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Instituto Superior Técnico, Lisboa, Portugal

October 2018

Abstract

Recently, several models based on recurrent neural networks have been proposed for parts-of-speech
tagging and achieving state-of-the-art performance. This paper presents a variety of recurrent neural
network models that use a combination of bi-directional Long Short-Term Memory and Conditional
Random Fields to disambiguate morphosyntactic labels. Focusing mainly on the Portuguese language
the final goal is to try to surpass the current statistical morphosyntactic labels disambiguator for
STRING, a hybrid statistical and rule-based Natural Language Processing chain for Portuguese, and
integrate the best model into STRING.
Keywords: Morphosyntactic Label Disambiguation, Natural Language Processing, Deep Learning,
Restricted CRF

1. Introduction
Part-of-Speech (POS) tagging is a fundamental task
in Natural Language Processing (NLP). It provides
insights into the role of each word in a sentence,
among other contextual information. The more in-
formation a POS tagger can infer about the sen-
tence structure and each word morphology, the bet-
ter.

Current state-of-the-art POS taggers [11, 14] use
deep learning methods to predict one single label
for each word in a sentence. This label usually rep-
resents the word role in the sentence. For instance,
[14] evaluate their model on the Universal Depen-
dencies (UD) dataset and also report accuracies on
the Wall Street Journal (WSJ) portion of the Penn
Treebank, which is also used by [11]. While the UD
tagset contains 17 different labels that categorize
each word as for its role in the sentence, the WSJ
tagset tries to complement this with information
about the word morphology resulting in a single set
of 45 labels.

This paper presents a different approach to this
problem. It proposes three models based on Long-
Short Term Memory Networks (LSTM) and Con-
ditional Random Fields (CRF), that in conjunc-
tion with word-embeddings and hand-crafted rules
aim to disambiguate 11 different morphosyntactic
labels for each word. These labels are divided into
the Category of the word, that in turn can have
a Subcategory, and its inflection features, such as
Mood, Tense, Person, Number, Gender, Degree,
Case, Syntactic and Semantic.

The proposed models were trained and evaluated

for the Portuguese language, with the final goal of
trying to surpass MARv’s results. MARv 1 is the
statistical disambiguator module of STRING, a hy-
brid statistical and rule-based NLP chain for Por-
tuguese.

The remaining structure of this paper is as fol-
lows. Section 2 briefly describes previous work on
machine learning methods to address sequence la-
beling. Section 3 provides a detailed description of
the models’ architecture and implementation. Sec-
tion 4 details implementation methodologies and
experiment hyperparameters. Section 5 presents
and analyses the results. Finally, Section 6 con-
cludes and presents some ideas for future work.

2. Related Work
POS tagging has been a classic NLP task. It has
drawn research attention for a few decades. Pre-
viously, most POS tagging models were linear sta-
tistical models like Hidden Markov Models (HMM)
and CRFs. However, recently, deep learning meth-
ods based on Recurrent Neural Networks (RNN),
have been proposed and have excelled in this task,
pushing the state-of-the-art forward.

The simpler models include LSTM and Bi-LSTM
networks [7]. As well as Bi-LSTM networks with an
auxiliar loss [14]. In this, the model jointly predicts
the label for each word and the log frequency of the
next word. This auxiliar loss has been proved to
help increase model performance on rare and out-
of-vocabulary (OOV) words. The use of sub-word
token embeddings also proved to lead to better re-

1http://string.l2f.inesc-id.pt/w/index.php/MARv4
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sults, namely the combination of word and charac-
ter embeddings [7, 14].

Some architectures combine these models with a
final CRF layer [7, 11]. This enhancement proves to
improve the model performance and makes it more
robust and less dependent on the word embeddings.

Finally, some architectures train their character
embeddings during the training of the model in-
stead of using pre-trained embeddings [10, 11]. Cre-
ating task-sensitive character representations, that
extract morphological information, like the prefix
and suffix of the word. These embeddings can be
computed using CNN’s [11] or LSTMs [13].

3. Neural Network Architecture
This section introduces the neural network layers
used in the presented models, the word represen-
tations used as input for the model training and
evaluation and, the CRF restrictions that enforce
compatible predictions. Lastly, it describes in de-
tail the presented model architectures.

3.1. CNN for Character-Level Representations
Convolutional Neural Networks (CNN) [2, 11] are
a particular type of neural network composed of a
sequence of layers that make the explicit assump-
tion that the inputs are images. Unlike a regular
neural network, the layers of a CNN have neurons
arranged in 3 dimensions. The neurons in a layer
connect only to small local regions, called the filters,
of the layer before it. Each filter computes the dot
product between their weights and a small region
they connect to in the input. A Max Pooling layer
computes the final character representation using
the output from each filter.

