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Abstract
Offensive speech and its implications has become a growing concern for society,
and systems that can reliably identify this type of content is in huge demand.
While the task has been solved to a certain extent for languages where sufficient
annotated data is available, the problem becomes harder to solve for languages
where annotated data is scarce. In this thesis we explore if domain adaptation
can be used to tackle this issue, by training models on a richly annotated source
language and applying them to a list of different target languages. We explore
3 different approaches by training models relying on multi-lingual embeddings,
contextual embeddings and adversarial learning. Our findings show that knowledge from different languages are transferable in varying degrees and that contextual embeddings generally outperform cross-lingual embeddings. While we
observed the adversarial model to outperform cross-lingual embeddings by a
small factor when adapting from English to Danish, we were unable to train the
model to achieve the desired adversarial dynamic described by related research.

Contents
1 Introduction

1

2 Background
2.1 Offensive Speech . . . . . . . . . . . . . . . . . . .
2.1.1 Challenges . . . . . . . . . . . . . . . . . .
2.2 Natural Language Processing . . . . . . . . . . . .
2.3 Machine learning . . . . . . . . . . . . . . . . . . .
2.3.1 Neural networks . . . . . . . . . . . . . . .
2.3.2 Word2vec . . . . . . . . . . . . . . . . . . .
2.3.3 Sequence to sequence . . . . . . . . . . . .
2.3.4 Attention Networks . . . . . . . . . . . . .
2.3.5 BERT . . . . . . . . . . . . . . . . . . . . .
2.3.6 Transfer Learning and Domain Adaptation
2.3.7 Adversarial Learning . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.

2
2
2
5
5
5
7
8
13
18
22
23

3 Related work
25
3.1 ADAN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.2 Adversarial learning using BERT . . . . . . . . . . . . . . . . . . . . . . . . . 28
4 Data
31
4.1 Dataset background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
5 Method
5.1 Expectations and hypotheses
5.2 Data pre-processing . . . . .
5.3 F1 score . . . . . . . . . . . .
5.4 Cross-lingual embeddings . .
5.5 Contextual embeddings . . .
5.5.1 Architecture . . . . .
5.5.2 Fine-tuning process .
5.6 Adversarial BERT . . . . . .
6 Results and analysis
6.1 Cross-lingual model . . . . .
6.1.1 Zero-shot . . . . . . .
6.2 Contextual model . . . . . . .
6.2.1 Zero-shot . . . . . . .
6.3 Aggregation of languages . .
6.4 Adversarial Model . . . . . .
6.4.1 Expected behaviour .
6.4.2 Comparative analysis

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

3

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

33
35
36
40
42
44
45
48
50

.
.
.
.
.
.
.
.

51
52
54
55
61
63
65
65
65

6.5
6.6

F1 complications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
Key findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

7 Future work

72

8 Conclusion

73

A Appendix A

78

B Appendix B

78

C Appendix C

79

IT University of Copenhagen

1

02/06/2020

Introduction

In recent years there has been a development where social media platforms are becoming
increasingly responsible for the content users upload on their sites. This has put pressure
on platform owners to come up with systems that can reliably identify content that is in
violation of their policies, such as content involving profanities, glorification of violence and
hatespeech. Due to the scale of many of these platforms, relying on human labor alone
to flag down and remove offensive content is insufficient, and there is a huge demand for
algorithmic approaches to aid the platforms in this matter.
While detecting offensive speech has been a topic in machine learning and natural language
processing communities for some time, there are still a lot of unsolved problems pertaining
to this task. One of these issues is the inconsistency of labelled datasets across languages,
allowing for the task to be solved for some languages such as English, but not for other
languages such as Danish. Recent developments in transfer learning and domain adaptation
has however shown promising results, where knowledge learned from one domain has effectively been transferred to another domain, and could be a promising strategy for solving
the task for those languages suffering from a scarcity of labelled datasets.
In this thesis, we seek to investigate if domain adaptation can be used to address the issue of
detecting offensive speech across languages that suffer from a scarcity of labelled datasets.
Building on recent research in natural language processing and domain adaptation, we seek
to explore different approaches of training offensive speech classifiers on a large labelled
dataset of social media posts from a given source language, and apply our models to social
media posts from a list of target languages. Concretely we will be investigating approaches
incorporating cross-lingual embeddings, contextual embeddings and adversarial learning.
The following description is intended to provide the reader with a brief overview of the
structure of this document. Section 2 contains background information in which we give a
detailed description of the task at hand and highlight a list of associated challenges. Following this, we will describe how computers can learn to understand natural language through
the use of machine learning. Here we provide the reader with an in depth explanation of
the technology we incorporate into our models. Section 3 contains the description of two
research papers, from which we are highly inspired. This is followed by section 4 in which we
present the datasets we have chosen for our task. In section 5 we introduce our hypotheses
and explain how we intend to investigate each of them. We provide a detailed description of
the conducted experiments and our methodology including data pre-processing and descriptions of model architectures. In section 6 we will present our findings from each experiment
and discuss the results with relation to our hypotheses. This section will end up in a brief
summary describing our key findings. In section 7 we will reflect on how future research
can build on top of our findings. The key points of the entire thesis are then summarized
in section 8.
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Background
Offensive Speech

Developing good solutions for analysing and detecting offensive speech in text is an important topic of research, as it can have severe consequences for the people targeted by it, and
lead to alienation or exclusion of certain groups. Among numerous implications, offensive
speech has been shown to pose a threat to the democratic debate, as mentioned in a report
issued by the Danish Institute for Human Rights, which showed how 50% of male and female respondents refrained from participating in public debate on social media due to the
toxic tone [for MenneskeRettigheder, 2016]. The same report also highlights findings from a
Danish survey, where 46 out of 97 respondents among politicians in the Danish parliament,
had received direct threats, and 25 out of 97 respondents had reconsidered their candidacy
as a consequence of the tone in the public discourse. The report mentions similarly disturbing findings from a Norwegian study where nearly half of 1341 Norwegian journalists
and editors claimed to have been the victim of offenses, harassment or smear campaigns
on the internet within the latest year. In addition to the consequences for its targets and
the general effect on the public discourse, offensive speech also has implications for content
moderators tasked with reviewing flagged content, as it often falls into a general category
of content in violation of platform policies. Relying on human labor to review content of
this sort, has caused some moderators to develop conditions such as PTSD and panic attacks, and Facebook has recently agreed to pay $52 million to content moderators who have
developed mental health issues on the job [News, 2020].
2.1.1

Challenges

While the previous section illustrates why there is huge demand for automatic solutions, detecting offensive speech in text is not a trivial problem and comes with a variety of challenges.
In their article Challenges and frontiers in abusive content detection [Vidgen et al., 2019]
the authors outline a list of challenges associated with collecting and annotating abusive
content.
Varying definitions
Although a great similarity in what constitutes offensive speech can often be observed across
laws, formal guidelines and platform policies, there is no objectively correct definition or
official set of pre-established criteria. Legal definitions can often suffer from minimalistic descriptions, while a platform’s definition might be influenced by commercial interests
[Vidgen et al., 2019]. This is a problem as it can create great variation and inconsistency in
what is captured under the term by different data annotators.
Biased datasets
Offensive speech comes in huge variety, and unless carefully constructed, datasets can be
prone to contain a bias or skewness towards a certain type of offensiveness e.g. racism or
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sexism [Vidgen et al., 2019].
Subjectiveness of the audience
Platform users are all individual people with a subjective understanding of what constitutes
offensive speech, and share different opinions on the topic. Despite training and guidance
this has proven to be a problem for annotators as well.
To illustrate the above point, we refer to a study from 2017 focused on hate speech in
particular, where researchers looked into this problem, by subjecting two groups of internet
users to a dataset containing potentially hateful messages, and asking them to classify them
as either being hate speech or not, with only one of the groups being shown a definition of
hate speech prior to completing the survey [Ross et al., 2017]. The groups were further asked
to asses whether a user should be banned based on the content of the message, and to rate
the degree of hate-fullness of the message. Results showed that, although the group that was
shown a definition beforehand would partially align their own opinion with the definition,
there was no significant improvement in the reliability of the annotations provided by that
group. The authors concluded by calling for stricter guidelines for annotators annotating
hate speech data, and even suggested that future approaches should start looking at the
problem as a regression problem rather than a classification problem.
Another problem also arises in terms of differences in demographics in the annotator group.
In another study by Binss et. al, researchers trained classifiers on a dataset containing
100.000 annotations of Wikipedia talk page comments manually labelled by workers on the
Crowdflower platform1 . Workers provided their demographic data including age, gender
and educational level, after which each comment was labelled by 10 workers for toxicity.
The results of the study showed how agreement between female annotators was significantly
lower than what was observed for the male annotators and that female annotators on average
found comments less toxic than the male annotators [Binns et al., 2017].
Humor, irony and sarcasm
Content containing either humor, satire, irony or sarcasm can be a common source of classification errors, and intentions can sometimes be hard to discern. Depending of the reader’s
awareness of the context of both the author of the content and the context in which it was
posted, certain content might be misinterpreted by the reader as falsely offensive and vice
versa [Vidgen et al., 2019].
Word obfuscation and polysemy
Polysemy is characterised as the phenomenon whereby a single word form is associated with
two or several related senses [Vicente and Falkum, 2017]. A common example is how the
name of the company ”Skype” is sometimes used in everyday speech as a reference to Voice
over IP communication, independent of the service used. In the context of offensive speech,
such words can sometimes be problematic, as it can be hard to infer the intended meaning.
1 an

online platform aimed at crowdsourcing the task of collecting, cleaning and annotating datasets
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Another common problem is the obfuscation of words, where users become creative in their
spelling to avoid automatic detection by content-regulating algorithms. Common examples
include using symbols and numbers instead of characters (such as using $ to replace an ’s’
or a ’9’ to replace a ’g’ ) as well as intentional miss-spellings [Vidgen et al., 2019].
Evolution of language
Language is an evolving entity, and changes to the syntax, grammar and lexicons of a
language over time can potentially create implications for the performance of systems trained
on older datasets as these become outdated and fail to account for new linguistic traits
[Vidgen et al., 2019]
Accounting for context
As mentioned in several of the previous examples, context often plays a role when determining if a piece of content can be considered offensive or not, and includes a lot of hidden
variables such as the subjective outlook of both the speaker and the audience. Certain
words are considered very offensive in some cultures, while not in others. An example being
the term ”Nigga” which is often being perceived as acceptable when uttered in a conversation between two black people, while being perceived as racism if uttered by a white
person [Vidgen et al., 2019]. Thus, simply blacklisting certain words can be an insufficient
approach and context will often have to be taken into account.
Multilinguality
Languages differ in their syntax, grammar, morphology and semantics, with some of them
being considerably harder to work with, and for some languages there can even be great
variances across different dialects. Arabic is spoken in several countries, of which many
have their own distinct dialect, some incorporating elements from neighbouring countries
[Alshutayri, 2018]. According to Alshutayri et al. the main Arabic dialects are Gulf Dialect,
Iraqi Dialect, Levantine Dialect, Egyptian Dialect and North African Dialect, and the authors mention classification of dialects as an important pre-processing step when annotating
Arabic data.
Scarcity of labelled datasets
Pertinent to this thesis, some languages have higher resources of annotated data available,
while other suffer from a scarcity of labelled data. The problem is thus much harder to
solve for these languages, and there is a huge need for high quality datasets, but creating
them is both challenging and expensive. This is the main issue we wish to address in this
thesis, as recent developments in natural language processing has shown promising results
where models have been trained on a given task where labelled data has been required for
only one language, after which said model can be applied for the same task for a different
language.

4
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Natural Language Processing

Natural language processing (NLP) is the computerized approach to analyzing text that
is based on both a set of theories and a set of technologies and resides in the intersection
of linguistics and computer science [Liddy, 2001]. The field has existed for decades, with
examples dating back to the late 1940’s, where machine translations were used as an attempt
to decipher enemy codes and messages during World War II [Weaver, 2010]. While early
approaches depended on handwritten rules, the field was reoriented towards more statistical
approaches, such as training machine learning models using large annotated bodies of text
(corpora). Machine learning has proven very efficient at solving various NLP related task,
and in the last few years there has been an explosion in the field, where new approaches are
continuously outperforming previous baselines.

2.3

Machine learning

Machine leaning is a field of research that formally focuses on the theory, performance, and
properties of learning systems and algorithms. It is a highly interdisciplinary field which
relies heavily on concepts derived from computer science and statistics, but also incorporates
elements from optimization theory, cognitive science, artificial intelligence, psychology and
other fields [Qiu et al., 2016][Mitchell, 2006]. As of writing, machine learning has a myriad
of applications, with solutions being developed for many fields and industries, including
biology, medicine, finance and economics. In the following sections we will be describing
machine learning in an NLP context and how it can be used to address learning problems
within this field.
2.3.1

Neural networks

Deep feedforward neural networks, also known as feed forward neural networks or multilayer
perceptrons (MLP) constitute the basic building block of many machine learning algorithms.
The goal of a feedforward network is to approximate some function f ∗ . For example, for
a classifier, y = f ∗ (x) maps an input x to a category y. A feedforward network defines
a mapping y = f (x; θ) and learns the value of the parameters θ that result in the best
function approximation [Goodfellow et al., 2016].

5
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Figure 1: Feed forward neural network Source:[Bre et al., 2018]

Figure 1 illustrates the basic architecture of a feed forward neural network. As can be seen,
it consists of an input layer, connected to an arbitrary amount of hidden layers which is
connected to a subsequent output layer. Each layer contains an amount of nodes, which is
connected to all the nodes in the subsequent layer. Each of these connections is associated
with a weight and a bias. These weights and biases constitutes the parameters of the
network, and are the ones we are trying to estimate while training the network.
The general idea of training a neural network, is to make it learn how to predict new
instances from historic data.
The first step of training a neural network is to convert our data into a numerical representation and feed it to the input layer. As data flows through the layers of the network, each
node in the subsequent layer is calculated as the sum of all the nodes in the previous layer
multiplied by their associated weights for the connection to this node, and the bias for the
particular node is added. To allow the network to learn non-linear relations from the input
features to the output labels, this calculation is squished into a non-linearity also know as
an activation function. Common examples of such activation functions are sigmoid, ReLU
and softmax.
Data flows through the layers like this, until it reaches the output layer, where the final
predictions are obtained. To evaluate how well the network performed, we can calculate how
far off it was in its predictions using a loss function. This is known as forward-propagation.
The loss function is effectually what we are trying to minimize by finding the optimal set of
parameters.
Once the loss is obtained, parameters needs to be adjusted. To evaluate how much weights
and biases in the network should be adjusted, we use a method known as backpropagation.
Backpropagation works by using gradient descend to calculate the partial derivative of each
weight and bias in the network, and how much they individually attributed to the total loss.
By obtaining the partial derivatives, weights and biases can be adjusted accordingly. This
process is repeated until the loss has been minimized. Successfully training a neural network
often depends on the right combination of having sufficient training data of high quality and
choosing the right combination of hyperparameters. The latter often includes finetuning of
6

IT University of Copenhagen

02/06/2020

learning rates, batch size, epochs, number of hidden layers and nodes and choosing the right
activation functions.
2.3.2

Word2vec

Word2vec, introduced in 2013, is a popular technique used to create word embeddings,
drawing on the discovery that training a neural network on an NLP task forces the network
to learn similarities between words, enabling the extraction of word vectors from the hidden
layer of the network [Mikolov et al., 2013]. There are mainly two approaches for doing this,
known as skip-gram and continuous bag of words (CBOW).
The following model by Chris McCormick illustrates the architecture of the skip-gram network:

Figure 2: Skip-gram network architecture. Source:[McCormick, 2016]

In skip-gram, training is done by feeding the network word pairs, and then learning the
statistics of each pairing showing up together. Given a specific input word in the middle
of a sentence, a random nearby word within a “window size” distance of the input word,
supplied as an input parameter (e.g. 5 words in each direction) is picked. A probability
is then calculated for each word in the vocabulary in terms of that word being the nearby
word that was picked.
Before training starts, training documents are broken into a list of unique words, and each
word can then be transformed into a one-hot vector (a 1-dimensional vector of size N =
number of unique words in the vocabulary, where the row corresponding to the word is
given value = 1 and the remaining rows have value = 0).
The input vector is then fed to a hidden layer connected to an output layer with dimension
equal to the dimension of the input vector, using a softmax activation function to calculate

7
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probabilities for each node in the output layer. Once trained, the network will be able to accept an input word and the output layer will then contain higher probabilities for words that
are closely connected to the input word, e.g. “queen” and “princess” [Mikolov et al., 2013].
The CBOW approach works in a similar way, but instead tries to predict a word given the
surrounding context words. Consider the sentence ”The cat sat on the mat”. The model
would receive The cat sat on the” as input and try to predict the word ”mat”.
Once word vectors have been obtained, it has been shown how they can be combined to a
somewhat meaningful extent, using simple vector addition [Mikolov et al., 2013]. A classical
example of this can be illustrated by the following equation:
[King] − [M an] + [W oman] ≈ [Queen]
2.3.3

Sequence to sequence

Sequence to sequence is a term covering the transformation of one sequence to another,
such as machine translation. Within the field of sequence to sequence models, the recurrent
neural network (RNN) and an expansion of this, the long short-term memory (LSTM) are
very effective tools. RNN and LSTM will be explained in the next section, ending with a
description of the general sequence to sequence architecture, also known as seq2seq.
2.3.3.1 RNN
RNNs have risen in popularity, due to their ability to handle sequenced data (sequences of
elements that are not independent, e.g words in a sentence). In traditional neural networks,
all inputs and outputs are independent of each other, but for a task like predicting the next
word in a sentence, there is a need to remember previous words in the sentence. RNNs solve
this issue by introducing memory to the model in terms of a hidden state, which retains
information from an (theoretically) arbitrarily long context window [Lipton et al., 2015].
The following figure shows the structure of a recurrent cell in a neural network.

