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Abstract Named entity recognition and parts-of-speech tagging are fundamental
tasks in the field of natural language processing, currently with many practical
applications. The current state-of-the-art approaches are based on the supervised
training of deep neural networks, achieving a very high accuracy. However, when
processing historical text or languages other than English (e.g., for processing data
in Spanish and in Portuguese, independently of domain or time period), the fact
that few training resources exist limits the use of modern machine learning ap-
proaches. To address this limitation, we collected and standardized a wide variety
of datasets containing text in Portuguese and Spanish, annotated according to
parts-of-speech and/or named entities. We then evaluated a modern architecture
for sequence labeling, considering transfer learning approaches based on multi-task
learning (i.e., simultaneously addressing parts-of-speech tagging and named entity
recognition) and cross-lingual learning (i.e., aligning word embeddings of the Por-
tuguese and Spanish languages in a single vector space), in order to jointly exploit
all the available data and the underlying similarities on these tasks/languages,
specifically to improve generalization on the smaller historical datasets. Our cross-
lingual model achieves 91.97% of overall accuracy and 84.60% of entity-level F1
score for Portuguese, and 93.91% of overall accuracy and 64.34% of entity-level F1
score for Spanish, when averaging over all datasets for these languages.
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1 Introduction

Together with the recent rise of deep learning methods for Natural Language Pro-
cessing (NLP) (Goldberg, 2017), much emphasis has been put on the development
of neural models for Parts-of-Speech (POS) tagging or Named Entity Recognition
(NER), specifically for high-resource languages such as English. These models
leverage large training corpora consisting of modern newswire text, reaching near-
human performance for these languages/domains. However, for other less-resource
languages (e.g., Portuguese or Spanish) and/or domains (e.g., historical texts), the
development of neural methods did not attract similar attention from the machine
learning and NLP communities, mostly due to the lack of the necessary volume of
data to train these models. Consequently, there have been only few improvements
for these languages/domains compared to English, leading to a significantly lower
performance in terms of state-of-the-art models for these languages/domains.

The research reported in this article has analyzed the aforementioned limi-
tations, proposing approaches to address them. We devoted our efforts towards
POS tagging and NER for Portuguese and Spanish, comprising different resources
and domains (e.g., historical text and/or modern newswire text). We developed
and evaluated cross-lingual models simultaneously handling both tasks, leveraging
modern approaches based on deep neural networks.

We used pre-trained FastText word embeddings (Bojanowski et al, 2017) rep-
resenting word tokens and character n-grams, this way directly representing all
the word tokens that are likely to be present in the different texts that we envision
processing. The word embeddings in both languages were also mapped to a com-
mon representation space (Zhou et al, 2019), allowing us to train models capable
of processing text in both Spanish and Portuguese. Given the lexical, morphologi-
cal, and syntactic similarities between these two languages, we argue that training
neural models with a combination of different annotated datasets, covering both
languages, can perhaps bring advantages in terms of prediction accuracy.

We also attempted to bring together all scattered (openly available) resources
of annotated datasets for Spanish and Portuguese, modern and historical, con-
sidering both NER and/or POS annotations. We normalized the annotations and
merged these different resources, in order to increase the amount of training data.
Although there are relatively few resources with NER annotations for both lan-
guages, several datasets with POS annotations have indeed been made available,
including corpora of historical contents. Noticing that POS information can nat-
urally inform the identification of named entities (e.g., named entities typically
correspond to proper nouns), we trained neural models to simultaneously address
the POS tagging and NER tasks, combining all the available information. All the
resulting models, plus the collection of 13 different datasets in a normalized format,
are now available1 to other researchers, upon request.

In terms of the actual models that were used in our work, we experimented
with a modern neural network architecture (Lample et al, 2016) combining pre-
trained word embeddings, Bi-directional Recurrent Neural Networks (BiRNNs),
and a final layer inspired on conditional random fields to ensure the coherence of
the sequences of annotations that are produced (e.g., modeling the fact that dif-
ferent entity mentions are frequently separated by other tokens that do not belong

1 http://github.com/luispsantos/seq-labeling-datasets
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to named entities). Similar models are nowadays extensively used in the NLP lit-
erature (Goldberg, 2017), and we also considered several other advancements from
the current state-of-the-art (e.g., penalized hyperbolic tangent activation functions
associated to RNN nodes, as described by Eger et al (2018)).

Through experiments, we found that the combination of existing Portuguese
and Spanish resources results in an effective multilingual model, capable of pro-
cessing texts in diverse domains. Using a masked CRF loss function, for datasets
that contain either POS or NER labels, translates into an effective approach for
multi-task learning, given that only some of the available corpora will contain an-
notations for both tasks. Our cross-lingual model performs slightly better on Por-
tuguese than the multi-task model trained on all datasets of each language, though
the performance is worse for Spanish, likely because the cross-lingual embeddings
were mapped in the direction of Spanish to Portuguese to derive a common rep-
resentation space.

The rest of this paper is organized as follows: Section 2 discusses previous
related work, including previous studies focusing on cross-language and multi-task
learning, and also previous studies focused on the Portuguese or Spanish languages.
Section 3 presents the proposed neural network model, detailing also the usage of
cross-language word embeddings, and the pre-processing of the different datasets
used in the evaluation experiments. Section 4 describes the experimental evaluation
of the proposed approach, first describing the methodology and then presenting the
obtained results. Finally, Section 5 summarizes the main conclusions, and presents
possible directions for future work.

2 Related Work

This section presents past work in neural methods addressing the tasks of POS
tagging or NER, highlighting studies that address POS tagging or NER over Por-
tuguese or Spanish texts. We additionally review the literature on multi-task and
cross-language learning methods, also relevant for these languages.

2.1 Neural Approaches for Sequence Labeling

Neural network methods for sequence labeling have enjoyed a great deal of interest
in recent years. The early work of Collobert et al (2011), in turn building upon
Collobert and Weston (2008), had a pronounced impact in establishing the useful-
ness of neural network models for NLP, and in steering the field away from linear
statistical models leveraging hand-coded features (Goldberg, 2017). The authors
discarded extensive NLP knowledge in the form of feature engineering in order to
create a single model architecture which could be applied on multiple sequence
labeling tasks: POS tagging, chunking, NER and semantic role labeling. Word
embeddings were learnt from a large corpora of unlabeled data, and a word win-
dow model or a Convolutional Neural Network (CNN) (LeCun et al, 1989) were
applied on the concatenation of the word representations obtained from a lookup
layer for a given sentence. At the output layer, the training criterion was defined
as the minimization of the log-likelihood w.r.t the parameters, considering either
independent word predictions via a softmax, or interactions between output labels
via a Conditional Random Field (CRF) (Lafferty et al, 2001) loss.
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Santos and Zadrozny (2014) proposed an approach which extracts word- and
character-level information from words, via a combination of word embeddings and
a Char-CNN model. Similarly to the work of Collobert et al (2011), the result-
ing word representation was used as input to a word window for capturing word
context, followed by a CRF for structured inference. The authors achieved state-of-
the-art results for POS tagging on the Penn Treebank (PTB) corpus for English,
and on the Mac-Morpho corpus for Portuguese, evaluated in terms of tagging
accuracy. On follow-up work, Santos and Guimaraes (2015) employed the same
architecture without major hyperparameter changes for NER, obtaining state-of-
the-art results on the HAREM I corpus for Portuguese, and on the CoNLL-2002
Spanish corpus, in terms of the F1 score at the entity-level. The authors investi-
gated the impact of combining alternate word representations, namely word em-
beddings, hand-coded features (suffixes and capitalization) and the character-level
representations obtained from the Char-CNN model. Their experiments showed
that consistent improvements could be accomplished by combining different word
representations, as compared to using either representation in isolation.

Chiu and Nichols (2015) proposed an architecture which combines a CNN at
the character-level with Bi-directional Long Short-term Memory (BiLSTM) units,
to model word context. A BiLSTM captures unbounded left and right side context
and is perhaps the main improvement over the window-based model of Santos
and Guimaraes (2015). At each time step, the concatenation of the forward and
backward representations of each LSTM unit is passed to an affine layer, and a
softmax over the output labels computes probabilities for each tag category. The
authors evaluated their model on the English CoNLL-2003 and OntoNotes 5.0
corpora with NER annotations, showing the superiority of the combined model and
establishing a new state-of-the-art on both datasets by employing a combination of
word- and character-level representations with capitalization and lexicon features.

Ling et al (2015) proposed the Char-BiLSTM model and evaluated it on lan-
guage modeling and POS tagging. A hierarchical LSTM arrangement is employed
for both tasks, albeit with slight modifications. A BiLSTM at the character-level
creates a representation of word morphology, which is then fed to an upstream
word-level BiLSTM for capturing word context in the case of POS tagging, or
a word-level LSTM for capturing context of past words in the case of language
modeling. The results achieved by Ling et al (2015) suggest that a character-level
representation, obtained solely from the characters, consistently delivers better
performance than a word-level representation using word embeddings. Over five
different languages, the Char-BiLSTM model consistently led to perplexity reduc-
tions on language modeling compared to a model relying solely on word lookups.
The results were quite similar for POS tagging, as the character-level represen-
tation outperformed word embeddings on all tested five languages. Improvements
were especially pronounced for morphologically rich languages (i.e., languages with
a high number of morphemes per word), as the complex word structure which gov-
erns these languages can be somewhat approximated with a character-level model.