3.2. Bi-directional LSTM
3.2.1 LSTM Unit

RNNs [5] are a type of neural network architec-
ture with loops that allow information from one
step to pass to the next. Although RNNs can cap-
ture recent past information, they fail to capture
long-distance dependencies due to vanishing gradi-
ent problems.

LSTM networks [6] are a particular kind of RNN
designed to avoid the vanishing gradient problem.
While LSTMs keep the core principles of the RNNs,
they have three gates instead of only one (i.e., for-
get gate, update gate and output gate) interacting
together to preserve long-term dependencies. The
gates regulate the portions of information to add,
keep or forget before moving to the next unit. For-
mally, the formulas to update the LSTM unit at
time t are:

ft = σ(Wf · [ht−1,yt] + bf ) (1)

it = σ(Wi · [ht−1,yt] + bi) (2)

Char  
Embedding

Paddingc a n t o
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Max Pooling 

Char  
Representation

Figure 1: The Convolutional Neural Network for
extracting character-level representations of words.
Dashed arrows indicate a dropout layer.

C̃t = tanh(WC̃ · [ht−1,yt] + bC̃) (3)

Ct = ft ×Ct−1 + it × C̃t (4)

ot = σ(Wo · [ht−1,yt] + bo) (5)

ht = ot × tanh(Ct) (6)

where σ is the element-wise sigmoid function, yt
is the input vector and ht−1 is the output from the
last cell. Wf , Wi, WC̃ and Wo are the weight
matrices of the different gates and bf , bi, bC̃ and bO
denote the bias vectors.

3.2.2 Bi-LSTM

When processing sequences of data, such as POS
tagging, it is usually beneficial to consider both past
and future information. A simple solution is to use
bi-directional LSTMs. The basic idea is to present
each sequence to two independent LSTMs that are
trained simultaneously in a forward and backward
direction, to capture both past and future context,
respectively. The two LSTM outputs are concate-
nated to form the final output.

3.3. Conditional Random Fields
A CRF [9, 16] is a probabilistic model for struc-
tured, sequential prediction. It encodes known rela-
tionships between observations by predicting a vec-
tor x of random variables given an observed vector
y.

CRFs model the conditional probability P (x|y)
using a feature map Φ(y1, ...yn;x1, ...xn) responsible
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Figure 2: Long Short-Term Memory cell.

for mapping the entire observed sequence y to an
entire sequence x. The score of each feature Φ(y, x)
can be computed by assigning a weight vector w to
it:

score(y, x) = w · Φ(y, x) (7)

The conditional probability P (x|y) can then be
estimated by exponentiating and normalizing the
score function for feature Φ(y, x):

P(x|y;W) =
ew·Φ(y,x)

γ∑
x′

ew·Φ(y,x′)

(8)

In the previous equation, γ defines all possible la-
bel sequences and w is the weight vector the corre-
sponding feature. The model is trained using maxi-
mum likelihood estimation. For a given pair (yi, xi),
the model updates the weight wi in order to maxi-
mize:

L(w) =
∑
i

log P(x|y;W) (9)

The decoding corresponds, thus, to searching the
label sequence with the highest conditional proba-
bility:

x∗ =
γ

arg max
x′

P(x′|y;W) (10)

The naive way would be to calculate P(x|y;W)
for every possible labeling sequences. However, this

can be solved efficiently by using the Viterbi algo-
rithm [18].

3.4. Word Representation
The input given to the neural network has a strong
influence on the network capacity to extrapolate re-
lations and extract information. For this reason and
to evaluate the impact of using sub-token embed-
dings, the neural network was tested with only word
embeddings and with a combination of word, char-
acter and case embeddings. In the later, the final
word representation is obtained by concatenating of
the three embeddings.

3.4.1 Word Embeddings

In the experiments, all architectures use the Fast-
Text2 pre-trained embeddings for Portuguese. Fast-
Text provides high-quality word embeddings that
demonstrate good performance when generalizing
OOV words. The embeddings were trained on
Wikipedia3 corpus using a variant of the skip-gram
model that represents words as a bag of n-grams and
accounts for word order [1, 12] instead of projecting
every word to the same position. Each character n-
gram has an embedding representation. The word
representation is then the sum of the representa-
tions of its n-gram constituents.

3.4.2 Character Embeddings

For the character embeddings two different ap-
proaches were explored, the use of a CNN and the
use of a Bi-LSTM network. Both of these methods
have been shown to be an effective way to extract
morphological information. In both cases, the char-
acter embeddings were randomly initialized and up-
dated during the model training.

3.4.3 Case Embeddings

Some labels have a characteristic word morphology,
e.g., Numerals. Case embeddings provide a distinc-
tive representation for these labels by assigning each
word with a one-hot embedding, which consists of
a 7 dimensional vector where each position repre-
sents a class, such that the desired class index is 1
and the remaining values 0. This embedding rep-
resents the word distinct morphology by assigning
it to one of the classes: capital first letter, all cap-
ital letters, all lower letters, numeric value, mainly
numeric, contains a digit, and other.

