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Abstract
In this paper we describe the system developed by InriaFBK team and submitted
to the Germeval2019 task on offensive language detection and classification. With
the same architecture we participate to all
subtasks: binary classification of offensive
and not offensive tweets, 4-class message
categorisation based on offense type (Profanity, Insult, Abuse and Other), and classification of explicit and implicit offensive
language. The two runs submitted for each
subtask are obtained with and without attention mechanism. After evaluating our
system performance on Germeval2018 test
set, we observe that attention is remarkably
beneficial in the more challenging tasks of
implicit offense detection and offense categorisation.
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Introduction

Detecting hurtful, derogatory and obscene comments online has become of paramount importance for the well-being of users, who access social networks to exchange ideas and build a sense
of community, as well as for social media platforms, which have been accused of fostering the
widespread of hurtful content. Recent initiatives at
institutional level have been undertaken to limit the
phenomenon of online hate speech, see for example
the 2018 Code of Conduct signed between EU representatives and four major social media players1 .
The monitoring process following the adoption of
this code of conduct has shown that, when users
report offensive content, 88.9% of them get a reply
from the social media platform within 24 hours.
However, if we compare Facebook, YouTube, Instagram and Twitter, statistics show that the latter
1 https://eur-lex.europa.eu/legal-cont

tends to remove remarkable less content than the
others, i.e. only 43.5% of reported messages compared to 71.7% by the other three platforms on average.2 The EU report highlights how most of the
feedback from Twitter is on trusted reports rather
than on general users reports, making reasonable to
think that Twitter policies are less restrictive and do
not aim to comply with every user. This makes the
issue of automatic hate speech detection on Twitter
even more urgent, especially when developed systems are able to identify different types of offense
and cope with implicit hate messages.
In this paper, we present our system submitted to
the Germeval 2019 task for offensive language detection, and detail the two runs for each of the three
subtasks (with and without attention mechanism).
The general framework is an improved version of
the InriaFBK system developed for Italian hate
speech detection (Corazza et al., 2018a) and for
German at Germeval 2018 (Corazza et al., 2018b),
with a more careful choice of external embeddings
and of neural network parameters. Furthermore, we
evaluate the contribution of attention mechanism
to each of the subtasks.
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Related work

Many solutions and resources are available to perform hate speech detection and classification on
English data. For example, in Waseem and Hovy
(2016) the authors not only present their work
on the classification of racist and sexist tweets
adopting a logistic regression model based on
one-to-four-character n-grams, but also release
an annotated dataset for the task. Other classification approaches have been tested on the same
dataset, see for example (Kshirsagar et al., 2018)
proposing a neural classifier using pre-trained word
embeddings and max/mean pooling from fully2 https://ec.europa.eu/commission/news

ent/EN/TXT/HTML/?uri=CELEX:32008F0913&f
rom=EN

/countering-illegal-hate-speech-online-2
019-feb-04_en
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connected transformations of these embeddings.
The approach is tested also on the the HATE
dataset (Davidson et al., 2017) and on the Harassing dataset (Golbeck et al., 2017) showing that it
is able to learn associations among words typically
used in hateful communication.
Other approaches targeting languages different
from English have been proposed mainly in the context of shared tasks, such as the first Hate Speech
Detection (HaSpeeDe) task for Italian (Bosco et al.,
2018) and Aggressiveness Detection (Carmona et
al., 2018) for Mexican Spanish at IberEval 2018.
As for German, the first shared task was proposed in 2018 on the Identification of Offensive Language (Wiegand et al., 2018). The
task covers the detection of offensive comments
from a set of German tweets, that had to be
further classified into abusive language, insults
and profane statements. The systems presented
by the participants introduce a number of different approaches, ranging from feature-based
supervised learning (i.e., SVMs for the topperforming system TUWienKBS (Padilla Montani and Schüller, 2018)) to deep learning. Most
top performing systems in both subtasks are
based on deep learning, such as spMMMP (von
Grunigen et al., 2018), uhhLT (Wiedeman et al.,
2018), SaarOffDe (Stammbach et al., 2018), InriaFBK (Corazza et al., 2018b).
Looking at the systems participating in the above
tasks, we observe a number of features shared by
many deep learning approaches, such as domainspecific word embeddings, the use of emotion or
sentiment lexica, features related to the message
(e.g. length, punctuation marks, etc.) as well as
specific pre-processing steps.