Huang et al (2015) proposed a set of models applicable for sequence labeling
tasks based on some variations of LSTMs and CRFs. The different models that
were studied by these authors differ in two main aspects: whether a LSTM or a
BiLSTM are employed for modeling word context, and whether the output layer
employs a softmax or a CRF for label decoding. In order to determine the effec-
tiveness of the proposed models, the authors report results on several benchmark
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sequence labeling tasks, although only considering the English language: PTB for
POS tagging, CoNLL-2000 for chunking, and CoNLL-2003 for named entity recog-
nition. A linear CRF model formed a strong baseline in all datasets, performing
especially well at NER. While a LSTM model performed poorly, a BiLSTM model
improved upon the LSTM performance by considering context at either side of
words, thus approaching the performance of the linear CRF tagger, except at the
NER task where the CRF baseline still outperformed the BiLSTM. Across multi-
ple datasets and setups, a LSTM-CRF model always outperformed both the CRF
and the BiLSTM baselines, showing the effectiveness of the combined approach.
Further improvements were accomplished with a BiLSTM-CRF.

Lample et al (2016) introduced two model architectures in the context of named
entity recognition and achieved state-of-the-art results on standard NER bench-
marks in four different languages. One of the architectures employs an approach
similar to shift-reduce dependency parsers using Stack-LSTMs (Dyer et al, 2015).
Although a useful architecture per se, we shall not explore Stack-LSTMs on this
work, mainly due to the fact the other proposed architecture achieved a better
performance on the experiments. The other architecture, which is similar to the
BiLSTM-CRF model proposed by Huang et al (2015), uses subword information
extracted with a Char-BiLSTM model. The proposed model works as follows: a
Char-BiLSTM model creates a character-level representation, which is then con-
catenated with a word embedding vector for each word in the sequence. The result-
ing word representation is used as input to a word-level BiLSTM. At the output
level, a final CRF layer models correlations between labels, which was found to
be important for NER since common tagging schemes enforce hard contraints
on the possible label sequences. The proposed architecture unified into a single
model past research on learning character-level representations from words (Ling
et al, 2015) and jointly decoding the best label sequence based on sentence-level
label information (Collobert et al, 2011; Huang et al, 2015). The authors trained
their models for English, Spanish, German and Dutch, using the CoNLL-2002 and
CoNLL-2003 NER datasets. Their models achieved significant improvements over
previously reported results for German and Spanish, and surpassed all except one
previous work for English and Dutch. Dropout (Srivastava et al, 2014) regulariza-
tion was found to be crucial for obtaining good results, and dropout masks were
inserted after concatenating the word and character representations, and before
the input to the BiLSTM, thus forcing the model to rely on both input represen-
tations. Although the authors have evaluated the proposed model solely on NER,
the general nature of the architecture translates into an effective model for other
sequence labeling tasks and/or domains.

Ma and Hovy (2016) proposed an end-to-end architecture for sequence labeling
which obtained state-of-the-art results on POS tagging and NER. The architec-
ture is in all aspects identical to the one proposed by Lample et al (2016), except
that word morphology is encoded via the Char-CNN model instead of the Char-
BiLSTM model. Previous work (Santos and Zadrozny, 2014; Chiu and Nichols,
2015) had confirmed the usefulness of the CNN-derived character representation
in extracting morphological features from words. Furthermore, the preliminary
results of Chiu and Nichols (2015) had shown that a Char-BiLSTM model did
not improve upon the Char-CNN model, while being noticeably slower to train.
The remainder parts of the model are identical to past work: the word repre-
sentation is a concatenation of the vectors from the word embedding and the



6 Lúıs Santos et al.

Task Dataset Word inputs Context Label decoding

Collobert et al (2011)
POS PTB −→w +

−→
f Window/CNN Softmax/CRF

NER CoNLL-03

Santos and Zadrozny (2014) POS PTB/Mac-Morpho −→w +−→c1 Window CRF

Santos and Guimaraes (2015) NER CoNLL-02/HAREM −→w +−→c1 Window CRF

Ling et al (2015) POS PTB/Floresta −→w +−→c2 BiLSTM Softmax

Huang et al (2015)
POS PTB −→w +

−→
f LSTM/BiLSTM Softmax/CRF

NER CoNLL-03

Chiu and Nichols (2015) NER CoNLL-03/OntoNotes −→w +
−→
f +−→c1 BiLSTM Softmax

Lample et al (2016) NER CoNLL-02/03 −→w +−→c2 BiLSTM CRF

Ma and Hovy (2016)
POS PTB −→w +−→c1 BiLSTM CRF
NER CoNLL-03

Table 1 Comparison of past work addressing sequence labeling for NLP. In the column cor-

responding to word inputs, −→w refers to word embeddings,
−→
f to hand-coded features, −→c1 to

Char-CNN and −→c2 to Char-BiLSTM.

Char-CNN, and a dropout layer is applied after the concatenation. A BiLSTM
creates a context-dependent representation for each input word and a CRF layer
models label correlations. Differently from previous approaches, the authors do
not perform any kind of task-specific data preprocessing or feature engineering,
and still achieve state-of-the-art results with their task agnostic model. The model
scored 97.55 tagging accuracy on the PTB corpus, and a F1 score of 91.21 on the
English CoNLL-2003 NER task, which is an improvement of 0.01 over the previ-
ously reported best result employing feature engineering and external resources.
Table 1 provides a summary of the approaches for sequence labeling described in
this section, together with the evaluation tasks and datasets from previous work.

2.2 Multi-Task and Cross-language Learning for Sequence Labeling

Approaches for multi-task learning train a single model to solve multiple tasks
through parameter sharing. First proposed in the 1990s (Caruana, 1997), this idea
was first applied with neural networks in the work of Collobert and Weston (2008),
where the authors share the embedding lookup matrices across tasks.

Søgaard and Goldberg (2016) suggested that instead of predicting all tasks at
the same output layer in a multi-task scenario, task supervision should come from
different RNN levels. They associated an RNN level with each task (e.g., a lower
level predicted POS tags, while a higher level predicted chunking tags). This model
effectively combines multi-task and cascaded learning, exploiting a natural order
among NLP tasks from which high-level tasks should benefit more from lower-level
tasks. The proposed model led to improvements only if the tasks were fairly similar
(e.g., same syntactic nature), as the authors reported no improvements for NER.

Hashimoto et al (2016) extended this line of work by proposing a deep archi-
tecture that solves many different NLP tasks at various successive layers in an
end-to-end paradigm. The complexity of the tasks increases with the layer levels,
with more complex tasks being solved at the upper levels. The first two layers
solve word-level syntactic tasks. More concretely, the first layer solves POS tag-
ging, while the second layer solves chunking. A BiLSTM network with a softmax
at the output layer produces a sequence of POS tags from the word inputs. An-
other BiLSTM network at the second level receives as input the sequence of words,
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Task Dataset Task supervision Extra objective

Søgaard and Goldberg (2016)
POS

PTB Cascaded -Chunking
CGG supertagging

Hashimoto et al (2016)

POS PTB

Cascaded -
Chunking PTB

Dependency parsing PTB
Semantic relatedness SICK
Textual entailment SICK

Plank et al (2016) POS coarse-grained 22 languages UD Outermost Word frequency

Horsmann and Zesch (2017) POS fine-grained 22 languages Outermost Word frequency

Yang et al (2017)
POS PTB

Task-wise CRF layer -Chunking CoNLL-00
NER CoNLL-03

Rei (2017)
POS PTB/UD-ES/FI

Outermost Language modelingChunking CoNLL-00
NER CoNLL-03

Table 2 Comparison of past work on transfer learning approaches for sequence labeling.

the sequence of POS tags which was predicted at the first BiLSTM layer, and the
sequence of hidden states of the first BiLSTM layer. A sequence of chunking tags
is then predicted, which takes into account all this lower-level information. A third
BiLSTM layer receives information from the previous two layers in order to solve
dependency parsing. Two semantic tasks, namely semantic relatedness and tex-
tual entailment, operate at the topmost layers, and as such benefit from a great
deal of lower-level information. Both of these tasks receive as input two sentences,
which were first passed through the initial three layers, and employ an encoder
architecture to derive a sentence-level rather than a word-level representation. A
score with a task-specific interpretation is then computed from the sentence-level
representation after the encoding of both sentences.

Plank et al (2016) evaluated LSTM-based models for POS tagging over a large
number of languages and across different input representations. The work employs
treebank data for 22 languages obtained from the Universal Dependencies project
(Nivre et al, 2016). The authors built a POS tagger using a BiLSTM for capturing
word context, and evaluated the usefulness of different input representations for
each language. More concretely, the input representation to the word-level BiL-
STM may be one of: word embeddings with random initialization −→w , character-
level representations based on character embeddings −→c obtained from applying
the Char-BiLSTM model, or the combination of these representations. Whenever
multiple representations were in use, the authors concatenated each individual
representation in order to generate a single word representation which was then
fed to the upstream word-level BiLSTM.

The results of their multilingual study show that a BiLSTM tagger using in-
puts −→w is easily surpassed by a baseline implementation of an HMM tagger on all
but three languages, suggesting that deep learning models without considerable
efforts devoted to architecture engineering are not an outright replacement for
well optimized traditional taggers. A BiLSTM tagger using inputs −→c performed
reasonably well and even surpassed the HMM tagger on nine languages, hinting
that the character-level representations are an important architectural compo-
nent for obtaining good accuracy at POS tagging, and that relying on characters
alone already provides reasonable accuracy in comparison with taggers which rely
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heavily on feature engineering. As these representations are somewhat effective in
their own right, the best representation −→w +−→c comes from combining word- and
character-level representations, with the combined representation surpassing the
HMM baseline on all but one language. Intuitively, each of these representations
captures different linguistic phenomena: representations at the word-level capture
syntactic and semantic information, while representations at the character-level
capture orthographic information. The −→w + −→c representation with pre-trained
word embeddings led to consistent accuracy improvements compared to training
the word embedding matrix from random initialization, as supported by the find-
ings from Collobert et al (2011).

