.56
(0.01)

hatespeech

0.82 (0.0) 0.98 (0.0) 0.85 (0.0) 0.87 (0.0)

fox

autoBOTlr-symbolic
autoBOTsvmsymbolic
autoBOTlr-neurosymbolic
autoBOTsvmneurosymbolic
autoBOTbaseneural
autoBOTbaseneurosymbolic
autoBOTbasesymbolic

bbc

articles

dataset
model

Table 6  (continued)
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Appendix F: Étude comparative de méthodes de classification multilingue appliquées à l’épidémiologie
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Dans cet article, nous abordons la tâche de classification multilingue de textes dans
le domaine épidémiologique. Nous comparons différents modèles d’apprentissage automatique
et d’apprentissage profond à l’aide d’un jeu de données multilingue comprenant des articles
de presse en six langues. Notre objectif est d’analyser l’influence de la famille de langue, de
la structure du document et de la taille des données sur les résultats de classification. Nos
résultats indiquent que les performances des modèles basés sur des modèles linguistiques dépassent de plus de 50% les baselines, parmi lesquelles un système spécialisé de surveillance
épidémiologique et plusieurs modèles d’apprentissage automatique.
RÉSUMÉ.

In this paper, we approach the multilingual text classification task in the context
of the epidemiological field. We conduct a comparative study of different machine and deep
learning text classification models using a dataset comprising news articles related to epidemic
outbreaks from six languages, four low-resourced and two high-resourced, in order to analyze
the influence of the nature of the language, the structure of the document, and the size of the
data. Our findings indicate that the performance of the models based on fine-tuned language
models exceeds by more than 50% the chosen baseline models that include a specialized epidemiological news surveillance system and several machine learning models.
ABSTRACT.

MOTS-CLÉS :

Extraction d’information, Jeux de données multilingues, Classification de texte
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Information extraction, Multilingual datasets, Text classification
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1. Introduction
La surveillance et l’endiguement des épidémies de maladies constituent un défi
permanent à l’échelle mondiale. Que ce soit auparavant avec Ebola ou aujourd’hui
avec la pandémie de Covid-19, la veille sur des documents issus du Web reste un élément clé de la stratégie de santé publique. La capacité de détecter le déclenchement
d’épidémies de manière précise et opportune est essentielle au déploiement de mesures d’intervention efficaces et motive la recherche de solutions multilingues visant à
repérer des informations dans le plus de langues possible. La prolifération des sources
de données numériques offre une voie pour la surveillance basée sur les données, dénommée Epidemic Intelligence. Le renseignement sur les épidémies implique la collecte, l’analyse et la diffusion d’informations clés liées aux épidémies, dans le but de
détecter les épidémies et d’alerter rapidement les acteurs de la santé publique (World
Health Organization, 2014). Les techniques de traitement automatique du langage naturel (TALN) ont permis d’analyser différentes données issues de sources Web, telles
que les médias sociaux, les requêtes de recherche, les blogs et les articles de presse en
ligne pour les incidents et / ou événements liés à la santé (Salathé et al., 2013 ; Bernardo et al., 2013). Compte tenu de ces défis, des approches appropriées sont nécessaires pour que la surveillance épidémiologique fondée sur les données soit couronnée
de succès. Dans cet article, nous proposons une étude quantitative des modèles de classification multilingue de texte. Nous appliquons ces modèles à un jeu de données de
référence comprenant des articles de presse de plusieurs langues : l’anglais, le grec,
le français, le russe, le polonais et le chinois. Nous comparons différentes approches
de classification appliquées à la surveillance épidémiologique, définie ici comme la
détection dans des flux de presse de documents décrivant des épidémies. Le travail
présenté ici est décrit plus en détail dans (Mutuvi et al., 2020a).
2. Jeu de données
Nous proposons une extension du jeu de données proposé dans (Mutuvi et al.,
2020b) pour inclure des langues supplémentaires afin de couvrir plusieurs familles
linguistiques : germanique (anglais, en), hellénique (grec, el), romane (français, fr),
slave (russe, ru et polonais, pl) et enfin sino-tibétaine (chinois, zh). Les articles de
presse contenus dans ce corpus ont été obtenus à partir de différentes sources d’information en ligne. La source principale est le site Web du Program for Monitoring
Emerging Disease (P RO MED) 1 , qui est un programme de l’International Society for
Infectious Diseases chargé de suivre la propagation des maladies infectieuses à travers
le monde. Ceci nous a permis de collecter plus de documents pertinents que les jeux de
données existants, notamment en anglais. Nous avons divisé les données, avec un total
de 7574 articles, en ensembles d’entraînement, de validation et de test. La répartition
par langue est présentée dans le tableau 1.
1. https://promedmail.org/
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Ensemble
Entraînement 5.074 (10,8%)
Validation
1.250 (10,9%)
Test
1.250 (10,5%)

Polonais
241 (7,4%)
54 (7,4%)
46 (13%)

Chinois
300 (2,6%)
71 (2,8%)
75 (6%)

Russe
296 (9,5%)
60 (10%)
70 (10%)