3.5. Restricted CRF
One of the problems when predicting more than one
label independently for each word is consistency.

2http://fasttext.cc
3http://www.wikipedia.org/
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Figure 3: Neural network architecture for the gen-
eration of the ~w + ~c+ c representation.

Most of the times the neural network tends to pre-
dict label combinations that are not compliant with
the grammar rules, e.g., predicting the Category
Noun and Subcategory Definite or predicting the
label Mood when Noun has no Mood inflection fea-
ture. Table 1 describes the possible relationships
between the labels.

Two different strategies were implemented to en-
force structure into the predictions, i.e., the Sim-
ple and Kernel methods. Although each approach
has different advantages, both have a cornerstone
in common. First, the models predict the Category
label and then, assuming this prediction is correct,
they predict the remaining labels, which are con-
gruent with the Category prediction.

The first approach and the simpler one is the
naive approach. Instead of using the Viterbi algo-
rithm this approach computes the marginal prob-
abilities. It then applies a filter to the output of
the algorithm by multiplying the entries that are
possible by one and the remaining by zero, inval-
idating them. Although it enforces the grammar
rules, this method has no impact on the neural net-
work weights training as it only affects the output.
Thus, not improving the model understanding of
the grammar rules for future occurrences.

The second method, the Kernel restriction, uti-
lizes the Viterbi algorithm. It employs a filter to
the ψ table, effectively blocking any transition to
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Figure 4: Neural network architecture for the gen-
eration of the ~w + ~c∗ + c representation.

impossible states, by multiplying every non-possible
element by the ”infinite” constant provided by the
Python library numpy, and the remaining elements
by one. The reason for this is because the imple-
mented CRF layer minimizes the score function in-
stead of maximizing it.

Finally, the Rules restriction employs the same
method as the Kernel restriction with the exception
that on top of the grammar rules it uses informa-
tion from the STRING modules before Marv, i.e.,
LexMan and RuDriCo2.

The LexMan module4 [17] performs a text seg-
mentation and assigns all possible POS tags and
any other relevant morphosyntactic features to each
word, immediately restricting the number of tags
to take into account for each word. In turn,
RuDriCo25 [3, 4] applies hand-crafted rules to the
output from LexMan, applying two types of rules:
segmentation rules that can expand words or con-
tract them into one, and disambiguation rules that
assign the most probable POS tag by considering
the surrounding context.

The final filter is obtained by multiplying the
grammar rules filter (Table 1) with the output from
RuDriCo2 and is employed like in the Kernel re-
striction.

4http://string.l2f.inesc-id.pt/w/index.php/LexMan
5http://string.l2f.inesc-id.pt/w/index.php/

RuDriCo2
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Labels considered based on the Category label

CAT SCT MOD TEN PER NUM GEN DEG CAS SYN SEM

Noun 2 . . . 6 7 8 . 10 11
Verb . 3 4 5 6 7 . . 10 11
Adjective . . . . 6 7 8 . 10 .
Pronoun 2 . . 5 6 7 . 9 10 11
Article 2 . . . 6 7 . . . 11
Adverb . . . . . . 8 . 10 11
Preposition . . . . 6 7 . . 10 11
Conjunction 2 . . . . . . . . 11
Numeral 2 . . . 6 7 . . . 11
Interjection . . . . . . . . . 11
Punctuation . . . . . . . . . .
Symbol . . . . . . . . . .

Table 1: Labels considered based on the Category label are marked with its index. The remaining labels
are marked with a ’.’.

3.6. Bi-LSTM-CRF

Finally, there are four presented models named af-
ter the restriction employed in their CRF layers:
the Baseline, the Simple restricted, the Kernel re-
stricted and the Rules restricted.

The models’ input is the representation of each
word. The representation can have one of two con-
figurations. It can be solely the word embedding,
provided by FastText (i.e., ~w) or it can complement
the word embedding with character and case em-
beddings. The character embeddings creation can
use either a CNN architecture (i.e., ~w+ ~c∗+c) (Fig-
ure 4) or a Bi-LSTM architecture (i.e., ~w + ~c + c)
(Figure 3). In both cases, the character embed-
dings are randomly initialized from uniform sam-
ples from [−0.5, 0.5] and updated during the model
training. In particular, when using the CNN archi-
tecture before the character embeddings are input
to the CNN, a dropout layer is applied. The fi-
nal word representation is obtained by concatenat-
ing the three embeddings. Lastly, a dropout layer
is employed before each word representation is fed
into the Bi-LSTM network.

All presented models utilize a Bi-LSTM network
at its core. This layer encodes the sentence past
and future context, to feed to the CRF layers that
jointly decode the best labels sequence. The Bi-
LSTM has 50 units with recurrent dropout. Once
again a dropout layer is applied before the output
from the Bi-LSTM is fed to the CRF layers.