Most improvements over the baseline actually came from predicting tags for
rare words, as the HMM model struggles to predict tags for words which were seen
few times on the training corpora. With that in mind, the authors also proposed
a multi-task learning objective as an addition to the POS loss function. At each
step, besides predicting the POS tag for the current word, the model will also
learn to predict the log frequency of the current word. The expectation is that the
underlying shared representation will become predictive of word frequency and
thus handle differently regular and rare words. With this addition, the authors
consistently improve the out-of-vocabulary accuracy rates. The log frequency ob-
jective can be interpreted as an instance of multi-task learning, forcing the model
to be predictive for two tasks at the same time. The shared representation must
become informative enough for both tasks, in order to solve them jointly. Deep
learning models are known for requiring large datasets in order to generalize well,
and the authors also investigated the impact in model accuracy of varying dataset
sizes, concluding that to achieve good performance the best deep learning model
actually required less data than previously thought.

Horsmann and Zesch (2017) investigated whether the models described by
Plank et al (2016) could be extended to operate on fine-grained tagsets. Plank
et al (2016) used solely treebanks available on the Universal Dependencies project,
which are standardly annotated with coarse-grained tagsets containing a maxi-
mum of 17 POS tags. For morphologically rich languages, coarse-grained tagsets
are only able to capture a fraction of the information contained in word structure,
disregarding important morphological clues such as case or gender. The authors
therefore assembled a set of 27 treebanks of fine-grained tagsets over 21 languages.
The LSTM model of Plank et al (2016) was used with the same configurations,
and similarly the authors investigated the impact on accuracy over different inputs:
Word −→w , Char −→c , Word-Char −→w +−→c and Word-Char+, which is the Word-Char
model with the multi-task objective. All these input representations are computed
the same way as described previously. The Char representation −→c provided accu-
racy on par with traditional taggers. For morphological rich languages, like Spanish
or Hungarian, the Char −→c inputs outperformed Word −→w significantly, although
for Slavic languages, which used much finer tagsets, the improvements were not
so noticeable. Across all languages, Word-Char+ inputs yielded the best results,
closely followed by the Word-Char architecture. The main benefit of Word-Char+
over Word-Char comes in the form of out-of-vocabulary accuracy rates, which
experience a significant accuracy boost.

Yang et al (2016, 2017) explored whether general-purpose sequence labeling
architectures could learn across tasks and languages. Specifically, the authors em-
ployed a model architecture similar to that of Lample et al (2016), albeit with a
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hierarchical BiGRU instead of a hierarchical BiLSTM. The proposed architectures
use parameter sharing to transfer knowledge between tasks. The type of transfer
learning defines the extent of parameter sharing in the network: for cross-domain
transfer the authors share all model parameters if the label sets are identical, or
if all the label sets can be mapped into a single label set. A cross-domain ex-
ample with joint training would be POS tagging for the domains of modern and
historical texts. If the labels sets are different, and cannot be mapped into the
same label set, then the authors share model parameters for the word and char-
acter embeddings and for the word- and character-level networks, but not for the
CRF layer, which was allowed to be tailored for each task. This architecture with
different CRF layers per task is also used for cross-application (i.e., multi-task)
transfer. A multi-task example would be POS tagging and NER for the same lan-
guage. Finally, a cross-lingual architecture shares only the character embeddings
and character-level network, with the remaining word-level and CRF layer com-
ponents being tailored for each language. This type of parameter sharing implies
that the languages must be morphologically similar. The authors achieved promis-
ing results on the multi-task setting for 3 tasks: PTB corpus (POS), CoNLL-03
(NER) and CoNLL-00 (chunking), and on the cross-lingual setting for NER on
3 languages: CoNLL-02 (Dutch), CoNLL-02 (Spanish), CoNLL-03 (English). The
authors claim state-of-the-art results on all corpora except the PTB corpus.

Rei (2017) proposed a secondary language modeling objective for sequence la-
beling which requires no additional annotated data. In both the tasks of sequence
labeling and language modeling, the inputs are a word sequence, with words being
first mapped to a distributed representation and then fed into some RNN variant
for capturing word context. Where these tasks differ the most is on the output se-
quences, which correspond to predicting the adjacent words in the input sequence
for language modeling, or a label for the current word in the case of sequence label-
ing. The authors theorized that the language modeling objective encourages the
network to learn a richer representation which may be useful for sequence labeling.
At each step, a forward LSTM predicts the next word in the input sequence, while
a backward LSTM predicts the previous word in the input sequence. In addition,
the combined representation of the forward and backward LSTMs is used to pre-
dict a label for the current word. Without extra annotated data, the multi-task
objective led to improvements over baseline approaches on the PTB corpus for
POS tagging, and on the CoNLL-03 corpus for NER. An extra language model-
ing objective can be seen as a precursor to the idea of contextual word vectors.
Recent approaches such as ELMo (Peters et al, 2018) and BERT (Devlin et al,
2018) incorporate context-dependent word representations from pre-trained lan-
guage models. In contrast to more traditional non-contextual word embeddings,
these approaches model linguistic context and they can handle the existence of
many meanings for words (polysemy), having recently shown significant improve-
ments over the state-of-the-art across a wide range of NLP tasks.

Table 2 shows a summary of the methods and evaluation tasks/datasets de-
scribed in this section.

3 Joint NER and POS Tagging for Portuguese and Spanish Texts

The architecture of the neural network model used in our experiments takes in-
spiration from the previous models proposed by Lample et al (2016) and Ma and
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Fig. 1 Overview of the neural architecture associated to the proposed approach.

Hovy (2016). Figure 1 shows a high-level overview on the proposed approach. For
each word, we concatenate the word-level representation provided by pre-trained
cross-lingual FastText (Bojanowski et al, 2017; Zhou et al, 2019) embeddings with
the character-level representation provided by a BiLSTM over the characters. The
resulting word representation is used as input to a word-level BiLSTM network,
which captures word context at the left and right side of each word. While the
work of Lample et al (2016) and Ma and Hovy (2016) employs a single CRF layer
over the output labels, our approach employs two CRF output layers, one for each
task of interest, and in that regard it is similar to the cross-application architec-
ture of Yang et al (2017). Since some of the datasets contain labels only for one of
the two tasks (i.e., either POS or NER tags), we employ a masked loss function
which assigns a CRF loss of zero when the ground-truth labels are not available
for a dataset. At inference time, our network predicts POS and NER labels for
each dataset, even when evaluating results over the datasets containing only the
POS or the NER task labels. We follow the hyperparameter recommendations of
Reimers and Gurevych (2017), and we also considered a penalized hyperbolic tan-
gent activation within the BiLSTM nodes, as suggested by Eger et al (2018). The
following section details the model architecture, while Section 3.2 details the ap-
proach followed for projecting the Portuguese and Spanish word embeddings to a
common space. Finally, section 3.3 describes the datasets used in our experiments.

3.1 The Proposed Neural Model

Formally, a dataset for structured (i.e., sequential) prediction is composed of se-
quences of word representations xi = (x1, x2, ..., xL) and labels yi = (y1, y2, ..., yL).
Each input xt corresponds the word at position t. We assume a set of sequences of
word-label pairs S are given in the form (xi, yi)Ni=1, where N is the total number
of sequences and L is the length of a word-label sequence. We place no restriction
specifying that all sequences must have equal length (i.e., sequence length L may
actually vary from sequence to sequence). The training problem can be stated as
taking the training samples S and adjusting model parameters θ in order to fit
a model m to the underlying data distribution. The prediction problem can be
stated as coming up with the most likely label sequence y∗ given a novel word
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sequence x∗ and a trained model m. The problem is particularly challenging since
the model must naturally take into account the sequential structure of the data.

State-of-the-art systems for sequence labeling create word representations from
the provided inputs by combining different information sources. A common ap-
proach found in the literature concatenates pre-trained word embeddings, which
encode syntactic and semantic information, with character-level representations
obtained from Char-BiLSTM models, thus encoding word morphology. Whenever
multiple representations are in use, these are combined into a single representation
to be fed to upstream layers. The concatenation operation is commonly applied for
this purpose, with the advantage of preserving the representational power of each
individual representation. Each representation encodes some degree of nonoverlap-
ping information, and thus we can benefit from aligning their individual strengths.

Our neural architecture for addressing POS tagging and NER thus combines
pre-trained cross-language word embeddings, as described in Section 3.2, with
character-based representations, leveraging the Char-BiLSTM character composi-
tional model proposed by Ling et al (2015). The Char-BiLSTM model applies a
BiLSTM at the character-level to create a fixed-size representation of word mor-
phology. The model works as follows: given a certain word w, we first take the
characters c1, c2, .., cn which compose word w, where n is the word length, and ob-
tain character embeddings E(c1), E(c2), .., E(cn) for each character by performing
row look-up operations on a randomly initialized character embeddings matrix E.
These embeddings are expected to encode character similarity (e.g., vowel vs. con-
sonant or uppercase vs. lowercase). The parameters for the character embeddings
matrix are trained jointly with the rest of the model parameters.

