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Abstract. Argumentation mining is an important task given the multi-
tude of textual sources and contexts it can be applied to. Many previous
studies aimed at the analysis of legal documents, or posts in web fora,
also focusing on English contents. However, there are other languages
and other types of natural language content where such techniques can
be applied. In this document we present an argumentation mining sys-
tem to extract arguments from news articles or essays, in Portuguese
and English, using a cross-language machine learning approach based on
deep neural networks. The document describes the methodology and the
datasets used for experimentation, as well as the achieved results of both
monolingual and cross-lingual experiments.

1 Introduction

Argumentation is an ages old subject whose study dates, at least, back to the
classical treatise on rhetoric by Aristotle, which serves as the basis for most of
the classical studies on the matter. In brief, argumentation can be defined as the
process by which arguments and counterarguments are constructed and handled
(Besnard and Hunter, 2008). Central to this definition is the notion of argument,
which consists of a set of assumptions (i.e., information from which conclusions
can be drawn), together with a conclusion that can be obtained by one or more
reasoning steps (i.e., steps of deduction) (Besnard and Hunter, 2008). Although
definitions can vary, the focal point is that there is a conclusion, often called
claim, that is supported by a set of assumptions, often called premises.

From a computer science perspective, the extraction of argumentative struc-
tures in natural language text gave birth to the relatively new field of Argumen-
tation Mining (AM) (Lippi and Torroni, 2016; Peldszus and Stede, 2013). The
complete task can be subdivided in other, smaller tasks, comprising the iden-
tification of the spans pertaining claims and premises, their classification, and
the establishment of relations between them. All of these tasks depend on the
underlying argumentation model supporting the analysis.

Typically, AM systems are developed in a pipeline fashion, using different
machine learning algorithms for each of the tasks, and latter combining them
using heuristics and/or restrictions. More recent work has nonetheless reported
on the successful use of other types of approaches, such as end-to-end sequence
tagging methods resorting to a single model with parameters inferred through
machine learning, e.g., a deep neural network (Eger et al., 2017).



Previous studies in the area of Natural Language Processing (NLP) have
discussed the fact that models based on deep neural networks allow for the use
of cross-language learning leveraging word embeddings in a common vector space
(Conneau et al., 2017), where a model is pre-trained with data from one language
and then retrained with data from another language, or where both languages are
jointly used to train one model capable of processing content in both languages.
This approach is deemed to achieve better results than monolingual training in
scenarios where the amount of annotated data in a given language is smaller, in
comparison to similar data in other languages (Mulcaire et al., 2018). This work
evaluated the application of similar cross-language learning ideas to the context
of AM.

AM can be applied to very different types of texts, such as social Web posts
stemming from on-line newspapers and blogs (Sardianos et al., 2015), Wikipedia
articles (Lippi and Torroni, 2015), social media articles (Goudas et al., 2014),
persuasive essays (Stab and Gurevych, 2016) or legal texts (Mochales and Moens,
2011) in multiple languages. Previous work, however, has focused mainly on
English documents, with few studies dedicated to exploring resources available
in other languages (Eger et al., 2018), such as Portuguese. In fact, to the extent
of our knowledge, only Rocha (2016) has specifically addressed argumentation
mining in Portuguese. Given the limitations of previous work in the area, this
document details the approach followed for building a novel AM system, capable
of processing texts both in English and Portuguese. The model that was used is
based on two consecutive bidirectional Long-Short Term Memory unit (biLSTM)
layers, with a CRF layer to determine the final output. This model was used to
perform sequence tagging on two datasets, one for each language, in order to
identify claims and premises on the texts.

The obtained experimental results have shown that the amount of annotated
text that is available has a significant impact on the performance of the proposed
model, that even a cross language approach could not fully mitigate. In fact, in
the best setting, global accuracy at word level was around 72% for the larger
English dataset, and 59% for the Portuguese dataset. As for the results in terms
of correctly identifying the argumentative spans, the difference was even greater,
with accuracy around 55% for English and 22% for Portuguese.

In the rest of this document, we start by describing basic concepts on neural
networks and AM, presenting also important related work. We then follow with
the description of our approach, followed by the presentation and discussion of
the experiments and the results that were achieved. The final section summarizes
the results of this study and discusses ideas for future work.

2 Concepts and Related Work

Argument extraction methods rely mostly on the use of supervised machine
learning algorithms in order to execute tasks that involve classification of textual
contents (i.e., sequences of words). In this section we start by describing how
deep neural networks can be used in sequence tagging. Afterwards, we describe



the tasks that are typically included in Argumentation Mining (AM). The section
ends with a summary of recently proposed systems dedicated to AM, including
state of the art approaches based on deep neural networks.

2.1 Textual Representation Methods

Many statistical methods for Natural Language Processing (NLP) use high di-
mensional and very sparse feature vectors for representing input texts (e.g., texts
are represented through one-hot vectors encoding word occurrences). However, a
more recent alternative is to consider dense inputs, also called word embeddings.
According to Goldberg (2016), word embeddings are vectorial representations
capturing intrinsic notions of semantic similarity between words. For instance,
through dense vectors it is possible to represent words like car and automobile
in a similar way, whereas in sparse vector representations (i.e., one-hot represen-
tations in which each word corresponds to a different dimension) these features
would be completely orthogonal from each other.

Word embeddings can be obtained in several ways, depending on the data
available and the tasks intended for the NLP system. One of the possibilities is
to resort to unsupervised training methods in order to produce the word em-
beddings. The idea behind unsupervised learning is that the embedding vectors
of similar words should be contextually similar leveraging the fact that similar
words appear in similar contexts. Unsupervised learning, thus depends on a word
w and a context c and there are different types of auxiliary tasks that can be per-
formed in order to produce the embeddings, such as predicting a word w given
its context c in a probabilistic setup (Mikolov et al., 2013a,b,c). Recent studies
have also described approaches for generating sub-word or character based rep-
resentations where the embeddings are defined for each character, or for parts
of words, being thus possible to devise an embedding even for unknown words
(Gao et al., 2014; Botha and Blunsom, 2014).