Figure 3: : RNN Cell Source:[Olah, 2015]

At each timestep t, the cell state ht is updated by applying the following recurrence relation:
ht = f w(ht−1 , xt )

8
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where f is a non-linear activation function, xt is the input vector associated with timestep
t and w is the set of weights associated with the previous state and the input vector.
Using tanh as activation function the equation can be expanded to:
T
ht = tanh(Whh
ht−1 + W Txh xt )

(2)

From equation 2, we see that the state of the cell at any given time step depends on the state
calculated in the previous timestep and the input associated with the current timestep.
The output vector y t is a modified transformed version of the internal state, which results
from multiplying the internal state with another separate weights matrix.
t
ŷt = Why
ht

(3)

Unrolling this loop, a RNN can be thought of as a chain-like structure with multiple copies
of the same network, where each network passes information onto the next. The same 3
weight matrices are used throughout each loop [Amini, 2020].

Figure 4: : Unrolled RNN Source:[Olah, 2015]

During the forward pass, the loss is calculated at each timestep and finally summed in
order to achieve the total loss which is then used to obtain gradients by back propagating
through the network. Due to the cyclic structure of a RNN, obtaining these gradients are
a bit different from doing a backwards pass in a traditional feedforward neural network.
To accommodate for the notion of time in the network we use a backpropagation algorithm
called “backpropagation through time (BPTT)” [Mozer, 1995]. Since parameters are shared
by all time steps in the network, the gradient at each output depends on both the calculations
from the current and previous timestep, and calculating the gradients at timestep t = 3
would require backpropagating 3 steps and then summing up the gradients [Amini, 2020].
There are two known issues with this algorithm, namely vanishing and exploding gradients.
Computing the gradient with respect to h0 involves many factors of matrix multiplication
and repeated use of the derivative of the chosen activation function. Exploding gradients
can happen, if there is a great number of values greater than 1 between the weights or the
gradients themselves, where repeated multiplication can lead to exponential growth in the
gradients, resulting in very large updates to the weights, making it harder to optimize the
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model. One way of mitigating this issue is by using gradient clipping, where large gradients
are scaled back to produce lower values.
The opposite problem of vanishing gradients happens, when we observe a lot of values
less than 1, where repeated multiplication results in increasingly smaller gradients, leading
to very low adjustments of the weights. This becomes a real problem in regards to the
network’s ability to learn long-term dependencies, which is needed when the gap between
what is semantically important in a sentence grows, for instance in the following sentence,
where the keyword France is important to predict the last word:
I grew up in France. . . . and I speak fluent
To accommodate for this issue there are a number of things that can be done. One is to
choose an activation function such as ReLU, which prevents gradients from shrinking when
x>0, since the ReLU derivative is = 1 for all x>0.
Another trick is to initialize biases to 0 and the weights to the identity matrix, which has
proven to prevent the weights from shrinking to zero too rapidly during backpropagation.
A more robust solution is to use gated cells, which is a more complex recurrent unit with
gates that allow for controlling what information is passed on. This is the approach used in
Long Short-Term Memory Networks (LSTMs) [Amini, 2020].
2.3.3.2 LSTM
As given by the name, LSTM seeks to incorporate both long- and short-term memory into
the network. In a simple RNN, long-term memory can be thought of in terms of the weights,
slowly capturing general knowledge about the data throughout training, while short-term
memory can be thought of as ephemeral activations passing from one node to the next
[Lipton et al., 2015].
LSTMs expand on the concept of RNNs, by adding computational blocks that control information flow, known as gates. A gate is a sigmoid neural net layer, which squashes values
of the gate’s vector into values between 0 and 1, which can then be multiplied element wise
with another vector in order to define how much of the vector should be let through the
gate. The gates in a LSTM are known as the input, forget and output gates.

Figure 5: LSTM Cell Source:[Olah, 2015]
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The input gate defines how much of the newly computed state for the current input should
be let through, while the forget gate defines how much information from the previous state
should be let through. The output gate finally decides how much of the internal state should
be exposed to the next time step (or higher layers in the network). All gates have the same
dimension equal to the size of the hidden state. Furthermore, a LSTM obtains two separate
states, which is the state of the cell itself and the hidden state [Lipton et al., 2015].
In each timestep, the LSTM goes through the following phases:
• Forget
• Store
• Update
• Output
In the forget phase, the forget gate layer looks at the hidden state of the previous time step
and the input at the current time step and concatenates them into a single vector which
is then passed to the sigmoid function. The forget gate then determines what information
from the previous state to preserve and what to forget, where values closer to 0 are forgotten
and values closer to 1 are preserved.
In the store phase, the input gate decides what information is relevant to add from the
current step. Like in the forget phase, the previous hidden state and the input vector are
concatenated and passed through a sigmoid activation function, but the same vector is also
passed through a tanh function, that squish values between -1 and 1 to help regulate the
network, producing a new candidate state. The two outputs are then multiplied, where the
sigmoid output determines which information is important to keep from the tanh output.
Once it has been determined what information to keep from the previous and the current
timestep, it is time to update the cell state itself. This is done by first multiplying the
cell state of the previous timestep with the forget vector (outputted by the forget gate),
effectively dropping values in the cell state that are closer to zero. We then obtain our new
cell state by taking the output from the input gate and performing a pointwise addition,
which updates the cell state to new values that the neural network finds relevant.
In the last phase, the output gate determines what the next hidden state should be. The
new hidden state is obtained by combining the previous hidden state and the input vector
and then passing that vector to a sigmoid activation function. The newly obtained cell state
calculated in the previous phase is then passed through a tanh function and both outputs
are then multiplied to decide what the new hidden state should be. Finally the new cell
state and the new hidden state is carried over to the next time step [Amini, 2020].
An important property of the LSTM is that all of the different gating and update mechanisms
work to create the internal cell state which allows for the uninterrupted flow of gradients
through time, effectively dealing with the issue of vanishing gradients [Amini, 2020].
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2.3.3.3 Seq2seq
A common architecture specifically designed for language processing is the sequence2sequence
(seq2seq) network. Seq2seq is an encoder-decoder architecture using an RNN (or LSTM) to
map one sequence to another. It does this by encoding an input sentence from one domain
into a hidden representation, which is then decoded by the decoder into an output sentence
in another domain2 . When training the network, the goal is for both the encoder and the
decoder to learn the common hidden representation i.e. an effective mapping from the input
domain to the output domain.
The problem that initially led to the seq2seq network, was that words could not be directly
encoded to a token, which the decoder could directly decode into the translated word. The
main reason for this is that languages are different. Tokens might disappear or appear
and hence change the sentence length, and furthermore, this change of length might affect
context greatly, i.e. in English compound words are separated and in Danish they are
compounded. A simple example when translating from English to Danish would hence,
be ”The car repairman was fast” into ”Bilreparatøren var hurtig”, where the length of the
sentence changes from five to three. This natural limitation, where sequence lengths is not
known before hand, appears in a lot of tasks and constitutes a problem in a variety of
applications such as speech recognition, machine translation and question answering, but it
also expands to non-NLP related tasks such as video capturing.
In the paper “Sequence to Sequence Learning with Neural Networks” from 2014, Ilya
Sutskever et al. propose an LSTM architecture to solve this problem. The proposed architecture makes use of two LSTMs, with the job of the first being to read the input sentence
one timestep at a time, to obtain a large fixed dimensional vector representation, while the
other is tasked with extracting the output sentence from that vector.
The following figure from the article illustrates the architecture:

Figure 6: Encoder - Decoder Source:[Sutskever et al., 2014]

As seen in the figure 6, an input sentence (ABC) is supplied to the model with an end-ofsentence token appended at the end, after which it produces an output sentence (WXYZ).
To introduce short term dependencies in the data, which allows for easier optimization, the
input sentence is read in reverse.
The encoder LSTM produces an encoder vector as its final hidden state. This vector is then
2 Don’t confuse this with domain adaptation, which is described in a later section. We simply mean it
comes from one domain i.e. a language (English) and converts it to another language (Danish)
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passed on to the decoder LSTM and used as the initial hidden state. The decoder then
produces an output at each timestep using the state at the current timestep together with
the respective weights [Sutskever et al., 2014].
Although the seq2seq architecture solves the problem of variable length input-output sequences the main issue with this approach is the fixed length of the embedding vector.
Since the encoder (and the decoder) both consist of RNNs, the input is processed sequentially, which, combined with the fixed length of the embedding vector, gives rise to a problem
regarding ”memory”. If the input sentences are arbitrarily long the model will “remember”
less and less of the previously processed words as the sequence is processed, if the embedding
vector is of fixed length.
A popular approach to deal with this problem is by using a technique called Attention.
2.3.4

Attention Networks

Attention is very similar to the seq2seq idea, but instead of building a single context vector
from the last hidden state of the encoder, attention creates connections between the context
vector to the entire input. These connections are weighted and can be adjusted according
to how much the current word is influenced by the rest of the input - or in other words,
how much attention to pay to the individual words in the context. As a more technical
description, this is equivalent to the level of activation of different nodes in the neural
network architecture.
This approach was first proposed in [Bahdanau et al., 2015], where the input is searched
to determine where to pay the most attention, and then predict a target word based on
the context vectors weighted by this attention and the previous generated target words.
Furthermore, the encoding is not a fixed width context vector but a sequence of vectors, from
where a subset of vectors is chosen. This approach handles longer sentences much better,
because it prevents long sentences from being compressed and lose meaning. In practice
this is done through an RNN as encoder (in the [Bahdanau et al., 2015] it’s a bidirectional
RNN), where the hidden states are summed and weighted by how much attention to pay.
The attention is computed as the alignment between the previous hidden decoder state and
the hidden encoder state at each position, and the output of the summed, weighted sum is
denoted as the context vector. Since the context vector gets weighted by alignment of the
current position and the previous hidden decoder state, this adds the notion of attention
into the decoder. The process can be seen in figure 7.
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Figure 7: Graphical representation of the architecture.
[Bahdanau et al., 2015]

Source:

Modified

The hidden layer at position i is computed by si = f (si−1 , yi−1 , ci ), where c is the context
vector, calculated by the sum of the annotation weights given by α. The formula for calPTx
culating c is ci = j=1
αij hj . αij is the probability or weight that the target word yi is
aligned to xi calculated by αij =

exp(eij )
PTx
,
k=1 exp(eik )

where eij = a(si−1 , hj ), and a is a function

computing the relationship between the last hidden state, si−1 and the relevant hidden state
of the encoder hj . In [Bahdanau et al., 2015], a is implemented as a feedforward neural network that is jointly trained with the rest of the model.
Different types of attention exists, but one of particular interest to our project is selfattention. Self-attention, also known as intra-attention [Cheng et al., 2016], is a type of
attention, that keeps tracks of the correlation between words of a single sequence. The
process can be seen in figure 8, where a deeper blue color shows more correlation to the
word marked in red. As the figure shows, it’s common that words close to the target word
are receiving a lot of attention, but it’s not necessarily so. When focusing on run, a lot of
attention is payed to the word FBI although it’s further away. This shows that the model
actually learned, that in this particular sentence run is closely related to FBI. This is also
known as a long-term dependency, which is where traditional encoder-decoder architectures
experiences a loss of precision.
Furthermore, self-attention is one of the building blocks of Transformers, which are explained
in the following section.
2.3.4.1 Transformers
A recent and highly effective way of learning language models is through the use of transformers. The transformer architecture was proposed by [Vaswani et al., 2017] and presents
an encoder-decoder architecture similar to the architecture in the previous section but with
the key difference that the use of attention enables that an RNN is omitted.
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Figure 8: Red is the current word, and the blue color indicates the activation of a
given word in the context. Source: [Cheng et al., 2016]

The transformer architecture consists of two main components;
1. Multi-Head Self-Attention and
2. Position-wise Feed-Forward Networks.
The functionality of the Multi-Head Attention is equivalent to the self-attention layer explained in the previous section, and keeps track of the correlation between the current
word and the context, but it does this in a multi-layered setting. This means that instead of computing a single context vector, it actually computes multiple vectors, which can
be interpreted as different ways of relating a given word to the context. This intuitively
captures the ambiguity and the complexity of a language more precisely. The authors of
[Vaswani et al., 2017] describes attention as mapping a query and a set of key-value pairs to
an output, where the output is computed as the weighted sum of the values, and the weights
are determined by the compatibility function between the query and the key associated with
a certain value. In the case of self-attention, the keys and the value come from the same
source and both represent the same embedded word vectors in the input. For an example
see figure 9.