The character embeddings are used as input to a BiLSTM, where the forward
LSTM reads the word one character at a time from start to end, and the backward
LSTM reads the word one character at a time from the end to the beginning. The
hidden state at the last step for the forward LSTM is concatenated with the hidden
state at the initial step for the backward LSTM, generating a representation which
captures word morphology to be fed in upstream layers. The BiLSTMs read w
in both directions, thus maintaining a fresh memory of the word boundaries at
either side of w. We denote the fixed-size character-level representation as Rc. We
have that LSTMf and LSTMb denote a forward and backward LSTM component,

respectively, and hft denotes the hidden state as created by the forward LSTM at
step t. With this, we can write the character-level representation Rc as:

Rc = hfn ⊕ hb1 = LSTMf (E(cn), hfn−1)⊕ LSTMb(E(c1), hb2) (1)

The input sequences of word representations, resulting from the concatena-
tion of Rc with pre-trained FastText embeddings, are afterwards used by separate
recurrent neural network layers which attempt to model word context. In hu-
man languages, context helps a human listener to disambiguate between alternate
meanings. For instance, words such as address, place or report can act as either
nouns or verbs on a sentence, depending on context, and a POS tagger that looks
at single words in isolation would fail to distinguish between alternate meanings
if the word is not taken in context with neighboring words. A BiLSTM can again
receive an input sequence (x1, x2, ..., xL) and produce a hidden state sequence
(h1, h2, ..., hL) that considers the word context for every word in the input.

More formally, LSTMs (Hochreiter and Schmidhuber, 1997) incorporate a cell
state ct which acts as an internal cell memory for the information at position t,
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and use a gating mechanism that can control the amount of information from
ct to forget and to retain for subsequent steps. A LSTM cell defines a function
LSTM(xt, ht−1) which computes a hidden state at position t from the input vector
at the current position t and the hidden state from the previous position t − 1.
The equations to compute the hidden state ht for a LSTM cell are as follows:

ft = σ(Wfxt + Ufht−1 + bf )

it = σ(Wixt + Uiht−1 + bi)

ot = σ(Woxt + Uoht−1 + bo)

gt = tanh(Wgxt + Ught−1 + bg)

ct = ft � ct−1 + it � gt
ht = ot � tanh(ct)

(2)

In traditional LSTMs, σ is the element-wise sigmoid function, and � is the
element-wise product. One particularity of our LSTM cell implementation is that
we replace the sigmoid and tanh activations on all gates with the penalized hyper-
bolic tangent activation function, since this approach consistently led to improve-
ments across multiple NLP tasks and setups (Eger et al, 2018). The penalized
hyperbolic tangent can be computed as follows:

pentanh(x) =

{
tanh(x) if x > 0,
0.25× tanh(x) if x ≤ 0

(3)

An LSTM (or a BiLSTM) creates a contextual representation of dimensionality
L×H (or L× 2H in the case of a BiLSTM) capturing each of the L words in the
sequence, where H is the hidden layer size. Then, a feedforward layer with shared
weights over time can be employed to convert the representation to a matrix E of
dimension L × T , defined over the sequence length L and tagset size T . Instead
of making independent tagging decisions for each output label yt via a softmax, it
is beneficial to model correlations between labels. We therefore use a Conditional
Random Field (CRF) to model the sequence of labels jointly, taking previous
tagging decisions about neighboring labels into account. We define the score S of
a sequence (x, y) as the sum of emission scores E output by the BiLSTM network,
and learned transition scores P with dimension T × T , which define the score of a
transition from label i to label j. We can thus write the score S as:

S(x, y) =

L∑
i=1

Eiyi + Pyi−1yi (4)

While being trained, the CRF layer will learn useful constraints from the train-
ing data, including hard constraints regarding sequences of labels that should
never occur, this way greatly reducing the search space of possible sequences by
discouraging invalid sequences, and thus forcing the model to output a valid label
sequence. We compute a conditional probability Pr(y|x) for a label sequence y via
a softmax over all possible label sequences.

Pr(y|x) =
exp(S(x, y))∑

y′∈ŷ exp(S(x, y′))
(5)
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The model is trained to maximize the log-likelihood function
∑N

i=1 log Pr(yi|xi)
on a training set. Intuitively, for a given x, the model learns to assign a higher
score for the real label sequence y in comparison to all other label sequences ŷ.
As the CRF layer only considers bigram interactions between labels, dynamic
programming can be applied for efficient training and inference (Rabiner, 1989).

3.2 Cross-Language Word Embeddings

The choice of word embeddings plays a significant role in model performance.
As the majority of readily available pre-trained word embeddings are inferred
on modern corpora, using off-the-shelf word embeddings directly would be a poor
choice on the understudied domain of historical texts, due to differences in spelling
and word usage (e.g., an official orthography for Portuguese was only adopted in
the early 20th century). In initial experiments, we indeed observed a substantial
number of Out-of-Vocabulary (OOV) words on historical datasets, compared to
a vocabulary built from Wikipedia. To somewhat alleviate the OOV problem,
we used pre-trained FastText word embeddings (Bojanowski et al, 2017), which
feature subword information as an extension to the skip-gram model (Mikolov
et al, 2013). FastText represents words as a sum of character n-gram vectors, thus
allowing the model to build word vectors for unknown words. In our work, we
employed FastText to create word vectors for all words in the evaluation corpora,
in this way bypassing the OOV problem found in historical corpora. Preliminary
results confirmed the gains in terms of model performance obtained from building
representations of rare or unknown words, compared to using other off-the-shelf
embeddings.

Cross-language learning approaches are a means for jointly supporting multiple
languages within a single model, often leveraging word embeddings where equiva-
lent words in the different languages are similar in the representation space. One
common approach found in the literature employs a bilingual dictionary (Ruder
et al, 2017) for mapping pre-trained word embeddings from a source language to a
target language. In our work, we employed the cross-lingual approach by Zhou et al
(2019), which instead of regarding word embeddings as a discrete set of points,
models the embedding space as a probability density function, in order to deal
with the uncertainty in learning word embeddings. The monolingual embedding
spaces of the source and target languages are defined by a Gaussian mixture model
with Ns and Nt components, where Ns and Nt are the number of pre-trained word
embeddings in the source and target languages, respectively. For the source lan-
guage, each Gaussian component is mean-centered at the corresponding original
word embedding, weighted by the unigram distribution P (si) of word occurrences.

P (S) =

Ns∑
i=1

P (si) N (S|si, σ2
sI) (6)

In this formulation, P (S) is the density of all points in the source embedding
space andN is a multivariate isotropic Gaussian, centered at the pre-trained source
embedding si with source variance σ2

s . An analogous formulation is also defined
for the target embedding space. This approach then jointly learns two mapping
functions fst and fts, defined in both directions, that better match the probability



14 Lúıs Santos et al.

densities of both monolingual spaces. Learning in this paradigm is illustrated as
follows. A continuous vector s is sampled from the Gaussian mixture model over
the source embedding space, defined by Equation (6), which is then transformed
via the mapping function fst, a learned linear transformation, to the vector t in
the target embedding space. The training objective is to maximize the log density
of all transformed source samples in the target space. Two other training signals
help to stabilize training, namely a weak orthogonality constraint, to encourage
the linear transformations Wst and Wts to be orthogonal to each other, and a
weak supervision loss for identical words (i.e., words with identical spellings in the
source and target languages), which was found useful to avoid local minima, even
though this kind of supervision signal is itself fairly noisy. Notably, even though
the training procedure just described is unsupervised, this approach obtains state-
of-the-art results on the tasks of bilingual lexicon induction and cross-lingual word
similarity.

In our work, we projected the Spanish embeddings space into the Portuguese
embeddings space, given that more data was available for Portuguese than Span-
ish. After training the bilingual mappings, we had to merge the Portuguese and
Spanish embeddings, now aligned in a single vector space, into a single set of
embeddings due to our joint training approach involving multiple datasets and
languages. Whenever a word w is present in both languages, we combined the
embeddings via a weighted average using the corresponding normalized word fre-
quencies in the available corpora as weights. In this formulation, Ps(w) and Pt(w)
denote the normalized word frequencies of the source and target languages, re-
spectively, and Es(w) and Et(w) denote the monolingual word embeddings of the
source and target languages. We compute embedding E(w) in the shared space as:

E(w) =
Ps(w)Es(w) + Pt(w)Et(w)

Ps(w) + Pt(w)
(7)

3.3 The Annotated Datasets

In the process of gathering datasets for our experiments, we surveyed the literature
in search of Portuguese and Spanish corpora with POS and/or NER annotations,
containing either modern or historical texts from multiple domains. We only con-
sidered datasets that are openly available for research purposes, and we now make
our list publicly available for further experimentation. Table 3 presents an overview
of the gathered corpora. As the datasets were created in various research projects,
they differ in terms of the content gathering process, tokenization strategies, tagset
formats, and annotation guidelines. Thus, an extensive normalization process was
required to ensure a consistent format for all datasets. One goal of our work was
to standardize the data format and the annotation schemes across all surveyed
corpora, and in order to achieve that goal we had to make decisions regarding the
output format. We chose the CoNLL format (Tjong Kim Sang and De Meulder,
2003), since it is widely known in the research community. The CoNLL format
contains one token per line, where empty lines denote sentence boundaries. Each
line contains a fixed number of fields separated by whitespace, which in our work
are the raw token, and the POS/NER tags depending on the available annotations.

Regarding the POS annotations, a logical choice for standardization was the
Universal POS (UPOS) tagset from the Universal Dependencies (UD) project.
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In brief, the Universal Dependencies project (Nivre et al, 2016) is an ongoing
effort to develop consistent annotation schemes across languages for treebank data,
featuring a coarse-grained tagset of 17 UPOS tags2. In our work, we made the
following modifications: we did not consider PART tags, as these can typically be
replaced by other tags. Since Portuguese relies heavily on contractions, we added
a set of new tags for these cases: ADP+DET, ADP+PRON, ADP+ADV and
VERB+PRON. When given a choice to separate the contractions into multiple
words, or keep these as a single token, we chose the latter and concatenate the
POS tags of the individual words (e.g., por + a → pela). We applied the same
reasoning to clitics to keep these as a single token (e.g., keeping words like tornou-
se or fechá-la). The main motivation to follow this approach is to facilitate the
processing of new texts directly, in the form in which they are made available
(i.e., to avoid complex tokenization rules and pre-processing texts heavily, when
applying a trained model to previously unseen data). During the normalization
step, some dataset-specific hyphenation rules were reversed, and the original POS
tagsets in each dataset were converted automatically via conversion tables and
other dataset-specific rules to the standardized UD tagset.