3

validation set. For subtask III we isolate 20% of
the training set for validation (see details in Section
4). Below we summarise the number of instances
used as training for each subtask:
Subtask I - Binary classification: The two labels are ‘offensive’ and ‘other’. The latter was
reserved for tweets which were not offensive. The
binary classification subtask involved 2,975 messages with ‘offensive’ label and 6,029 messages
with the ‘other’ label.
Subtask II - Fine-grained classification: The
four classes annotated are ‘profanity’, ‘insult’,
‘abuse’ and ‘other’. In the corpus, there are 1,220
messages for ‘insult’, 223 for ‘profanity’, 1,532 for
‘abuse’, and 6,029 messages for ‘other’.
Subtask III - Implicit and Explicit offense classification: All messages in this dataset are offensive, but they are labeled either as ‘implicit’ or
‘explicit’. In particular, there are 1,699 explicitly
offensive message, and 259 implicit ones.

Data and Tasks

At the Germeval evaluation, three different subtasks were proposed: one for the detection of offensive messages, one for a fine-grained classification
in four classes, namely Profanity, Insult, Abuse and
Other, and one for the identification of explicit and
implicit hate. Since subtask I and II had already
been proposed at Germeval2018, the organisers allowed participants to use as training data the data
released both in 2018 and 2019 as training data. For
the third subtask, instead, the dataset was novel.
For the submissions of subtask I and II, we use
the concatenated Germeval 2018 and 2019 training
sets for training and the Germeval2018 test data as
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To compute the preliminary evaluation results
reported in this paper, instead, we change the splits
by using 20% of the 2018 and 2019 training sets
for subtasks I and II for validation, and compute
the performance reported in the following tables
on the Germeval 2018 test set. For subtask III, we
use 20% of the training set for validation and 20%
as test set.

4

System Description

In order to perform an analysis of the activations of
an attention mechanism, we use a recurrent neural
network with attention applied to the outputs of
the recurrent GRU layer, and compare its performance to the same network with no attention applied. Since the domain of the task is interactions
on a social media platform, we apply some ad-hoc
preprocessing steps, which are detailed in the next
subsection, in order to improve the performance of
the classifier on Twitter-specific language.
To isolate the validation set from the training
data, we use train test split from scikitlearn (Pedregosa et al., 2011).
4.1

Preprocessing

Since the language of social media interactions
presents unique challenges for standard NLP tasks,
we normalise the tweet content by replacing user
mentions and URLs with the strings “username”

Category
No Attention
Offensive
Other
Macro AVG
+ Attention
Offensive
Other
Macro AVG

si
xe

xi

RNN

yi

attention

si−1

Precision

Recall

F1 Score

0.677
0.831
0.754

0.630
0.859
0.744

0.653
0.845
0.749

0.692
0.821
0.757

0.595
0.875
0.735

0.640
0.847
0.746

Table 1: Subtask 1 without attention (above) and
with attention (below)

Figure 1: The recurrent neural architecture
and “URL” respectively. We do not apply hashtag
splitting, since it proved not effective on German in
a comparative evaluation for hate speech detection
(Corazza et al., 2019).
4.2 Word embeddings
Word embeddings (Mikolov et al., 2013; Pennington et al., 2014) are a widely used approach to
represent word meaning in natural language processing tasks, as they allow to acquire some information about words through an unsupervised
process. However, word embedding resources have
a major drawback when it comes to processing
German data, since they may not contain all compounds or all the declinations of a single word,
resulting in many out-of-vocabulary terms. This
issue can be alleviated by using subword information to represent a term as the sum of the vectors
representing its character n-grams. This is the main
reason why we chose to use FastText embeddings
(Bojanowski et al., 2016), pretrained on Common
Crawl and Wikipedia 3 .
4.3 Recurrent model
We develop a simple recurrent neural network
model and use it for all subtasks. We use the word
embeddings from the words of each tweet as input
for a GRU (Cho et al., 2014) of size 100. Recurrent
dropout of 0.2 is applied to the GRU. The output
at the last timestep from the GRU is then fed to
a single, fully-connected layer with 200 neurons,
followed by one or more output neurons, depending on the subtask. For subtasks 1 and 3 a single,
sigmoid activated neuron is used, while for subask
2 we use four outputs with a softmax activation.
The binary subtasks use binary crossentropy as
the loss function, while subtask 2 uses categorical
crossentropy. The optimizer used is Adam and the
models were implemented in Keras (Chollet and
others, 2015). In addition to classifying offensive
3 https://fasttext.cc/docs/en/crawl-ve
ctors.html
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language, our goal was also to examine how an
attention mechanism could improve performance,
and whether the activations could be used to understand the classifier behavior. In particular, we
consider the output of the GRU layer g:
GRU(x) = (e1 , e2 , . . . , en ) ei ∈ R100

