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Abstract

The term Data Quality nowadays brings a broad set of meanings. It is often

referred as the �tness of data with regard to the intended uses [62] [81].

Speci�cally, Textual Data Quality refers to the analysis of natural language

data. Being textual data one of the most abundant source of information

available to companies, it is clear why more and more attention is posed on

such problem.

The main goal of this work is hence to build a framework that allows to

evaluate a set of target textual records given that it is not known a priori the

classi�cation task we are going to perform and hence without having prior

knowledge of the label distribution among the records. We present an ap-

proach to e�ectively train a model in an unsupervised setting by leveraging

advanced textual augmentation techniques and transfer learning. We will

show how the use of a model pre-trained on similar data, with respect to

target data, combined with di�erent augmentation strategies can produce

labels that can be e�ectively used to train a model on target data.

Eventually we tested the performance of the proposed approach on Imdb

dataset (reference for sentiment analysis classi�cation [42]) showing compet-

itive results with others machine learning and deep learning approaches in

a fully-supervised regime.
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Chapter 1

Introduction

The massive amount of unstructured data that is available nowadays to big

companies rises the issue of being able to leverage such data to extract rel-

evant and useful information. More and more attention is posed on textual

data as they represent by far the most abundant source of available data

and yet understanding and producing valuable results from them represent

a tough challenge.



1.1 What is Data Quality?

Information and communication technologies have extraordinarily increased

the amount of information that is managed within organizational processes.

It is estimated that almost 80% of world’s data is unstructured [40]. In the

last years has come to attention an high correlation between information

and organizational processes that either consume or produce data. As a

natural consequence of this, quality assumes a crucial role when it comes to

data [63]. In fact, low quality of data on one hand can be an indicator of

either low process quality or loose control of process performance, and on

the other hand can have an impact on the organizations’ ability to ful�ll the

needs of their customers and create value e�ciently and e�ectively. Since

data are almost ubiquitous in modern organizations, assessing and improv-

ing their quality can be complex. In the �rst place it should be considered,

as [62] [81] points out when expressing the concept of quality as �tness for

use, that data are always given with a speci�c context and hence its quality

must always be evaluated according to expectations of users and consumers.

In the second place organizational data are increasingly distributed in het-

erogeneous resources and represented with di�erent formats, ranging from

unstructured, to highly structured. As showed by [14] data sources are com-

monly classi�ed depending on the level of structure that characterizes them.

Data is distinguished between di�erent sources in terms of:

1. Structured data, if their formal schema (i.e., formats, types, con-

straints, relationships) is de�ned and explicit.

2. Semi-structured data, if data are something in between raw data and

strictly typed data, i.e., when they have some structure, but it is not

as rigidly structured as in databases [1]. They are usually represented

with XML markup language.

3. Unstructured data, if they are sequences of symbols, e.g., a string in

natural language where no speci�c structure, type domains and formal

constraints are de�ned.

Di�erences in the format of data are necessarily re
ected in the methods

and techniques that needed to assess and improve the quality of their data.

The aim of this work is to focus on natural language data, by meaning with

this all records containing human language data that can be analyzed and

studied using all tools available in the NLP area from simple statistics to

more complex language modeling.
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1.2 Data Quality for Textual Data

Many data quality indicators for structured data exist (e.g., [70], [81], [4]).

On the other hand, few works that present �rst conceptual ideas for data

quality methods applied to text (e.g. [73]) can be found. The work proposed

by Liu et al. [34] gives a former de�nition of data quality for textual data

but is restricted to Judgment Documents area.

Data quality research on natural language data is still in its beginnings,

but other related works can be found in the literature that may represent a

good starting point for our research. In particular, works to automatically

grade written student essays ([48], [52]) or Automatic Essay Scoring (AES)

and posts in online discussions ([82]) have been shown as practical applica-

tions of NLP. In particular works on AES showed how an e�ective feature

engineering and a rich text representation can lead to models trained to

evaluate texts matching human hand-labeled samples with high correlation

(0.76 Average Weighted Kohen Kappa Score in [52]).

Starting with these premises, it is clear that there is not a well-de�ned frame-

work to work with, even thought the problem of unstructured data quality is

known to the research community. Finding a way to evaluate in an e�ective

way data that inherently have no structure and that is provided without its

original context seems to pose a great challenge. The aim of this work is

hence to propose a novel approach to address the ’lack of context’ common

in unstructured data quality settings by proposing a procedure that can be

e�ectively applied to perform di�erent types of classi�cation tasks of tex-

tual data leveraging well known labeled datasets and the latest techniques

in terms of language modelling ([79]), transfer learning ([17], [84]) and un-

supervised data augmentation ([86]). The key concept is that, given that it

is not known a priori the task that would be mostly suited to evaluate the

quality of textual records, it would be appreciable if it was possible to design

an approach that makes very easy to obtain high-con�dence predictions on

di�erent classi�cation task of such texts. In the following will be showed

how to train a model to predict sentiment polarity on the Internet Movie

Database (IMDb) [42] without using any of the label provided along with

the data and with few epochs of training by leveraging transfer learning and

textual data augmentation. Such approach could be extended to any clas-

si�cation task with the only requisite that it is available a labeled reference

dataset for such task.