Regarding the NER annotations, we chose to only keep person (PER), orga-
nization (ORG) and location (LOC) names, as these can be found on all corpora
that were considered. There were other interesting tags to consider, including time
expressions and miscellaneous (MISC) tags, but only a fraction of the datasets
had these annotations and their usage is often not consistent among the differ-
ent corpora. We converted all corpora with NER annotations to the BIO tagging
scheme, a commonly used format to represent named entities that can span multi-
ple tokens. Previous work (Reimers and Gurevych, 2017) found that for a modern
BiLSTM-based sequence learner, a more expressive IOBES scheme does not bring
advantages over a simpler BIO scheme, thus justifying our choice of the BIO en-
coding of chunks as individual tags.

We complied with the original data splits into train, development and test
sections whenever the corpus creators provide splits of the data. For datasets
without pre-made splits, we created our data splits by randomizing the sentence
ordering, using a fixed seed for reproducibility, and splitting on 75%, 10% and 15%
of the sentences for the train, development and test sections respectively. Table 4
provides statistics on the datasets used in our experiments, in terms of sentences,
tokens and vocabulary size. Figure 2 showcases the relative proportions of the POS
tags on each dataset, while Figure 3 shows the same information for the NER tags.

In the current version 2.3, the UD project contains about 130 treebanks released
in 76 languages. The UD project integrates multiple datasets in Portuguese, most
notably the Bosque corpus and the GSD corpus. The Bosque corpus (Rademaker
et al, 2017) is part of the larger Floresta Sintática treebank, and contains newswire
text in European Portuguese, from CETEMPúblico, and Brazilian Portuguese,
from CETENFolha. Bosque was fully revised by linguists and conversion rules
were applied to convert the original data into the UD format. The GSD corpus
of Brazilian Portuguese (McDonald et al, 2013) corresponds to annotated samples
from news and blogs, converted from the legacy Google Universal Dependency
Treebank. The UD project also features datasets in Spanish, most notably the

2 http://universaldependencies.org/u/pos/
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Dataset Language Task

Bosque (Rademaker et al, 2017) PT POS
CINTIL (Barreto et al, 2006) PT POS/NER
CIPM (Xavier et al, 1994) PT POS
Colonia (Zampieri and Becker, 2013) PT POS
GSD (McDonald et al, 2013) PT POS
Mac-Morpho (Fonseca et al, 2015) PT POS
Paramopama (Mendonça et al, 2015) PT NER
Tycho Brahe PT POS
Post Scriptum PT/ES POS
WikiNER (Nothman et al, 2012) PT/ES NER
AnCora (Taulé et al, 2008) ES POS/NER
CoNLL-02 (Tjong Kim Sang, 2002) ES POS/NER
Relaciones Geográficas ES NER

Table 3 Datasets used to support the evaluation experiments.

AnCora corpus. For the reason detailed further ahead, we considered a different
version of AnCora instead of the AnCora corpus available on the UD project.

We extracted all the multi-word tokens from CoNLL-U3 files associated to
UD project datasets, and discarded individual words that are included in multi-
word tokens. For Portuguese and Spanish, this means that we keep the contracted
form of words rather than their uncontracted forms. Though we leave the Bosque
corpus mostly unchanged, we heavily preprocessed the GSD corpus. We reverted
the hyphenation rules from the GSD corpus, which adopts a tokenization strategy
of separating all compound words (e.g., ex - presidente is represented by 3 tokens).
To perform this, we created rules to convert compound words to a single token.
These compound words were then manually checked for correctness, and a list of
exceptions was created for cases where the tokenization was not being performed
correctly. We also revised tokens that were assigned to the incorrect POS tag
category, such as contraction words, symbols and URLs tagged as X (other).

CINTIL (Barreto et al, 2006) is a corpus of European Portuguese developed at
the University of Lisbon. It contains texts from written sources (e.g., newswire and
literature) and spoken sources (e.g., telephone transcriptions, public/private con-
versations), annotated for named entities and POS tags. CINTIL features a fine-
grained POS tagset, containing inflectional features for verbs (e.g., tense, mood,
person, number) and names (e.g., gender, number). In addition, the authors chose
to separate common contractions of the Portuguese language into multiple tokens
(e.g., pela → por + a, num → em + um), with a leading underscore to indicate
the starting token of the contraction. In our conversion efforts, we curated a list of
contractions and their uncontracted forms for the Portuguese language, and used
this list to convert contractions to the single token form. CINTIL features some
Multi-Word Expression (MWE) tags (i.e., locuções, in the Portuguese language),
meaning that the same MWE tag is assigned to a chunk of tokens. As UD anno-
tates tokens at their individual level, we employed a data-driven approach with

3 http://universaldependencies.org/format.html
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Language Dataset Task Sentences Tokens Vocab. size

Portuguese

Bosque POS 9366 210962 28824
CINTIL POS/NER 30344 638746 50417
CIPM POS 6939 82017 10661
Colonia POS 217338 5559844 182629
GSD POS 12080 293052 34582
Mac-Morpho POS 49932 943775 61938
Paramopama NER 16276 386799 38529
Post Scriptum POS 36429 813846 68903
Tycho Brahe POS 105450 2032394 98111
WikiNER NER 142112 3499683 116084

Spanish

AnCora POS/NER 12146 394485 33943
CoNLL-2002 POS/NER 11755 369171 31405
Post Scriptum POS 29562 671080 52184
Relaciones Geográficas NER 917 61583 6403
WikiNER NER 127036 3499998 116233

Table 4 Statistical characterization for the datasets used in our experiments.

manual corrections to create conversion rules for MWE tags to UD tags. Regarding
NER, we ignore WRK (work) entities and MSC (miscellaneous) entities, keeping
only person, organization and location names.

The Mac-Morpho corpus (Alúısio et al, 2003), later revised by Fonseca et al
(2015), was developed by the NILC group at the University of São Paulo and
contains newswire text annotated with POS tags in Brazilian Portuguese. The
sentences were extracted from the newspaper Folha de São Paulo and cover a wide
range of topics (e.g., agriculture, politics or sports). Two main revisions to the
corpus were taken since the first release in 2003, and in this work we use the latest
revision as described by Fonseca et al (2015). While the original corpus separated
contractions, similarly to the CINTIL corpus, the revised corpus rejoined these
tokens into a single token as multi-word contractions, while at the same time
concatenating the POS tags of the individual words (e.g., the word do is tagged
as PREP+ART). We build upon the work of Freitas et al (2018) that produced
conversion rules for Mac-Morpho v1 to UD v1. In our work, however, we only use
a subset of their rules4, since we convert from the Mac-Morpho v3 tagset to the
UD v2 tagset. These latest versions have slight tagset modifications, compared to
the original versions which was the focus of their tagset conversion efforts.

The Colonia corpus of historical Portuguese (Zampieri and Becker, 2013) con-
sists of texts written between 1500 to 1936. The corpus contains a balanced variety
of 48 European Portuguese and 52 Brazilian Portuguese texts. Word lemmas and
POS tags were generated with TreeTagger, a probabilistic POS tagger reported to
achieve accuracy higher than 95%. As POS taggers are most commonly trained on
contemporary data, the authors had to perform a post-processing step to correct
unknown lemmas. However, to the best of our knowledge there was no exten-
sive manual revision of the POS tags. At the contraction-level, the authors use
compound tags for prepositions with determiner/pronouns and verbs with clitics
(enclisis). While this is a fairly large corpus, there is some degree of overlap with
other historical corpora, such as the Tycho Brahe corpus. The fact that the POS
annotations were automatically generated with no human corrections at a post-
processing phase also makes us question the corpus quality. For our purposes, we

4 http://github.com/own-pt/macmorpho-UD
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Fig. 2 Relative proportions of POS tag categories per dataset.

chose not to train our cross-domain, multi-task and cross-lingual models on this
dataset, but we still include it for evaluation in order to determine whether the
models generalize to unseen data on the same historical domain.

The Tycho Brahe corpus5 of historical Portuguese consists of texts written by
Portuguese authors born between 1380 and 1881. The corpus contains 76 texts
with a total of 3.3M tokens freely available for research. A subset of these texts
contain annotations for POS tags, which at the time of the writing of this article
consists of 47 texts with a total of 2.0M tokens. We concatenated all texts with
available POS tags, and removed metadata in the form of XML tags. The Tycho
Brahe corpus separates all forms of Portuguese contractions, with special syntax to
mark contraction words (i.e., words that belong to a contraction). We employ rules
to join words that belong to a contraction into a single token, and concatenate
the POS tags in doing so. The corpus uses a fine-grained POS tagset, containing
for instance information about gender and number for nominal tags, and mood
and tense for verbal tags. Each verb that can take the role of auxiliary verb in
Portuguese has its own POS tag. We simplify the tagset by removing this type of
extra information, and in that way condensing it to the coarse-grained UD tagset.