Word embeddings can also be used in cross-lingual scenarios, where embed-
dings of different languages are mapped to a common space, in order to ensure
that translatable words have similar representations. There are two fundamental
ways in which this can be done, i.e., supervised and unsupervised. The super-
vised setting resorts to a dictionary containing pairs of translated words to learn
a linear mapping W between the source and the target space, such that:

W∗ = argminW∈Od(R)‖WX−Y‖F = UV>, with UΣV> = SVD(YX>) (1)

In the previous equation, d is the dimensionality of the embeddings, Od(R)
the space of d×d matrices of real numbers, X and Y are two aligned matrices of
size d×n with the embeddings of the words in the parallel vocabulary. A closed
form solution for this equation can be obtained by singular value decomposition
(SVD) of the matrix YX>.

The unsupervised setting tries to learn the matrix W through an adversarial
training procedure, where X = {x1, ..., xn} and Y = {y1, ..., ym} are two sets of



m and n word embeddings from, respectively, a source and a target language. A
model is trained to discriminate randomly sampled elements from WX , whilst
W is trained to avoid accurate predictions from such model, in a two player
game setting, by making X and Y as similar as possible. Conneau et al. (2017)
describes a possible approach to the unsupervised process in detail.

2.2 Deep Learning for Sequence Tagging

Deep Neural Networks (DNNs) have recently produced very promising results
in a wide array of NLP related problems, including elementary sequence tagging
tasks such as parts-of-speech tagging and named entity recognition, or more
complex tasks such as semantic role labelling or discourse parsing (Goldberg,
2016). Deep neural networks can assume a variety of architectures, such as feed
forward networks or recurrent networks.

The simplest Neural Network (NN) architecture, consisting of a single node/u-
nit, is often called a perceptron. It can be mathematically written as:

NNPerceptron(x) = sign(xW + b) (2)

In the previous equation, W is a weight matrix and b is a bias term, with x ∈
Rdin , W ∈ Rdin×dout and b ∈ Rdout . The sign activation function gives the final
result. One of the most common neural network architectures combining multiple
nodes/units is called a Multi-Layer Perceptron (MLP) and, when considering one
hidden layer (MLP1) it can be defined as follows:

NNMLP1(x) = g′(g(xW1 + b1)W2 + b2) (3)

In this case W1 and b1 concern the first linear transformation, and W2

and b2 refer to a second linear transformation. We should also add that W1 ∈
Rdin×d1 , W2 ∈ Rd1×d2 , b1 ∈ Rd1 and b2 ∈ Rd2 . This means that xW1 +
b1 linearly transforms the input x from din to d1. Afterwards, the non-linear
activation function g is applied to each of the d1 dimensions, and the matrix
W2 and bias vector b2 are used to transform the result into a d2 dimensional
vector. It is the non-linearity of the functions g and g′ that allows the network
to approximate complex functions.

Regarding the training of neural networks, the task is usually done by min-
imizing a loss function over a training set, using a gradient based method. A
loss function L(ŷ, y) assigns a scalar to the network output ŷ given the expected
output y. The parameters of the network, i.e. the weight matrices Wi and the
biases bi are set in order to minimize L(ŷ, y) over the training examples.

The gradient based method used to train a neural network is usually a vari-
ation of the the stochastic gradient descent (SGD) algorithm. SGD is a generic
optimization algorithm which receives a function NN(.) (i.e., the neural network)
parameterized by θ, a loss function L(ŷ, y), and the desired input and output
pairs xn and yn respectively. The algorithm then attempts to set the parameters
θ such that the loss of NN(.) regarding the training examples is small.



The computation of gradients in networks can be implemented using the com-
putation graph abstraction, i.e., a representation of an arbitrary mathematical
computation (e.g., a nested function such as the neural network from Equation
3) as a graph. A computation graph is a directed acyclic graph (DAG) where the
nodes correspond to mathematical operations, and the edges to the flow of in-
termediary values between the nodes. After building such a graph it is trivial to
calculate the result of the computation (forward computation) as well as to com-
pute and update the gradients (backward computation). The generic algorithm
for training neural networks using such an abstraction is called back-propagation.

Recurrent Neural Networks (RNNs) (Elman, 1990) are a slightly different
kind of neural network, adequate for processing sequential data and generating
structured predictions (e.g., sequences of labels). RNNs are trained in a similar
manner, and they are well suited for sequence tagging since they can potentially
capture long term dependencies, increasing accuracy over other types of models
whose decision is based on a more restricted context. Mathematically speaking,
a RNN takes as input an ordered list of vectors x1, ...,xn and an initial state
vector s0, returning an ordered list of output vectors y1, ...,yn and an ordered
list of state vectors s1, ..., sn. A simple RNN can be defined as follows:

RNN(s0,x1:n) = s1:n,y1:n

si = R(si−1,xi)
yi = O(si)

(4)

In Equation 4, si is a state vector and xi+1 is an input vector. R(.) is a
recursively defined function that takes both as input, and outputs a new state
vector si+1. The function O maps the state vector si to an output vector yi. Input
dimensions din and output dimensions dout have to be specified. Furthermore,
xi ∈ Rdin , yi ∈ Rdout and si ∈ Rf(dout).

When considering sequences of words, the best prediction for a word at po-
sition i can be given not only by the words from the beginning of the sentence
up until the position i, but also from position i all the way to the end of the
sentence. In these cases, bidirectional Recurrent Neural Networks (biRNNs) can
be used in order to encode the entire sentence. In a biRNN, one RNN main-
tains the state of the sequence based on the inputs x1, ...,xi (forward state),
while another maintains the state of the sequence based on the inputs xn, ...,xi

(backward state). Each state si is obtained by concatenating both the forward
and backward states, with the output yi being given by the concatenation

yi = [yf
i ;yb

i ] = [Of(sfi ); Ob(sbi )]. Figure 1 illustrates the enconding of a sentence
using a biRNN.

RNNs and biRNNs are abstract architectures that can have diverse concrete
representations, going beyond the simple model of Equation 4. A popular ex-
ample is the Long Short-Term Memory (LSTM) unit which aims at effectively
capturing long range dependencies. LSTMs have memory cells that can preserve
gradients across time, and are considered to be a part of the state representation.
They use mathematical functions simulating logical gates in order to determine



Fig. 1. A bidirectional RNN representation of the sentence “I love my wife .”. Adopted
from an original figure from Goldberg (2016).

how much of the new input should be written to the memory cell, and how much
should it be forgotten. Mathematically speaking, a gate g ∈ [0, 1]

n
is a vector

of values in the range of [0, 1] that is multiplied component-wise with another
vector v ∈ Rn and the result is added to another vector. Indices in v corre-
sponding to near one values in g are allowed to pass, while those corresponding
to near-zero values are blocked.