Although all models share the same architecture
until this point, the final component is the distin-
guishing one between the four. The Baseline model
(Figure ??) last component consists of 11 CRFs,
each responsible for predicting one label. The Sim-
ple, Kernel and Rules restricted models (Figure 5b)
receive their names from the restriction approach

implemented in their CRFs. They first predict the
Category label using a CRF and then feed this pre-
diction alongside with the Bi-LSTM output to the
remaining 10 CRFs, in order to restrict the predic-
tions based on the predicted category. Moreover,
the Rules restricted model have one additional in-
put layer for each label to receive the restrictions
from RuDriCo2.

Lastly, it was tested the use of an auxiliary loss.
The models jointly predict the 11 labels and the
logarithmic frequency of the current word as esti-
mated from the training data. The intuition is that
the auxiliary loss helps to differentiate the represen-
tations of rare words and common words.

4. Experiments
All models were implemented using the Python
deep learning library Keras6, with the same hy-
perparameters in all models, i.e., Adam AMSGrad
variant optimizer[8, 15] with default learning rate
(0.001), batch size 100, 100 epochs, 300 dimensions
word embeddings, provided by FastText, 50 dimen-
sions character embeddings. Throughout training
and fine-tuning of the models, a fixed seed was used
to ensure the results comparability.

To mitigate overfitting, the models have several
Dropout layers. During the character embeddings
generation, before the embeddings are fed into the
CNN a 0.1 dropout rate is applied. A dropout rate
of 0.25 and 0.5 are, respectively, applied to the input
and output vectors of the core Bi-LSTM.

4.1. Dataset
The proposed models were trained and evaluated
on a segment of the LE-PAROLE manually anno-
tated with STRING tagset. It has a total of 13205
sentences, summing up to a total of 293737 tokens,

6https://keras.io
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(b) Restricted model framework.

Figure 5: Neural network frameworks. Dashed arrows indicate a dropout layer.
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of which 27417 are types. The histogram in figure 6
provides some information about the Category label
per-tag frequency in the dataset.

5. Results
I started by experimenting to understand the effec-
tiveness of different component of the neural net-
work architectures. I experimented with different
word embeddings (i.e., Word2Vec, FastText), differ-
ent models’ core RNNs (i.e., RNNs, LSTMs, Gated
Recurrent Units (GRU)), and the use of dense lay-
ers instead of the CRF layers. From this exper-

iments, FastText vastly outperformed Word2Vec
pre-trained embeddings, notably for OOV words.
LSTM and GRU networks also exceeded the pure
RNN performance, and although the aftermath was
close between the two, the LSTM provided better
results. Lastly, according to expectations, the CRF
layers vastly surpassed dense layers performance,
leading to the current neural network architectures.

The focus then shifted towards improved word
representations, by using character and case em-
beddings, and different CRF restriction methods.
These changes proved to be more impactful in the
model performance, and thus, are the locus of the
presented results.

5.1. Main results

Overall all models show good performance, showing
that a single neural network can successfully encode
more than one label for POS tagging, extending the
information obtained from the POS tagger. Table
2 presents the accuracies obtained for the four pre-
sented models with different input word representa-
tions using the auxiliary loss LOGFREQ. Tables 3
to 13 displays the label specific F1-scores obtained
with different word representations.

Analyzing Table 2 it is immediately evident the
benefits of using sub-token word representations.
Even though FastText embeddings provide high-
quality pre-trained embeddings, it falls short when
training a single model to predict several labels, es-
pecially for a morphosyntactic rich language like
Portuguese. It is also clear that the use of char-
acter embeddings drastically reinforces the model
capability to predict the labels associated with cer-
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All words

Model CAT SCT MOD TEN PER NUM GEN DEG CAS SYN SEM

Baseline
~w 16.23 42.43 80.31 78.16 71.91 33.45 32.67 48.18 92.98 62.21 86.41

~w + ~c+ c 82.77 72.48 93.72 91.94 88.82 76.46 74.69 93.32 94.97 95.94 99.20
~w + ~c∗ + c 73.74 69.80 89.58 88.45 83.48 70.32 69.47 88.59 94.10 92.85 99.10

Simple Restricted
~w 12.71 40.34 70.62 70.41 65.92 31.27 38.89 46.73 92.80 59.95 85.96

~w + ~c+ c 77.78 76.83 90.78 89.81 85.91 80.46 74.91 89.91 94.31 84.01 99.26
~w + ~c∗ + c 61.62 68.86 86.71 85.96 72.44 77.48 69.57 86.08 84.30 71.62 99.10

Kernel Restricted
~w 12.61 37.42 71.08 71.19 65.97 29.66 35.07 51.01 92.70 61.73 85.76