Corpus Informatizado do Português Medieval (CIPM) (Xavier et al, 1994) is a
historical Portuguese corpus developed at Universidade Nova de Lisboa, contain-
ing early Portuguese texts from the 12th to the 16th centuries. CIPM includes
literary texts (e.g., travel narratives and doctrinal prose), and non-literary texts
primarily of legal nature (e.g., private notarial documents and royal documents).
We wrote a small web crawler to fetch all available texts with POS annotations,
and we heavily pre-processed the texts. We removed all sorts of metadata inside
the texts, such as XML section meta tags, comments with meta information and
non-annotated excerpts in Latin. The digitization and/or transcription of histor-

5 http://www.tycho.iel.unicamp.br/corpus/
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Fig. 3 Relative proportions of NER tag categories per dataset.

ical texts is a complex process, and due to the nature of this process the authors
insert special syntax within the text. Some of this extra syntax signals word abbre-
viations, character or word corrections by the authors, unknown segments due to
the deterioration of the source material, deliberate suppression of text fragments
by the authors, etc. We created several rules to remove such syntax of the tran-
scription, and made decisions to keep the full words rather than the abbreviations,
and to remove excerpts that are unknown or uncertain, in an effort to normalize
the texts to a common format, as expected in other corpora.

Post Scriptum is a historical Portuguese corpus6 developed by the Centro de
Lingúıstica da Universidade de Lisboa (CLUL) research group. The corpus consists
of informal letters in Portuguese and Spanish, most of which are unpublished,
written between the 16th and early 20th centuries by authors from different social
backgrounds. Due to the nature of the letters, the textual contents are comparable
to a spoken corpus, featuring issues from the everyday lives of people from past
centuries. We downloaded the whole corpus with POS annotations, for Portuguese
and Spanish. The Post Scriptum tagset is a position-based tagset, inspired by the
EAGLES tagset for Spanish. The first letter represents the main POS tag, and the
second letter represents a fine-grained POS tag. Subsequent letters (or numbers)
encode evermore specific information (e.g., person, gender and number). For our
purposes, we can convert the tags to the UD tagset by using only the first two
letters of the tag. The handling of contractions required minimal effort on our part,
since originally these were already kept as single tokens with compound POS tags.
Importantly, the corpus features no sentence boundaries, other than the implicit
ones between letters, and we used spaCy7, a popular NLP library that features
text segmentation methods, to create the required sentence boundaries.

WikiNER (Nothman et al, 2012) is a silver-standard corpus in multiple lan-
guages created from the link structure of Wikipedia. To compensate a lack of
annotated data in several languages, the authors proposed to use Wikipedia for

6 http://ps.clul.ul.pt
7 http://spacy.io/
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automatically generating NER annotations for person, location, organization, and
miscellaneous entities. The authors achieve this by classifying Wikipedia articles
into named entities, and then converting the links between articles into such entity
references, through a set of heuristics specific to Wikipedia. The result was a large
scale annotated corpus in nine languages, and for our purposes we downloaded the
Portuguese and Spanish sections of the corpus. We parsed the line-based WikiNER
format, removing the MISC entities and converting from the IOB scheme to the
BIO scheme. With the exception of Colonia, this is the largest corpus used in our
experiments, with a total of 3.5M tokens both for Portuguese and Spanish.

Paramopama (Mendonça et al, 2015) is a manually revised corpus derived from
the Portuguese WikiNER corpus. The authors revised incorrectly assigned tags in
an effort to improve upon the silver-standard WikiNER corpus. Their methodology
to create the corpus is as follows: the authors train a NER classifier on the HAREM
corpus (Freitas et al, 2010), and use it to automatically label the WikiNER corpus.
They then manually analyze the two sets of labels for each sentence and remove the
wrong entities. Afterwards, they train another NER classifier from the reviewed
WikiNER corpus, and use it to label previously unseen sentences extracted from
news websites. Similarly to the WikiNER corpus, these sentences are manually
reviewed, and the corrected sentences from the Wikipedia and newswire domains
are joined to create the Paramopama corpus. The authors also created a version
of the HAREM corpus in the CoNLL format, and to avoid repeating past work by
preprocessing the HAREM corpus ourselves, we use the Paramopama + second
HAREM corpus that the authors produced. We removed time entities from the
corpus and converted the raw entities (i.e., no tagging scheme) to the BIO scheme.

The CoNLL-02 shared task (Tjong Kim Sang, 2002) introduced two corpora
with named entities in Spanish and Dutch. Together with the English and German
corpora from the CoNLL-03 shared task (Tjong Kim Sang and De Meulder, 2003),
these corpora are widely used benchmarks in the research community, which serve
as a testbed for new model architectures. The Spanish corpus consists of newswire
articles from May 2000 made available by the Spanish EFE news agency. In our
work, we use the Spanish data with POS tags provided by Xavier Carreras. The
POS tags follow the position-based EAGLES tagset for Spanish, and because of
this we mostly adapted the conversion tables that we already created for the Post
Scriptum corpus. Like in the remaining corpora, we removed all the MISC entities.

AnCora (Taulé et al, 2008) is a multilingual annotated corpus that comprises
half a million words in Spanish and in Catalan that were annotated at the morpho-
logical, syntactic and semantic levels, thus containing POS and NER annotations.
The Spanish corpus consists mainly of newswire texts from the EFE Spanish news
agency (225K words) and from the Spanish El periódico newspaper (200K words),
also including a smaller portion from the Lexesp Spanish balanced corpus (75K
words). We initially considered using the AnCora-ES version from the UD project
which had already been converted to UD guidelines. However, the AnCora UD cor-
pus lacks the named entity annotations which are available in the original corpus.
We thus obtained the data for the AnCora corpus from the CoNLL-09 shared task
(Hajič et al, 2009). This corpus contains POS tags with morphological features
such as gender and number, but in order to convert to the UD tagset, we only
required the main and secondary POS tags. AnCora considers six types of named
entities: person, organization, location, number, date and other. Nearly half of the
named entities in AnCora are nested and, in our work, we only considered the
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Accuracy

Language Dataset Overall Unseen Ambiguous Prec Rec F1

Portuguese

Bosque 96.49 91.31 96.32 96.49 96.49 96.49
CINTIL 98.42 95.96 97.42 98.42 98.42 98.42
CIPM 97.03 84.74 96.90 97.03 97.03 97.03
GSD 98.06 95.75 97.57 98.06 98.06 98.06
Mac-Morpho 97.82 94.95 97.29 97.82 97.82 97.82
Post Scriptum 92.69 81.85 92.91 92.68 92.68 92.68
Tycho Brahe 97.46 89.80 97.27 97.46 97.46 97.46

Average 96.85 90.62 96.53 96.85 96.85 96.85

Spanish

AnCora 98.88 96.59 97.76 98.88 98.88 98.88
CoNLL-2002 97.84 87.95 96.11 97.83 97.83 97.83
Post Scriptum 96.97 87.28 97.23 96.97 96.97 96.97

Average 97.90 90.61 97.03 97.89 97.89 97.89

Table 5 POS results obtained from training a model separately for each dataset, together
with per-language averages.

Entity Spans Tokens

Language Dataset Acc Prec Rec F1 Acc Prec Rec F1

Portuguese

CINTIL 98.23 83.60 85.89 84.73 98.61 98.70 98.70 98.70
Paramopama 97.50 85.11 88.32 86.69 98.02 98.17 98.17 98.17
WikiNER 98.71 92.73 93.79 93.26 98.96 99.13 99.13 99.13

Average 98.15 87.15 89.33 88.23 98.53 98.67 98.67 98.67

Spanish

AnCora 92.32 77.27 80.12 78.67 94.18 94.37 94.37 94.37
CoNLL-2002 98.04 84.94 88.13 86.51 98.32 98.42 98.42 98.42
Relaciones Geográficas 98.06 82.29 78.74 80.48 98.64 98.83 98.83 98.83
WikiNER 98.41 90.71 91.32 91.01 98.72 98.96 98.96 98.96

Average 96.71 83.80 84.58 84.17 97.46 97.65 97.65 97.65

Table 6 NER results obtained from training a model separately for each dataset, together
with per-language averages.

PER, LOC and ORG entities at the outermost level (e.g., Electricité de France is
an organization name with a nested location, although we only considered the or-
ganization name). MWEs, which in the original AnCora appear as a single token,
in our work were expanded into multiple tokens.

The Relaciones Geográficas historical corpus8 was created in the context of a
digital humanities project focusing on the analysis of a collection of 16th century
texts known as the Relaciones Geográficas of New Spain. The documents describe
information with regard to 16th century ethnic groups in Mesoamerica, consist-
ing of a set of answers to questions regarding politics, the natural environment,
population history, settlement patterns, native history and customs, etc. A small
subset of the data, consisting of approximately 900 sentences, was manually anno-
tated. Though the corpus considers a wide range of named entity categories, which
may be potentially nested, we retain only the outermost person, organization and
location names.

8 http://www.lancaster.ac.uk/digging-ecm/corpus/
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Accuracy

Language Dataset Overall Unseen Ambiguous Prec Rec F1

Portuguese

Bosque 90.30 87.47 88.14 90.30 90.30 90.30
CINTIL 98.42 95.96 97.42 98.42 98.42 98.42
CIPM 64.44 54.49 71.73 64.44 64.44 64.44
Colonia 85.18 53.80 72.17 85.17 85.17 85.17
GSD 91.96 91.03 89.31 91.96 91.96 91.96
Mac-Morpho 88.83 86.52 86.57 88.82 88.82 88.82
Post Scriptum 73.53 55.80 74.75 73.52 73.52 73.52
Tycho Brahe 86.28 76.12 86.21 86.27 86.27 86.27

Average 84.87 75.15 83.29 84.86 84.86 84.86

Spanish

AnCora 87.18 64.73 87.70 87.18 87.18 87.18
CoNLL-2002 97.84 87.95 96.11 97.83 97.83 97.83
Post Scriptum 74.26 64.25 77.00 74.26 74.26 74.26

Average 86.43 72.31 86.94 86.42 86.42 86.42

Table 7 POS results with a Portuguese model trained on CINTIL and a Spanish model
trained on CoNLL-02, for out-of-domain transfer.