3



1.3 Contents of the Work

In the next chapters the work will be structured as follows:

� In Chapter 2 we will expose a brief overview of the main theoretical

concepts employed in this research. Many of the works presented in

this chapter are used or are directly related with the methodologies

and the techniques used in the work. A brief overview of common

approaches to data mining applied to textual data is presented fol-

lowed by an in-depth illustration of most relevant concepts adopted

in modern approaches. Eventually, we will present also a brief digres-

sion on knowledge distillation techniques as models obtained via this

technique are employed to keep the number of parameters as small as

possible.

� In Chapter 3 we will expose the methodology followed in this research

and the architectural choices. We will show a general text classi�cation

pipelines and how our work relates to such framework, always focusing

on the main di�erences and the reasons behind the implementation

choices.

� In Chapter 4 we will expose the results of the experiments carried on

following the proposed methodology. We will illustrate the model per-

formances and metrics along all algorithm stages by highlighting the

most relevant �ndings. Comparisons of the performances with di�erent

hyper-parameter settings will be showed, concluding with considera-

tions on the obtained results and ideas for further developments.

4



Chapter 2

Data Mining On Textual

Data

In this chapter will be introduced the main theoretical concepts taken into

account while developing the proposed approach. In particular, we will start

from the most relevant �ndings in the area of textual data quality assess-

ment, proceeding with techniques for textual feature extraction and text

classi�cation (e.g. those proposed by Mikolov et al. [24]) ranging from sim-

ple approaches to more sophisticated techniques, including those that make

use of transfer learning [84] applied in the context of semi-supervised learn-

ing [86] which will represent a starting point for the unsupervised approach

proposed. Eventually, unsupervised data augmentation techniques for tex-

tual data will be showed and subsequently used in the following chapters

along with other concepts exposed here.



2.1 Previous Works on Data Quality of Textual

Data

Assessing the quality of text data have been a long-lasting challenge for

researchers.

Readability Indexes

First attempts to represent quantitatively a quality for textual data have

been done via readability measures. Readability represents the ease with

which a reader can understand a written text. Such measure is somehow

related to the content (the complexity of its vocabulary and syntax) and the

presentation (such as typographic aspects like font size, line height, and line

length) of the text itself. One of the �rsts example of readability measure

dates back to 1975 and is known as Flesh Readability index [29]. It tries to

capture how easy and fast a human may read and understand a text. Flesch’s

formula is based on the number of words per sentence and the number of

syllables per word. The original formulation proposed by Kincaid et al. is:

206:835� 1:015( total words
total sentences)� 84:6( total syllables

total words )

The formula above returns a score that maps each text to an instruction

grade level as in the table below. Many other indices of this kind have been

Score Instruction Level Notes

100.00-90.00 5th grade Very easy to read.

90.0-80.0 6th grade Easy to read.

80.0-70.0 7th grade Fairly easy to read.

70.0-60.0 8th ot 9th grade Plain English.

60.0-50.0 10th to 12th grade Fairly di�cult to read.

50.0-30.0 College Di�cult to read.

30.0-0.0 College graduate Very di�cult to read.

Table 2.1: Flesch reading-ease test results

presented during years (Dale-Chall formula [11] or Gunning fog index [21]

to cite few). These readability measures by the way only capture a very

limited set of text characteristics, namely the number of words, syllables

and sentences.

6



Automatic Essay Scoring

Starting from these measures, a new research area spread in the �eld of

NLP. The task proposed was that of assigning grades to essays written in an

educational setting. Despite being applied to a very narrow and specialized

area, these kind of approaches showed many di�erent aspects that can be

considered when assessing the quality of a text. Many di�erent works have

been proposed to address this task and an o�cial competition (i.e. The

Hewlett Foundation: Automated Essay Scoring [19]) hosted on Kaggle has

been held. Most recent works on this �eld include publication from Liu et

al. [35] who proposed a two-stage learning approach. The idea exposed in

Figure 2.1: Learning stages proposed by Liu et al. [35]

this work is to leverage LSTM networks to model complex features e.g. text

semantics and Coherence and then to use these features along with other

(e.g. words statistics as POS-tags counts, number of grammar errors, words

counts and so on), to train an XGboost model to output text scores. Specif-

ically, in this work word embeddings are obtained via BERT models while

the algorithms employed leverage hidden representations given by LSTMs

networks to get scores about semantics, coherence and prompt-relevance.

According to the authors of the publication, such approach revealed to be

e�ective and outperformed all previous AES systems.

Another approach to this task was proposed by Taghipour et al. [74]. In the

work published they proposed a convolutional recurrent neural network to

e�ciently extract representation of the text and map them to a score. Even-

tually, the great amount of research in this area and the increasing interest of

big corporaitons and institutions (e.g. AES are e�ectively employed to score

7



Figure 2.2: Convolutional recurrent neural network proposed by Taghipour et al. [74]

TOEFL/TOEIC written essays) lead to the development of new companies

that specialized and focused on the task of correctly and reliably score texts

(e.g. Educational Testing Service (ETS), founded in 1947, is the world’s

largest private nonpro�t educational testing and assessment organization).