Figure 9: An illustration depicting the Q, K, V relationship in a self-attention
Source: [Keita, 2017]
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The key-value, query terminology aligns with [Bahdanau et al., 2015] where the key-value
pair is equivalent to the encoder hidden state, h and the query is equivalent to the previous
decoder hidden state si−1 (see figure 7). The difference between how [Bahdanau et al., 2015]
and [Vaswani et al., 2017] is how the alignment is calculated. In [Bahdanau et al., 2015]
the alignment is learned through a neural network, which we have to go through m ∗ n
times, where m and n is the encoder- and the decoder sequence length respectively. This
is computationally expensive. In [Vaswani et al., 2017] it is calculated by projecting the
decoder hidden state (the query), and the encoder hidden state (the key) to a common
vector space and then calculate the difference between the query and each key through
a dot product computation. This is much more computationally efficient, as we only need
compute the projection of the encoder (key) m times and of the decoder (query) n times and
then the alignment of a key and a query can efficiently be computed by matrix multiplication
(dot product). In the proposed transformer architecture this is formulated as
QK T
Attention(Q, K, V ) = sof tmax( √ )V
dk

(4)

such that the output is a weighted sum of the values, where the weight of each value is
determined by softmaxing the Scaled Dot-Product of the query and all keys. The scaling is
represented by dk which is the dimensionality of the queries and the keys. Both the Scaled
Dot-Product Attention and the Multi-Head Attention can be seen in figure 10

Figure 10: To the left the self-attention module is depicted, and to the right the
Multi-Head Attention. Source: [Vaswani et al., 2017]

Note that the Multi-Head Attention, consist of multiple Scaled Dot-Product Attentions,
which is concatenated and a single linear transformation is applied.
The second main component of the transformer is the Position-wise Feed-Forward Networks.
When the RNN is omitted we are no longer able to determine the order of the sequence,
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and since the output sequence of the transformer depends on the order, an extra positional
embedding is added. Without this embedding the context vector representing the two
sentences dogs chase cats and cats chase dogs would be identical. In [Vaswani et al., 2017]
the positional encoding is implemented as sine and cosine waves, where each dimension of
the positional encoding is a wave with a different frequency. Accordingly, each word can be
represented as a linear function from another word, and relative positions between different
embeddings can easily be interfered. The structure of the entire transformer is depicted in
figure 11

Figure 11: The full transformer architecture. Source: [Vaswani et al., 2017]

The architecture follows the standard encoder-decoder way, where the input to the encoder
is the embedded input sequence and likewise the inputs to the decoder are the embeddings
of the previous outputs. Since the Multi-Head Attention layer is a series of matrix multiplications and thus a linear transformation, feed forward networks are added afterwards
to introduce non-linearity enabling the network to actually learn which features are important. Furthermore, both the encoder and the decoder consists of N stacked layers (6 in
[Vaswani et al., 2017]). This stacking combined with Multi-Head Attention is what gives
the transformer it’s power.
The encoder is composed of one of each of the main components; Multi-Head Attention
and a feed forward neural network (to introduce non-linearity). Furthermore, an Add &
Norm layer is added between each main layer. This includes a residual connection, which
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adds the input to the output of a given layer and then normalizes the result through Layer
Normalization. This intermediate layer is added to increase ease of training and accuracy3 .
The decoder is very similar to the encoder, but has an extra Multi-Head Attention layer,
which is denoted Masked Multi-Head Attention. Since the decoder of the transformer works
as a traditional decoder it’s output depends on the previous outputs. Because the transformer doesn’t rely on a RNN anymore, the decoder implicitly has access to the entire target
sequence, meaning that without masking it can just look up the word, that it should be
predicting and hence not learn anything. To avoid this the future time-steps of the sequence
are masked, and the decoder is forced to actually learn the features.
To summarize, by adding the attention mechanism to the traditional encoder-decoder architecture, we are able to process much larger input sequences without the loss of precision.
When combining this enhanced context awareness, with the removal of recurrency, transformers can process arbitrarily long sequences as a whole and not word by word. This
enables parallelization during training and hence transformers can be trained on much more
data than preceding models.
2.3.5

BERT

A model utilizing the transformer architecture and hence the enabled parallelization is
the Bidirectional Encoder Representations from Transformers (BERT) [Devlin et al., 2019].
BERT is a specific architecture leveraging the idea behind transformers, and is built to
model general purpose language representations. By utilizing the ability to train on a
huge amount of data, BERT is able to learn a general purpose language understanding
model through training of billions of words (The English BERT model was trained on 3.3
billion words [Devlin et al., 2019], and through this learn an “understanding” of a language.
This is a computationally expensive process known as pre-training. Fortunately these pretrained models have been released, which enables the opportunity to run rather inexpensive
experiments known as fine-tuning. Fine-tuning is the process of adjusting the different
parameters of the pretrained model plus a task specific head, with the goal of solving a
specific task. When BERT was published in 2019, it achieved state-of-the-art results on 11
different NLP tasks.
So how does BERT achieve state-of-the-art results in so many tasks? Language models can
be both non-contextual, as the previously explained word2vec algorithm, and contextual,
such as BERT. In word2vec we will see that two words that share the same context will be
placed close together in the vector space, and a word only has one vector representation. In
contextual representations we add a finer granularity to the context e.g. capture ambiguity
of words. Consider the word play in the following two sentences;
1. The children wanted to play in the garden.
3 For more information regarding residual connections and layer normalization, we refer to the original
papers; [He et al., 2015] and [Ba et al., 2016] respectively
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2. The play tonight has been cancelled.
A non-contextual representation would assign the same representation of play in both sentences, whereas a contextual representation would look at the context in which the word
appears and assign it two different representations. Furthermore, representations can either
be unidirectional or bidirectional. When a representation is unidirectional the representation
of the current work is affected only by the words that precede it, hence the representation
of play would only consider The children wanted to and ignore in the garden. A bidirectional model considers the entire context and intuitively gives a better representation of
the word. BERT combined two previous approaches of language modelling, OpenAI GPT
[Radford et al., 2018] and ELMo [Peters et al., 2018]. GPT features a deep unidirectional
representation, whereas ELMo achieves bidirectionality through the shallow concatenation
of two unidirectional LSTMs. The challenge of deep bidirectionality is that when conditioning on the current word in a multilayer model, the previous layers will already have seen
this word, hence the word’s representation is based on itself. BERT solves this through a
technique known as masking, where a word is masked and then the model tries to predict
it [Devlin et al., 2019].

Figure 12: BERT architecture compared to OpenAI GPT and ELMo respectively
[Devlin et al., 2019]

As previously explained, Transformers consists of an encoder and a decoder. Since the goal
of BERT is to learn a language model, it only uses the encoder part, which “reads” the
input.
When BERT is trained two unsupervised tasks are used.
The first is a technique called Masked Language Model (MLM) is used, where 15% of
the words in the text corpora are randomly masked. The technique is actually a little more
sophisticated and when BERT replaces a word, 80% of the time it is replaced by the [MASK]
token, 10% of the time by a random word, and the remaining 10% by the original word. The
replacement by the original word (or upholding status quo) is to bias the model towards the
actual word. The replacement of actual words and not the [MASK] token is to align the
model with a subsequent fine-tuning task, where the [MASK] token doesn’t appear. The
masking procedure ensures that the encoder doesn’t know which word will be replaced, so
it is forced to keep track of every input token. When a word is masked, BERT attempts
to predict the original word based on the context of the document. This is done by adding
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a classification layer on top of the encoder, which calculates the probability of each word
in the vocabulary through softmax - same procedure as how a standard language model is
trained. Note that the loss function is strictly based on the prediction of the masked word.
The second task is Next Sentence Prediction (NSP). To ensure BERT’s robustness regarding
different use cases, such as Question Answering and Natural Language Inference that are
based on the relationship between two sentences, BERT needs to learn how to understand
this relationship. This is done through pre-training for a binary next sentence prediction,
where the model receives a sentence pair and tries to predict whether the second sentence
actually is the subsequent sentence in the original document. During training, 50% of the
time the second sentence is the actual subsequent sentence and the other 50% it is a random
sentence. To train the model, the input pair is preprocessed such that the input embeddings
are the sum of the token-, segmentation- and position embeddings. This is done by first
adding a special [CLS] token and the beginning of the first sentence and then a [SEP] token
at the end of each sentence. The token embeddings are then the vectors representing the
tokenized sentence including the special tokens, the segment embeddings are keeping track
of which sentence the different tokens belong to and the position embeddings keeps track of
which position a word has in the entire sequence.
BERT utilizes WordPiece tokenization, where unknown words are broken up into smaller
sections. When training a WordPiece tokenizer, we start by all initializing a word unit
inventory consisting of all the different characters in the training corpus. Next we find the
combination of two word units which increases the likelihood on the training data4 and
then adds this to word unit inventory. This process is continued until the length of the
inventory is of an arbitrary picked length or the frequence goes below a certain threshold
[Schuster and Nakajima, 2012]. Compared to a standard word tokenizer, the WordPiece
tokenizer drastically lowers out-of-vocabulary (OOV) words, and at the same time handles
complicated words better. In figure 13, the three different embeddings can be seen along
with an example of a word being broken up in a WordPiece. On position 8 and 9, the word
playing has been divided into play and ##ing. The two #s indicates a split. Intuitively
this should generate better because the meaning of the word playing is mainly contained in
the play-part.
4 This

is another way of describing frequency. We pick the combination which appears most times in the
training corpus
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Figure 13: Input tokens are the sum of token-, segment- and position embeddings.
Source: [Devlin et al., 2019]

When training, a classification layer is again added on top of the encoder, which specifically
transforms the [CLS] token into a binary vector, where the probability of the second sentence
actually being the subsequent sentence is calculated with softmax. Note that subsequent
fine-tuning for a classification task is done similar to this approach, where a classification
layer is added on top of the transformer output for the [CLS] token. When pre-training
BERT, the model is trained simultaneously on the two tasks with the goal of minimizing
the combined loss. The pre-training and the fine-tuning approaches are using the same
architecture and the same training approaches and can be seen in figure 14. The input
consists of a sentence pair, the first layer inside BERT is the embeddings (denoted E) and
the final layer in BERT consists of the tokenized word pieces (denoted T) used for the LM
as well as the tokenization of the special [CLS] token (denoted by C), which is used in
classification fine-tuning tasks.

Figure 14: Illustrating both the pre-training and the fine-tuning of BERT. The
fine-tuning shows an example of BERT being used for the SQuaD task where the
output is the section of the text, which the model predicts is the answer to the
given question. For more information about SQuaD we refer to original paper by
[Rajpurkar et al., 2016]. Source: [Devlin et al., 2019]
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Transfer Learning and Domain Adaptation

As explained in the previous section, BERT is achieving great results on an array of NLPtasks, where the pre-trained model is fine-tuned to the specific task. This method, where
a model is trained on data from another domain than what the actual tasks reside in, is
usually known by Transfer Learning.
Traditional machine learning works under the assumption that the training data and the test
data come from the same distribution, and thus, through enough data, statistical models can
learn a relationship between the input features and make correct predictions, classifications
and so on, on the test distribution. When a shift occurs in between the training and the test
distribution, performance declines dramatically ([Long et al., 2018]), and hence traditional
machine learning models need to be rebuilt and trained with respect to the new distribution,
which requires new training data related to the new distribution. In an ideal world where
an abundance of labeled data exists for every distribution, this isn’t a problem. However,
in reality, the acquisition of labeled data on a large scale is expensive to collect and/or
annotate.
While the following section is about transfer learning, it is first necessary to briefly explain
semi-supervised learning to distinguish the two approaches.
Semi-supervised learning is one way of partly solving the data scarcity problem. An intuitive
example of this is the adding of pseudo-labels to unlabelled data. The process of adding
pseudo labels works by first training a classifier based on the labelled data. This classifier
acts like a starting point, and is subsequently used to classify all the unlabelled data. The
two datasets are then merged, and the classifier is retrained from scratch on the entire,
merged dataset. Semi-supervised learning bypasses the problem of the expensive annotation
process and has shown good results. The obvious reason is that the models are trained on
a larger amount of data, but a more interesting reason is that annotating datasets often
creates a “human bias”, but through semi-supervised learning this bias is mitigated and
models actually tends to perform better on the final test data [Noroozi et al., 2019]. Where
semi-supervised learning is focused on learning through the utilization of unlabelled data,
transfer learning is solution focused, where we try to transfer knowledge from one domain
to another.
Transfer learning is an umbrella term which incorporates many different terms. We’ll use
the differentiation illustrated in figure 15.

22

IT University of Copenhagen

02/06/2020

Figure 15: Different branches of transfer learning. Source: [Pan and Yang, 2010]

In this thesis, our focus is to transfer knowledge from models trained on a vast amount of
labelled data (source domain) to a different domain (target domain). Since labeled data is
also available in the target domain, we would be able to do Multi-Task Learning, however,
we have chosen to work under the assumption that this is inaccessible and utilize our labeled
target data as a testing set instead. That puts our specific task in the Domain Adaptation
category, where we assume that the source and the target are in different domains, but
they share a common task (detecting offensive speech). Recent developments in domain
adaptation has shown great result when combined with adversarial learning, explained in
the next section.
2.3.7

Adversarial Learning

Adversarial Learning is a technique often characterized by training a model to perform
well at one task while performing poorly at another. The concept was originally introduced by Ian Goodfellow in 2014, when he published the paper Generative Adversarial
Nets [Goodfellow et al., 2014] and has since proven as a useful technique with applications ranging from image synthesis [Wang et al., 2018], domain transfer tasks such as textto-image translation [Zhang et al., 2019], adversarial attacks to test robustness of models
[Wang et al., 2020] and others.
In the original paper, Goodfellow showed how a Generative Adversarial Network (GAN) was
able to estimate a given distribution, by training a generative model and a discriminative
model through an adversarial process, enabling the team of researchers to produce pictures
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from sample noise that resembled pictures from the MNIST dataset [Goodfellow et al., 2014].
A picture of the results can be seen in figure 16.

Figure 16: MNIST GAN Results - Rightmost column shows the nearest training
example of the neighboring sample. Source: [Goodfellow et al., 2014]

To implement this, two models are introduced. A generator G and a discriminator D.
The generator tries to capture the underlying distribution of the sample data and hence
generate samples, as close to the real distribution as possible, and the discriminator tries
to predict whether a given sample came from the original training data or whether it came
from the generator. The following model from Google illustrates the basic structure of a
GAN (Figure: 17).

Figure 17: Structure of a GAN Source: [Developers, 2019]

In the most straightforward implementation, both generator and discriminator are implemented as multilayer perceptrons. In the case of MNIST, the generator takes random
sampled noise as input and produces an image in the output layer. The image is then fed
to the discriminator along with images sampled from the training data. The discriminator
is a binary classifier, producing a single probability in the output layer, indicating the discriminator’s perception of whether a provided sample was sampled from the training data,
or whether it was generated by the generator. Note that the sample can be of any type and
is not specific for images.
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With the goal being to make the generator produce output that increasingly resembles the
distribution of the training data, the two components are trained by backpropagation using a loss function that penalizes the discriminator for misclassifying a picture from the
training data as being generated by the discriminator, and vice versa by penalizing the
generator when it fails to provide output that will fool the discriminator. The interaction between the two models can be seen as corresponding to a two player minimax game
[Goodfellow et al., 2014].
Given enough capacity, training will ideally converge at a point, where the discriminator is
indifferent in its prediction to samples from the original training data and output produced
by the generator, resulting in a probability of 0.5 for every input sample. Training has
however proven harder in practice, and GANs can often suffer from either a partial or a full
mode collapse, where the generator becomes really efficient at creating samples from either
a few or a single mode of the data distribution, giving it no incentive to learn the remaining
modes. In the MNIST example, this corresponds to the generator learning how to produce
a single digit really well, while not bothering to learn the remaining 9. While GANs have
been observed to be able to recover from such mode collapses, a mode collapse will often
require training to be restarted [Srivastava et al., 2017].

3

Related work

The following section will present two papers, that we are highly inspired by.