If we use the symbol � to denote a component-wise product, an LSTM unit
can be formally defined as follows:

sj = RLSTM(sj−1,xj) = [cj ;hj ]
cj = cj−1 � f + g� i
hj = tanh(cj)� o
i = σ(xjW

xi + hj−1W
hi

f = σ(xjW
xf + hj−1W

hf

o = σ(xjW
xo + hj−1W

ho

g = tanh(xjW
xg + hj−1W

hg)

yj = OLSTM(sj) = hj

(5)

In this equation, sj ∈ R2·dh , while xi ∈ Rdx , cj ,hj , i, f,o,g ∈ Rdh , Wxo ∈
Rdx×dh , and Who ∈ Rdh×dh . The state at time j is composed of a hidden state,
hj and a memory component, cj . The gates i, f, and o control the input, forget
and output. An update candidate g is then computed as a linear combination
of the input xj and the previous state hj−1, and passed trough an hyperbolic
tangent activation function. The memory cj is then updated, with the forget



gate controlling the amount of previous memory to keep, and the input gate
controlling the amount of the input to keep. The output yj is determined based
on the memory content, passed through an hyperbolic tangent non-linearity.

RNNs can also be combined with other types of components, such as feed
forward networks, both at the input and at the output. A common setup for
sequence tagging problems involves the use of biRNNs for producing a sequence
of intermediate representations that are then processed by a layer inspired on
Conditional Random Fields (CRFs) (Lafferty et al., 2001) in order to produce
the final predictions. If we consider a sequenced input of words x = (x1, ..., xn),
and a sequence of output tags s = (s1, ..., sn), a standard CRF models the
probability p(s1, ..., sn|x1, ..., xn). This can be done by defining a feature map
Φ(x1, ..., xn, s1, ..., sn) ∈ Rd that maps both the input and output sequences to
a vector of d dimensions. The aforementioned probability can then be modeled
as a log-linear model, considering the parameter vector w ∈ Rd, as shown in
Equation 6:

p(s|x;w) =
exp(w · Φ(x, s))∑
s′ exp(w · Φ(x, s′))

(6)

In the previous equation, s′ ranges over all the possible sequences of outputs
and w·Φ(x, s) can be viewed as a scoring function for how well the state sequence
s fits the input sequence x. It is then possible to compute efficiently the most
likely labelling sequence using the Viterbi algorithm, which can be formulated
as:

T(t, st) = maxt [w · Φ(x, st, st−1) + T(t− 1, st−1)]
S(t, st) = argmaxt [w · Φ(x, st, st−1) + T(t− 1, st−1)]

(7)

In Equation 7, T(t, st) represents the maximum probability of a specific ob-
servation t and S(t, st) represents the tag which has the maximum probability
in that position. Since the Viterbi algorithm updates these values according to
the sequence of observations, the probability of each tag is thus dependant on
the probability of the previous tag, in order to form the most probable sequence
of labels

To combine these ideas with an RNN, for instance with the output of an
LSTM as described in Equation 5, one only needs to replace the linear scoring
function w · Φ(x, s) with the result of:

scorelstm−crf(x, s) =

n∑
i=0

Wsi−1,si ·OLSTM(xi) + bsi−1,si (8)

In Equation 8, Wsi−1,si and b are, respectively, the weight matrix entry and
the bias corresponding to the the transition from si−1 to si.

2.3 Tasks in Argumentation Mining

Argumentation mining systems usually focus on two separate tasks, i.e., the
identification of argument components, and the prediction of the structure of



Fig. 2. A typical argument mining pipeline. Source: Lippi and Torroni (2016)

the argument (see Figure 2). These tasks are typically handled in a pipeline
architecture, meaning that they are executed in a sequential order. When this
is not the case (e.g., end-to-end systems using neural networks, such as the one
from Eger et al. (2017)), the same tasks are still generically present.

The first task concerns with the detection of spans of text corresponding to
argumentative components, and these can then be classified according to the
adopted model (e.g., distinguishing from premises and claims). For instance,
if we consider a simple claim/premise model, we can annotate argumentative
structures as shown in the following example text:

I protested the Viet Nam War and the draft. I feel protests and
demonstrations are good for our country. In some ways, protests
do more to foster change than voting does, however it’s much better to
make a lot of noise than to beat up American citizens (and even illegal
immigrants) to make a statement.

The claim is marked in bold, while the premises are identified in italics. The
rest of the text is composed of non-argumentative phrases. The task of delimiting
the argumentative components can be split into two separate sub-problems (e.g.,
detecting sentences containing argumentative components, and then processing
these sentences in order to delimit the argumentative segments of text), or it
can be, instead, handled by a single model. The experiments reported on this
document focus on the task of argument component identification, through the
use of a single model processing an entire text, ignoring sentence limits.

Specifically regarding the detection of argumentative sentences, the task can
be seen as the binary classification of all the sentences of a document as ar-
gumentative or non-argumentative (Mochales and Moens, 2011). For such a
task, a diversity of machine learning classifiers has been used, such as Support
Vector Machines (SVMs) (Eckle-Kohler et al., 2015; Stab and Gurevych, 2014;
Mochales and Moens, 2011), näıve Bayes models (Biran and Rambow, 2011;
Stab and Gurevych, 2014), linear regression models (Rinott et al., 2015; Levy
et al., 2014), maximum entropy models (Mochales and Moens, 2011), random
forests (Eckle-Kohler et al., 2015; Stab and Gurevych, 2014) or recurrent neural
networks (Sardianos et al., 2015).

In turn, detecting the boundaries of argumentative components can be seen
as a segmentation problem, similar to other sequence labelling problems in NLP,



such as named entity recognition. Several alternative methods have been consid-
ered, such as maximum likelihood models (Levy et al., 2014) or methods based
on linear CRFs, such as those by Park et al. (2015) and Sardianos et al. (2015).
Some previous studies (e.g. Stab and Gurevych (2014) or Eckle-Kohler et al.
(2015)) have simply ignored this task altogether, considering the segmentation
as given, and concentrating on the classification of the components.