General Framework

In the following years many works appeared regarding Data Quality of struc-

tured data in many di�erent domains but, as discussed before, applying such

techniques to textual data showed to be a challenging task. The work pre-

sented by [27] proposes and illustrates a basic framework to analyse textual

data. According to his de�nitions, a good quality measures considers two

main components when evaluating such data: (1) the raw text itself (2) the

text analysis modules. Moreover, he proposed a list of 9 data quality indexes

to be evaluated. The evaluation procedures proposed by this paper, by the

Figure 2.3: Textual Data Quality metrics proposed by [27]

way, relies partially on gold labels annotated by human experts to assess

the overall quality indexes and hence does not meet the requirements of our

work. Other works in this area follows. Sonntag et al. [73] shows in his

8



work an empirical approach for natural language text data, putting at the

center the expectations of the consumer, human or machine. He proposed to

split data quality measures into two di�erent scores. If on one hand quality

depends on the expectations of the user on the other hand it must be evalu-

ated according to its suitability with respect to natural language processing

tasks. Unfortunately, no practical implementation of such approach is given

nor proposed. One of the main issue exposed by Sonnetag et al. is that:

"components lack methods to get at the real content of texts, especially the

inferable knowledge contained in the text"

Assessing the Quality of Natural Language Text Data [73]

Interestingly, text quality for NLP traces back to questions of text rep-

resentation.

9



2.2 Text Features Extraction

Leveraging textual data to extract information has always have been a chal-

lenging task for researchers as understanding natural language proved to be

a tough task. The very �rst problem posed by such kind of data is how to

represent them. On one hand all existing algorithms needs some numerical

feature to work on, on the other hand textual data seemed not to be so

prone to be numerically represented.

2.2.1 Bag Of Words

The bag-of-words (BOW) model is one of the earlier approaches to informa-

tion retrieval in natural language processing.

In this model, a text (it can be a sentence or a document) is represented as

the set of its words, disregarding grammar and even word order but keep-

ing multiplicity. Each text is represented by a vector of the count of the

Figure 2.4: BOW representation of two sample sentences

words composing it as if the text were not much more than the set of its

words. From this the name of the approach. Despite its success this model

has many drawbacks as, for example, it builds a sparse representation of

texts that is highly biased towards short words counts (i.e. stopwords) that

frequently occur in texts but that carry very low semantic information. In

addition to that, such representation completely ignores the word order and

the context information carried. To remedy these shortcomings more sophis-

ticated techniques increased the representative power of such count vectors

by weighting counts.

Reducing Vocabulary Size

A �rst attempt to build more reliable representation of text document can be

done by ignoring stopwords when building count vectors. BOW approach

relies on the idea that most frequent words are also most relevant when

extracting meaning from text. As pointed out in many reference manual

(e.g. [33]) this approach proved to be not so e�ective as the most frequent
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words will most surely be the common words such as "the" or "and" which

help build ideas but do not carry any signi�cance themselves. For this reason

all such words (called stopwords) are removed from text before applying any

algorithm for classi�cation or feature extraction.

Another useful technique is to reduce in
ected words to their base form also

called stem. This procedure, also called Stemming, is known to the literature

since many years (see works from Julie Lovins [38] and Martin Porter [58]

who built de facto standard algorithm used for english stemming).

Figure 2.5: Stemming Example

Eventually, another technique commonly employed to reduce vocabulary

size is lemmatisation. With this term it is usually indicated the process

of determining the lemma of a word (i.e. its vocabulary form) based on its

intended meaning. The main di�erence with stemming is that lemmatisation

depends on correctly identifying the intended part of speech and meaning

of a word in a sentence and hence represents a complex task that is still an

open research area (e.g. [5])

Figure 2.6: Lemmatisation Example

2.2.2 TF-IDF

When employing Term Frequency-Inverse Document Frequency approach (

as [25] [30] each text is represented by the frequency of the terms appearing

in input sequences, weighted by the inverse frequency of appearance of such

words in all documents collection. In a more formal way we can de�ne two

terms:

� Term Frequency

tfi;j =
ni;j

jdj j

11



where tfi;j stands for term frequency of term i in document j, ni;j
for the number of times term i appears in document j and dj for the

number of terms in document j.

� Inverse Document Frequency

idfi = log jDj
fd:i2dg

Where the numerator represents the total number of documents in the

collection while the denominator represents the number of documents

containing term i.

By combining these two terms we get:

(tf-idf)i;j = tfi;j � idfi

This approach revealed to be very e�ective for a number of tasks but it also

showed many drawbacks. Again, being this a "bag-of-words" representation

of text, such technique does actually sees text as a set of words where the

word order and co-occurrences as well as grammatical rules relating them

are not relevant. To address some of these issues researchers moved towards

dense representation of text called word embeddings. This term refer to a

feature learning technique in which each word or phrase from the vocabulary

is mapped to a N dimension vector of real numbers. Among these models

Word2Vec, GloVe and fastText achieved outstanding results in the task of

building models that are aware of words context when representing them.
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2.2.3 Word2Vec

Figure 2.7: 2D-visualization for CBOW (left) and Skip-gram (right) embeddings trained

on IMDB dataset.

Word2Vec [45] is a shallow three-layers neural network (it has two forms:

CBOW model and Skip-gram model) with the objective of building context-

aware representations of the words. More in detail a CBOW architecture

Figure 2.8: The CBOW model is trained to predict the current word given the context,

while the Skip-gram predicts the context given an input word

is trained to predict a word given its context, while Skip-gram predicts

the context given a word. If on one hand Skip-gram works well with a
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small amount of the training data (it represents well even rare words or

phrases), on the other hand CBOW is several times faster to train and has

slightly better accuracy for the frequent words. In both cases, Word2Vec

takes as input a large corpus of text and produces a vector space with each

unique word in the corpus being assigned a corresponding vector in the

space. Word vectors are positioned in the vector space such that words

that share common contexts in the corpus are located close to one another

in the space. Speci�cally, as showed by the work of Mikolov et al. [45]

such representations allows for basic operations among word vectors such as

computing the embedded representation X of the word "smallest" as the

result of:

X = vector("biggest") - vector("big") + vector("small")

Figure 2.9: Some of the word level relationships is it possible to capture using word2vec

approach

Skip-Gram

This model takes a word as input and outputs a probability distribution

over the size of the vocabulary considered (V ) The �rst issue we have to

address when feeding a neural network with text is how to represent the

input, given that no model can work with raw text. This step is performed

via One-Hot Encoding, a procedure that maps each target word "W " to a

vector of the same size V of the vocabulary and �lled with zeroes except

for the position corresponding to the target word "W ". The dimensions of

the input vector will hence be 1xV - where V is the number of words in

the vocabulary. Following, the input is passed to a single dense hidden layer

with dimension V�E, where E is the size of the word embedding and is

a hyper-parameter of the model. The output from the hidden layer would

14



Figure 2.10: Skip-gram architecture

be of the dimension 1xE, which we will feed into an softmax layer. The

dimensions of the output layer will be 1�V, where each value in the vector

will be the probability score of the target word at that position. The back

propagation for training samples corresponding to a source word is done

in one back pass. As showed in the work [46], given a sequence of words

hw1; w2; :::; wT i the model is trained to maximize the average log probability:

1

T

TX
t=1

X
�c�j�c;j 6=0

log p(wt+j jwt)

where c is the size of the training context (is an hyper-parameter).

CBOW

CBOW architecture is somehow opposite to Skip-gram, as here we try to

predict a single word given a context vector. The dimension of our hidden

layer and output layer will remain the same as in Skip-gram so that we will

have an hidden dimension N representing the size of the embedding of each

word, and an output vector with shape 1�V representing the predicted

word in the vocabulary. Only the dimension of our input layer and the

calculations of hidden layer activation will change. Given C input words,
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Figure 2.11: CBOW architecture

each mapped to a 1�V vector, our input will be a C�V matrix. This

matrix will be multiplied with V�N embedding matrix to obtain a C�N

representation of the input. These vectors will then be averaged element-

wise to obtain the �nal N -dimensional activation vector which then will be

fed into the softmax layer to get our 1xV output.

2.2.4 FastText

One of the main issues of such models is related to the fact that they ig-

nore the morphology of the words by assigning di�erent vectors to di�erent

words. To handle this issue Facebook AI Research proposed a novel method

(fastText [8]) in which sub-word level information is added to vector rep-

resentations. In such context, words are considered as bags of character n-

grams and then word-level embedding is obtained as the sum of sub-words

representations. As an example, taking the word "where" and n=3 we would

represent such word as the following char n-grams

hwh;whe; her; ere; rei

and the special sequence

hwherei
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This model allows sharing the representations across words, thus making

possible to learn reliable representation for rare words. This lead to state-of-

the-art accuracy in many NLP downstream tasks with very fast and reusable

algorithms [24].
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2.3 Transfer Learning

With the feature extraction techniques becoming more and more sophisti-

cated, the idea was to build bigger and bigger models that were able to

capture �nest relationships among words by training them on enormous

amount of data that internet o�ered with ease of access. By following this

idea one would end up with a model of the language able to capture many

aspect of the text that can be combined with a custom model head, e.g.

for classi�cation, and �ne tuned for di�erent downstream tasks (e.g. using

discriminative learning rates in multiple stages).

2.3.1 CoVe

When modeling language, all the algorithms considered until now have the

drawback of representing each word of a sentence with a vector that does not

account for the context of the word itself. In such scenario the word "bank"

in the sentences "bank institution" or "river bank" actually have the same

representation. To address this issue, works from Peters et al. ([54]) tried

to build word embeddings for adding pre-trained context embeddings from

bidirectional language models to NLP systems. In a similar way, research

from McCann et. al. ([43]) introduced CoVe (Context Vectors) a new type of

contextualized word representation obtained extracting hidden states from

a deep LSTM encoder trained in an attentional sequence-to-sequence model

for machine translation (MT). Published results show that adding these

context vectors (CoVe) improves performance over using only unsupervised

word and character vectors on a wide variety of common NLP tasks. In

both cases the key concept was to add context to words in order to better

model the representation of each words based not only on the current word

itself but also on the surrounding context.

2.3.2 ELMo

Soon contextualized representations of words become the main trend when

it comes to word representation. A signi�cant forward step is represented

by ELMo embeddings [55] that models both (1) complex characteristics of

word use (e.g., syntax and semantics), and (2) how these uses vary across

linguistic contexts (i.e., to model polysemy). In this setting word vectors

are learned functions of the internal states of a deep bidirectional language

model (biLM), which is pre-trained on a large text corpus. The main novelty

of this approach was indeed in the way such representations are obtained.