(1)

We then apply a perceptron layer to each of the outputs of the GRU and use softmax to obtain weights
that sum to 1:
A(e) = so f tmax(F(e))

(2)

Where:
F(e) = ( f (e1 ), . . . , f (en ))
f (ei ) = (Wei + b)
W ∈R

1×100

(3)
1

b∈R

After applying a perceptron layer to each output of
the GRU, we use a softmax layer so that the sum
of all timesteps is one (padding is ignored). The
weights obtained are then multiplied elementwise
with the outputs of the GRU:
a(x) = A(GRU(x))

GRU(x)

(4)

We then sum over the vectors obtained by applying
attention to the outputs of the GRU, and use the
resulting vector to classify offensive language, by
feeding it to a single, fully connected hidden layer
followed by the outputs.

5

Evaluation

For subtasks I and II, we report below the results
obtained on the Germeval 2019 test set, comparing
the system performance with and without attention
mechanism.
With respect to subtask I (see Table 1), the two
models perform similarly well. In particular, while
the model without attention is the better performing one with respect to the offensive class, the F1

Category
No Attention
Abuse
Insult
Profanity
Other
Macro AVG
+ Attention
Abuse
Insult
Profanity
Other
Macro AVG

Precision

Recall

F1 Score

0.371
0.375
0.355
0.832
0.483

0.455
0.397
0.099
0.817
0.442

0.409
0.385
0.155
0.825
0.462

0.443
0.425
0.475
0.824
0.542

0.503
0.325
0.171
0.874
0.468

0.470
0.367
0.252
0.849
0.502
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Table 2: Subtask II without attention(above) and
with attention mechanism (below)
metric on the ”other” class is remarkably similar,
with a slight advantage for the model with attention.
This results in a slight advantage in terms of macro
average F1 for the model without attention.
For Subtask II (see Table 2), focusing on finegrained classification, the observed behaviour of
the two models is still similar, but this time the
attention-based model outperforms the attentionless one across all categories except for the ”insult” one, showing that attending over single words
can be useful when classifying different types of
offensive language. The largest improvement is
achieved on the Profanity class, showing that attention mechanism in this case can better learn from
few examples (only 223 for this class), while it is
less evident on the Other class, which is the majority one (6,029 training instances).
Category
No Attention
Explicit
Implicit
Macro AVG
+ Attention
Explicit
Implicit
Macro AVG

Precision

Recall

F1 Score

0.891
0.580
0.735

0.964
0.299
0.631

0.926
0.394
0.679

0.910
0.488
0.699

0.918
0.463
0.690

0.914
0.475
0.695

In order to understand how attention affects the
classification outcome and whether the outputs of
the attention layer can help explain the classification performed by our model, we examined the
attention for each word in the test set of Germeval
2018 (the outputs of Equation 2), using a model
trained on the first subtask. Looking at the lemmas
ranked by average weights learned by the attention mechanism, we observe that the top ones are
mostly emotionally loaded with a negative connotation. For example, we find among the lemmas with highest weights words such as klatsch,
Opportunistin, Elektrojude, and verpisst. Looking at attention weights of the words composing a
tweet, we observe the same trend: in the messages
correctly classified as ‘Offensive’ the words with
highest attention weights are those with negative
polarity, that mostly contribute to correct classification. For example, in Von mir aus könnt ihr
jämmerlich verrecken the last two words have the
highest attention. In a similar way, the last word of
the following tweet is the one with highest attention weight: Ich persönlich scheisse auf die grüne
Kinderfickerpartei. These findings suggest that the
attention mechanism is effectively capturing the
words whose meaning and polarity most contribute
to the classifier choice. Furthermore, examining
activation weights can lead to precious insight into
the inner criteria used by models to detect offensive
language.

7

Table 3: Subtask III without attention (above) and
with attention mechanism (below)
With respect to subtask III (see Table 3), we
observe a more significant difference between the
two models on the Implicit class, while the Explicit
one is equivalent. This may confirm the model
behavior observed in subtask II, where classes with
less examples had improved performance when
using attention. Also in this case, the model using
attention has a higher F1 score value for the implicit
class, for which only 259 training instances are
available.
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Attention activations

Conclusions

In this work we detailed the system runs submitted
by the InriaFBK team to Germeval 2019. With
the same architecture we participated in all three
subtasks, performing both binary and multi-class
classification. In a comparative evaluation, our results show that the attention mechanism has a positive impact on classes with few training instances,
while it has no remarkable effect on classes that are
well represented in the training set.
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