The final task of the pipeline consists on the detection of the argumenta-
tive structure, regarding the adopted model. In a simple claim/premise model
this consists in defining what are the premises that try to support the claim,
i.e., linking premises to claims, thus establishing dependencies between elements
that frequently are not adjacent in the text. Some approaches have been used
to address this problem, such as the one by Stab and Gurevych (2014) which
uses a binary SVM classifier to predict links in a claim/premise model, or the
method described by Biran and Rambow (2011) which uses a CRF to predict
links between premises and claims. Eger et al. (2017), in their end-to-end system,
integrate structure detection in the tags that the system assigns to a word.

2.4 Argumentation Mining Systems

Sardianos et al. (2015) aimed at the extraction of arguments on documents
available on the Web, with the ultimate goal of getting on-line feedback for
policy makers’ decisions. The argument extraction task was divided into the
detection of argumentative sentences using binary classifiers, complemented with
the component identification by a model based on linear CRFs. The authors used
features such as words, part-of-speech tags, small lists of language-dependent cue
words, and distributional representations of words (i.e., word embeddings).

Stab and Gurevych (2014) aimed at not only classifying argumentative clauses,
but also establishing relations between them. The authors used a training cor-
pus of persuasive essays, annotated with the different argument components
(i.e., major claims, claims and premises) and with the relations between them.
The features employed in the study combine structural, lexical, syntactic and
contextual clues, as well as discourse markers. The authors compared the use of
SVM, Näıve Bayes (NB), C4.5 Decision Trees and Random Forest (RF) classi-
fiers in order to classify each of the previously established components as one
of the three possible classes, or as non-argumentative. On a second step, they
used a binary classifier to label each pair of components as having a support or
non-support relation between them. The results obtained by all classifiers sur-
passed a simple majority baseline, although straying a bit far from the human
annotators, with the SVM models performing the best.

Eger et al. (2017) proposed a complete AM pipeline (i.e., detection of ar-
gument components and their boundaries, classification of components, and de-
tection of the types of relations between components). Instead of looking at the
tasks as a sequence of distinct operations, the authors approached AM as a
single problem, since there are natural interrelations between the stages of the
pipeline that are not taken into account if they are considered as independent.
The authors framed AM as a sequence tagging task, evaluating their method



on the corpus described by Stab and Gurevych (2016), composed of 402 essays
divided in paragraphs, annotated with major claims, claims and premises.

In brief, Eger et al. (2017) used deep neural networks (i.e., they combined
bidirectional Long-Short Term Memory units (biLSTMs) and CRFs) in order
to tag each of the word tokens with a tuple (b, t, d, s). In this formulation, b
stands for the BIO encoding of the token, with B meaning the token starts
an argument component, I continues it, and O that it does not belong to an
argument component at all; t indicates what is the component type; d is the
distance in number of components between the current component and the one
it relates to; s is the relation type between two components (i.e., support or
attack). The results showed that systems combining bi-directional LSTMs with
CRFs could perform equally well, if not better, than more traditional pipeline
systems with significant engineering of features.

In subsequent work, Eger et al. (2018) explored AM in a cross-lingual sce-
nario. The goal was to evaluate the available resources for the task in order to
understand if they allowed for good results. To do so, the authors translated
the corpus by Stab and Gurevych (2016), manually for German and automati-
cally for German, Spanish, French and Chinese. This allowed for the comparison
of both translation methods. The authors also devised a projection algorithm
to transfer the argumentative gold-standard tags from one language to another,
based on a previous word-by-word alignment of the original and translated texts.
After this alignment, for each argumentative component in the original text, the
algorithm would choose the word in the translated text that had the lowest in-
dex and was mapped to a word belonging to the argumentative component in
the original text. The same was done for the highest index, and all the words
between these two indexes in the translated text were tagged with the same
encoding as the original one. In addition to that, they also considered cross-
lingual word embeddings, in order to understand if they performed better than
dataset translation and tag projection. The model used for addressing the task
was also based on biLSTMs and CRFs in a sequence tagging setup. The authors
concluded that translating the dataset yielded better results than using cross
lingual word embeddings, with the performance of the translation and projec-
tion setup being close to the one achieved on the original language of the corpus
(English). They also concluded that, for this task, human translation achieves
very similar results to machine translation.

In sum, several previous studies have described machine learning methods for
AM, evaluating results on English corpora from different domains. The argument
models that have been used are mostly simple claim and premise models, with
a small number of components. AM on corpora from other languages is less
common and there are still few studies using deep learning techniques. Recent
methods regarding cross language NLP, such as the one described in Mulcaire
et al. (2018), can perhaps be applied to AM, mitigating the gap between English
and other languages regarding this domain.



Fig. 3. The architecture of the proposed neural model.

3 Deep Learning for Argumentation Mining

In this section we start by presenting the general formulation of the Argumen-
tation Mining (AM) task that we considered. We then describe the neural ar-
chitecture chosen for addressing AM as sequence tagging. Finally, we detail the
embeddings used in the experiments.

3.1 Proposed Approach

In order to do AM in a cross-lingual scenario, we decided to adopt a simple
claim-premise model, since this is the most frequent alternative in the available
literature. Such a model states that sentences can have spans which can be con-
sidered as a claim, a premise, or as not belonging to an argumentative component
at all. Claims are the conclusions of an argument, which are typically supported
by one or more assumptions, i.e., premises. We considered only the task of ar-
gument component detection, which comprises delimiting and classifying spans
belonging to an argumentative component.

We framed AM as a sequence tagging problem at the word level, consisting
on the assignment of one of three possible tags to each word of a document. The
tags were ‘(I,Premise)’ if the word was part of a premise, ‘(I,Claim)’ if it was
part of a claim and ‘(O,|)’ if it was not part of an argumentative component at
all. This tagging scheme does not allow for the establishment of relations be-
tween components, nor identifying the existence of two different but consecutive
argumentative components of the same type. Nonetheless, this scheme is enough
to accomplish the aforementioned argument component detection task.



The cross-lingual scenario was motivated by the difficulty of the task itself,
and by the relatively small size of the Portuguese dataset that was available
for experimentation. In such conditions, cross-lingual approaches are deemed
to achieve better performance than monolingual ones (Eger et al., 2018; Mul-
caire et al., 2018). We also used an English dataset, not only to evaluate the
performance of the model, but also to improve the performance of AM on the
Portuguese dataset, envisioning applications related to argumentation mining
from contents written in Portuguese.