Peters et al. trained a bidirectional LSTM network on the next word pre-
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diction task. This is usually referred as Language Modelling and is an useful

technique that can be used to train models in unsupervised settings. Being

the model bidirectional, the model will perform two steps. Taken a sequence

of N tokens (t1; t2; :::; tN ), the model computes its inner states by taking a

forward step and a backward step. In the forward step the task is to predict

the probability of the next token tk given the history

(t1; t2; :::; tk�1)

. In a formal way this is expressed as:

p(t1; t2; :::; tN ) =
QN
k=1 p(tkjt1; t2; :::; tk�1)

In the same way we take the backward step. The only di�erence here is that

it runs over the sequence in reverse and thus predicting the previous token

given the future context. Again in a formal way we can de�ne:

p(t1; t2; :::; tN ) =
QN
k=1 p(tkjtk+1; tk+2; :::; tN )

Once the forward and backward steps are taken the model is trained to

jointly maximize the log likelihood of the forward and backward directions:PN
k=1(logp(tkjt1; t2; :::; tk�1) + logp(tkjtk+1; tk+2; :::; tN ))

Figure 2.12: Steps to go from biLSTM hid-

den states to ELMo embeddings

Once the model learned its pa-

rameters, the hidden states of the

models itself are concatenated and

then summed by linear combina-

tion with di�erent and task-speci�c

weights to obtain rich input repre-

sentations for many di�erent tasks.

2.3.3 ULM-FiT

By following this path, text repre-

sentations became richer and richer

with the introduction of transfer

learning techniques to train big-

ger models that can be e�ectively

used on a number of downstream

task. Universal Language Model

Fine-tuning (ULM-FiT) [23] repre-

sents a milestone in this path be-

cause for the �rst time authors pro-

posed novel techniques to avoid catastrophic forgetting [44] and to e�ectively
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Figure 2.13: ULMFiT consists of three stages: a) The LM is trained on a general-

domain corpus to capture general features of the language in di�erent layers. b) The

full LM is �ne-tuned on target task data using discriminative �ne-tuning (’Discr’) and

slanted triangular learning rates (STLR) to learn task-speci�c features. c) The classi�er

is �ne-tuned on the target task using gradual unfreezing, ’Discr’, and STLR to preserve

low-level representations and adapt high-level ones (shaded: unfreezing stages; black:

frozen).

utilize a lot of what the model learned during pre-training. ULM-FiT intro-

duced a language modeling approach and a process to e�ectively �ne-tune

that language model for various tasks. NLP had a way to do transfer learn-

ing as e�ectively as Computer Vision models could.
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2.3.4 Transformer Models

In recent years the world of NLP has been taken by storm with the introduc-

tion of Transformer models and Attention [79]. Transformer architecture has

Figure 2.14: Transformer architecture from the original implementation

proven to be a disruptive approach to almost all NLP tasks. In few months,

transformer models have taken the top of almost all the leaderboards in the

NLP area [80].

The approach proposed by Vaswani et al. produced outstanding results as

the architecture proposed was not only highly parallelizable (i.e. faster) with

respect to all models with comparable performances, but also outperformed

all convolutional or recurrent based model in seq2seq task like language

translation. This was really because transformers deal with long-term de-

pendencies better than LSTMs. What Vaswani et. al. proposed in his paper

is an encoder-decoder model composed of stacked identical (yet they do not

share weights) layers. By taking a closer look to encoder layers we can notice
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Figure 2.15: The stack of encoder and decoder layers proposed by Vaswani et al.

that each one is composed by two basic sub-blocks: a Self-Attention layer

followed by a Feed Forward Layer. The output of each layer is added �rst

to residual value for regularization, and then to the input tensor. Finally

such value is normalized before being propagated to the next layer. The real

Figure 2.16: Encoder layer in detail

power of such layers is given by the representation of the input built at each

step. When the attention layer is fed with input text, each word embedding

is used to produce a triplet of vectors: Query, Key and Value by multiplying
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the embedding of each word with a matrix that is trained as a parameter

of the model. These vectors represent an abstraction needed to evaluate

Figure 2.17: Words Embedding X1 and X2 are multiplied with matrices WQ;WK and

WV to obtain query, key and value vectors respectively

attention. Next the score of each word is evaluated by weighting its value

vector with the softmax of the dot product between query and key vectors

normalized for the square root of the dimension of the key vector (�xed to

64 in the paper). The intuition here is to keep intact the values of the words

we want to focus on, and drown-out irrelevant words (by multiplying them

by very small numbers). In a more formal way we can de�ne:

Attention(Q;V;K) = Softmax(QK
T

p
dk

)V

where Q,V and K are the query, value and key matrices respectively and dk
is the dimension of the key vectors.

In the paper "Attention is All you Need" [79] this process is taken even

further by employing "multi-headed" attention. The authors replicated

the computations just shown many times giving the model multiple sets of

Query/Key/Value weight matrices WQ;WK and W V each of them trained

as a new parameter of the model and initialized randomly. With this en-

hancement the model is supposed to have di�erent "representation sub-

spaces" of the input and to expand its ability to focus on di�erent positions

of the text. Eventually, it should be noted that all these calculations are

performed in matrix form to evaluate multiple query,value and key vectors

simultaneously.

One critical issue with this architecture is that the model actually sees

the text as a bag of words, without accounting for the word order in the
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Figure 2.18: Visualization of the scaled dot-product attention (on the left) and multi-

headed attention (on the right) calculations

Figure 2.19: Visualization of multi-headed attention calculations in matrix form

input text. To address this, a vector is added to each input embedding.

These vectors follow a speci�c pattern that the model learns, which helps

it determine the position of each word, or the distance between di�erent

words in the sequence. The intuition here is that adding these values to the

embeddings provides meaningful distances between the embedding vectors

once they’re projected into Q/K/V vectors and during dot-product atten-

tion. In the original implementation this is achieved via sine and cosine

functions at di�erent frequencies:

PE(pos;2i) = sin( pos

100002i=dmodel
)

PE(pos;2i+1) = cos( pos

100002i=dmodel
)

where pos is the position, i is the i-th dimension and dmodel is the dimension

of the model embeddings. In other words, to each dimension of the encoding
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corresponds a di�erent sinusoid. The intuition was that this approach would

allow the model to easily learn to attend by relative positions, since for any

�xed o�set k, PEpos+k can be represented as a linear function of PEpos. If

one wants to visualize the learned encoding it would be possible to color

code such values. In the following the encoding of 20 words is represented.