3.1

ADAN

While the task presented in the following paper is different from ours, Adversarial Deep
Averaging Networks for Cross-Lingual Sentiment Classification (ADAN) [Chen et al., 2018]
is a study which also deals with the intersection between domain adaptation, adversarial
learning and NLP, and our study relies heavily on the findings of this paper. In their
study, Chen et al. tasked their model with performing cross-lingual sentiment classification,
between a richly annotated source language and a low resource target language. Chen et
al. modified an existing architecture originally introduced in the paper Domain-Adversarial
Training of Neural Networks. For the sake of brevity we will not elaborate on this, but the
original paper can be obtained from the following reference [Ganin et al., 2016].
The model proposed by Chen et al relies both on the ideas presented in the background
section about word embeddings (2.3.2), domain transfer (2.3.6) and GANs (2.3.7) and is
illustrated in figure 18.
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Figure 18: The ADAN-model. For a description of the figure see directly below.
Source: [Chen et al., 2018]

The model consists of 4 components; A bilingual Word Embedding Mechanism, a Joint
Feature Extractor (F ), a Language Discriminator (Q) and a Sentiment Classifier (P ). The
blue arrows denote samples flowing from the source domain, English, and the yellow arrows
samples from the target domain, Chinese. The model also consists of two distinct optimizers, where the solid lines belong to one, and the dashed lines to the other. A backwards
arrow denotes a backwards propagation, which updates the different parts of the model.
Accordingly the backpropagation of the yellow lines stop after Q.
In relation to the section about adversarial learning from 2.3.7, F is equivalent to the
generator G and Q is equivalent to the discriminator D, and P is a traditional classification
network. All three models are implemented as deep neural networks. For this study, English
was picked as the source language and Chinese was picked as the target language.
The essential idea behind the model, is to extract those features common to the target and
source domain (invariant features) in order to be able to generalize knowledge learned from
the target domain to the source domain. The hypothesis is, that if features which both
perform well on the given task while being indistinguishable to a language discriminator
can be extracted, said features will be a good candidate for domain transfer purposes. Q is
hence an adversarial component in this model, since it will do its best to identify language
based on the features extracted by F , and serves a similar purpose as the discriminator as
described in section 2.3.7 about adversarial learning [Chen et al., 2018].
The model takes as input a series of words represented as bilingual word embeddings (BWE),
using the model presented in [Gao et al., 2015] to map the bilingual data into the same
embedding space. The word embeddings are then passed onto the feature extractor, which
calculates the arithmetic mean of the word vectors in the first layer before passing them on
to the successive layers, using ReLU non-linearities in between layers. The activations in
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the final layer are considered the extracted features.
The extracted features are then passed on to P and Q respectively, with P ending in a
softmax layer for sentiment classification and Q ending in a single output node to assign a
language score.
The feature extractor and the sentiment classifier forms a feed forward network and the language discriminator is connected to the feature extractor through a gradient reversal layer.
This layer multiplies the gradients with a negative constant, which ensures the similarity
between the feature distributions of the two domains [Chen et al., 2018].
During training, both source and target data are passed through F , which extracts the
domain invariant features. The unlabelled source and target features are then passed to
Q, while labelled source features are passed to P , as indicated by the blue (English) and
yellow (Chinese) lines in figure 18. The loss is then calculated as Jp and Jq respectively.
Based on the loss, the parameters of F , P and the embeddings are updated together, while
the parameters for Q are updated using a separate optimizer. The separate optimizer is
the reason the dashed lines in figure 18 doesn’t point backwards as well. Once training
converges, Q is dropped and labelled target data is passed through F and onto P at test
time, to evaluate the performance of the model [Chen et al., 2018].
The pseudocode for the training process can be seen in figure 19.

Figure 19: Training Pseudocode Source: [Chen et al., 2018]

The model was tested using Chinese and Arabic as target language against a variety of baseline models, including non-adversarial adaptions of ADAN, and models relying on domain
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adaptation (row 2 in figure 20), machine translation between source and target language
(row 3 in figure 20) as well as state-of-the-art cross-lingual text classification models (row 4
in figure 20).

Figure 20: ADAN results Source: [Chen et al., 2018]

In the ”Train-on-SOURCE-only” approach, only source data is used for training, relying
solely on the BWEs to classify the target. Two variations are trained, with one using
Logistic Regression and the other being a non-adversarial version of ADAN. Results show
a poor accuracy, and the authors conclude that BWEs alone are not sufficient to transfer
knowledge from source to target. For the remaining models, ADAN was shown to outperform
previous approaches.

3.2

Adversarial learning using BERT

Adversarial Learning with Contextual Embeddings for Zero-resource Cross-lingual Classification and NER is a research paper authored by three researchers at Amazon, in which
they extend a multilingual BERT model with an adversarial component in order to improve
cross-lingual performance for zero-resource domains [Keung et al., 2019]. In this context,
zero resource means, that only labelled English data and unlabeled non-English data is used
throughout training, and hyperparameters are selected using English evaluation sets.
The authors train two models, where one is tasked with performing multilingual document
classification on datasets generated by MLDoc (a tool developed by researchers at Facebook, which generates subsets of the Reuters news corpus with balanced priors for eight
languages[Schwenk, 2018]). The other model is tasked with performing named entity recognition (NER) using data from the Conference on Computational Natural Language Learning
(CoNLL) 2002/2003 NER task. The paper showed that a baseline BERT model without the
adversarial component was able to outperform previously published results on zero-resource
performance for both tasks, and that adding the adversarial component can significantly
improve the zero-resource cross-lingual transfer performance.
Figure 21 illustrates the architecture of both models.
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Figure 21: Amazon adversarial BERT model Source: [Keung et al., 2019]

Here we will give a detailed description of the model trained on the text classification task,
as we will be adapting this model to our task. As can be seen in figure 21, the architecture is
very similar to that used by Chen et al. as described in section 3.1, but uses the pretrained
multilingual BERT as word embedding mechanism.
The dynamics of the training are also similar, with the adversarial task being formulated
as a binary classification problem, in which the discriminator is tasked with predicting
the language. The authors also add a generator loss, which encourages BERT to generate
language invariant embeddings, similar to the dynamics seen for the feature extractor in
section 3.1. Finally, a task specific loss is calculated based on the output of the classifier.
The authors denote the classifier loss, the generator loss and the discriminator loss as LT ,
LG and LD respectively and the loss is calculated using the equations presented below.
K
 X
LT y T ; x =
−yiT log p(Y = i|x)

(5)

i=1

p(Y |x) = Softmax WT h̄θ (x) + bT



(6)



LG y A ; x = − 1 − y A log p(E = 1|x) − y A log p(E = 0|x)

(7)



LD y A ; x = − 1 − y A log p(E = 0|x) − y A log p(E = 1|x)

(8)

p(E = 1|x) = Sigmoid wD · h̄θ (x) + bD
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where K is the number of classes for the task, p(Y |x) (dim: K, 1) is the task-specific
prediction, p(E = 1|x) (dim: scalar) is the probability that the input is in English, and
h̄θ (x) (dim: 768, 1) is the mean-pooled BERT output embedding for the input word-pieces
x.
The pseudocode is presented in figure 22 where θ is the BERT parameters and W T , bT ,
wD, bD (dim: K, 768, K, 1, 768, 1, scalar) are the output projections for the task-specific
loss and discriminator respectively.
y T (dim: K, 1) is the one-hot vector representation for the task label and y A (dim: scalar)
is the binary label for the adversarial task (i.e. 1 or 0 for English or non-English).
Once loss is calculated for LT , LG and LD , gradients are calculated with respect to each
loss and the relevant parameter subsets, which are θD = {wD , bD }, θT = {θ, WT , bT } and
θG = {θ}. Gradients are applied sequentially at a 1:1:1 ratio [Keung et al., 2019].

Figure 22: Amazon adversarial BERT pseudocode Source: [Keung et al., 2019]

Figure 23 shows the results for the non-adversarial and adversarial BERT on the document
classification task. [Keung et al., 2019].
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Figure 23: Amazon adversarial BERT results Source: [Keung et al., 2019]

4

Data

The data used for this thesis, is coming from the 12th task of the International Workshop
on Semantic Evaluation 2020 (SemEval 2020) [SemEval, 2020]. The specific task is named
OffensEval 2: Multilingual Offensive Language Identification in Social Media (OffensEval
2020) [OffensEval, 2020b]. The dataset consists of labeled documents in 5 different languages
(Arabic, Danish, Greek, English and Turkish). The annotation of each dataset adheres to
the hierarchical tagset proposed in the Offensive Language Identification Dataset (OLID),
which is an annotation scheme, developed by Zampieri et al. in 2019, aimed at distinguishing
different types of offensive content [Zampieri et al., 2019]. The following annotation scheme
is taken from the OLID paper referenced above, and shows the annotation guidelines for
distinguishing between offensive and non-offensive content:
Each tweet was labeled manually as offensive (OFF), or clean (not offensive, NOT) according to the following guidelines:
• Posts containing any form of non-acceptable language (profanity) or a targeted offense,
which can be veiled or direct. This includes insults, threats, and posts containing
profane language or swear words..
Examples include:
– I’d slap the shit out of this stupid little bitch
– @USER boy fuck you that shit is GROSS
– Who the fuck eats corn dogs those little shits r nasty as hell
• Posts that do not contain offense or profanity.
Examples include
– @USER As soon as I saw that picture I knew you would love it :)
– Loving it as an arsenal fan right now tbf
– Luckily I’m in LA for the weekend
An overview of the data including sample size and offensive speech ratio can be seen in table
1
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Language
Arabic
Danish original
Danish reduced
English original
English reduced
Greek
Turkish

Sample size
6,839
2,960
2,769
9,075,418
100,000
8,743
31,277

02/06/2020

No. of offensive documents
1,371
384
336
1,446,768
15,943
2,486
6,046

offensive-speech ratio
0.200
0.130
0.121
0.159
0.159
0.284
0.193

Table 1: Overview of data in different languages

4.1

Dataset background

Here we provide short descriptions of the creation and annotation methods used to create
each dataset. For further details, we refer to the author’s own descriptions, for which we
provide references.
The Turkish dataset consists of tweets sampled randomly from the Twitter stream during
a period of 18 months between April 2018 to September 2019. During the data collection
process, tweets belonging to verified Twitter accounts, tweets containing less than five alphabetic tokens and tweets containing URLs were discarded. This was done to avoid tweets
belonging to public offices and commercial organizations and to exclude spam. Annotation
was performed by highly educated volunteers recruited among the author’s contacts. All
annotators are native speakers of Turkish. [Coltekin, 2020].
The Greek dataset consists of tweets only. Adhering to the guidelines provided by OLID,
URLs, Emojis and Emoticons were removed and username mentions were replaced by
@USER. Duplicate punctuation was normalized and ducplicate tweets were removed. From
the remaining tweets, a subset was randomly sampled. Annotation was performed using explicit annotation guidelines written in Greek and three annotators were tasked with
classifying each tweet as either offensive, not offensive or spam. Inter-agreement between
annotators was then calculated and labels with 100% agreement and labels with majority
agreement (66% or above) were selected. In cases of disagreement, one of the authors and
two extra judges reviewed the tweets [Pitenis et al., 2020]
The Arabic dataset consists of Tweets collected from April 15, 2019 for continuous three
weeks. Annotation was performed by an expert native speaker, who is is exposed to different
Arabic dialects. Each tweet was labeled manually as offensive (OFF), or clean (not offensive,
NOT) according to the following guidelines:
1. Clean tweet doesn’t contain vulgar or offensive language. Some difficult cases including
humor, advice, condition, etc. were judged based on the intention of the users.
2. Offensive tweet contains explicit or implicit insults or threats against other people or
any inappropriate language. This also includes vulgar or swear words, expression of
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contempt for individuals or groups in addition to pornographic advertisements.
Annotation quality was validated by sampling 100 annotated tweets (50 offensive and 50
clean) and having them judged by three different annotators from different regions of the
Arab world. The Inter-Annotator Agreement (IAA) between the annotators was 0.92
(Kappa score) indicating high annotation quality. The above information is taken from
the readme file provided with the Arabic dataset, provided by OffensEval, as the official
paper has yet to be released.
The English dataset consists of tweets labelled using unsupervised learning techniques, as
for this year’s competition, it was chosen not to release manually annotated data for training
and developement. Unlike the other datasets, each tweet is labelled by a score indicating
how certain the prediction is in the post being offensive. How to best map these scores
to labels are left to contestants [OffensEval, 2020a] For our purpose we have reduced the
English dataset to a random 100.000 tweets, with the constraint, that the offensive speech
ratio remained the same. This is done to speed up training dramatically, while still keeping
a substantial amount of data.
The Danish dataset, titled DKHate, consists of user-generated comments collected from
Ekstra Bladet on Facebook, and from Danish Reddit forums. The forums are r/DANMAG
and r/Denmark. It was annotated by two annotators. To ensure consistency in annotations, the first 100 post were annotated after which the annotators compared results.
Guidelines were afterwards refined, so that no posts that required interpreting of any context that was not directly visible in the post itself should be labelled as offensive and
any post containing any form of profanity should automatically be labeled as offensive
[Sigurbergsson and Derczynski, 2019]. As the data collected for the Danish dataset comes
from Reddit and Facebook, the length of each post isn’t fixed to a maximum of 280 characters, which is the maximum length allowed in a tweet. To create better alignment between
the different languages, we have chosen to remove sentences longer than 280 characters.

5

Method

As presented in section 3, previous research has shown great results using domain adaptation
to solve tasks such as named entity recognition and document classification across languages,
despite only having sufficient labelled data available for one language. Inspired by these
findings, we seek to explore if similar results can be achieved for the task of classifying
offensive speech in social media posts, particularly focusing on whether domain adaptation
might serve as a viable approach to deal with the problem concerning the scarcity of labelled
datasets as described in section 2.1.1.
To explore this matter we, derive a list of expectations and hypotheses, which we seek
to validate through experiments. For our experiments we train two distinct classifiers, of
which one is an implementation of Facebook’s fastText model, which relies on cross-lingual
word embeddings, while the other is an implementation of the BERT model from Google
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described in section 2.3.5. Since BERT is the state of the art model at the time of writing,
our experiments and results regarding BERT will be more elaborate than those of fastText.
We describe the two models in section 5.4 and 5.5 respectively. Both models are applied to
targets distinct from their source through zero-shot-learning.
Zero-shot learning can be considered as a special case of transfer learning where the source
and target domains have different tasks/label spaces and the target domain is unlabelled,
providing little guidance for the knowledge transfer [Kodirov et al., 2015].
A formal definition is given by Wang et al.
Given labeled training instances Dtr belonging to the seen classes S, zero-shot
learning aims to learn a classifier f u (·) : X → U that can classify testing instances X te (i.e., to predict Y te ) belonging to the unseen classes U [Wang et al., 2019]
Put in more simple terms, this means that the general idea is to transfer the knowledge
learned from the training instances to the task of classification on the testing instances.
For our task, this corresponds to training a model on a source language and afterwards
applying the model to a different target language. Despite the simplicity of this approach,
there has been several successful studies utilizing this method. An example can be found in
[Keung et al., 2019] as described earlier in section 3.2, but also in [Pires et al., 2019] where
researchers trained a multilingual BERT model on the task of named entity recognition
(NER) and part of speech tagging (POS) and achieved fairly good results when testing on
a different target language.
For both cases the input was tokenized and fed to the BERT model after which the activations of the final layer of BERT was passed to a single layer to make predictions. The
whole model was then fine-tuned to minimize the cross-entropy loss for the task. Accuracy
for the two tasks using different combinations of target and source languages are presented
in figure 24.

(a) Source:[Pires et al., 2019]

(b) Source:[Pires et al., 2019]

Figure 24: (a): BERT zero-shot NER accuracy (b): BERT zero-shot POS accuracy

Inspired by the work of Keung et al., we construct a third model in addition to fastText
and plain BERT, which is trained using adversarial learning. This is a significantly more
challenging way of achieving domain adaptation, but has been reported to outperform models trained by zero-shot-learning. This model is an adversarial implementation of BERT as
described in section 3.2, but adapted to our specific task.
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Expectations and hypotheses

As in all machine learning tasks, the features by which the data is represented are highly
correlated with the performance of the models. As such, we expect that finding a good way
to pre-process our data is imperative to achieving good results. We have an assumption,
that what constitutes the best representation might be dependent on the model used (e.g ,
when using BERT, it might not be useful to remove stop words from the data, as this could
also remove context), but we do not expect this to vary between languages for the same
model. To test these assumptions, we create 3 different variations of our dataset which have
been increasingly processed, and evaluate model performance on each dataset.
In terms of our models’ ability to adapt to different target domains, we have an assumption
that training and testing on languages that have a higher degree of similarity in their
linguistic traits will increase model performance. For our task, we have data in five different
languages; Arabic, Danish, English, Greek and Turkish. These languages are very different,
with some using entirely different alphabets. Danish, English and Turkish all use the Latin
alphabet, although Turkish have been modified by adding a few new letters. Both Greek
and Arabic use their own alphabet. Since we lack knowledge within the field of linguistics,
we can not be certain, but we assume that languages that share the same alphabet are
more similar to languages that don’t, and furthermore, we expect language similarity to be
correlated with the individual language families. Language families can generally be seen
as a tree structure, where each branch represents a grouping and each leaf represents a
language. As shown in figure 25, English, Danish and Greek all reside within the European
branch. English and Danish are further grouped together in Germanic, where Greek belongs
to Helenic. Both Turkish and Arabic are part of their own language family. By this division,
we assume that English and Danish are the most closely related, and Greek is more closely
related to Danish and English than Arabic and Turkish.