3.2 Neural Model

The model used to produce the predictions was based on bidirectional Recur-
rent Neural Networks (biRNNs), with whole texts used as input (i.e., given that
documents in the considered corpora are relatively small, we provided entire
documents as the input sequences of words to the neural network). First we
consider a word embedding layer, with embeddings of dimensionality equal to
300. The embeddings were kept fixed during model training. Then we have a
dense layer of dimensionality equal to 100, applied to each of the word embed-
dings to reduce dimensionality, followed by two bidirectional Long Short-Term
Memory (LSTMs) layers outputting vectors of the same size. The fifth layer was
another dense layer with the output dimensionality equal to 20, with the final
layer being a Conditional Random Field (CRF) of dimensionality equal to the
number of tags used for the output, i.e., 3. Both dense layers used a Rectified
Linear Unit (ReLU) as the activation function, corresponding to Equation 9.
The ReLU clips negative values to 0, whilst maintaining them if they are posi-
tive. Figure 3 illustrates the architecture of the proposed model. To implement
the model we used the Keras1 deep learning ibrary.

ReLU(x) = max(0, x) =

{
0 if x < 0
x otherwise

(9)

3.3 Word Embeddings

Our experiments considered different sets of pre-trained word embeddings. The
first two sets that we used in our tests were the Fasttext2 English Embeddings
(FtEn) for the English dataset and the Fasttext Portuguese Embeddings (FtPt)
for the Portuguese dataset. The Fasttext embeddings (Bojanowski et al., 2016)
are trained on Wikipedia dumps and have a dimensionality of 300. To obtain a
representation for each word in the vocabulary, in both cases, the Gensim API3

was used in order to automatically generate the best word representation even
for out of vocabulary words, using n-grams as subword representations.

1 https://keras.io/
2 https://github.com/facebookresearch/fastText/blob/master/

pretrained-vectors.md
3 https://radimrehurek.com/gensim/



For the generation of cross-lingual word embeddings, used in some of our
experiments, we resorted to the MUSE4 library (Conneau et al., 2017), which
allows for the mapping of word embeddings in two different languages to a com-
mon vectorial space, both in a supervised (i.e., using a bilingual dictionary) or
in an unsupervised way. The use of both methods generated additional sets of
embeddings for each language, i.e., the Muse Supervised Embeddings (MSupEn
and MSupPt) as a result of applying the supervised methodology, and the Muse
Unsupervised Embeddings (MUnsupEn and MUnsupPt) as a result of the un-
supervised mapping approach.

4 Experimental Evaluation

This section presents the obtained results for both the Portuguese and the En-
glish datasets. We start by detailing the methodology used in the experiments,
and then provide a description for each of the corpora. Finally, we present the
most relevant results that were achieved, using standard evaluation metrics.

4.1 Methodology

In order to evaluate Argumentation Mining (AM) in both the Portuguese and
the English languages, framing argument component identification as a sequence
tagging task, we resorted to two different datasets, using the same tags and gen-
eral approach in both cases. The use of two datasets allowed for the comparison
of the performance over a larger dataset against a smaller one. We also varied
the embeddings that were used, in order to understand if we could improve the
performance of the Portuguese model. In this context, we executed three main
experiments, i.e., (a) AM using pretrained English word embeddings on the En-
glish dataset; (b) the same, but for the Portuguese dataset; and (c) training
a model with the Portuguese dataset, but adding the English dataset to the
training folds, using word embeddings mapped to the same vectorial space.

Given the relatively small size of the available datasets, particularly in the
Portuguese case, we decided to use a ten-fold cross-validation approach for both
languages. We considered the simple average of the values obtained for each
metric and each fold as the result of each experiment. The hyperparameters
used for training were manually tuned, according to the guidance provided by
Reimers and Gurevych (2017).

Our experimental setup allowed us to answer three different questions:

1. Is the performance of the neural model strongly dependent on the amount
of annotated text available?

2. Is it possible to improve the performance of the Portuguese model with a
cross-lingual approach, leveraging existing English data?

3. Are the results of the neural model strongly affected by the pre-trained
embeddings that are used, specifically in the cross-lingual setting?

4 https://github.com/facebookresearch/MUSE



In order to evaluate the performance of the model, we resorted to measures
computed both at the tag level and at the span level. Regarding tags, we mea-
sured the overall accuracy of the model and the precision, recall and F1 scores
per tag type. As for spans, we measured the overall accuracy (taking the three
types of tags into account), as well as the precision, recall an F1 scores per tag
type, without non-argumentative spans. We also took into account different cor-
rection levels. This means that we considered a span to be correctly identified
by the model not only if all of the words matched the gold standard, but also,
in alternative, if 75% or 50% of the tagged words matched the gold standard.

4.2 Datasets

Two different datasets were used to support the experiments. They differ in the
language of the texts, in terms of size, and also in their origin. Both, however,
were designed for the task of AM by their authors, although they had to undergo
some form of adaptation in order to fit the common argumentation model used
in this study, which only considers the existence of claims and premises.

The first dataset is an English corpus consisting of argumentative essays,
previously detailed by Stab and Gurevych (2016). It is composed of 402 texts
with 7116 sentences and 147271 words. Originally, this corpus used an argumen-
tation model composed of major claims, claims and premises. One essay can only
have one major claim, although it can feature several claims, as well as premises.
The annotations also considered attack or support relations between the compo-
nents. In order to adapt this dataset to our, more simple, claim-premise model,
we treated major claims as ordinary claims, and ignored the difference between
attack and support relations, considering them simply as relations between the
components. The experiments reported on this document addressed exclusively
the task of argument component identification although, for future work, we also
plan to address the task of establishing links/relations between the components,
using these same datasets and a sequence tagging approach (Eger et al., 2017).

After the adaptation, the dataset had 30352 (23.6%) words tagged as claims,
60432 (47.2%) words tagged as part of premises, and 37361 (29.2%) words that
were considered as non-argumentative text. In total, the dataset features 2411
claims and 1964 premises. The number of claims and premises was inferior to
the one existing before the transformation, since our tagging scheme did not
account for the possibility of a different argument component of the same type
to start right after the previous one was finished, counting such cases as a single
argument component (i.e., adjacent spans of the same type were merged).

