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Abstract

Twitter has become an important communication chan-
nel in times of emergency. The ubiquitousness of smart-
phones enables people to announce an emergency they’re
observing in real-time. Because of this, more agencies are
interested in programatically monitoring Twitter (i.e. disas-
ter relief organizations and news agencies). But, it’s not
always clear whether a person’s words are actually an-
nouncing a disaster. In this work, we use recent advances in
deep learning for Natural Language Processing to learn a
classification model of our tweets. In particular, we assess
the performance of the BERT model which uses attention
mechanisms via the Transformer architecture, now used in
almost all state of the art NLP models.

1. Introduction

Natural Language Processing is one of the areas that has
benefited the most from the new Deep Learning methods
due to the very large amount of data that is easily accessible
on the Internet (e.g. Wikipedia database [1]). Many in-
dustrial applications of these algorithms are nowadays im-
plemented on platforms that need to efficiently process this
data and one of the main tasks to be carried out is classifica-
tion. Whether it is to predict whether a comment is positive
or negative (sentiment analysis [2]), an email is spam or not
or a tweet is fake news, these are deep learning models that
are used behind the scenes. Here we look at the case of fake
news for disaster tweets.

The problem is driven by the fact that social networks
have become the main source of information because of
their ease of access and the rapid spread of information
worldwide. However, these characteristics have also made
it very difficult to assess the reliability of the information
they contain. Being able to tell whether a tweet is true re-
quires much more advanced language analysis tools than
before. For example, the meaning of a tweet could not be
inferred from the meaning of its key words alone: the sen-
tence “This car is the bomb !”, although containing the word
”bomb”, has nothing to do with an attack alert and to under-
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stand this, a sophisticated language model is needed.

In this work we use a transfer learning technique to
take advantage of the robust features learned by BERT, a
deep neural network already trained on another big dataset
(Wikipedia). By adding only one feed-forward layer to this
network, we obtain very good performancse on our classi-
fication task, which shows the good generalization abilities
of BERT for specific tasks where training data is relatively
limited.

2. Problem definition

Our problem can be addressed as a binary classifica-
tion task where the input is the sequence of handcrafted or
learned feature vectors x = {1, z2, ..., o7 } representing a
tweet, and the expected output is the corresponding label
y = 1 if the tweet is about a real disaster and y = 0 oth-
erwise. Feature vectors x1, ..., z7 are referred as tokens as
we will see in the following.

We learn a classification model from a labeled dataset
{(x1,¥1), (X2,¥2), ---, (Xnm, ¥Ym) } provided by the Kaggle
competition ”Natural Language Processing with Disaster
Tweets”. We devide this dataset into a training and valida-
tion set.

At training time, sequences of tokens {x; }¥ ; are drawn
randomly from the training set to form mini-batches of size
N. The model is trained to minimize the cross-entropy
loss, using standard gradient back-propagation to update the
weights 6 of the network fy :

£(0) = 3 D" yilog fo(xi) + (1 = y1)log(1 — folxe)

0* = argmin L(0)
0
At validation time, we evaluate the performances of the
model on unseen data to assess its ability to generalize. We
use various metrics such as accuracy and Fl-score to fine-
tune hyperparameters such as the learning rate of the opti-
mization algorithm, or the capacity of the model.



At test time, we compute the predictions of the model
fo~ on the test set and choose the test accuracy as our final
score to optimize.

3. Related work

Text classification is a basic problem in the field of nat-
ural language processing and different machine learning
approaches have been studied successively throughout his-
tory. From the 1960s to the 2010s, based on shallow mod-
els such as Support Vector Machines (SVM) [5] or Near-
est Neighbor (KNN) [6], text classification was still tack-
led with handcrafted feature engineering to represent sen-
tences in a mathematical space. Event if these methods were
still more robust than rule-based methods, this feature engi-
neering process was time-consuming and expensive. Then,
when deep learning began to develop with the emergence of
very large datasets, text classification gradually changed for
these data-driven approaches and started to include feature
extraction into the learning process.

In shallow learning models, the first step is to prepro-
cess the raw input text into a simpler representation, easier
to classify. Many text representation approaches have been
used in the literature such as Bag-of-Words (BOW) [3],
term frequency-inverse document frequency (TF-IDF) [4]
or word2vec [5]. BOW considers sentences as ’bags” con-
taining words and, according to a vocabulary, it maps each
word to its frequency within the bag. TF-IDF uses the word
frequency within a text and the inverse proportion of texts
including this word in the dataset to give greater weight to
the less frequent terms that are considered to be more dis-
criminatory. Word2vec is a word-embedding method that
takes into account the context of a token within the sen-
tence. It is an unsupervised algorithm which predicts a tar-
get word from its context. The learnt embedding matrix
gives a new representation of our tokens, useful for further
classification.