Figure 25: Our languages visualized in a language tree

As a way of quantifying the above assumption, we have calculated a relatedness score between all the languages using [elinguistics, 2017], which is shown in table 2. The table
generally supports our assumptions apart from Greek being closely related to both Danish
and English, than they are to each other. Going forward, we will refer to these scores as
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interrelatedness scores denoted by
IR(language a, language b)

(10)

For example, the interrelatedness score between Arabic and Danish will be referred to as
IR(ar, da) = 85.3.

Arabic
Danish
English
Greek
Turkish

Arabic
0
85.3
83.6
93.5
97.2

Danish
0
70.6
69.7
95.5

English
0
69.9
92.0

Greek
0
93.6

Turkish
0

Table 2: Language similarity scores. Lower scores indicate higher similarity. Calculated through \cite{(elinguistics, 2017)}

In order to test the assumption that model performance vary with language similarity, we
will perform experiments in which we train our models on different source languages and
evaluate their performance on the remaining languages. As an additional hypothesis, we
expect to see a gain in performance when using our adversarial model compared to the
models relying on zero-shot learning, similar to what is reported by [Keung et al., 2019].
The following list summarises our derived hypotheses.
1. H1: Optimal data representation is dependant on the specific model, and will not vary
between languages when the model is fixed.
2. H2: The ability to adapt from a source language to a target language is highly dependent on the degree of similarity in the linguistic traits of the two languages.
3. H3: When comparing models, the models trained using adversarial learning will outperform approaches relying solely on zero-shot techniques.
To investigate H1 we apply different data cleaning approaches which will be further explained
in the next section. Regarding H2 we will explore how models perform on a single language
as well as cross-test these on different languages. Our approach regarding this will be divided
into two ways of embedding multilingual data - cross-lingual and contextual embeddings.
In H3 we investigate whether we can improve on the results presented with regards to H2
by creating a model, that incorporates adversarial learning.

5.2

Data pre-processing

Pre-processing of data is a general term that covers concepts such as data cleaning, normalization and feature selection. Ideally, when selecting features, you want to keep as few
features as possible (for the sake of training simplicity) but without the loss of precision.
In the case of natural language we want to remove anything (words, symbols, characters),
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that do not add anything to our model, while still maintaining contextual and syntactic
information.
To investigate our first hypothesis:
H1: Optimal data representation might vary in between models, but will not vary
between languages.
we construct two additional data representations in addition to the original OffensEval
representation.
In the first representation, we will remove all special characters (including punctuation),
numbers, links, emojis, mentions (@USER) and hashtags (#imahashtag). Another approach
could be to convert emojis into tags such as ”smile happy” as mentioned in [magliani, 2016].
Intuitively hashtags might be a good indicator of offensive speech i.e. #TrumpIsAWhiteSupremacist, #fuckme #idiots 5 , but as hashtags are often used as a search term or a
grouping method, the same exact hashtag might appear in a lot of tweets and hence create
an unnecessary bias.
In the second representation we will additionally remove stop words. Stop words are extremely common words, and by [Manning et al., 2008] we assume that these do not add any
value (or very little) to our task. While we have removed stop words naively, a better way of
doing this, could be to calculate the frequency of different words ourselves and then remove
all of these depending on a threshold. The stop words has been gathered from the Natural
Language Toolkit ([NLTK, 2009]) for each language. An example of the process can be seen
in table 3
1
2
3

1
2
3
1
2
3

Original
After the conclusion of Juventus current transfer campaign, Has Paratici failed to
live up to his reputation? #Calcioland
@USER Trump is a fucking idiot his dementia is getting worse
Somebody was abit excited by the first of his birthday celebrations [gift emoji]
[cake emoji]
After first cleaning stage
After the conclusion of Juventus current transfer campaign Has Paratici failed to
live up to his reputation
Trump is a fucking idiot his dementia is getting worse
Somebody was abit excited by the first of his birthday celebrations
After second cleaning stage
After conclusion Juventus current transfer campaign Has Paratici failed live reputation
Trump fucking idiot dementia getting worse
Somebody abit excited first birthday celebrations

Table 3: How different tweets change according to the cleaning process

To investigate our first hypothesis, we will train models using each of the three data rep5 These

tweets are found in the actual English dataset in tweets labelled as offensive
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resentations, and evaluate model performance. We refer to the unprocessed version as D1
and the processed datasets as D2 and D3 respectively.
A visualization of the length of the tweets in the English dataset are presented in figure 26.

(a) Characters in original tweets

(b) Words in original tweets

(c) Characters in tweets after cleaning stage one

(d) Words in tweets after cleaning stage one

(e) Characters in tweets after cleaning stage two

(f ) Words in tweets after cleaning stage two

Figure 26: Visualization of the English dataset

As shown, both the amount of characters and the amount of words roughly follows a normal
distribution centered around their mean. The latter more noticeably. Furthermore, both
measures has a very long tail, i.e. in figure 26a, the original tweets have a mean around 80
characters, but a max length of 249 characters, and 99% of the tweets contain data equal to
or less than 160 characters. When looking at the changes between each cleaning processing
step, as we’d expect the mean shifted to the left (decreased) and the maximum characters
are dramatically reduced. Especially between D2 and D3 where the maximum characters
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drops from 242 to 181 (≈ 33%). This is equivalent to saying, that roughly 33% of the data
”width”6 is removed, but the data is removed based on the assumption that stop words
doesn’t add to precision and actually reduces it by adding extra noise.
With relation to data reduction and machine learning, a smaller dataset in terms of ”width”
should also reduce training time. When training a model in machine learning the input is
usually pre-processed7 such that, the data we eventually feed into the model is aligned in
terms of shape. That means that shorter sentences are padded to be of equal length to the
single longest sentence. Due to the long tail of our dataset, padding every sentence to the
longer sentence will drastically increase the amount of data, that needs to be processed. If
we remove 1% of the data based on length of sentences, we see that the longest sentence
decrease to 160 characters (This is pictured in figure 26a, where the 99% of the data resides
in tweets with a length equal or less than 160 characters), hence the reduced total amount
of characters to be processed is equal to 16 million. That is a reduction of ≈ 36% in terms
of processing at the cost of 1% of the effective data size.
While the long tail trend is most explicit in the English data and hence gives the greatest
reduction, the same treat is seen in all of the languages as shown in figure 27.

(a) Characters in Arabic tweets

(b) Characters in Danish tweets

(c) Characters in Greek tweets

(d) Characters in Turkish tweets

Figure 27: Visualization of amount of characters in tweets before data cleaning
for various languages
6 With ”width”, we mean that we don’t reduce the number of rows, but actually reduce the amount of
content within each row
7 This is not the same as pre-processing a dataset, where the actual content is changed, but rather a
transformation of shape such that data is always aligned

39

IT University of Copenhagen

02/06/2020

We, however, chose not to reduce the data based on the length of the tweets to not bias the
model towards shorter sentences.

5.3

F1 score

Before diving into our experiments and models, we want to address a complication regarding
the F1 score, and how this is calculated. There are a few different ways of calculating the F1
score, and the reported results are very different. F1 score is calculated through precision
and recall, where precision measures the ratio of relevant instances to all the collected
instances. Precision is given by the following equation:
Precision =

True Positive
True Positive + False Positive

(11)

Recall is also known as sensitivity, and calculates the ratio of the relevant instances that
were successfully identified and is calculated by:
Recall =

True Positive
True Positive + False Negative

(12)

Combining these two can give us the F1 score:
F1 = 2 ×

Precision · Recall
Precision + Recall

(13)

The problem with calculating F1 (and precision and recall) resides in which class is chosen
as positives and negatives. An example could be a classifier, that classifies cats and dogs.
As an example, we might obtain the following confusion matrix

True

Cat
Dog

Predicted
Cat Dog
22
9
3
15

Table 4: Confusing matrix showing thought experiment regarding F1 score

If cat is considered positive, we get a precision, recall and F1 of
P =

22
= 0.88,
22 + 3

R=

22
= 0.71,
22 + 9

F 1cat =

2 · 0.88 · 0.71
= 0.79
0.88 + 0.71

If we reverse and calculates F1 score by dog being the positive class, we get a score of
F 1dog =

2 · 0.625 · 0.833
= 0.71
0.625 + 0.833

A rather large difference, but what if the data is imbalanced? If we increase the amount of
correctly predicted cats by a factor of 10, we get the following table
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True

Predicted
Cat Dog
220 9
3
15

Cat
Dog

Table 5: Updated confusing matrix

When seeing cat as the positive class, we get an F1 score of
F 1cat =

2 · 0.99 · 0.96
= 0.97
0.99 + 0.96

And if we flip it, we still get the same F1 score as before F 1dog = 0.71. This is an enormous
difference. A more representative score of the overall performance can be calculated by
combining these two scores, of which there are three different ways of doing so. These are
macro F1, weighted F1 and the last one, we’ll refer to as scarce F1. The macro F1 is
calculated by the direct average of the F1 scores for the different classes
Pc
(F 1i )
(14)
F 1macro = i=1
c
Where c = the number of classes and i denote the specific class. The F 1macro from the
example above is calculated by
F 1macro =

0.97 + 0.71
= 0.84
2

The weighted macro is weighted by the amount of true classes in the set and is given by
F 1weighted =

c
X
i=1

(F 1i ·

ni
)
N

(15)

Where N = total number of samples, and ni = number of samples belonging to class i. For
the above, we have a total dataset of 247. 229 true cats and 18 true dogs. When weighting
by these, the F1 is calculated by
F 1weighted = 0.97 · 0.93 + 0.71 · 0.07 = 0.95
The last way to calculate the F1 score is the scarce way. This calculation simply sets the
least probable class as the positive class and hence the F1 score is
F 1scarce = F 1dog = 0.71
As we see, the three different methods yield very different results. In the research we have
not found a general agreement on how the F1 score is calculated, but we need to be very
aware of this, when comparing results. A good example can be seen in figure 21 back
in section 3.2, where the authors report zero-shot BERT F1 scores of up to 0.798 from
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English to German. As our zero-shot results will show, we are no where close to this score.
Because of the ambiguity of F1, we have chosen to track several metrics, which might provide
interesting insights. We track all of the different F1 scores, and furthermore, we track both
the normal accuracy and the balanced accuracy. Balanced accuracy, like the weighted F1,
is weighted by amounts of samples.
Although we track a few different metrics, we have chosen the scarce F1 as our base metric.
This is chosen because we have rather imbalanced data and by selecting offensive speech as
the positive classification it aligns with the actual problem. We want to predict offensive
speech, not the other way around. In the rest of this thesis, whenever we report F1 scores
it will be the scarce F1 score. This is also the metric we will refer to, when we are talking
about performance of specific training runs.
The next two sections will focus on cross-lingual embeddings and contextual embeddings.

5.4

Cross-lingual embeddings

Cross-lingual word embeddings is a means to transfer knowledge across different languages,
by learning representations of words and projecting them into a joint embedding space.
They are interesting since they enable us to compare meaning of words across languages,
making them a good fit for machine translation and cross-lingual information retrieval tasks.
Even more interesting for our task, they enable model transfer between resource-rich and
low-resource languages by providing a common representation space in terms of the joint
embedding space [Ruder et al., 2019]. Figure 28 illustrates an example of English and Italian
word embeddings projected into a joint embedding space.

Figure 28: Word embeddings projected into joint embedding space.
[Ruder et al., 2019]
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To work with cross-lingual embeddings, we use a tool called fastText [Facebook, 2019a].
fastText is an open source, lightweight library which allows for learning text representations
and text classifiers. It supports training on data of the user’s choice but also provide preloaded word vectors trained on Wikipedia data, when data is scarce. The model is an
extension of the skip-gram model as described in section 2.3.2, and uses the same approach
by predicting surrounding words, given a specific input word.
An important distinction however, is that it incorporates character n-grams into the model,
thus taking into account subword information, instead of assigning a distinct vector to each
word. This is an important distinction, since previous approaches, such as Word2Vec, ignores the internal structure of words, which is a limitation for morphologically rich languages
such as Turkish or Finnish (Finnish has 15 cases for nouns). For languages such as these,
the training corpus will often be prone to only contain few instances or only a subset of the
many word forms, making it difficult to learn good word representations. Using character
level information for these languages can improve vector representations and provides a way
of computing vectors for words unseen in the training data [Bojanowski et al., 2017].
In the model, each word is represented as a bag of character n-grams along with the word
itself. Special boundary symbols ”<” and ”>” are added at the beginning and end of words
to distinguish between character sequences, prefixes and suffixes.
Thus, using trigrams (n=3 ),the word ”where” will be represented by the character n-grams
<wh, whe, her, ere, re>and the special sequence <where>. A word is represented by the
sum of the vector representations of its n-grams. Given a dictionary of n-grams of size G,
and a word w, the set of n-grams appearing in w can be denoted as Gw ⊂ {1, . . . , G}.
By associating a vector representation zg to each n-gram g, a scoring function can be
obtained as
s(w, c) =

X

z>
g vc

(16)

g∈Gw

Optimization is done using gradient descent on the negative log likelihood [Bojanowski et al., 2017].
For our implementation of fastText we installed and used their python library following
the instructions provided at their website [Facebook, 2019b]. In order to use fastText for
classification, data has to be formatted into the required format: <label> <document>.
For each of our three versions of our dataset we created a corresponding dataset to use with
fastText adhering to this format. Below is shown an example from the training data of the
fastText compatible, unprocessed version of the English dataset.
” label NOT @USER Oh! Forgot to mention that I added edamame even though
the recipe didn’t call for them”
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To evaluate model performance, we construct a confusion matrix and calculate precision
and recall scores at test time after which we compute the corresponding F1 score, using the
equations presented in 5.3.
In relation to our hypotheses, we fine-tune and train fastText classifiers for each language.
This will determine optimal hyperparameters and more important, which data representations (H1) yield best results for each language. The best performing model for each language,
will further be applied in a zero-shot manner to every other language. This gives us insights
into how well our different languages align in the fastText model (H2), and will be compared
to our results regarding contextual embeddings and BERT.