The second dataset was a Portuguese newswire corpus, much smaller in com-
parison with the English one. It is composed of 129 texts, with 17795 words and
807 sentences, of which 134 have, at least, one claim or premise. The original
argumentation model considered claims, premises, and support/opposition re-
lations. Argumentation schemes corresponding to a claim supported by several
premises, a premise supporting more than one claim, or a premise supporting an-
other premise, are all present in the instances from the dataset. The adaptation



was, in this case, very straightforward, simply transposing the existing annota-
tions to the tag scheme used in our study, and ignoring the support/opposition
classification associated to the relations.

The final Portuguese dataset was composed of 220 premises and 163 claims.
A total of 4654 (26.3%) words are tagged as part of premises, 2187 (12.4%) words
are tagged as part of claims, and 10823 (61.3%) words are non-argumentative.
Contrary to the English dataset, the majority of the words were not part of
some argumentative component. Claims, in particular, are underrepresented in
this second dataset, which consists of documents (i.e., news articles) with a more
factual, rather than argumentative nature.

4.3 Results on the English Dataset

As expected, the overall accuracy of the model over the English dataset was
not significantly affected by the choice between one of the three different sets of
embeddings that were tested. The projection made with the MUSE library does
not significantly change the English embeddings.

Global accuracy at a token level ranged from 0.702 for MSupEn to 0.720 for
MUnsupEn. The results on a token level showed no clear top performer, since all
the embeddings achieved the best score in at least one category. MUnsupEn had
the best precision for claims and F1 score for premises and non-argumentative
tokens, whilst MSupEn was the top performer for precision on premises and recall
for non-argumentative tokens. The best scores for precision on non-argumentative
tokens and recall on premises and claims were achieved by FtEn.

The difference between the scores achieved for both non-argumentative and
premise tokens, when compared to tokens corresponding to claims, is signifi-
cant, since the scores are between 20% to 30% higher. These scores, however,
do not reflect directly the amount of each type of text, since claims and non-
argumentative tokens have similar percentages in the English dataset.

Results for spans are somewhat different, since MSupEn is not the top per-
former in any category. For accuracy, a measure which takes into account the
three possible types of spans, the best score at any correction level was achieved
by FtEn. The differences to MUnsupEn, however, are always lower than 10%.

In terms of span precision, the top performer was MUnsupEn for all the
correction levels and types of spans (i.e., claims and premises). Despite being
the top performer, the differences to FtEn are, once again, marginal. Span recall
has mixed winners, since MUnsupEn has better scores for premises and FtEn
for claims, with a tie between both for premises at a 75% correction level. As for
the F1 score for spans, MUnsupEn achieves the best score for all the categories
and correction levels, except for claims at a 50% correction level, where FtEn
performs better. The differences between MUnsupEn and FtEn for this measure
are always lower than 10%.

The scores regarding claim spans are always lower than those regarding
premise spans, at any correction level, with differences getting as high as 39%,
when comparing the recall score of the best performers at a 75% correction



FtEn MSupEn MUnsupEn

Token Accuracy 0.714 0.702 0.720

Token
Precision

Premise 0.760 0.795 0.770
Claim 0.531 0.535 0.546
NArg 0.821 0.696 0.785

Overall 0.704 0.675 0.700

Token
Recall

Premise 0.842 0.762 0.806
Claim 0.566 0.485 0.516
NArg 0.670 0.801 0.725

Overall 0.693 0.683 0.682

Token
F1

Premise 0.789 0.769 0.791
Claim 0.530 0.486 0.506
NArg 0.719 0.726 0.731

Overall 0.679 0.660 0.676

Span
Accuracy

100% 0.550 0.448 0.547
75% 0.633 0.515 0.619
50% 0.709 0.621 0.681

Overall 0.671 0.568 0.650

Span
Precision

100%
Premise 0.393 0.380 0.415
Claim 0.337 0.299 0.369

Overall 0.365 0.340 0.392

75%
Premise 0.458 0.434 0.474
Claim 0.380 0.348 0.409

Overall 0.419 0.391 0.442

50%
Premise 0.505 0.518 0.528
Claim 0.438 0.429 0.440

Overall 0.472 0.474 0.484

Span
Recall

100%
Premise 0.619 0.520 0.631
Claim 0.460 0.354 0.439

Overall 0.540 0.437 0.535

75%
Premise 0.721 0.594 0.721
Claim 0.519 0.413 0.487

Overall 0.620 0.504 0.604

50%
Premise 0.795 0.709 0.803
Claim 0.598 0.508 0.524

Overall 0.697 0.609 0.664

Span F1

100%
Premise 0.481 0.439 0.501
Claim 0.389 0.324 0.401

Overall 0.435 0.382 0.451

75%
Premise 0.561 0.502 0.572
Claim 0.438 0.378 0.444

Overall 0.500 0.440 0.508

50%
Premise 0.618 0.599 0.637
Claim 0.506 0.465 0.478

Overall 0.562 0.532 0.558

Table 1. English evaluation results per-token and per-span.



level. The difference between the correction levels is also significant, with im-
provements in the range of 10% to 20% when comparing 50% correction to
100% correction. Table 1 summarizes the obtained results.

When compared to the top performing model reported by Eger et al. (2017),
which used the same English dataset as ours for the experiments and a Deep
Neural Network (DNN) based on Long Short-Term Memory units (LSTMs), our
models appear to have lower span scores. These authors reported a F1 score,
when considering the whole text as input, at a 100% correction level of 66.21%
and, for the 50% correction level, 73.02%. As for the most directly comparable
scores from our top performing models, MUnsupEn achieved 0.451 on the overall
F1 score at a 100% correction level and FtEn 0.562 on the overall F1 score at
a 50% correction level. However, while our overall scores only consider claims
and premises, Eger et al. (2017) report on a single F1 score for components, not
making any distinction between the scores for the different types of spans, mean-
ing that non-argumentative text spans are also included in it. Moreover, Eger
et al. (2017) considered a different tagging scheme, which allows for four different
types of components, i.e., major claims, claims, premises and non-argumentative
spans.