~w + ~c+ c 80.09 78.25 92.47 91.49 88.84 77.09 75.81 72.46 96.13 55.44 99.27
~w + ~c∗ + c 71.55 71.84 88.76 88.12 83.28 76.11 72.03 88.36 93.02 81.93 99.13

Rules Restricted
~w 88.56 90.23 91.30 91.20 87.86 91.44 92.69 78.69 92.31 71.93 98.16

~w + ~c+ c 97.32 93.58 95.88 94.34 90.21 96.38 96.50 93.40 93.90 91.35 99.80
~w + ~c∗ + c 96.67 94.19 95.20 95.23 91.06 96.12 96.35 97.15 92.73 80.27 99.82

Marv4 97.53 97.16 95.78 99.15 95.16 96.45 99.89 –.– –.– –.– –.–

Ambiguous words

CAT SCT MOD TEN PER NUM GEN DEG CAS SYN SEM

Baseline
~w 1.81 21.10 12.82 33.67 67.05 33.71 46.94 52.99 82.62 13.34 93.46

~w + ~c+ c 75.09 40.38 60.83 45.73 82.77 45.63 37.88 64.16 83.10 84.38 93.46
~w + ~c∗ + c 67.21 52.18 52.86 40.20 81.18 62.38 61.80 63.64 82.79 77.72 93.46

Simple Restricted
~w 1.79 17.16 12.61 32.98 44.71 39.43 37.80 57.26 82.62 13.28 93.46

~w + ~c+ c 68.35 69.07 59.37 43.98 79.93 64.13 38.75 64.38 79.12 79.81 93.46
~w + ~c∗ + c 24.29 46.12 62.17 37.17 39.68 52.30 32.41 59.10 34.92 38.16 93.46

Kernel Restricted
~w 1.86 17.03 12.08 33.51 44.35 42.04 35.33 52.77 82.61 13.21 93.46

~w + ~c+ c 65.54 64.18 58.32 52.88 86.53 57.01 48.86 51.98 86.57 34.36 94.39
~w + ~c∗ + c 54.27 57.80 57.27 43.98 77.60 60.33 47.04 64.64 76.98 74.43 92.52

Rules Restricted
~w 67.95 74.33 47.31 43.32 63.64 64.66 70.94 47.70 71.73 35.29 92.98

~w + ~c+ c 93.40 83.89 53.89 54.13 68.66 83.68 85.09 55.26 71.97 84.08 92.98
~w + ~c∗ + c 91.78 84.91 51.12 49.80 72.48 82.19 84.22 53.29 77.11 46.06 92.98

Out-of-Vocabulary words

CAT SCT MOD TEN PER NUM GEN DEG CAS SYN SEM

Baseline
~w 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

~w + ~c+ c 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
~w + ~c∗ + c 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Simple Restricted
~w 34.28 44.62 75.34 71.27 60.89 39.73 36.85 59.86 99.33 93.36 93.36

~w + ~c+ c 76.63 75.35 90.30 88.21 83.07 78.08 76.22 84.61 99.79 96.60 96.35
~w + ~c∗ + c 68.04 67.94 75.04 74.11 76.53 71.95 65.47 77.61 99.79 96.29 94.96

Kernel Restricted
~w 32.94 43.59 75.28 76.32 60.22 39.53 33.97 42.20 99.18 93.36 92.85

~w + ~c+ c 76.29 75.81 91.34 86.48 85.07 72.10 71.23 65.88 99.79 96.19 95.47
~w + ~c∗ + c 69.33 67.94 87.43 85.43 79.00 69.63 66.70 80.13 99.64 96.35 94.80

Rules Restricted
~w 82.31 67.66 86.39 88.55 84.21 81.68 80.70 72.15 99.21 94.51 95.23

~w + ~c+ c 93.34 83.39 96.34 93.21 94.32 84.35 82.31 78.89 99.81 99.12 95.41
~w + ~c∗ + c 94.87 84.31 96.54 92.17 87.24 94.35 95.35 81.25 75.99 99.10 94.91

Table 2: Models’ accuracy with LOGFREQ auxiliary loss on all words, ambiguous words and out-of-
vocabulary words.

tain inflection features that have characteristic mor-
phologies such as the Gender, Number and Degree
labels. The two strategies used for the creation
of the character embeddings show similar perfor-
mance, but ultimately, the Bi-LSTM architecture,
i.e., ~w + ~c+ c, representation performs better.

Although at first glance, it may seem that the
Baseline model performs close to the more advanced
models when looking at the label specific metrics
from Tables 3 to 13, it becomes clear that this model

is biased due to the fact that some labels occur more
frequently than their counterparts. As the model
tends to predict the most common label, this leads
to higher accuracy and recall but lower precision.
This reflects on the F1-Scores reported in Tables
3 to 13. The restriction strategies, on the other
hand, provide better results that are coherent with
the grammar rules and show a more diverse range
of predictions.