5.5

Contextual embeddings

Where cross-lingual embeddings align different languages in the same vector space, contextual embeddings improve on the more traditional distributional word representation methods like Word2Vec. Where Word2Vec obtain a single global representation for each word,
contextual embeddings move beyond word-level semantics in the sense that each token is
associated with a representation that is a function of the entire input sequence, and thus
considers context when creating representations [Liu et al., 2020].
To illustrate this concept, consider the following 3 sentences:
He kicked the bucket.
I have yet to cross-off all the items on my bucket list.
The bucket was filled with water.
We see that the meaning of the word ’bucket’ is very dependent on the context, and thus
having a single representation for the word is insufficient. Contextual embeddings solves
this issue and by training on a multilingual text corpora they are capable of learning useful
and transferable representations across languages. Google’s BERT model is an example of
a model that utilizes this approach.
As explained in section 2.3.5, BERT is a high performing model for a variety of different
NLP tasks, that builds directly on top of the transformer architecture. The original BERT
exists in a several different formats. In our implementation, we have used the model which
the authors refer to as BERT base. The difference between the different BERT models
are the number of layers, amount of hidden neurons and attention layers. BERT base
consists of 12 layers (L) with 768 hidden neurons (H) and 12 attention heads (A), which
amount to roughly 110 million parameters. In comparison, BERT large consists of 24 hidden
layers, 1024 hidden neurons and 16 attention heads which amounts to around 340 million
parameters. Furthermore, multiple smaller, pretrained models exists i.e. BERT mini8 . The
difference between these different models is a trade-off between precision and training time.
BERT large would take much longer time to optimize than BERT mini, but we would also
8 BERT

mini consists of 4 layers and 256 neurons
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expect it to perform better. We have chosen to work with the BERT base model, because
it’s the original model and takes a reasonably amount of time to train.
For our task we’re trying to classify sentences as offensive or not. As in the pre-training phase
of BERT, described in section 2.3.5, BERT is trained by trying to predict if one sentence
comes after another. It does this by adding a classification layer on top of the BERT
architecture, which transforms the CLS token into a binary vector, predicting whether a
given sentence is next or not. This means that the CLS token captures the complete meaning
of a given sentence, and the classification layer learns to interpret this representation and
predict whether the other sentence follows the first. The way that we’re fine tuning BERT
builds on the same idea, but instead of predicting if a sentence follows the previous, we try
to predict if the sentence is offensive or not. We do this by adding a classification layer on
top of BERT that learns to classify the CLS token as either offensive or not.
Since we’re trying to utilize BERT in a multilingual setting, we use the pretrained model
named BERT Base Multilingual Cased [google research, 2019]. This pretrained model was
trained on the top 104 languages based on their wikipedia size. Since the size of wikipedias
vary greatly for these languages (21% of the original data is in English), the researchers
faced two problems. Underrepresented datasets would have less impact, than languages
with more data, but this could be learned by running a lot of epochs over the small datasets,
although this would bias and overfit the model. The researchers lowers the impact of this
by exponentiating the data probability for each language, re-normalizing and re-sampling,
so vast languages will be under-sampled and sparse languages will be over-sampled. For
example, originally English would be sampled 1000x more than Icelandic, but by the new
sampling process, English is reduced to only being sampled 100x more. When training the
corresponding tokenizer, the same process is used to balance out data. Furthermore the data
is cleaned, by removing accent markers and splitting all punctuation with a space on each
side. The researchers also point out, that accents are very important in certain languages,
but argue that the strong contextual models of BERT makes up for this.
5.5.1

Architecture

BERT base consists of an embedding block followed by a stacking of 12 similar encoding
blocks and ends up in a pooling layer that pools hidden representations together. The
following section is a specific implementation of what we have described in section 2.3.5
provided by HuggingFace [Huggingface, 2020].
As seen in previously figure 13, the embedding block concatenates the word-, position- and
token embeddings into a single embedding vector. All three of these are implemented as
traditional neural network embedding layers, which functions as a lookup table that maps
an input to a corresponding fixed size embedding. When using the multilingual BERT cased
model, there are 119.547 different word pieces (also known as the vocabulary) and hence
the word embedding layer maps each of these into an embedding. The position embedding
keeps track of the positions of the input tokens and is thus bounded by the maximum length
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of the input sentences (default is 512 tokens). The token type embedding layer is used to
differ between different sentences in the input. As we described regarding the pre-training of
BERT one of the tasks was to predict, if a given sentence followed another sentence. These
two sentences are given as one sequence, and to keep track of what’s what, the token type
is included. By default this layer has an input size of two, corresponding to two sentences.
Each of the three layers maps the input into a pre-trained embedding vector of similar
size. In BERT base this size is H = 768. All three layers are then added together, layer
normalized and then fed through a dropout layer with a 0.1 probability of zeroing out,
resulting in the final embedding hidden states. These are then passed on to the encoder.
The encoder block is the fundamental part of BERT, and consists of an attention part, an
intermediate part and an output part.
The attention part directly follows the transformer architecture and is visualized in figure
29.

Figure 29: Illustration of the attention score calculation process.
[Alammar, 2018]

Source:

We begin by transforming our input sentence ”Thinking Machines” into an embedding of
size (, 768)9 . This embedding is denoted by X and is only valid for the first encoder block in
the stacked architecture. The other encoders will use the output from the previous encoder
denoted by R. Afterwards the input (either X or R) is split into 12 attention heads (The
figure only shows 8, but in our architecture we use 12 attention heads). Each of these
attention heads are multiplied by three different weights to output a query-, a key- and a
value tensor. Each of these weights are denoted by W Q , W K and W V respectively, whereas
the outputted tensors are denoted by Q, K and V . In accordance to the transformers
paper, the next step is to calculate an attention score. This is done by taking the dot
product between the query and the key, which gives us a specific attention head score. This
9 The

format of the size is (input size, output size). When input size is blank, we assume batch size
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is multiplied with the corresponding value tensors to output the hidden state Za by a specific
attention head denoted by a. Because we use the scaled attention score, we further divide
these values by the square root of how many values each attention head contributes to (64).
The different attention heads are then concatenated into a shared tensor, which again is
multiplied by another weight tensor W O to get the final attention tensor Z.
In practice this is a bit more difficult. First of all, we calculate the 12 different attention
heads most effectively by utilizing matrix calculations, and hence we reshape the three
tensors such that each tensor has 12 attention heads, where each attention head contributes
768
Q
K
and W V are implemented
64 values ( H
A = 12 = 64). The three weight matrices, W , W
through linear neural layers of size (768, 768) and hence the hidden states (R) (or the
embedding X) are linearly transformed into query, key and value tensors (Q, K and V ),
initially according to the pre-trained weights in the networks.
Next, the scaled attention scores (Za in figure 29) are calculated through matrix multiplication, and hence we skip the concatenating step. Then the attention mask is added to
the attention scores. The attention mask is a tensor with the same size of the tokenized
input, consisting of ones and zeros. A value of zero denotes that the corresponding token is
a padding (<PAD>) token and can be ignored. The output is then softmaxed to calculate
the attention to pay to each token, passed through a 0.1 probability dropout layer and finally multiplied by the value tensor. Since the value tensor is still divided into 12 attention
heads, so we reshape the tensor back to H dimensions. A linear transformation equivalent
to the multiplication of W O , is then applied to the concatenated attention tensor which is
followed by another dropout layer.
The output of the entire self attention layer is then added to the output of the previous
encoding block (or embedding block, if it’s the first encoder), which effectively implements
the residual connection explained in the background section. This is illustrated in figure 30.

Figure 30: Illustration of the BERT encoder. Source: [Alammar, 2018]
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Afterwards the addition of previous hidden state to the attention tensor are regularized
through layer normalization (as seen in the first Add & Normalize block in figure 30). The
output of this is then fed the intermediate layer which is implemented as a feed forward
network (denoted Feed Forward in figure 30) consisting of a linear feed forward layer transforming the data to 3072 dimensions (H · 4). This is then passed through a Gaussian Error
Linear Unit (GELU10 ) activation function and then re-transformed back to the original dimension by applying another linear transformation with input size 4 ∗ H and output size
H. Finally another layer normalization (last Add & Normalize block) followed by a dropout
layer is applied.
This process is then repeated as shown in figure 31 producing the final output of the encoder
stack.

Figure 31: Stacked encoders. Source: [Alammar, 2018]

The final output is passed to the pooling layer, which “pools” the model by aggregating the
first token (the CLS token) of each of the hidden states, applying a linear transformation
followed by a tanh activation function. The output of BERT is hence a tensor of size (, 768).
The classifier is a simple linear feed forward layer of size (768, 2), where 2 is the amount of
classes. In our case, the classifier learns to classify the output of BERT as either offensive
or non-offensive.
5.5.2

Fine-tuning process

When fine-tuning BERT we follow a set of distinct steps.
1. initialize the BERT tokenizer. We’re running on the BERT base multilingual cased
data, hence we initialize the tokenizer pretrained on the same dataset.
10 The

original paper can be found at [Hendrycks and Gimpel, 2018]
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2. To speed up training, we do a single run over all the training samples to determine the
maximum tokenized length. To accomodate for varying lengths of samples in training
and test, we round the maximum length to the nearest 100. The default and maximum
length is 512.
3. The entire train dataset is tokenized with a maximum length of what we found in the
last step. This step also includes the adding of the special tokens, <CLS> (start),
<SEP> (end) and <PAD> padding. Each sentence is padded to the maximum length.
Along with the tokenized sentences (input ids) a corresponding matrix of attention
masks is returned. The attention masks are used during training to have the model
ignore the padding tokens.
4. The input ids and attention masks along with the corresponding labels are concatenated into a single dataset. We split this dataset into training and validation with
a ratio of 9 to 1. These two datasets are then added to two DataLoaders11 , where
the datasets are divided into batches of either size 16 or 32. The advantage of data
loaders is that we don’t load the entire dataset into memory, but can load one batch
at a time.
5. The model is initialized with the pretrained weights from BERT Base Multilingual
Cased, and a number of labels set to 2 corresponding to the amount of classes, we
want to predict.
6. The optimizer is initialized. We use a standard ADAM optimizer with a learning rate
of either 5e-5, 3e-5 and 2e-5 as recommended by [Devlin et al., 2019]
7. The model is trained for five epochs. For each batch we zero out the current gradients,
calculate the loss based on cross-entropy loss and calculate gradients by backpropagating. Before we apply the gradients, we clip them to a maximum size of 1 to avoid
exploding gradients.
8. After each training epoch we run the validation set through the model and compute
evaluation parameters. These are later used to select the best model. By default the
F1 score calculated by the sparse offensive label is used.
9. If the F1 score is higher than the last run, we save the model.
10. When training is done, we evaluate the test data in the same way that we evaluated
the validation data.
11. When all the runs are done, the best model is selected for testing purposes.
Our concrete experiments with BERT will follow the same approach as fastText, and hence
figure out the best configuration in terms of hyperparameters for each language, and then
evaluate the zero-shot performance on the other languages (H1 & H2). Bear in mind that
fastText is used as a ”light” comparison to BERT, meaning that our experiments and results
11 A

specific pytorch class
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regarding BERT are more extensive than those of fastText. After the optimal hyperparameters are identified, we introduce a new experiment, where datasets in different languages
are aggregated, and then used to train a model. This model will afterwards be zero-shot to
Danish, which will provide further insights into the adaption between languages in BERT.

5.6

Adversarial BERT

The following section will use the same basic terminology as [Chen et al., 2018] described
in section 3.1 and an adapted architecture of the model presented by [Liu et al., 2020],
described in 3.2.
In our architecture, we have a feature extractor F connected to both a language discriminator Q and a sentiment classifier P . We use BERT Base Multilingual Cased as our feature
extractor (F ). This will be implemented exactly as in section 5.5, with the important
difference, that the final classification head is separated from the BERT network.
Accordingly, the input to the model will still be a batch of tokenized sentences along with
both the corresponding attention mask and the labels. When processing the input, it will
first pass through an embedding layer, transforming each token to an embedding of size 768
followed by a layer-normalization layer. The output is then passed to the encoder stack
and the resulting hidden states are then processed by the pooling layer which aggregates
the CLS tokens and finally applies a linear transformation followed by a tanh activation
function outputting the final hidden states. The final output of BERT is of size (, 768)
and is passed on to another neural network responsible for classifying the input as either
offensive or non-offensive (P ). The output is also passed to a language discriminator (Q).
An outline of the architecture is shown in figure 32.

Figure 32: Outline of our architecture. Blue arrows denote sample from source
language and orange arrows denote sample from target language. Backward arrows
denote back propagation.

Both Q and P are implemented as simple single hidden-layer perceptrons with an input of
size 768, a hidden node size of 350 followed by respectively 2 and 1 output nodes.
Under the assumption that we don’t have labeled data for the target language, an important
observation regarding the relation between Q and G is that we don’t need labeled data to
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learn invariant features. However, as P needs labeled data, we simultaneously input labeled
data from the source language and unlabelled data from the target language. Where the
unlabelled data flows through G and then to Q, the labeled data flows to both Q and P . To
jointly train the network, we then need three distinct loss functions one for each component
of the network.
Since we only operate on binary classification for all of our tasks, all of our loss functions
are variations of the binary cross entropy loss given by:
L=−

N
1 X
yi · log (p (yi )) + (1 − yi ) · log (1 − p (yi ))
N i=1

(17)

Where N is the sample size, yi is the true label and p(yi ) is the probability of the prediction
being the true label yi . The loss function for P is implemented by one hot encoding, and
hence can be reduced to:
LP = mean(−yio · log p(yio ))
(18)
Where o denotes a one hot encoding, and because we’re doing this on batches we are averaging them.
Furthermore, we choose the true label of Qsource to be 1, and the true label of Qtarget to
be 0, and hence in (17) yi = 1 in the first term and 1 − yi = 1 in the second term, and both
are effectively ignored. That leaves us with
LQ = mean(log(p(Qsource )) − log (1 − p(Qtarget ))

(19)

Where p(Qdomain ) denotes the probability of the prediction predicting the correct domain.
The generator’s loss is effectively the opposite of Q’s loss, and is given by
LQ = mean(log(p(1 − Qsource )) − log (p(Qtarget ))

(20)

Since all of our losses depend on the input being passed through G, we sample a different
batch to calculate every loss. All three loss functions are dependent on input from the
source language and just Q and G are dependent on the target language, hence, for each
iteration we sample 3 batches of source data, and 2 batches of target data. Gradients are
then calculated through backpropagation and updated through Adam optimizers. When
backpropagating from Qloss , we only want this to affect Q and not G since we need the
generator to be updated with respect to its own loss (the opposite of Q). If we updated the
weights of G through both, they would cancel each other out.

6

Results and analysis

The following section will present our experiments and results for the cross-lingual model,
the contextual model and the adversarially trained model. For both the cross-lingual model
and the contextual model, we will begin by fine-tuning the models according to the distinct
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languages, and through this figure out the optimal configuration regarding hyperparameters
as well as data representation. Then we will take the best performing models for each
language, and apply them in a zero-shot manner to the other languages. We will continue
with the contextual model, where we will include an experiment aggregating datasets from
different languages to see how mixing languages affect the performance. In this experiment
the data size is varied depending on how many languages are combined. Lastly, we will
investigate our adversarial model and see if it is able to outperform the regular zero-shot
BERT. Key findings will be summarized by the end.

6.1

Cross-lingual model

For parameter optimization Facebook recommends choosing a learning rate in the range of
0.1 and 1.0 [Facebook, 2019b]. After some exploratory testing, we found out that training
beyond 9 epochs did not improve model performance. To find the optimal combination of
learning rate and epochs, we plotted model performance using the following learning rates
over the course of 9 epochs.
learning rates = {0.1, 0.25, 0.5, 0.75, 1.0}
To measure how data representation effects performance, we repeated the above experiment
for D1, D2 and D3 respectively.
Figure 33, 34 and 35 shows the results from our parameter optimization tests of fastText
using English as both source and target language on our 3 versions of the dataset12 .

Figure 33: : Model performance scored by F1 for various learning rates using D1
12 For

the rest of the figures we refer to [Friis and Laursen, 2020]
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Figure 34: : Model performance scored by F1 for various learning rates using D2

Figure 35: : Model performance scored by F1 for various learning rates using D3

As can be seen in the above figures, we achieve very similar performance across all datasets
for the English classifier, with the highest F1 score being 0.84 on D2, and changing the
learning rate does not produce any significant changes to F1 scores. We choose our best
model as a combination of parameters lr = 0.5 and epochs = 4 running on D2. We could
arguably also have chosen parameters lr = 0.1 and epochs = 9, but since the increase in
performance from doing so is < 0.01, the extra computation time spent is not worth the
small gains to performance.
Interestingly however, this was not the case when replacing both source and target languages
with Danish, where the highest F1 score was observed on the D3 dataset. Here we achieve
an F1 score of 0.46 which is noticeably higher than what we observed for D2, where the
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highest F1 score achieved was 0.39 and significantly higher than what was observed for D1,
which only gave a score of 0.32.
As can be seen in table 6, the English classifier is clearly the best performing followed by
the Arabic, Greek, Turkish and then Danish.
Language/Dataset
AR
DA
EN
GR
TR

OE1
0.68
0.32
0.82
0.57
0.49

OE2
0.71
0.39
0.84
0.63
0.52

OE3
0.70
0.46
0.83
0.60
0.52

Table 6: fastText F1 scores across datasets

From the results we can also conclude that D2 is generally the best performing representation
of our data when using fastText, as all but the Danish classifier showed either higher or
equal performance when using this dataset, when compared to D1 and D3. This somewhat
supports our first hypothesis (H1) regarding optimal data representation not varying in
between languages.
6.1.1

Zero-shot

To evaluate the zero-shot performance of fastText, we chose the best performing model from
each language and zero-shot it to all the other languages.