Stab and Gurevych (2016) instead used an integer linear programming model
on the same English dataset, although also considering the original four types of
components in a feature based approach. Since the model used by these authors
is based on a pipeline architecture, such as the one described in Figure 2, the
authors started by classifying each word as being part of an argumentative com-
ponent or not, without assigning a type to it. For this sub-task, they reported an
F1 score for non-argumentative components of 0.857. On our approach, however,
MUnsupEn produced an F1 score of 0.731 on the identification and classification
of non-argumentative tokens. The second task regarded the classification of the
previously detected argument components as belonging to one of the three possi-
ble types of argumentative components that were considered (i.e., major claims,
claims and premises). Although not directly comparable, since this classification
was only made on previously identified spans belonging to an argumentative
component, the authors reported an F1 score for claim spans of 0.682 and 0.903
for premise spans. Our top performer model, MUnsupEn achieved 0.401 on the
F1 score for claims and 0.501 on the F1 score for premises, both at a 100%
correction level.

The aforementioned scores appear to be higher than the ones achieved by
our model. However, Stab and Gurevych (2016) focused on a very specific type
of text, and engineered features suited to that type, whilst our focus was a little
distinct. We wanted a model which could be used for not only different languages,
but also distinct text types.

4.4 Results on the Portuguese Dataset

As stated before, for the Portuguese dataset, we performed two types of exper-
iments, i.e., monolingual and cross-lingual. We should bear in mind that the



FtPt MSupPt MUnsupPt MSupEnPt MUnsupEnPt

Token Accuracy 0.548 0.545 0.536 0.589 0.552

Token
Precision

Prem. 0.396 0.408 0.404 0.396 0.370
Claim 0.209 0.233 0.214 0.194 0.205
NArg 0.576 0.581 0.572 0.604 0.563
Overall 0.394 0.407 0.397 0.398 0.379

Token
Recall

Prem. 0.406 0.415 0.421 0.387 0.358
Claim 0.223 0.252 0.206 0.189 0.208
NArg 0.690 0.672 0.680 0.763 0.705
Overall 0.440 0.446 0.436 0.446 0.424

Token
F1

Prem. 0.349 0.347 0.348 0.328 0.308
Claim 0.189 0.209 0.177 0.174 0.174
NArg 0.570 0.565 0.563 0.612 0.562
Overall 0.369 0.374 0.363 0.371 0.348

Span
Accuracy

100% 0.173 0.216 0.180 0.222 0.198
75% 0.233 0.275 0.252 0.240 0.239
50% 0.296 0.320 0.303 0.291 0.276
Overall 0.234 0.270 0.245 0.251 0.238

Span
Precision

100%
Prem. 0.156 0.154 0.139 0.244 0.192
Claim 0.121 0.149 0.089 0.249 0.212
Overall 0.139 0.152 0.114 0.247 0.202

75%
Prem. 0.222 0.214 0.180 0.262 0.260
Claim 0.149 0.171 0.161 0.260 0.225
Overall 0.186 0.193 0.171 0.261 0.243

50%
Prem. 0.281 0.245 0.221 0.332 0.315
Claim 0.176 0.198 0.178 0.268 0.237
Overall 0.229 0.222 0.200 0.300 0.276

Span
Recall

100%
Prem. 0.202 0.245 0.243 0.267 0.216
Claim 0.137 0.176 0.097 0.157 0.175
Overall 0.170 0.211 0.170 0.212 0.196

75%
Prem. 0.286 0.329 0.313 0.292 0.277
Claim 0.166 0.202 0.173 0.169 0.188
Overall 0.226 0.266 0.243 0.231 0.233

50%
Prem. 0.368 0.377 0.382 0.374 0.334
Claim 0.205 0.242 0.197 0.176 0.200
Overall 0.287 0.310 0.290 0.275 0.267

Span F1

100%
Prem. 0.172 0.184 0.176 0.251 0.193
Claim 0.126 0.159 0.090 0.187 0.185
Overall 0.149 0.172 0.133 0.219 0.189

75%
Prem. 0.245 0.252 0.227 0.271 0.255
Claim 0.154 0.182 0.163 0.199 0.198
Overall 0.200 0.217 0.195 0.235 0.227

50%
Prem. 0.313 0.289 0.278 0.345 0.308
Claim 0.185 0.213 0.183 0.206 0.210
Overall 0.249 0.251 0.231 0.276 0.259

Table 2. Portuguese evaluation results per-token and per-span.



Portuguese dataset is much smaller, and it also contains a much larger percent-
age of non-argumentative words (61.3% vs 29.2%). This means that the overall
results should be much lower in comparison to the English ones.

4.4.1 Results Using Only the Portuguese Dataset

Regarding the token level evaluation, the overall accuracy values did not
vary much, ranging from 0.536 for MUSE Unsupervised Portuguese Embed-
dings (MUnsupPt) to 0.548 for Fasttext Portuguese Embeddings (FtPt). Al-
though there is no clear winner for precision, recall or F1 scores, since any of the
embedding sets performed the best in at least one category, MUSE Supervised
Portuguese Embeddings (MSupPt) was the most consistent model. It topped
precision for premises, claims and non-argumentative tokens, as well as recall
and F1 scores for claims. MUnsupPt had the best recall for premises, and FtPt
the best recall for non-argumentative tokens and the best F1 score for premises
and non-argumentative tokens. Although absolute differences are small, there
are some noteworthy percentage differences between the embeddings that were
tested, with, for instance, the F1 score for claims being ∼ 20% higher for MSupPt
embeddings, in comparison to MUnsupPt.

As for spans, MSupPt had the best overall accuracy for each of the correction
levels, with values ranging from 0.216 for 100% to 0.320 for 50%. Just as for to-
kens, MSupPt was the most consistent set of embeddings, with better precision
for claims on all the correction levels, and better recall and F1 scores for both
premises and claims on all the correction levels, except for premises at 50%,
where MUnsupPt performed better, and F1 score for premises at 50%, where
the best score was achieved by FtPt. FtPt also performed the best on precision
for premises at all the correction levels. The most noteworthy difference in per-
centage is the one registered at the F1 score for claims at a 100% correction
level, where MSupPt performs more than 76% better than MUnsupPt.

The increase of performance due to the different levels of correction is some-
what larger than the one noted in the English dataset. Regarding premises, for
instance, the F1 score achieved by FtPt is 82% higher (0.141 points total) at
the 50% correction level, in comparison to the 100% correction level. For claims,
the greatest difference is for MUnsupPt, where the F1 score is more than the
double (0.090 vs 0.183) when comparing the 100% correction level to the 50%
correction level. Table 2 summarizes the achieved results.