In deep learning models, neural networks automatically
learn high-level features from data, getting better results
than shallow learning models. The basic deep learning ar-
chitectures for text classfication are Feed-Forward neural
networks, Convolutional Neural Networks (CNN), Recur-
rent Neural Networks (RNN) and attention mechanisms.
Most of the research consists of improving or merging these
basic architectures to improve performances of text clas-
sification algorithms on benchmark datasets such as AG’s
News, a collection of more than 1 million news articles for
topic classification.

Recently, the development of the BERT architecture
(Bidirectional Encoder Representations from Transformers)
[6] has led to a significant breakthrough in the field of NLP.
It makes use of Transformer [7], an attention model that
uses contextual relations between words to learn useful and
robust representations that can then be re-used for down-
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Figure 1. Transformer model architecture. The encoder is on the
left and is the only part that is used in BERT. It consists of stacking
a multi-head attention layer which computes the attention score
for each token with respect to the other surrounding it and a feed
forward layer.

stream tasks. BERT takes a different approach than pre-
vious models in NLP, it considers all the words of the in-
put sentence simultaneously, unlike RNNs, and then uses
an attention mechanism to develop a contextual meaning of
the words. Then, unlike Word2Vec which outputs just one
vector (embedding) for each word, combining all the dif-
ferent senses of the word into one vector, BERT provides a
context-dependant embedding.

In the following, we show how we can benefit from a
BERT model pretrained on another dataset than the one that
interests us to perform well on our disaster tweets classifi-
cation task.

4. Methodology

As it has been in use for some years now in computer
vision with for example Resnet pretrained on ImageNet, we
make use of having easy access to models trained on large
amounts of data to obtain a pre-trained model which pro-
vides a useful and robust representation of our data samples
from the outset. This is a transfer learning technique where
we use the knowledge of a model trained on a similar task
than the one we are interesting, allowing us to not starting
from a randomly initialized model.

The architecture of BERT is derived from Transform-
ers which is an attention encoder-decoder model. Since we
only need a model that computes features for our specific
tweet classification tasks, we only use the encoder part of
the Transformer (left side of Figure 1).



4.1. Tokenization

Before feeding our Transformer a sequence of vectors,
we need to know how to divide a sentence into word in-
stances called tokens. Starting from a raw text such as ”I’'m
on top of the hill and I can see a fire in the woods.” a first
approach could be to form a token according to spaces into
the sentence. However one problem of such a naive ap-
proach would be a too large resulting vocabulary forcing
the model to have an enormous embedding matrix as the in-
put layer, which causes both an increased memory and time
complexity. In general, transformers models rarely have a
vocabulary size greater than 50,000.

Therefore, we need to do subword tokenization. This
technique rely on the principle that frequently used words
should not be split into smaller subwords, but rare words
should be decomposed into meaningful subwords. For in-
stance “annoyingly” might be considered a rare word and
could be decomposed into “annoying” and “ly”. Both “an-
noying” and “ly” as stand-alone subwords would appear
more frequently while at the same time the meaning of ”an-
noyingly” is kept by the composite meaning of annoying”
and “ly”. Subword tokenization allows the model to have a
reasonable vocabulary size while being able to learn mean-
ingful context-independent representations.

As a pretrained model only performs properly if you feed
it an input that was tokenized with the same rules that were
used to tokenize its training data, we use WordPiece tok-
enizer which is the subword tokenization algorithm used
for BERT. WordPiece first initializes the vocabulary to in-
clude every character present in the training data and pro-
gressively learns a given number of merge rules.

4.2. Transformer encoding

Once the vocabulary is built, a tweet is represented as
a sequence of one-hot encoding vectors. Transformer pro-
cesses it through a self-attention layer. For each input vec-
tor, the first step in computing self-attention is to create
three vectors : a query (, a key k and a value v. These
vectors are calculated by multiplying the input vector with
three different matrix that we learn during the training :

q=Wyx
k:WkX
v=MW,x

Then, we calculate an attention score for each word accord-
ing to another word within its context. The score determines
how much focus to place on other parts of the input sentence
as we encode a word at a certain position. The score of the
query vector x; with respect to another token vector x; is
g; - k;. In order to have a probability distribution of the at-
tention among the different words we use softmax function:
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Figure 2. Transformer encoder layer diagram from

alammar.github.io/illustrated-transformer/

edik;
is the attention vector for query token x;.

From this attention vector and the value vector, we com-
pute another vector z that will be fed to a feed-forward
layer: z; = o; ©® v; (component-wise multiplication).