Entity Spans Tokens

Language Dataset Acc Prec Rec F1 Acc Prec Rec F1

Portuguese

CINTIL 98.23 83.60 85.89 84.73 98.61 98.70 98.70 98.70
Paramopama 95.30 69.66 73.55 71.55 96.14 96.46 96.46 96.46
WikiNER 95.59 73.06 75.23 74.13 96.34 96.63 96.63 96.63

Average 96.37 75.44 78.22 76.80 97.03 97.26 97.26 97.26

Spanish

AnCora 76.06 32.56 41.91 36.65 84.67 86.30 86.30 86.30
CoNLL-2002 98.04 84.94 88.13 86.51 98.32 98.42 98.42 98.42
Relaciones Geográficas 94.91 39.18 37.87 38.51 96.26 96.52 96.52 96.52
WikiNER 95.00 67.76 71.26 69.47 95.98 96.31 96.31 96.31

Average 91.00 56.11 59.79 57.78 93.81 94.39 94.39 94.39

Table 8 NER results with a Portuguese model trained on CINTIL and a Spanish model
trained on CoNLL-02, for out-of-domain transfer.

4 Experimental Evaluation

This section introduces the experimental evaluation of the proposed ideas, first
introducing the general evaluation methodology and the evaluation metrics, and
then discussing the obtained results.

4.1 Experimental Methodology and Evaluation Metrics

Our overall objective was to assess the usefulness of joint training of cross-lingual
neural models for POS tagging and NER, for the Portuguese and Spanish lan-
guages, with mixed datasets, domains and tasks. We carried out experiments in
four settings: single dataset, cross-domain, multi-task, and cross-lingual. On the
single dataset experiments, we evaluate our neural approach independently on each
dataset and task. In this context, we also experimented with out-of-domain trans-
fer by using the Portuguese model trained on CINTIL and the Spanish model
trained on CoNLL-02, i.e. the largest corpora in Portuguese and Spanish that
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Accuracy

Language Dataset Overall Unseen Ambiguous Prec Rec F1

Portuguese

Bosque 92.43 91.08 90.39 92.92 92.43 91.98
CINTIL 96.05 92.89 94.63 96.33 96.04 96.16
CIPM 93.53 76.78 93.59 93.73 93.53 93.61
Colonia 84.90 55.42 71.40 89.81 84.90 86.75
GSD 92.61 92.74 89.19 94.07 92.61 92.68
Mac-Morpho 95.27 93.15 93.91 95.66 95.27 95.32
Post Scriptum 91.39 79.99 91.67 91.37 91.39 91.35
Tycho Brahe 96.44 89.10 96.19 96.43 96.44 96.42

Average 92.83 83.89 90.12 93.79 92.83 93.03

Spanish

AnCora 94.43 86.90 93.59 94.72 94.43 94.08
CoNLL-2002 95.07 82.26 92.03 96.64 95.06 95.71
Post Scriptum 96.63 85.88 96.97 96.62 96.63 96.62

Average 95.38 85.01 94.20 95.99 95.37 95.47

Table 9 POS results with a cross-domain model trained with all datasets, for each language.

Entity Spans Tokens

Language Dataset Acc Prec Rec F1 Acc Prec Rec F1

Portuguese

CINTIL 98.28 84.03 85.53 84.77 98.62 98.75 98.73 98.74
Paramopama 97.37 85.59 87.09 86.34 97.95 98.09 98.10 98.08
WikiNER 98.43 91.74 92.26 92.00 98.78 98.95 98.95 98.95

Average 98.03 87.12 88.29 87.70 98.45 98.60 98.59 98.59

Spanish

AnCora 97.93 81.46 87.38 84.32 98.26 98.44 98.34 98.38
CoNLL-2002 97.77 85.81 86.02 85.91 98.30 98.40 98.41 98.40
Relaciones Geográficas 98.09 79.87 79.07 79.47 98.59 98.82 98.80 98.81
WikiNER 97.94 88.22 88.87 88.55 98.35 98.64 98.63 98.64

Average 97.93 83.84 85.34 84.56 98.38 98.58 98.54 98.56

Table 10 NER results with a cross-domain model trained with all datasets, for each language.

contain annotations for both tasks, to evaluate the single dataset models on the
remaining datasets. In the cross-domain setting, we train models on the aggre-
gation of all datasets for each language and task. In the multi-task setting, we
train monolingual models simultaneously targeting POS and NER on all datasets
for each language. Finally, in the cross-lingual setting, we train a single model on
all Portuguese and Spanish datasets that generalizes across languages, tasks and
domains. In all experiments, we chose not to train on the POS annotations of the
Colonia corpus. Since the POS tags were automatically generated, and since this
corpus is fairly large, it would introduce a large bias on the data quality. We nev-
ertheless chose to evaluate on the Colonia corpus for experiments that use other
Portuguese corpora, in order to test the generalization of the models on unseen
historical corpora.

To obtain comparable results, we employ the same architecture and hyper-
parameters among all the settings. The hyperparameter choices were taken from
Reimers and Gurevych (2017). In order to model character-level information, we
employ a Char-BiLSTM network with a hidden dimension of 25 featuring a char-
acter embedding dimension of 30. The word-level BiLSTM network contains two
layers, each with a hidden layer dimensionality of 100. We use mini-batches of 32
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Accuracy

Language Dataset Overall Unseen Ambiguous Prec Rec F1

Portuguese

Bosque 91.48 90.29 88.77 92.28 91.48 90.66
CINTIL 95.07 91.22 93.48 95.57 95.06 95.25
CIPM 92.09 75.49 92.33 92.39 92.09 92.21
Colonia 84.82 55.73 71.12 89.83 84.81 86.68
GSD 92.17 92.06 88.92 93.68 92.17 91.94
Mac-Morpho 95.21 93.53 93.57 95.54 95.21 95.17
Post Scriptum 90.89 79.24 91.24 90.85 90.89 90.83
Tycho Brahe 96.32 88.69 96.09 96.30 96.32 96.29

Average 92.26 83.28 89.44 93.30 92.25 92.38

Spanish

AnCora 93.25 83.27 93.02 93.78 93.25 92.64
CoNLL-2002 94.91 81.95 91.73 96.20 94.89 95.45
Post Scriptum 96.48 86.39 96.74 96.47 96.48 96.47

Average 94.88 83.87 93.83 95.48 94.87 94.85

Table 11 POS results with a multi-task model addressing POS and NER, for each language.

Entity Spans Tokens

Language Dataset Acc Prec Rec F1 Acc Prec Rec F1

Portuguese

CINTIL 97.52 77.54 80.17 78.83 98.06 98.23 98.18 98.20
Paramopama 96.97 82.14 84.94 83.52 97.56 97.73 97.74 97.72
WikiNER 97.99 88.65 90.17 89.40 98.39 98.61 98.60 98.61

Average 97.49 82.78 85.09 83.92 98.00 98.19 98.17 98.18

Spanish

AnCora 97.73 78.57 85.13 81.72 98.02 98.27 98.12 98.17
CoNLL-2002 97.64 82.63 84.96 83.78 97.96 98.14 98.09 98.11
Relaciones Geográficas 97.27 73.82 67.44 70.49 98.04 98.37 98.36 98.31
WikiNER 97.73 86.59 88.22 87.40 98.19 98.49 98.47 98.48

Average 97.59 80.40 81.44 80.85 98.05 98.32 98.26 98.27

Table 12 NER results with a multi-task model addressing POS and NER, for each language.

sentences and employ an early stopping criterion of 10 epochs. We train our model
with the Adam optimizer (Kingma and Ba, 2014), a popular variant of stochas-
tic gradient descent which has been broadly adopted for training deep learning
models. We use variational dropout (Gal and Ghahramani, 2016) in the LSTM
networks and fix the dropout rate to 0.5 both for the linear and recurrent trans-
formations. At the output level, we compute the loss via a single CRF layer for
the single dataset and cross-domain settings. On the multi-task and cross-lingual
settings, the loss is computed as a sum of two CRF layers, which model label corre-
lations for the tasks of POS and NER. For datasets that only include annotations
for one of these tasks, the loss on the other task is masked to prevent it having
any impact on network training. In the experiments involving model training with
multiple datasets, we also used instance weighting by assigning each sentence to
a weight corresponding to one minus the proportion of tokens from the dataset of
the sentence, over the total number of tokens. Thus, we can counterbalance the im-
pact of larger datasets, which are seen more often during network training, on the
remaining corpora, by assigning smaller sentence weights to the larger datasets.
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Accuracy

Language Dataset Overall Unseen Ambiguous Prec Rec F1

Portuguese

Bosque 91.22 89.16 88.85 91.22 91.22 91.22
CINTIL 95.38 92.71 93.68 95.37 95.37 95.37
CIPM 90.10 72.25 91.00 90.10 90.10 90.10
Colonia 84.91 55.40 71.50 84.91 84.91 84.91
GSD 92.05 91.54 88.85 92.05 92.05 92.05
Mac-Morpho 94.84 92.54 93.48 94.83 94.83 94.83
Post Scriptum 90.92 79.35 91.27 90.92 90.92 90.92
Tycho Brahe 96.36 88.48 96.16 96.36 96.36 96.36

Average 91.97 82.68 89.35 91.97 91.97 91.97

Spanish

AnCora 92.76 84.29 91.10 92.76 92.76 92.76
CoNLL-2002 93.46 78.13 88.61 93.44 93.44 93.44
Post Scriptum 95.51 85.31 95.85 95.51 95.51 95.51

Average 93.91 82.58 91.85 93.90 93.90 93.90

Table 13 POS results obtained with a single cross-lingual model trained on all datasets, tasks
and languages.