4.4.2 Results using Both Datasets
In order to try to improve the performance over the Portuguese dataset we also
combined the use of cross-lingual word embeddings with model training using
both the Portuguese and English datasets. As stated before, we used the MUSE
library in order to project the Portuguese embeddings into the English ones.
This theoretically allowed for the usage of a model trained with both datasets,
since translatable words would have similar embeddings in both languages.



For this experiment we trained two new models. On one, we combined MSupPt
and MSupEn in single embedding set, and added the English dataset to each of
the training folds of the Portuguese dataset. On the other, we did the same, but
with MUnsupPt and MUnsupEn. We refer to the first model as MUSE Super-
vised English and Portuguese Model (MSupEnPt), and to the second model as
MUSE Unsupervised English and Portuguese Model (MUnsupEnPt).

At a tag level, the overall accuracy was 0.589 for MSupEnPt and 0.552 for
MUnsupEnPt. Once again we obtained mixed results, with MSupEnPt achieving
better scores for precision, recall and F1 on premises and non-argumentative
clauses, while MUnsupEnPt performed better on precision and recall scores for
claims, with a tie between both sets of embeddings at the F1 score for claims.

At a span level, the mixed tendency was kept, with some bias towards
MSupEnPt, which performed better on accuracy at all the correction levels,
precision for both claims and premises at all the correction levels, recall for
premises at all the correction levels and F1 score for claims and premises at all
the correction levels, except claims at 50%. MUnsupEnPt achieved better scores
on recall for claims at all the correction levels, and on F1 for claims at 50%.

The comparison of these results with the ones from the monolingual scenario
showed some increase in performance. However, the cross-lingual models were
not always top performers, this being especially true for token-level evaluation
metrics. At a token level, the best overall accuracy belonged to MSupEnPt, with
an increase in performance of ∼ 7.5% over the best monolingual model, FtPt.
MSupEnPt also performed better than monolingual models on precision, recall
and F1 for non-argumentative clauses.

At a span level the results are more biased towards the cross-lingual models,
namely MSupEnPt. This model achieves better results on accuracy at a 100%
correction level, precision for claims and premises at all the correction levels,
and F1 score for claims and premises at all the correction levels. An exception
was observed for claims at 50%, where MSupPt performs better than any of the
cross-lingual models, albeit by a small margin.

The increase in performance is especially noteworthy on precision for claim
and premise spans at a 100% correction level, with the MSupEnPt model scoring
∼ 57% higher on premises and ∼ 67% higher for claims when compared to the
best monolingual model. Although such an increase does not translate directly
to a higher F1 score, since the gains in recall are more modest, the F1 score for
premises at 100% is still ∼ 36% higher on MSupEnPt when compared to the
MSupPt word embeddings.

One general tendency that can be noted is that the models using projected
embeddings tend to perform better than the model using the original Fast-
Text embeddings, since FtPt only achieves top performance on the F1 score
for premises at a token level, and by a minimal margin. The results also tend
to suggest that the supervised approach for the projection of the embeddings
worked better on our case, since MUnsupPt is only the top performer for recall
on premises at a token level and recall for premises at a span level at a 50%



correction level. MUnsupEnPt is never the top performer, although it performs
better than MSupPt on some scores, especially at a span level.

The fact that MSupPt had some performance improvement over FtPt is
consistent with the hypothesis that, even in monolingual scenarios, the existing
Portuguese embeddings can be improved if projected into other embeddings
trained in larger datasets, with this being the case for FtEn.

On the only comparable previous study addressing AM over Portuguese
contents, Rocha (2016) reported an F1 score of 0.69 for the detection of non-
argumentative sentences, while our best model achieved 0.612 for the detection
of non-argumentative tokens. These scores, however, are not directly compara-
ble, since the ones reported by Rocha (2016) refer to a slightly different task,
which is the binary supervised classification of entire sentences as containing or
not an argumentative component.

The relatively modest results that were achieved over the Portuguese dataset,
when compared to the English one, suggest that the neural network is, on one
hand, heavily dependent on the amount of text available. On the other hand, the
different origin of the datasets can also indicate that these models are context
sensitive, meaning that they cannot transfer seamlessly between different types
of texts. This can be a possible explanation for some lack of improvement brought
by the cross-lingual approaches. Even so, the performance increase, especially at
a span level, deem cross-language learning as a valid framework for improving
results.

5 Conclusions and Future Work

In this paper, we presented new end-to-end approaches designed to extract and
classify argumentative components on natural language text, both in Portuguese
and English. We proposed an approach based on deep neural networks, levering
monolingual and cross-lingual word embeddings. To the extent of our knowledge,
we described the first system of this type (i.e., considering the extraction of
spans corresponding to claims and premises) for the Portuguese language. We
tested several models on a Portuguese news dataset and on an English persuasive
essays dataset, and we also used these datasets jointly in order to verify if the
performance of the task on the Portuguese language could be improved. We
discussed the results obtained and compared them to similar systems developed
previously. The usage of cross-lingual word embeddings did not made up for the
inefficiencies of the Portuguese models, meaning that access to large training
corpora in the target language is an important factor. This can also mean that
the different nature of both datasets (news vs student essays) produces argument
spans that differ in size and frequency, further increasing the difficulty of using
a single model in different contexts and languages. The resulting system is made
publicly available5.

For future work, some distinct but complementary lines of research can be
used. First and foremost, it would be interesting to build a new Portuguese

5 https://github.com/fspring/masterThesis



dataset, possibly from scratch, significantly larger, and with a higher percentage
of argumentative clauses, namely claims, so that statistical models can learn
to distinguish them better from non-argumentative text. Second, the final task
of the argumentation mining pipeline, which is the extraction of the structure
of arguments through relations between the extracted spans, was not tested on
the implemented system. This additional task can be considered as an extension
to the work reported here, both in Portuguese and English. Third, the model
could also be extended by using a multi-task learning approach, such as the
one described by Lauscher et al. (2018), in order to improve the performance
for both languages. As alternative tasks to consider within multi-task learning
scenarios we would include discourse parsing, using for instance the Rhetorical
Structure Theory formalism, focusing on argumentative structures such as the
ones described in Azar (1999). Another alternative task could be argumentation
mining over corpora with different tagging schemes, such as in the case of the
approach followed by Schulz et al. (2018). Fourth, the available resources, namely
the Portuguese embeddings, could be improved, either by using a greater amount
of text to train them, or by using different projection techniques, such as the
ones suggested by Artetxe et al. (2018a,b).
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