Transformer uses multi-head attention which is the same
mechanism replicated multiple times with different sets of
Wy, Wi, and W, to have multiple representation subspaces.
In matrix form, it sums up to :

Z = softmax(LQKT) oV
Vi,
where d, is the dimension of key vectors.

With multi-head attention, we end up with different Z
matrices that we concatenates and then multiply by another
matrix W, which is also learned during the training. Hence,
the resulting matrix captures the information from all the
attention heads. We can send it to the feed-forward layer.

Finally, in order to capture dependencies between tokens
of the sequence, the model needs to have a sense of their
position. This is why a positional encoding, which we will
not detail here, is added to the input vector.

5. Evaluation
5.1. Dataset

We use the dataset provided by the Kaggle competition
cited before. It includes 10875 tweets where nearly half of
these tweets is about true disaster (43 percents are about dis-
aster).

A disaster tweet will speak specifically about disaster like
”flood storm rain people train issue severe weather rescue
violent” or “crash kill accident helicopter air train fear say
police car”. However, a non disaster tweet does not have
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Figure 3. Unigram sorted by frequence in the dataset.
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Figure 4. Bigram sorted by frequence in the dataset.

connection with disaster like :”get lol blow good bomb
first day demolish someone play” even though some words
could fool a poorly trained algorithm.

Statistically, we observe that non-disaster tweets are
longer than the disaster ones. When we focused precisely
on the words used, we notice that disaster tweets are more
about terms indicating disaster such as wildfire or bomb
(Figure 3). However the words used in non-disaster tweets
are generic. Then, if we look at bigrams (Figure 4) we have
the same conclusion as above. That it to say some bigrams
about disaster come more often. Bigrams in non-disaster
tweet are generic.

Finally, we can use Non-negative Matrix Factorization
(NMF) on TF-IDF features to do some topic modeling :

Topic 1  get lol blow good bomb first day demolish someone play
Topic 2 body bag cross shoulder woman full lady read ebay really

Topic 3  scream fuck phone face good song loud hit baby time

Table 1. Some topics defined by key words for non disaster tweets.

Topic 1
Topic 3

Table 2. Some topics defined by key words for disaster tweets.

5.2. Implementation details

We divide our dataset into a training set and a valida-
tion set with a 80-20 split. For the implementation we use

fire forest building truck evacuate wild burn california service set
Topic 2 hiroshima atomic bomb year japan still anniversary 70 war bombing
california wildfire home northern late news raze abc collapse burn
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Figure 5. Learning curves for 3 epochs.

the HuggingFace library to load the BERT tokenizer and
architecture pretrained on Wikipedia. We used the bert-
base-uncased model which has the following properties :
12 Transformer layers, hidden space of dimension 768, 12
multi-heads attention and 110M parameters. On top of this
specific architecture we simply add one feed-forward layer
to solve our specific downstream classification task.

Each sequence of token has a size of 84 which is the
maximum length in our dataset. Smaller sequences are
padded to this size with a special token [PAD] and the to-
kenizer provides vectors called “masks” that tell where are
the non padding tokens. It is useful for a forward pass into
a Transformer layer.

To train our network, we use AdamW [8] which is a
stochastic optimization method that modifies the typical
implementation of weight decay in Adam, by decoupling
weight decay from the gradient update. After some finetun-
ing, we use a learning rate of 10e~% and trained the model

only on 3 epochs.

5.3. Evaluation metrics

We use the basic accuracy and F1-score such as imple-
mented in scikit-learn:

Nb. of correct predictions

A fr—
¢ Nb. of predictions
Precision - Recall
F1- =2
score Precision + Recall
5.4. Results

After training only on 3 epochs we were able to achieve
a test accuracy of 83 % and a F1-score of 81 %.



From the learning curves we see that only after 2 epochs
we might start overfitting the training set. This shows that
using such a deep pretrained network for such a task does
not require a lot of training. The model is very well suited
for our classification task and we don’t need to develop
models from scratch to achieve good performances.

5.5. Conclusions

This work explores the transfer learning approach which
consists in using pretrained features of a very large deep
neural network such as BERT to solve a specific down-
stream task on another dataset. By using BERT, which is
the state-of-the-art in many different Natural Language Pro-
cessing tasks, we were able to achieve good performances
on a difficult problem : telling if tweets were fake disasters
or not.

This is useful when the amount of training data is lim-
ited and we want to use knowledge from other tasks. This
is also an interesting approach when we don’t have time
or knowledge to do handcrafted feature engineering. Here,
the Transformer architecture allow to learn a good feature
extraction by taking advantage of the self-attention mech-
anism which takes the input sequence as a whole (unlike
RNNS that read it from left to right) and tells us which words
are useful to build efficient and robust representations of the
tokens.

Better results could have been obtained by doing better
finetuning.
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