Each row represents the 512-valued positional encoding of the corresponding

word. It can be noted that the encoding has a vertical split in the center.

Figure 2.20: A real example of positional encoding for 20 words (rows) with an embed-

ding size of 512 (columns)

This comes from the concatenation of two halves produced by di�erent en-

codings, the leftmost is associated with a sine function and the rightmost is

associated with a cosine function.

Once having all this set up, we can start the decoding step of the model.

Each decoder layer receives the output matrices K and V of the last en-

coder in the encoder stack. These values are used in the "encoder-decoder

attention" layer which helps the decoder focus on appropriate places in the

input sequence. At each time step t, the output of the decoder stack at each

previous time step t� i with 0 < i < t, is used as input along with the K and

V values of the encoder stack. Also here, the embedded input is enriched

with positional encoding. The self attention layers in the decoder operate

in a slightly di�erent way than the one in the encoder: in this second stack,

the self-attention layer is only allowed to attend to earlier positions of the

output sequence. This is done by masking future positions (setting them to

-inf) before the softmax step in the self-attention calculation. The "Encoder-

Decoder Attention" layer works just like multi-headed self-attention, except
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it creates its Queries matrix from the layer below it, and takes the Keys and

Values matrix from the output of the encoder stack. Eventually, the output

Figure 2.21: Encoder Decoder architecture in Transformers

of the decoder is fed to a feed forward layer that outputs a logits vector

having the size of the vocabulary and then to a softmax layer to get token

probabilities. This model was e�ectively employed for WMT 2014 English-

to-German outperforming all previous models. The architecture presented

was the �rst able to model complex language relations without using recur-

sive or convolutional layers in its computations. Moreover it proved to be

extremely e�ective on seq2seq task by achieving state-of-the-art results in

machine translation task and many others.
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2.4 Prediction Model

Once text samples are mapped into a feature vector we will need a model to

learn patterns among such features in order to accurately classify our data.

The models exposed below belongs to the family of supervised algorithms

hence are are trained to minimize a loss function relating model’s output to

input labels. We will pay particular attention to the models that leverage

transfer-learning as this plays a key aspect to exploit powerful representa-

tions built with techniques previously exposed. Moreover, using pre-trained

models and then �ne-tuning for downstream task allows to build accurate

models with few training epochs (i.e. decreasing time-requirements) allow-

ing analysis on large scale datasets for di�erent sub-tasks in few hours.

Most pre-trained models comes from Google O�cial repository, and train-

ing techniques are documented and exposed in the publications relative to

each model as we will show shortly.

2.4.1 BERT

Among all transformers-based models, BERT [17] (Bidirectional Encoder

Representation from Transformers) succeeded in the task of producing trans-

former’s representation of words while taking into account right and left con-

ditioning (i.e. by taking into account surrounding context). Since BERT’s

goal is to generate a language model, only the encoder mechanism from

transformers is necessary. In the original implementation from [17] the

model was trained to perform two unsupervised tasks. The �rst one is

Masked Language Modeling (MLM). When feeding BERT’s encoder stack,

15% of the words in the input sequence are selected for the prediction. For

each token i among those selected, the replacement policy works as follows:

� The i -th item is replaced with the token [MASK] with a probability

of 0.8

� The i -th item is replaced with a random word from the vocabulary

with a probability of 0.1

� The i -th item is replaced with the original token with a probability of

0.1

. The purpose of this masking strategy is to reduce the mismatch between

pre-training and subsequent �ne-tuning, as the [MASK] token would never

appear during the �ne-tuning stage. The model then attempts to predict the

original value of the masked words using standard cross-entropy and based
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on the context provided by the other, non-masked, words in the sequence. A

drawback of this approach is that the model converges slower then classical

language modeling, but this technique still leads to better performances in

few epochs of training as showed by [17]. The second one is Next Sentence

Figure 2.22: Test on Multi-Genre Natural Language Inference task [83]

Prediction. Many important downstream tasks such as Question Answering

(QA) and Natural Language Inference (NLI) are based on understanding

the relationship between two sentences, which is not directly captured by

language modeling. In order to train a model that understands sentence

relationships, the authors pre-trained the model for a binarized next sen-

tence prediction task that can be trivially generated from any monolingual

corpus. Speci�cally, when choosing the sentences A and B for each pretrain-

ing example, 50% of the time B is the actual next sentence that follows A

(labeled as IsNext), and 50% of the time it is a random sentence from the

corpus (labeled as NotNext) [17]. In order to perform prediction for both of

the task, on top of the encoder stack it is additionally required:

Figure 2.23: BERT architecture
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1. Adding a classi�cation layer on top of the encoder output.

2. Multiplying the output vectors by the embedding matrix, transforming

them into the vocabulary dimension.

3. Calculating the probability of each word in the vocabulary with soft-

max

Moreover, to make BERT handle a variety of down-stream tasks, input rep-

resentation is able to unambiguously represent both a single sentence and

a pair of sentences (e.g., h Question, Answer i) in one sequence. A "se-

quence" refers to the input token sequence to BERT, which may be a single

sentence or two sentences packed together while a "sentence" can be an ar-

bitrary span of contiguous text, rather than an actual linguistic sentence.