Entity Spans Tokens

Language Dataset Acc Prec Rec F1 Acc Prec Rec F1

Portuguese

CINTIL 97.61 77.72 80.34 79.01 98.12 98.26 98.26 98.26
Paramopama 97.10 82.70 85.59 84.12 97.71 97.91 97.91 97.91
WikiNER 98.17 90.13 91.23 90.68 98.56 98.76 98.76 98.76

Average 97.63 83.52 85.72 84.60 98.13 98.31 98.31 98.31

Spanish

AnCora 78.73 36.79 45.00 40.48 86.36 87.69 87.69 87.69
CoNLL-2002 94.58 74.01 72.26 73.12 94.92 95.45 95.45 95.45
Relaciones Geográficas 95.90 59.93 53.16 56.34 97.09 97.54 97.54 97.54
WikiNER 97.70 86.78 88.04 87.41 98.16 98.47 98.47 98.47

Average 91.73 64.38 64.62 64.34 94.13 94.79 94.79 94.79

Table 14 NER results obtained with a single cross-lingual model trained on all datasets, tasks
and languages.

For evaluation we employ seqeval9, a Python framework for evaluating sequence
labeling based on conlleval. For POS tagging, we report different types of accuracy
metrics: overall accuracy on all tokens of the test set, accuracy on tokens of the
test set not seen during training, and accuracy on ambiguous tokens of the test
set, that may have multiple tags on the training set. We also report the micro-
averages of precision, recall and F1 scores. For NER, we report the micro-averages
of precision, recall and F1 scores at the entity-level (i.e. span-level) and at the
token-level. We also report the entity-level and token-level overall accuracies and,
for some configurations, we report on per-class results.

4.2 The Obtained Results

Tables 5 and 6 report the evaluation of the proposed model described in Section
3 on the single dataset setting for POS tagging and NER. We achieve consistently

9 http://github.com/chakki-works/seqeval



26 Lúıs Santos et al.

Language Portuguese Spanish

Dataset Bosque CINTIL CIPM Colonia GSD Mac-Morpho Post Scriptum Tycho Brahe AnCora CoNLL-2002 Post Scriptum

ADJ 84.50 91.02 62.26 68.72 87.41 90.06 77.89 90.86 87.88 83.86 83.48
ADP 96.76 98.30 95.67 94.83 95.87 95.71 95.23 98.21 95.33 99.44 99.15
ADP+ADV 100.00 97.67 57.14 81.16 100.00 93.94 90.91 91.83 - - -
ADP+DET 98.09 99.44 93.00 95.17 97.86 97.73 91.78 99.06 37.02 - 98.88
ADP+PRON 58.82 85.71 77.19 46.98 68.85 83.50 91.10 96.44 - - 93.83
ADV 89.46 94.37 80.55 88.42 90.37 87.05 92.50 95.22 97.20 97.21 95.20
AUX 24.00 55.43 - - 26.59 - 85.35 91.03 98.63 99.09 96.52
CCONJ 86.45 89.87 95.42 89.08 86.86 91.14 95.70 96.86 99.18 99.29 98.74
DET 96.92 94.27 80.10 87.96 97.01 95.98 89.47 96.50 98.20 99.12 97.06
INTJ - 81.77 72.73 73.11 - 67.10 74.70 86.24 36.36 0.00 81.08
NOUN 94.73 97.28 88.98 81.51 95.48 96.35 89.30 96.24 91.05 90.85 92.22
NUM 84.29 96.08 84.76 80.44 89.29 89.95 91.50 97.87 79.16 95.63 96.28
PRON 81.31 84.29 87.05 78.09 82.11 78.90 88.80 94.98 93.21 93.43 93.22
PROPN 93.24 95.63 87.55 - 94.26 95.04 83.68 94.68 69.41 23.47 91.58
PUNCT 99.96 99.83 99.95 99.52 99.54 99.95 95.04 99.75 99.99 99.96 99.69
SCONJ 52.97 12.24 - 38.19 - 74.37 86.97 82.89 91.87 89.77 92.05
SYM 57.78 71.51 - - 62.86 95.79 - - - - -
VERB 81.29 95.72 90.35 88.55 84.73 96.53 93.81 97.59 98.78 92.35 96.57
VERB+PRON 100.00 99.46 49.12 90.01 98.77 99.78 85.81 97.78 0.00 - -
X 0.00 - - 0.00 0.00 - 2.06 31.43 0.00 0.00 0.00

Table 15 F1 scores per POS tag category, obtained with a single cross-lingual model.

Entity Spans Tokens

Language Dataset LOC ORG PER LOC ORG PER

Portuguese

CINTIL 73.67 72.09 86.01 76.03 76.58 87.31
Paramopama 88.10 69.55 86.65 90.48 72.39 89.05
WikiNER 91.68 79.51 92.38 94.03 80.25 93.55

Average 84.48 73.72 88.35 86.85 76.41 89.97

Spanish

AnCora 43.20 31.00 47.98 49.89 51.82 53.11
CoNLL-2002 76.89 70.76 72.03 77.79 79.67 67.15
Relaciones Geográficas 58.58 0.00 53.78 66.13 0.00 76.92
WikiNER 87.29 73.69 91.71 91.17 77.99 93.57

Average 66.49 43.86 66.38 71.24 52.37 72.69

Table 16 F1 scores per named entity type at the span- and token-level, obtained with a single
cross-lingual model.

high results on the majority of the datasets employing the same general sequence
labeling architecture, without tuning hyperparameters on a per-dataset basis. In
turn, Tables 7 and 8 present the results of out-of-domain transfer from evaluating
models trained on one domain over the other domains, and Tables 9 and 10 simi-
larly present the evaluation of the cross-domain setting for POS tagging and NER.
The cross-domain results are generally lower than those from the single dataset
setting when examining on a per-dataset basis, but they are also consistently
better than the results of models trained on a single dataset and evaluated on
out-of-domain datasets. We argue that although the cross-domain models perform
worse on average, they are able to generalize better, and thus can be more readily
applied on unseen texts on various domains than their single dataset counterparts,
which fine-tune on one specific domain.

Tables 11 and 12 report the evaluation results for the multi-task setting that
simultaneously considers POS tagging and NER. The results are again lower on
average than those obtained on the single dataset setting, though not considerably
lower when compared to the cross-domain models. We maintain the argument of
a model being able to generalize across several texts for the multi-task setting.
Importantly, due to joint training for POS tagging and NER, our model is now
capable of labeling new texts with POS and NER tags on a wide range of domains.
Finally, Tables 13 and 14 present the evaluation of the cross-lingual setting, where
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a single model achieves performance on par with or better than the multi-task
model for Portuguese datasets. The model performance is worse for Spanish, likely
due to the fact that the Spanish embedding space was aligned to the Portuguese
embedding space, thus favoring results on the Portuguese datasets.

5 Conclusions and Future Work

In this work, we gathered a comprehensive list of datasets in Portuguese and Span-
ish, comprising historical and modern texts with parts-of-speech and named entity
annotations. We standardized these corpora to a common data format, converting
the POS tags to the Universal POS tagset, and the NER tags to a BIO tagging
scheme featuring person, organization and location entities. We evaluated the per-
formance of a modern sequence labeling model under diverse transfer learning
settings. We experimented with cross-domain, multi-task and cross-lingual trans-
fer, following recently proposed ideas from the state-of-the-art. In particular, our
cross-lingual model achieves 91.97% of overall accuracy and 84.60% of entity-level
F1 score for Portuguese, and 93.91% of overall accuracy and 64.34% of entity-
level F1 score for Spanish, when averaging over all datasets for these languages.
Though the results from transfer learning are still worse than the results obtained
from fine-tuned models on each dataset, we argue that the models obtained from
transfer learning are better for processing previously unseen texts. We also hope to
bring more attention to these understudied languages and domains, by releasing
the code to train and evaluate these models, as well as to standardize the datasets.

Despite the interesting results, there are also many possibilities for future work.
Besides considering Portuguese and Spanish, we can perhaps also consider exper-
imenting simultaneously with data from multiple similar languages (Rahimi et al,
2019). Specifically, our cross-lingual approach could perhaps benefit from datasets
in Galician, which would act as a bridge between Spanish and Portuguese due to
the similarities between these languages. Another interesting direction is to jointly
train POS tagging and NER simultaneously with other tasks. For example, our
sequence tagger can be extended to predict the next word and the previous word in
the sentence, in addition to the POS and NER tags of the current word. One such
language modeling auxiliary objective, as previously explored by Rei (2017), could
provide slight improvements in performance without requiring additional training
data. We can consider experimenting with recently proposed architectures for se-
quence labeling, for instance replacing standard RNN cells with alternatives that
deepen the state transition path at each position, and/or adding to the repre-
sentation of each token a global representation learned from the entire sentence
(Liu et al, 2019). Another promising line of work is cross-lingual alignment of
contextual embeddings such as ELMo or BERT, using these instead of the Fast-
Text embeddings. We believe that the recent successes of contextual embeddings
in monolingual models can be extended to cross-lingual settings (Schuster et al,
2019), through more effective representations of language arising from context-
awareness in cross-lingual models.

Besides NER and POS tagging, and following similar ideas related to the com-
bination of existing resources within a cross-lingual setting, we also plan to experi-
ment with the training of neural models for co-reference resolution (i.e., for linking
together mentions that relate to the same real world entities, including not just
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the named entity mentions present in the text but also pronouns and other words
that are potentially referring to entities). Co-reference resolution is also a rather
old NLP research topic that has witnessed a revival of interest in connection to
modern deep learning approaches (Clark and Manning, 2016a,b), although with
few previous studies focusing on Spanish or Portuguese texts.
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