Figure 36: Zero-shot F1 results for fastText

The results presented in figure 36 shows that we obtain relatively poor performance for all
languages, with the exception of Danish and English, which are somewhat adaptable to
each other and achieves scores of 0.265 and 0.315 respectively. This seem to support our
assumption regarding language similarity based on language families as presented in figure
25, where Danish and English should be the two most closely interrelated languages.
However, if we evaluate our results with respect to our interrelatedness scores previously
introduced in table 2, it is true that Danish and English are relative close (IR(da, en) =
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70.6)13 , but so is Greek and Danish (IR(da, gr) = 69.7) and Greek and English (IR(en, gr) =
69.9), and thus we would expect zero-shotting from Greek to Danish and English and vice
versa, to yield better results than for instance Turkish to English (IR(gr, tr) = 93.6). However, this is not the case. Greek to Danish gets a score of 0, and Greek to English a score
of 0.043 where Turkish to English (IR(en, tr) = 92) achieves a score of 0.113.
Where the relationship between Danish and English seem to show that language similarity
matter, all of the other scores contradict this, and the Danish-English and English-Danish
scores look more like the exception than the rule. This leads us to the assumption that
although fastText obtains good results when trained and applied to a single language, it
isn’t generally suitable for zero-shot learning. We have found an exception between English
and Danish, where the models are able to adapt. A suggestion to why this might be, is
that during training, fastText learns that a small set of tokens are very likely to indicate
offensive speech. This could be a word such as ”fuck” which on average appears in every
38th document in the Danish dataset (compared to every 1400th for Greek, 27th for Tukish,
13th for English and never appearing in Arabic). When the model is then applied to English
it labels every sentence containing the word ”fuck” as offensive, which might be a reasonable
good indicator of an offensive tweet.

6.2

Contextual model

In the original BERT paper by [Devlin et al., 2019], the authors recommend that when finetuning, the hyperparameters should generally be kept the same as when BERT is pre-trained,
except for the learning rate, batch size and the amount of epochs. The varying values for
learning rate are given by lr = {5e − 5, 3e − 5, 2e − 5}, the batch size by bs = {16, 32}
and epochs by e = {2, 3, 4}. In our implementation we save models as we go, allowing us
to reload the best model by epoch, hence we fix the epoch size at 5. One higher than the
maximum recommended setting to see if some of the experiments maybe could benefit from
running longer. This gives us a grid search of size 6 (|lr| · |bs| = 3 · 2 = 6). Furthermore,
since we have three distinct representations of the data for each language we run this grid
search over all three representations, giving us an experiment size per language of 18. This
is done for every language, and our total amount of experiments regarding fitting BERT to
a specific language amounts to 90 experiments.
What we expect to gain from this experiment is how hyperparameters in BERT differs across
languages, as well as which data representation works best for a given language.
We present our results in three distinct abstraction levels. The lowest level describes our
results for a given training run. A run is defined by a full training process with a set of
specific parameters. The next abstraction level operates on the data representation level,
and hence aggregates different runs with regards to their specific data representations. These
are again aggregated to the highest abstraction level to present results for an entire language.
As the amount of results from running this experiment is very extensive, we will only
13 A

friendly reminder. The lower the score, the more similar the languages
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cover all levels of abstraction for English, while results for the remaining languages will
be presented as a high level overview, showing the best runs for each language and data
representation, and their corresponding hyperparameters, validation scores and test scores.
These results can be found in table 8. All our results, code and visualizations can be found
at [Friis and Laursen, 2020].
In the lowest abstraction level, we plot both train and validation loss for all data representations. In figure 37, it is shown for the three best runs.

Figure 37: Training and validation loss for the best run for each of the three data
representations

While it is common to use validation loss as an indicator of model performance, we observed in a lot of our training experiments, that validation loss actually rises instead of
dropping as would normally be expected. This is because our data is imbalanced towards
non-offensive speech. For several of our experiments, we observed that the model started
by predicting everything as non-offensive, and since a lot of the labels are non-offensive it
achieved a relatively low validation loss in the first epoch. Although low validation loss is
a signal of confidence for machine learning models, we still expected it to rise along with
the model learning to predict offensive samples. As training progresses, we observe, that
the model looses some confidence in its predictions, but on the other hand, it predicts more
offensive labels correctly. In relation to this, we chose not to use the validation score as
our optimization metric, but used the F1 score instead, which is much more reliable for our
specific task.
In accordance with the F1 discussion in section 5.3, we furthermore keep track of the five
different validation metrics for each run as shown in figure 38.
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Figure 38: Five different validation metrics plotted for D2. Bear in mind that
avg eval is just a textual prefix, and should be ignored.

Although we keep track of the different evaluation techniques, we found that they generally
follow the same pattern, where the balanced accuracy is an outlier. Referring back to our
F1 discussion, we report results in the scarce F1 metric, and it’s also this one, that is used
to select the best performing models.
In the next abstraction level, which is for a specific data representation, we aggregate the
information from above, and show how each run performs. It is in this abstraction level,
that we select the best hyperparameters for each data representation. An example for
D1 in English can be seen in figure 39, where we see the performance of all the possible
configurations of the two hyperparameters. In this concrete example, we see that the best
performing configuration is found with a batch size of 32 and a learning rate of 2e-5. Another
general characteristic shown is, that a too high learning rate leads models to converge to an
F1 score of 0. A few models also seem to not reach convergence within the span of 5 epochs.
These are primarily models with less data, and we might have been able to push results a
bit further by running models using data scarce languages longer.

Figure 39: F1 score for all six runs on the English dataset in D2 during training
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In figure 40 we can see how each of these different runs perform on the corresponding test
set. As expected the best performing training run perform best on test as well. Tests for
each run are evaluated on the best performing model for each configuration, and though the
red configuration converges at 0 at epoch 3, the model we choose for testing is based on its
performance at epoch 1.

Figure 40: F1 score for all configurations runs on the English dataset in D2 during
test

At the highest abstraction level, we can aggregate the different runs for the different data
representations, and show which combination provides the overall best result. This is shown
in table 7.
data

batch
size
16

tweet
32

16
tweet clean 1
32

16
tweet clean 2
32

lr

epoch

F1

5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05

1
2
4
1
4
5
1
1
3
1
4
5
1
1
3
2
3
4

0.564
0.726
0.804
0.758
0.845
0.849
0.000
0.730
0.792
0.775
0.844
0.857
0.000
0.696
0.760
0.693
0.825
0.828

F1
macro
0.773
0.871
0.904
0.862
0.909
0.912
0.481
0.858
0.899
0.866
0.908
0.917
0.485
0.851
0.886
0.826
0.898
0.901

F1
weighted
0.896
0.943
0.958
0.935
0.956
0.960
0.767
0.933
0.956
0.932
0.956
0.961
0.769
0.935
0.950
0.916
0.951
0.952

val acc
0.906
0.949
0.956
0.940
0.956
0.960
0.838
0.931
0.957
0.930
0.956
0.961
0.839
0.939
0.952
0.924
0.952
0.953

Balanced
val acc.
0.782
0.866
0.934
0.843
0.922
0.923
0.527
0.895
0.917
0.896
0.924
0.923
0.530
0.862
0.902
0.803
0.898
0.900

val.
loss
0.302
0.211
0.175
0.224
0.180
0.167
0.445
0.199
0.160
0.211
0.144
0.196
0.446
0.217
0.204
0.267
0.176
0.181

train
loss
0.321
0.200
0.085
0.236
0.072
0.041
0.335
0.207
0.117
0.210
0.088
0.042
0.411
0.227
0.132
0.319
0.095
0.071

Table 7: Table showing the numerical values of the best training run for each
combination of data representation, batch size, learning rate and amount of epochs,
with all the accuracy metrics including loss. The bright green color follows the
optimal hyperparameters and the accompanying results, and the slightly dimmer
green color show the best run in the relevant group.
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Table 7 above shows the best combination of the hyperparameters for each data representation. The path of the brighter green color shows the optimal parameters. The slightly
dimmer color shows the best parameters for each group. A group is defined as a combination
of data representation, a batch size, a learning rate and an epoch. The table shows us, that
the optimal hyperparameters for the English dataset is to use D2 with a batch size of 32, a
learning rate of 2e-5 and let the model train for five epochs.
We further see, that the score in the three best runs ranges between 0.828 and 0.857, where
the ultimately best run is quite volatile (This doesn’t appear on the table, but it can be
seen visually in appendix A).
This small difference in scores combined with the volatility seem to show that data representation is not very important, when it comes to English. A result further supported by
looking at the corresponding test scores, which range from 0.861 and 0.868. The test data
for the above configuration can be seen visualized in appendix B, and numerically in C
In English the relative change in test scores by data representation is less than one percent
and thus the data representation is irrelevant for the English data. However, as presented
in table 8 on page 60, switching data representation seems to have an impact for the rest
of the languages. The relative difference between choosing the worst data representation
and the best data representation is 9.1% for both Greek and Turkish. For Arabic it’s 13.1
% and for Danish it is 18.2%. This large difference highlights the importance of choosing
the optimal data representation. With relation to our first hypothesis (H1), relating how
data representation doesn’t vary across languages we see that Danish, English and Turkish
perform best on D2 and the Arabic and Greek perform best on D1.
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Source language
Arabic
original tweet
tweet cleaned 1
tweet cleaned 2
Danish
original tweet
tweet cleaned 1
tweet cleaned 2
English
original tweet (m)
tweet cleaned 1
tweet cleaned 2
Greek
original tweet
tweet cleaned 1
tweet cleaned 2
Turkish
original tweet
tweet cleaned 1
tweet cleaned 2

02/06/2020

Train
Hyperparameters
batch size lr
epochs

Test
F1

F1

32
32
32

3.00E-05
2.00E-05
5.00E-05

4
5
3

0.770
0.728
0.729

0.776
0.715
0.686

16
32
32

2.00E-05
5.00E-05
5.00E-05

3
4
2

0.570
0.583
0.581

0.478
0.565
0.498

32
32
32

2.00E-05
2.00E-05
2.00E-05

5
5
4

0.848
0.857
0.828

0.864
0.861
0.868

32
32
32

2.00E-05
2.00E-05
2.00E-05

2
5
5

0.700
0.698
0.692

0.680
0.623
0.686

32
32
32

2.00E-05
2.00E-05
3.00E-05

3
5
3

0.552
0.600
0.587

0.569
0.621
0.565

Table 8: Overview over the best run and the corresponding hyperparameters for
each language and each data representation. The rows marked in green are the
single best run for each language.

While we have not included the above level of granularity for the rest of the languages,
we have summarized our numerical results in table 8 on page 60. All of our results, code
and visualization are available at [Friis and Laursen, 2020], but the general findings are
presented below.
During the process of fine-tuning BERT with regards to both type of data representation
and hyperparameter tuning, we generally found that:
• Danish and Arabic generally incurs a higher variance and are more volatile, regardless
of data representation. Furthermore, by assuming that the trends seen in the first five
epochs continue, these languages might benefit from more epochs.
• The opposite is seen for the remaining languages which seem to converge almost immediately (after one epoch) and then vary slightly for the rest of the epochs.
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• If learning rate is too high, it can lead to dying runs, which predicts everything as
negative. This is seen for all languages but is not as obvious for Danish and Arabic
which are able ”bounce back”. We attribute this to the higher variance.
• All languages perform best on a batch size of 32 regardless of data representation or
sample size.
• Languages with higher sample size agree on an optimal learning rate on 2e-5.
Based on the findings above, we conclude that sample size does matter when fine tuning
BERT. The Danish sample size seem to be too small to converge, and we suggest a further
refinement of hyperparameters which might help. We see the same basic trend with Arabic,
but where this has a sample size closer to the Greek dataset, and Greek converges, we
attribute this to the pretrained model. We assume that BERT simply isn’t as precise for
Arabic. This also mean that our previous presented test scores where Arabic jumped 13.1%
and Danish 18.2% might be attributed to randomness.
As a consequence of above, when concluding on the best data representation we disregard
Arabic and Danish and conclude that our way of pre-processing data doesn’t create much
of a difference in performance. Furthermore, we had an assumption that BERT would
perform significantly worse on data where we reduced the context by removing stop words.
This seems not to be the case and removing stop words neither results in a drop or a gain
in performance.
When compared to fastText, BERT achieves a higher score for all languages as presented
in table 9
Language
Arabic
Danish
English
Greek
Turkish

fastText
0.714
0.461
0.840
0.634
0.522

BERT
0.776
0.565
0.861
0.680
0.621

Diff.
0.062
0.104
0.021
0.046
0.099

Table 9: fastText results compared to BERT results measured in F1

6.2.1

Zero-shot

Our zero-shot experiments in BERT are executed in the exact same way as fastText. We
choose the best performing model for each language and zero-shots it to every other language.
The resulting scores are shown in figure 41

61

IT University of Copenhagen

02/06/2020

Figure 41: Zero-shot F1 scores for BERT

As in fastText we achieve the highest scores between English and Danish and again the score
from Danish to English is higher than the other way around. The second highest score on
0.265 is from Turkish to Arabic, and the third is from Greek to Turkish with a score of 0.252.
The interrelatedness scores for Greek and Turkish are IR(gr, tr) = 93.6 and between Arabic
and Turkish we have the highest score, of all the language-pairs IR(ar, tr) = 97.2. This
again challenges our assumption that similarity matter (H2), and confirms that something
else must be causing the difference in scores. Returning to the relationship between Danish
and English we see, that of all the languages, Danish is the only language that adapts
to English and furthermore, Danish doesn’t adapt to any other languages than English.
This could be explained by the same explanation given regarding fastText - that a strong
indicator such as ”fuck” is learned during Danish training which adapts well to the English
dataset.
Similar to our finding in fastText, in figure 41 we find that BERT does not perform very
well for our task using zero-shot, which is surprising when compared to the results presented
by related research. We will however challenge this assumption a bit in section 6.5. When
comparing fastText to BERT in figure 42, we do however still see an improvement.