Even though the models suffer penalties when
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predicting the wrong Category label, both mod-
els make more intelligible predictions. Between the
two, the Kernel restricted model outperforms the
Simple restricted model in most labels except for
the Number, Degree and Syntactic labels, presum-
ably due to the dataset unbalance. Since the Kernel
restricted model learns patterns, it tends to make
predictions based on these, while the Simple Re-
stricted model tends to predict the most common
tag from the possible ones after applying the re-
strictions. The Kernel Restricted model with the
~w+~c+ c representation is thus the more consistent
model with an average accuracy of 82.49%, with-
out using any pre-processing data other than the
grammar rules table (Table 1).

Lastly, as expected the Rules Restricted model
largely exceeds the other models’ performance. It
greatly benefits from RuDriCo2 hand-crafted rules,
that further restrict the labels to take into account
on top of the grammar rules. This model achieves
the best results when combined with the ~w + ~c+ c
word representation, with an average accuracy of
94.79%.

On a label specific note, from analyzing Tables
3 to 13, there are some interesting patterns that
become evident. Due to the dataset unbalance be-
tween each tag, tags with fewer occurrences are
heavily punished. It is also evident that the Verb
Tense label highly benefits from the use of the CNN
architecture to generate the character-level embed-
dings. Furthermore, tags that partner with words
that are generally created by composition also profit
from this architecture. While tags that associate
with words that are generally created by derivation
benefit the most from the use of the Bi-LSTM ar-
chitecture for the character-level embeddings, like
the Category label tag Adverb. Lastly, the use of
case embeddings also proves to improve the model
results in tags with specific morphologies, such as
the Category label tag Numeral and the Subcate-
gory label tag Cardinal.

Even though the Rules Restricted performs well,
considering it only uses a single Bi-LSTM neural
network to predict several labels, the model falls
slightly short with an average accuracy of 94.89%
(on the comparable labels) and do not surpass the
current STRING morphosyntactic disambiguator,
MARv4, with an average of 97.30%.

5.2. Results on Ambiguous and Out-of-Vocabulary
words

The biggest challenge when performing POS tag-
ging is the chance of the same word have more than
one possible tag. It is thus, crucial that the model
be able to choose the right label. Table 2 presents
the models’ accuracy on ambiguous words using the
LOGFREQ auxiliary loss with different word rep-
resentations as input. To test the effectiveness of

Labels # Baseline Simple Kernel Rules

Noun 64637 83.15 77.57 79.71 98.83
Verb 38926 80.55 70.70 77.53 98.15
Adject 11976 51.78 52.12 52.15 87.56
Pronoun 19464 86.11 56.02 69.32 92.57
Article 39311 94.79 92.97 86.77 99.20
Adverb 15106 86.11 79.70 83.97 97.79
Preposition 39829 83.84 77.46 85.31 98.53
Conjunction 14864 58.80 53.41 53.24 87.69
Numeral 4414 77.91 69.42 77.89 98.57
Interjection 204 0.0 0.0 0.0 96.55
Punctuation 44498 99.64 99.69 99.85 100.0
Symbol 511 72.34 56.41 50.85 65.31

Table 3: Category label F1-score results.

Subcategory

Labels # Baseline Simple Kernel Rules

. 151050 82.82 82.98 85.89 95.19

Noun Subcategory

Labels # Baseline Simple Kernel Rules

= 6 0.0 0.0 0.0 0.0
Common 49202 80.92 81.60 82.42 97.99
Proper 15429 70.27 72.79 74.84 95.76

Article Subcategory

Labels # Baseline Simple Kernel Rules

Definite 34365 37.35 92.91 83.39 99.43
Indefinite 4946 81.30 96.42 76.22 100.0

Pronoun Subcategory

Labels # Baseline Simple Kernel Rules

Demonstrative 2508 69.72 99.20 70.31 96.73
Indefinite 4114 70.08 54.99 68.02 93.64
Possessive 1746 19.19 73.38 32.08 100.0
Personal 6127 30.04 29.49 32.21 95.18
Relative 4335 6.36 0.0 58.16 71.92
Interrogative 634 55.17 41.03 53.93 24.79

Numeral Subcategory

Labels # Baseline Simple Kernel Rules

= 59 0.0 0.0 0.0 33.33
Cardinal 3411 75.91 80.47 82.75 99.0
Det-Numeral 277 6.45 42.11 64.00 100.0
Fractional 16 0.0 0.0 0.0 0.0
Multiplicative 10 0.0 0.0 0.0 0.0
Ordinal 534 2.90 16.22 41.86 87.80
Roman-and-Cardinal 107 0.0 0.0 40.00 100.0

Conjunction Subcategory

Labels # Baseline Simple Kernel Rules

Coordinate 7815 41.68 18.81 48.79 98.02
Subordinate 7049 53.43 45.81 60.80 73.84

Table 4: Subcategory label F1-score results.