Grec
253 (6,7%)
68 (10,2%)
63 (4,7%)

Français
1.593 (10,9%)
388 (13,4%)
434 (12,4%)

Anglais
2.365 (11,7%)
583 (12,6%)
614 (12,8%)

Tableau 1 : Nombre de documents (dont pertinents) pour chaque langue.
3. Expériences
Les métriques que nous avons utilisées pour l’évaluation des modèles sont la précision, le rappel et la F-mesure. Notons que, s’agissant d’épidémies le rappel, et donc
l’élimination des faux négatifs, est particulièrement important.
Comme modèle de base, nous utilisons DA N IEL 2 (Lejeune et al., 2015), un système non supervisé qui ne repose sur aucune analyse grammaticale spécifique à la
langue, et qui considère notamment le texte comme une séquence de caractères, afin
de limiter les pré-traitements dépendants de la langue. Nous étudions également trois
modèles de classification de textes couramment utilisés comme baselines : régression
logistique (LR), forêt d’arbres aléatoires (RF) et machine à vecteurs supports (SVM).
Nous utilisons les hyper-paramètres par défaut, et la pondération TF-IDF 3 .
Nous considérons enfin deux modèles plus élaborés : un réseau neuronal convolutif (CNN) et un réseau neuronal récurrent (BiLSTM) en exploitant les plongements
de mots FastText (Joulin et al., 2016). Nous avons choisi de réaliser également des
expériences avec différentes architectures basées sur BERT (Devlin et al., 2018).Nous
testons enfin une approche basée sur les réseaux convolutifs de graphes (GCN) qui
enrichit BERT avec des plongements de graphes (VGCN + BERT) (Lu et Nie, 2019).
Les paramètres de ces modèles sont définis dans (Mutuvi et al., 2020a).
4. Résultats
Les résultats compilés dans le tableau 2 montrent que parmi les baselines le SVM
dépasse par une petite marge les LR et RF en F-mesure. De manière intéressante,
le classifieur RF obtient la plus haute précision (95,70 %) de tous les modèles utilisés. On observe que les modèles d’apprentissage automatique classiques (LR, RF
et SVM) donnent des résultats fortement déséquilibrés, avec une excellente précision
mais un rappel assez faible. Comparé aux résultats de base fournis par DA N IEL, ce
modèle spécialisé donne un rappel meilleur que la précision, son rappel reste toutefois
le moins élevé parmi toutes les méthodes comparées ce qui s’explique sans doute par
son caractère non-supervisé : il ne tire pas bénéfice des données d’apprentissage.
Ensuite, les modèles basés sur des architectures CNN ou BiLSTM avec intégration des embeddings FAST T EXT ont des scores en F-mesure inférieurs à ceux des
2. https://github.com/NewsEye/event-detection/tree/master/
event-detection-daniel
3. S CIKIT- LEARN, https://scikit-learn.org/
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Modèles
DA N IEL
Logistic Regression
Random Forest
Support Vector Machine
CNN+FastTtext
BiLSTM+FastTtext
BERT (cased)†
CNN+BERT (cased)†
BiLSTM+BERT (cased)†
BERT (uncased)†
CNN+BERT (uncased)†
BiLSTM+BERT (uncased)†
BERT (cased)
CNN+BERT (cased)
BiLSTM+BERT (cased)
BERT (uncased)
CNN+BERT (uncased)
BiLSTM+BERT (uncased)
VGCN+BERT

Précision %
33,9
93,81
95,70
91,26
86,11
77,44
88,62
88,79
90,20
84,67
82,14
83,72
80,71
86,67
75,95
88,52
86,07
81,51
87,18

Rappel %
60,61
68,94
67,42
71,21
70,45
78,03
82,58
71,97
69,70
87,88
87,12
81,82
85,61
78,79
90,91
81,82
79,55
73,48
77,27

F-mesure %
43,48
79,48
79,11
80
77,5
77,74
85,49
79,5
78,63
86,25
84,56
82,76
83,09
82,54
82,76
85,04
82,68
77,29
81,93

Tableau 2 : Évaluation des modèles analysés pour l’ensemble des langues du jeu de
données, le modèle BERT est le modèle base-multilingual, † indique les modèles
fine-tuned
méthodes d’apprentissage automatique classiques (LR, RF, SVM). Cela pourrait s’expliquer par le fait que les données d’apprentissage sont trop petites pour garantir une
bonne précision. Dans le cas des modèles d’apprentissage profond, on peut remarquer
une grande différence en terme de F-mesure des modèles basés sur BERT, par rapport à tous les autres. On peut également observer que les modèles basés sur BERT
parviennent à équilibrer rappel et précision, la précision restant stable malgré l’augmentation du rappel.
5. Conclusion et perspectives
Dans cet article, nous avons proposé une étude détaillée des performances de différentes méthodes de classification appliquées à la veille épidémiologique multilingue.
Les résultats que nous avons présenté suggèrent que les approches basées sur des modèles de langage raffinés et/ou des réseaux convolutifs de graphes obtiennent de très
bonnes performances sur cette tâche de classification.
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