Figure 42: The absolute performance difference between BERT and fastText. Positive values indicate BERT perform better.
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Aggregation of languages

As an experiment closely related to both the same-language and the zero-shot task, we
investigate how aggregation of datasets from different languages would affect the Danish
F1 score. In the experiment, we trained a model on each of the possible permutations of
aggregating the data. This gave us the 26 permutations seen in table 10.
Number of languages (and sample size x1000)
2
3
4
5
ar-da ar-da-en ar-da-en-gr ar-da-en-gr-tr
ar-en ar-da-gr ar-da-en-tr
ar-gr ar-en-gr ar-da-gr-tr
ar-tr
ar-en-tr
ar-en-gr-tr
da-en ar-gr-tr da-en-gr-tr
da-gr da-en-gr
da-tr da-en-tr
en-gr da-gr-tr
en-tr
en-gr-tr
gr-tr
Table 10: The 26 permutations of the languages without repetition. ar = Arabic,
da = Danish, en = English, gr = Greek, tr = Turkish

When sampling the different datasets, we took a 1000 samples with the constriction, that
they maintained the macro average of the offensive speech ratio given by
off ratioavg =

0.200, 0.121, 0.159, 0.284, 0.193
= 0.191
5

When training the models the data representation was selected as D2, a batch size of 32
and a learning rate of 2e-5. Each of these values was selected by the majority over how
the different languages performed in the fine tuning experiment. When training the model
the aggregated dataset was shuffled, and the best model chosen based on the best F1 score
calculated on the validation set during training. Each of these model was then zero-shot to
the Danish dataset. The results is shown in figure 43
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Figure 43: Showing the performance of each language permutation in terms of
F1 score calculated on the validation set during training and the F1 score when
zero-shot to Danish

As shown above, all of the permutations performs relatively well when calculating their
own validation F1 score, but when looking at the Danish zero-shot F1, we see much larger
variance. This figure shows us that:
• All of the top models include Danish in the training data.
• In all top performing zero-shot models English is included.
• The best performing model is based on all languages.
• The combination of languages affect the validation score
• The zero-shot ability is dependant on the concrete languages.
The first finding is expected, as models where Danish is included will perform better when
evaluated on Danish. What is interesting is, that the best performing model actually outperforms our same-language model for Danish and improves the score from 0.565 to 0.592.
The second finding validates the runs from both fastText and BERT regarding zero-shot.
The third finding shows us, that by combining languages, we are able to achieve better
results. This score could be attributed to the larger data size (5000), but both the second
and the third best performing runs contradict this with a data size of 3000. The fourth
finding shows that a combination of languages that BERT perform good on yields higher
validation scores. i.e. Danish and English reaches a score of 0.801 and English and Arabic
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gets a score of 0.678. Although the languages do not align well, BERT’s score is based on
how well it scores the individual language. The fifth item is especially interesting because
it shows, that the zero-shot score is dependant on the specific combination of languages.
For instance English, Greek and Turkish achieve a higher score (0.318) than when Arabic
is added to the mix (0.254).
All in all the experiment shows, that by experimenting with different combinations of languages and not just training on all the available data we might be able to generate some
symbiosis, which outperforms previous models. This is relevant for both the same-language
task and the zero-shot task.

6.4

Adversarial Model

While we do achieve some results for our adversarial model, we are unfortunately not able
to improve much upon the results we achieve using our zero-shot models. As it is our clear
belief that the model should work from a theoretical perspective, this is quite surprising to
us, and we will spend this part of our analysis looking at the results we do have, and try to
analyse why we do not see better results for this approach.
Recalling the architecture of our model (see figure 32) it consists of 3 main components,
which are the feature extractor F (BERT), the language discriminator Q and the offensive
speech classifier P . Considering the intended dynamic of the model, we first give a description of how we expect each of the components to perform, after which we give a comparative
analysis of the behaviour we are actually seeing in our results.
6.4.1

Expected behaviour

As Q and F are training adversarially, Q is penalized whenever it fails to predict the correct
label of the input features provided by F . Correspondingly, F should be penalized whenever
the extracted features fail to confuse Q. As such we expect the loss of the two components
to move in contrast to each other. As Q first needs to learn how to classify languages,
before it can correct the behaviour of F , we expect it to have a relatively high loss for the
first couple of epochs, after which there will be a shift in dynamics, where F will be the
’underdog’ fighting to learn language invariant features that can confuse Q. Ideally, the two
will converge at a point, where Q is consistently uncertain in it’s predictions.
For the remaining component P , we measure its performance by its F1 score as described
in section 5.3. While performance could drop as F is learning the right features to extract,
we generally expect to see an upwards sloping trend in the performance of P , as it becomes
better at making correct predictions.
6.4.2

Comparative analysis

Figure 44, 45 and 46 show the results from our best performing model using English as the
source language and Danish as the target language with a class ratio of 0.8/0.2 (NON/OFF).
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We run the experiment using the D2 dataset. After several unsuccessful runs, we enquired
the authors of [Keung et al., 2019] about the learning rates they used for their configuration.
Based on their response, we adopted the learning rates 2e − 06, 2e − 08 and 5e − 05 for P , F
and Q respectively and we train the model for 30 epochs. We achieve our highest F1 score
of 0.36 on Danish tweets after 26 epochs of training, which is a small improvement of 4,4
percentage points when compared to our BERT zero-shot model.

(a) Source validation F1

(b) Target validation F1

Figure 44: Source and target validation F1

(a) F loss

(b) Q loss

Figure 45: F and Q loss
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Figure 46: P loss

Focusing on the dynamics of the different components of the model, they generally behave
as expected. We see that the loss of F rises correspondingly as the performance of Q gets
better and P becomes increasingly better at making predictions, although experiencing
some jumps in performance. A worrying observation however, is that F never seems to
turn the tide against Q and loss keeps increasing. Q loss seems to converge after around
20 epochs, after which Q has no issues telling the languages apart based on the features
provided by F . Although the loss of F seems like it might be heading towards convergence,
there are no significant indicators of improvement in the performance of F . One could also
be wondering how the target F1 validation scores generally keeps rising despite F ’s failure
to produce language invariant features, but we attribute this to P being able to learn from
non-invariant features to a certain extent. To back this assumption, this is roughly what is
already proven by our BERT zero-shot model, which is able to make some predictions for
the target domain, despite also being trained on non-invariant features.
To investigate this behaviour, we train the model again, but this time increasing the amount
of epochs to 100, but unfortunately this did not show any improvements as can be seen in
Figure 47.
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(a) F loss

(b) Q loss

Figure 47: F and Q loss when running for 100 epochs

The patterns of F and Q are quite similar to what we saw when running for 30 epochs, and
the F1 score for P seems to converge around 0.33.

Figure 48: P loss when running for 100 epochs

As changing the amount of epochs did not improve performance, we become more certain
that the problem lies in an in-balance between F and Q. Recalling the dynamics of GANs
(section 2.3.7), we take note of the following quote from Goodfellow et al. who describes a
problem occurring when training GANs.
Early in learning, when G is poor, D can reject samples with high confidence
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because they are clearly different from the training data. In this case, log(1 −
D(G(z))) saturates. Rather than training G to minimize log(1 − D(G(z))) we
can train G to maximize log D(G(z)). This objective function results in the same
fixed point of the dynamics of G and D but provides much stronger gradients early
in learning [Goodfellow et al., 2014].
We believe that this is the same behaviour we are seeing between F and Q. While changing
the objective of F to a maximization task might also be an interesting experiment, we
instead try to accommodate this problem by trying to even the scores by only applying
gradients for Q for any third batch. Figure 49, 50 and 51 shows the results.

(a) Source validation F1

(b) Target validation F1

Figure 49: Source and target validation F1

(a) F loss

(b) Q loss

Figure 50: F and Q loss
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Figure 51: P loss

As can be seen from the results, this forced a change in the dynamics between F and Q,
and the adversarial dynamics are more clear. The outcome is however the same, with the
loss of Q steadily decreasing while the loss of F is increasing. Furthermore, neither of them
seem to converge. Highly interesting however, is the fact that P seems unable to learn
anything for neither source nor target language until around epoch 16, where the loss of F
is rather high. This could lead to the assumption, that P is simply not able to learn from
the language invariant features, but this seems highly unlikely, as related work has shown
great results using this approach for other NLP tasks.
From our results we conclude, that adding an adversarial component to the model has the
ability to improve the performance for cross-lingual tasks, but strong efforts have to be
made to align the feature extractor and the language discriminator. We strongly believe
that our failure to achieve this can be contributed to not being able to find the right set of
parameters rather than adversarial learning not being an applicable approach for our task.

6.5

F1 complications

As explained in the earlier discussion, we have chosen the scarce F1 score as our main metric.
As we suspect that this is not the default way of calculating F1, this section present a few
examples, where we use the F1 macro score instead.
• The same-language score for English increases from 0.869 to 0.912
• The same-language score for Danish increases from 0.565 to 0.757
• The same-language score for Turkish increases from 0.621 to 0.771
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• The zero-shot score from English to Danish increases from 0.316 to 0.620
• The zero-shot score from Danish to English increases from 0.476 to 0.701
• The zero-shot score from Greek to English increases from 0.009 to 0.460
These scores are much closer to be on par with what other researchers present, and although
this increases the scores, we still maintain that the scarce F1 score is the correct way of
displaying scores, as the goal is to predict the scarce class.

6.6

Key findings

In this section we present our key findings, and relate them to our hypotheses.
1. BERT generally performs better than fastText.
2. In both fastText and BERT experiments we find that the languages that adapt best
to each other are Danish and English. We suggest that the reason might be a very
strong indicator such as the word ”fuck” being fairly common in both datasets.
3. Where fastText only sees an adaption between Danish and English, BERT finds adaptions between more languages. We have been unable to find a pattern regarding how
languages relate to each other.
4. The zero-shot score between languages are asymmetric.
5. When using fastText the optimal data representation is D1, where we have cleaned
data for numbers, punctuation, special characters etc. but not for stop words.
6. In BERT, switching data representation does not seem to have a high impact for
English, but this was not the case for the remaining languages, with Danish being the
most sensitive to changes.
7. In BERT we saw that certain languages incur a higher variance. For Danish we
attributed this to the smaller dataset, but for Arabic, we were unable to figure out
why. We speculate that this is caused by either some sort of bias in the model, and
although test scores look fine, they might be influenced by randomness, or issues
related to the dataset.
8. Aggregating datasets from different languages might yield higher results when zeroshotting. We were unable to find a pattern between the combination of languages,
and again attribute this to the inner workings of BERT.
9. We tried to create and adversarial model, that would learn a better alignment between
languages, but only saw a small increase in performance when compared to the zeroshot score achieved by BERT. We believe that results could be improved, by finding
a more optimal set of parameters, that will better align the dynamics between the
feature extractor and the language discriminator.
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Summarizing the results above we draw the following conclusions for our hypotheses.
1. H1: Optimal data representation is dependant on the specific model, and
will not vary between languages when the model is fixed.
This hypothesis could not be confirmed. In our findings we see, that fastText generally
performs better on D2 but for BERT we observed that Danish, English and Turkish
performed best on D2 while Arabic and Greek showed better performance on D1. The
extra performance gained from choosing the right representation were however small
when choosing among the better performing BERT models.
2. H2: The ability to adapt from a source language to a target language is
highly dependent on the degree of similarity in the linguistic traits of the
two languages.
Our results also speak against this hypothesis. In both BERT and fastText we see
better adaptation results between English and Danish, but for the remaining languages
we observe that the higher performing models use source and target languages with
higher interrelatedness scores.
3. H3: When comparing models, the models trained using adversarial learning
will outperform approaches relying solely on zero-shot techniques.
While we did see a small increase in performance from our adversarial experiments, we
were unable to train the model to achieve the desired adversarial dynamic described by
related research. Resolving this issue is a necessity before a conclusion can be drawn
from this hypothesis. We believe that our results can be improved by finding a more
optimal set of parameters, but we concur with the general perception, that adversarial
networks are complicated to train, and that strong efforts have to be made in order
to align the components of the model.

7

Future work

From our results we saw that Danish and English generally adapted better to each other
when compared to other language pairs, and we suggested this could be due to strong,
overlapping tokens. An interesting topic of research could be to calculate lexical similarities
between the datasets, and measure to what extent these strong indicators exist and how
much they do for the alignment of language domains. Our BERT results further showed,
that optimal data representation varied in between languages. Further research could dive
into this topic, by analyzing the distinction between what pre-processing measures govern
individual languages, and what measures are generally applicable.
Regarding the training of the adversarial model, we have shown, that aligning the components of the model is a demanding task, and requires finding the right equilibrium between
the feature extractor and the language discriminator. We were unsuccessful in this mat-
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ter, but future research could dive into whether these results could be improved by simply
finding a better set of hyperparameters or whether there are other factors that makes this
particularly hard when working with offensive speech detection.

8

Conclusion

In this thesis, we explored if domain adaptation can be used to address the issue of detecting
offensive speech across languages. For this task, we used a model relying on cross-lingual
embeddings, a model relying on contextual embeddings and a model relying on contextual
embeddings trained through adversarial learning. The cross-lingual model utilises fastText
as a tool, while the contextual model utilises BERT. Our adversarial approach is highly
influenced by previous approaches to aligning multilingual data, although to our knowledge
this technique has not been applied to the task of detecting offensive speech.
To solve this task we used annotated data available in five different languages; Arabic,
Danish, English, Greek and Turkish. Each of these datasets vary in both length and offensive
speech ratio, but is annotated using the same annotation-scheme. When evaluating the
performance of cross-lingual models and contextual models, with regards to a vast dataset
such as English (100,000 samples) and a scarce dataset such as Danish (2769) we achieve
an F1 score of 0.84 and 0.46 for fastText and 0.86 and 0.57 for BERT. We experiment
with two data cleaning techniques, with the outcome that cleaning data for punctuation,
numbers, emojies and special characters, generally seem to increase performance. The other
cleaning approach is more strict than the first and removes stop words as well, but with
varying results. We conclude that optimal data representation is not consistent between the
languages.
In general we showed that BERT outperforms fastText both on the same-language task and
the zero-shot task. With regards to zero-shotting from English to Danish and vice versa
we achieve scores of 0.27 and 0.32 for fastText and 0.32 and 0.4814 for BERT. For both
of the models we saw that for all the languages, adaptability was far greater for Danish
and English than for all the rest of the languages. We suggests that the reason for this,
might be strong, common indicators for offensive speech, which are shared between the two
languages, such as the word ”fuck”. Additionally, we showed that for our case, language
similarity did not affect the zero-shot adaptability between languages, and we attribute the
seemingly random alignment to the pretrained model.
While we did manage to improve adaptation between English and Danish by a small factor
using our adversarial model, we were not successful in achieving the desired dynamic between
the feature extractor and the language discriminator components. We believe that this
result was more an issue of the hyperparameters used in related work not transferring to
our model, rather than adversarial learning not being applicable for the task of identifying
offensive speech across languages.
14 All

of our results are available at [Friis and Laursen, 2020]
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A

Appendix A

Figure 52: F1 score for the best configuration for each data representation in the
English dataset during training

Be aware of the y-scale of the figure ranging from 0.81 to 0.85, and the differences in
performance are relatively small.

B

Appendix B

Figure 53: English test F1 score for the best run for each data representation

78

IT University of Copenhagen

C

02/06/2020

Appendix C

column

batch size
16

tweet
32

16
tweet clean 1
32

16
tweet clean 2
32

lr
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05
5.00E-05
3.00E-05
2.00E-05

F1
0.606
0.698
0.745
0.815
0.859
0.864
0.058
0.731
0.738
0.822
0.854
0.861
0.300
0.768
0.826
0.750
0.856
0.868

F1 macro
0.773
0.864
0.870
0.890
0.916
0.919
0.469
0.871
0.869
0.893
0.912
0.917
0.246
0.874
0.906
0.855
0.913
0.920

F1 weighted
0.889
0.943
0.946
0.940
0.955
0.956
0.733
0.943
0.951
0.943
0.953
0.958
0.220
0.935
0.949
0.926
0.951
0.954

acc.
0.900
0.947
0.943
0.943
0.955
0.956
0.770
0.939
0.950
0.940
0.952
0.958
0.259
0.939
0.950
0.933
0.952
0.954

Balanced acc.
0.773
0.865
0.907
0.872
0.927
0.931
0.519
0.905
0.902
0.915
0.921
0.930
0.534
0.869
0.910
0.824
0.914
0.924

loss
0.315
0.217
0.222
0.218
0.188
0.185
0.662
0.187
0.181
0.192
0.161
0.197
0.725
0.218
0.202
0.250
0.162
0.182

Table 11: Table showing showing the numerical values of the best test runs corresponding to the train results matrix. The bright green color follows the optimal
hyperparameters and the accompanying results, and the slightly dimmer green color
show the best run in the relevant group.
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