Labels # Baseline Simple Kernel Rules

. 254814 97.18 95.57 96.60 98.02
Indicative 22586 74.99 62.25 70.09 99.04
Subjunctive 1712 0.0 2.24 3.21 25.72
Imperative 259 0.0 0.0 0.0 23.53
Conditional 545 0.0 0.0 0.0 100.0
Infinitive 6763 80.54 81.25 80.06 90.02
Inflected Infinitive 1789 5.45 7.05 22.86 47.42
Particle 4281 42.61 35.07 43.64 86.51
Gerund 991 0.0 83.91 84.42 99.39

Table 5: Mood label F1-score results.
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Labels # Baseline Simple Kernel Rules

. 254814 96.33 95.57 96.64 97.36
= 14628 78.22 69.98 75.13 82.61
Present 11872 32.19 41.48 49.16 87.30
Imperfective Past 3115 1.95 11.29 11.52 76.0
Perfective Past 7876 64.81 48.41 55.97 52.43
Plusperfect Past 324 0.0 0.0 0.0 77.27
Future 1111 8.13 21.92 28.12 88.18

Table 6: Tense label F1-score results.

Labels # Baseline Simple Kernel Rules

. 235350 94.19 92.58 94.52 94.18
= 23626 66.48 58.45 70.29 88.74
First 4372 2.76 1.9 0.92 95.43
Second 1904 0.0 0.0 0.0 94.20
Third 28488 67.05 61.77 66.18 68.89

Table 7: Person label F1-score results.

Labels # Baseline Simple Kernel Rules

. 75183 77.66 83.86 83.30 95.0
= 60122 73.34 77.09 78.23 94.95
Singular 122356 80.45 84.88 79.73 96.93
Plural 36079 63.73 61.33 51.92 99.54

Table 8: Number label F1-score results.

Labels # Baseline Simple Kernel Rules

. 75183 75.45 83.86 83.30 94.96
= 101219 78.60 73.02 78.30 97.07
Masculine 64054 74.76 77.61 73.41 95.55
Feminine 53284 64.10 61.12 60.05 98.60

Table 9: Gender label F1-score results.

Labels # Baseline Simple Kernel Rules

. 202021 95.24 92.67 82.01 87.01
= 10 0.0 0.0 0.0 0.0
Normal 90952 89.64 84.50 58.64 66.57
Comparative 472 0.0 0.0 0.0 19.55
Superlative 82 0.0 0.0 0.0 0.43
Augmentative 9 0.0 0.0 0.0 0.0
Diminutive 194 0.0 0.0 0.21 14.46

Table 10: Degree label F1-score results.

Labels # Baseline Simple Kernel Rules

. 274276 97.42 97.43 98.21 96.82
= 13336 53.68 49.22 73.84 88.86
Nominative 1461 17.07 24.56 23.60 97.16
Accusative 886 0.0 4.08 12.61 74.44
Dative 837 0.0 0.0 0.0 75.0
Oblique 514 0.0 28.07 28.57 95.83
Reflexive 2430 0.0 0.0 0.0 24.80

Table 11: Case label F1-score results.

Labels # Baseline Simple Kernel Rules

. 143631 96.28 82.46 56.29 92.76
= 147171 96.53 85.90 67.15 92.61
Prefixed 752 0.0 0.0 0.0 89.47
Ciclic 2176 0.0 0.0 0.0 84.37
Reduced 10 0.0 0.0 0.0 100.0

Table 12: Syntactic label F1-score results.

Labels # Baseline Simple Kernel Rules

. 45009 99.90 99.51 99.64 99.79
= 246931 99.53 99.56 99.57 99.90
Acronym 1440 16.82 50.57 46.46 96.48
Loan-word 351 0.0 0.0 0.0 71.19
Legal 6 0.0 0.0 0.0 0.0
E-mail 1 0.0 0.0 0.0 0.0
Phone-Fax 1 0.0 0.0 0.0 0.0
Other 1 0.0 0.0 0.0 0.0

Table 13: Semantic label F1-score results.

the LOGFREQ auxiliary loss experiments were also
conducted with and without this enhancement, Ta-
ble 14 presents the obtained results.

The Baseline model obtains disastrous results al-
ways predicting the most common tag in the dataset
without any restriction, leading to terrible results.
The Simple restricted model outperforms the Ker-
nel Restricted model. Since the Simple Restricted
model predicts the most common tag from the
possible ones after applying the restrictions, the
model ends up correctly predicting the tag more
times then the Kernel Restricted model. Finally,
the Rules Restricted model is the best performing
model, making use of the RuDriCo2 hand-crafted
rules.

Once more it is also evident that the use of
character-level embeddings improves the models’
performance drastically. Between the two represen-
tations, the Bi-LSTM architecture shows the best
results consistently, outperforming the CNN archi-
tecture by on average 4% for the Rules Restricted
model, the best performing model.

Analyzing Table 14 it is evident that the use of
the auxiliary log frequency loss LOGFREQ proves
to improve the models’ performance on ambiguous
words. We can see an increase of approximately 2%
consistently across all models’ accuracies.

On the other hand, the models’ capability to
generalize for OOV words is also essential. The
use of FastText pre-trained word embeddings and
character embeddings gave the models a valuable
toolkit to infer the right tag for each label for OOV
words. Table 2 presents the obtained results on
OOV with the LOGFREQ auxiliary loss using dif-
ferent word representations. In order to confirm
the effectiveness of the LOGFREQ auxiliary loss on
OOV words, Table 15 shows the models’ accuracies
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LOGFREQ CAT SCT MOD TEN PER NUM GEN DEG CAS SYN SEM

Baseline
Yes 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
No 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Simple Restricted
Yes 68.35 69.07 59.37 43.98 79.93 64.13 38.75 64.38 79.12 79.81 93.46
No 65.16 63.25 55.19 40.15 75.34 61.07 32.11 63.75 75.39 69.35 87.34

Kernel Restricted
Yes 65.54 64.18 58.32 52.88 86.53 57.01 48.86 51.98 86.57 34.36 94.39
No 63.31 61.32 53.35 49.32 83.45 53.31 44.56 46.33 82.88 32.47 90.83

Rules Restricted
Yes 93.40 83.89 53.89 54.13 68.66 83.68 85.09 55.26 71.97 84.08 92.98
No 90.65 81.93 51.16 50.20 66.66 79.30 80.23 53.73 68.98 79.79 92.98

Table 14: Models’ accuracy on ambiguous words using the Bi-LSTM architecture for character embed-
dings generation.

on OOV words with the Bi-LSTM architecture for
word representation generation, with and without
the use of the auxiliary loss LOGFREQ.

Just like for ambiguous words, the Rules Re-
stricted model is the best performing model. The
Baseline model obtains disastrous results always
predicting the most common tag in the dataset
when a word is not in the training set. The Sim-
ple restricted model performs close to the Kernel
Restricted model, with a negative difference of ap-
proximately 1% in almost every label, except for
the Number, Degree and Syntactic labels where it
excels. Once again, probably due to the Simple Re-
stricted model predicts the most common tag from
the possible ones after applying the restrictions.

6. Conclusions
This dissertation presented several deep learning
models that in conjunction with word representa-
tions and hand-crafted rules address the POS tag-
ging task with the ambition to disambiguate 11 dif-
ferent morphosyntactic labels using a single neural
network. It also explored the restriction of the la-
bels to take into account in the final CRF layer, pre-
senting an approach that successfully blocks transi-
tions to restricted labels during the Viterbi algo-
rithm. The implementation of these restrictions
into the CRF layers allowed to complement the
deep learning models with hand-crafted rules, sig-
nificantly improving the model performance. The
Rules Restricted model shows good results across
all labels by combining the potential of RNN and
the reliability of hand-crafted rules.

Furthermore, this work explored the use of dif-
ferent levels of word representations as well as dif-
ferent approaches to generate these representations.
Results show that the use of sub-word representa-
tions is essential when dealing with a morphosyn-
tactic rich language such as the Portuguese lan-
guage. During the development of this work, it
was tested different architectures for the generation
of character-level embeddings. The Bi-LSTM ar-
chitecture proved to be the most efficient when it
is crucial to capture the affix information, work-

ing best for words created by derivation, while the
CNN architecture proves to be more efficient for
words formed by composition. Lastly, the use of
case embeddings to reinforce certain morphological
features proved to be crucial for labels with charac-
teristic morphologies.

Finally, this dissertation explored the use of an
auxiliary loss that predicts the current word log-
arithmic frequency in the training set to improve
the model’s performance on rare and OOV words.
Results show that this auxiliary loss effectively im-
proves the model performance not only on OOV
words but also on ambiguous words.

6.1. Future Work

For future work, it would be interesting to exper-
iment with different methodologies to combine the
word, character and case embeddings. For instance
by performing a weighted projection of this embed-
dings into a final word representation. Another al-
ternative would be to use a neural network layer,
such as a dense layer or even a CNN. On the same
note, it would be interesting to study the use of an
Attention layer to understand better the impact of
each embedding on the model’s performance.

The proposed models use Bi-LSTMs, but more
complex types of RNNs could be used, such as
Multi-Function Recurrent Units (MuFuRUs). Mu-
FuRUs use an intricate gating mechanism that al-
lows for additional differentiable functions as com-
position operations, leading to models that can bet-
ter capture nuances involved in encoding sequences
[19].
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