In the original work, embeddings are produced via WordPiece embeddings

[85] which has a vocabulary of 30,000 token. The �rst token of every se-

quence is always set to be a special classi�cation token ([CLS]). This token

aggregates the sequence representation for the classi�cation task. Moreover,

as sentence pairs are packed together into a single sequence, another special

token ([SEP]) is be added to di�erentiate the two sentences. It is important

to notice that this is the �rst attempt to build a truly bidirectional language

model, as for the �rst time this model was able to take a whole sentence as

input and compute its representations for each of such sequences at once, in

contrast with previous approaches where the bidirectional conditioning was

obtained combining a left-to-right and a right-to-left context (as in ELMo’s

bidirectional LSTMs). Moreover, it should be noticed, as the authors of the

Figure 2.24: Di�erent approaches to extract embeddings from BERT’s encoders stack

original work [17] point out, that once the model is trained, not only it can
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be used in a �ne-tuning fashion, but also to extract input representations

from the encoder stack. Speci�cally, combinations of the embeddings at dif-

ferent encoding layers (second-to-last hidden, last Hidden, weighted sum of

the last four hidden, concatenation of the last four hidden, weighted sum

of all 12 layers) showed di�erent F1-scores for NER task on CoNLL-2003

dataset [77]. The hidden representations of the model are again used to build

vectors to represent the input. The model can hence be used to extract con-

textualized representations of the input words. Such contextualization spans

along all the layers of the encoder stack and each layer is able to capture a

di�erent aspect of the input text. As said, di�erent layers, or combinations

of them, can lead to better performance depending on the task. The main

drawback of the proposed model lies in the hardware requirements as the

implementation proposed is not intended for CPU-only systems but relies

on parallelizable GPUs to keep execution time low. To partially address

this issue, we decided to explore techniques to reduce model’s number of

parameters while preserving performances.

2.4.2 DistilBert

Figure 2.25: Comparison of number of parameters of di�erent language models pro-

posed in recent years

When it comes to language models, research trends in the last few years

show clearly that there is a strong correlation between model size, available

data and performance obtained. It actually seems that bigger and bigger

models in terms of parameter (e.g. Turing Natural Language Generation or

30



T-NLG [65] which is a 17 billion parameter language model by Microsoft)

trained on more and more data (e.g. RoBERTa model from Facebook AI [36]

was trained on 160GB corpus) leads to better performances. In the opposite

sense, research from Sanh et al. [68] aims to produce smaller transformer

models with comparable performance with regard to their bigger versions.

Knowledge distillation is not a model compression technique, but it has the

same goals and e�ects. After training a big and slow model (the teacher),

a smaller model (the student) is trained to mimic the teacher’s behaviour -

whether its outputs or its internal data representations. This leads to very

straightforward improvements in both speed and size across di�erent types

of networks, from CNNs [64] to LSTMs [28]. Very interesting is the e�ect

of teacher-student architectural di�erences: while [64] recommend students

deeper and thinner than teachers, [39] and [49] present tricks for better

knowledge transfer between very di�erent architectures. In [75], the authors

successfully learn a small biLSTM student from BERT. This process was

Figure 2.26: Distillation Process for BERT

introduced by Bucila et al. [10] and further analyzed by Hinton et al. [22]

a few years later. In [68] authors followed the latter method. In supervised

learning, a classi�cation model is generally trained to predict a gold class by

maximizing its probability (softmax of logits) using the log-likelihood signal.

In many cases, a good performance model will predict an output distribu-

tion with the correct class having a high probability, leaving other classes

with probabilities near zero. But, some of these "almost-zero" probabilities

are larger than the others, and this re
ects, in part, the generalization ca-

pabilities of the model. This can be easily visualized when evaluating token

probabilities in language models. Here follows an example. We can clearly

see how the model predicts two tokens with an high probability (i.e. ’day’

and ’life’) followed by a long tail of low-probability tokens. In a common
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Figure 2.27: Token predicted by BERT model to complete the famous quote from

Casablanca �lm.

teacher-student training hence, we train a student network to mimic the

full output distribution of the teacher network (its knowledge). The idea is

training the student to generalize the same way as the teacher by matching

the output distribution. To achieve this, rather than training with a cross-

entropy over the true hard targets (one-hot encoding of the gold class), we

transfer the knowledge from the teacher to the student with a cross-entropy

over the soft targets (probability distribution over classes of the teacher).

Our training loss function, according to [22], should hence have the following

structure:

L = �
P

i ti � log(si)

where ti are logits from the teacher and si those of the student In the same

work Hinton et al. also introduced softmax temperature function:

pi = exp(zi=T)∑
j exp(zj=T)

where zi are model’s output logits and T is the Temperature. When T �! 0,

the distribution becomes a Kronecker (and is equivalent to the one-hot tar-

get vector), when T �! +1, it becomes a uniform distribution. The same

temperature parameter is applied both to the student and the teacher at

training time, further revealing more signals for each training example. At

inference, T is set to 1 and recover the standard Softmax. In our setting, we

will not consider softmax temperature function but we will employ, accord-

ingly to [22], Kullback-Leibler function as loss over soft labels. Following

Hinton et al., the training loss is a linear combination of the distillation loss

and the masked language modeling loss. The resulting student network is a

small version of BERT in which the token-type embeddings and the pooler
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(used for the next sentence classi�cation task) are removed, while preserv-

ing the rest of the architecture identical. This process reduces the number

of layers by a factor of two. Overall, the distilled version of BERT model,

DistilBERT, has about half the total number of parameters of BERT base

but retains 95% of BERT’s performances on the language understanding

benchmark GLUE. Moreover, to boost performances, a few training tricks

from the recent RoBERTa paper [36] (which showed that the way BERT

is trained is crucial for its �nal performance) are performed. For example,

following [36], DistilBERT was trained on very large batches leveraging gra-

dient accumulation (up to 4000 examples per batch), with dynamic masking

but without the next sentence prediction objective.
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2.5 Unsupervised Data Augmentation for Consis-

tency Training

Recent advances in semi-supervised learning allows to train model in very

low-label regime. Work from Xie et al. [86] showed that BERT model

can be trained with as much as 20 labels to achieve state-of-the-art results

compared with models trained in a fully-supervised regime (25,000 labels).

These achievements shows room for further investigations to evaluate how

well this kind of approaches perform when the labeled data comes from

a teacher model. Among all semi-supervised solutions, those employing

consistency training framework ([3], [61], [76] ) produced good results on

many benchmarks. Speci�cally, the work from Xie et al. [86] shows how to

e�ectively noise unlabeled examples, pointing out that the quality of data

augmentation techniques plays a crucial role in the learning stage of the

model. As discussed in [86], a focus on the methods employed to augment

data can give many extra advantages with respect to simple approaches

under many aspects:

� Advanced data augmentation methods that achieve great performance

in supervised learning usually generate realistic augmented examples

that share the same ground-truth labels with the original example.

Thus, it is safe to encourage the consistency between predictions on the

original unlabeled example and the augmented unlabeled examples.

(valid noise)

� Advanced data augmentation can generate a diverse set of examples

since it can make large modi�cations to the input example with-

out changing its label, while simple Gaussian noise only make local

changes. Encouraging consistency on a diverse set of augmented ex-

amples can signi�cantly improve the sample e�ciency. (diverse noise)

� Di�erent tasks require di�erent inductive biases. Data augmentation

operations that work well in supervised training essentially provides

the missing inductive biases (targeted inductive biases).

Results showed in this work are a promising starting point for the purpose

of this research as combines many concepts involved in the methodology

proposed showing that transfer learning of transformer’s language models

can be e�ectively employed in a low-label regime using consistency training.

As discussed before, recent works in semi-supervised learning make use of

unlabeled examples to enforce smoothness of the model. The general form

of these approaches can be summarized in two main steps:
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Figure 2.28: Overview of UDA [86] training objective

� Given an input x, compute the output distribution p�(yjx) given x and

a noised version p�(yjx; �) by injecting a small noise �. The noise can

be applied to x or hidden states.

� Minimize a divergence metric between the two distributions

D(p�(yjx)jjp�(yjx; �)).

The idea underlying consistency training is that model predictions can be

regularized to be invariant to noise applied to the input ([50], [67], [15])

or to the hidden states ([3], [31]). This intuitively makes sense because a

model should be invariant in its prediction to small perturbations in the

input example or in its hidden states. This procedure enforces the model

to be less sensible to noise � and hence smoother with respect to changes

in the input space. Said in other words, minimizing the consistency loss

gradually helps propagating prediction con�dence from labeled examples to

unlabeled ones. What the authors of [86] noticed was that the "quality"

of noising operations on the input can largely in
uence the performance

of the consistency training framework. They showed that stronger data

augmentations techniques, in contrast with simple Gaussian noise and trivial

input augmentations, can also lead to better performance when used to noise

unlabeled examples in the semi-supervised consistency training framework,

since it has been shown that more advanced data augmentations that are

more diverse and natural can lead to signi�cant performance gain in the

supervised setting. This opens to the use of large amounts of new samples

built to let the model be more con�dent in its predictions. To account for

such samples in the learning stage, the loss functions has to consider two

components. The �rst one is supervised cross entropy, while the second

one is KL divergence. The relative magnitude of the two is set using the

hyper-parameter �. Eventually, the training objective function was set to:

min� J (�) = Ex;y∗2L[� log(p�(y
�jx)] +�Ex2UEx̂�q(x̂jx)[DKL(p�̂(yjx)jjp�(yjx̂))]
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where q(x̂jx) is a data augmentation transformation, L and U represent

Labeled and Unlabeled sets respectively, DKL refers to Kullback-Leibler

divergence and �̂ is a �xed copy of the current parameters � indicating that

the gradient is not propagated through �̂, as suggested by [50]. As already

highlighted, another key aspect, other than the objective function, is the

strategy used to augment data. The strategy proposed in [86] for textual

data augmentation are:

� Back-Translation ([71],[18]) refers to the procedure of translating an

Figure 2.29: Back-Transaltion Example

existing example x in language A into another language B and then

translating it back into A to obtain an augmented example x̂ (as ob-

served by [87], back-translation can generate diverse paraphrases while

preserving the semantics of the original sentences leading to signi�cant

performance improvements).

� TF-IDF based word replacement that allows to have more con-

trol on the retained words at the cost of loss in the overall semantic

of the sentence. Such aspect is crucial when approaching tasks, e.g.

topic classi�cation, in which some keywords are more informative than

other and hence retaining some speci�c words is relevant to preserve

fundamental concepts of the sentence. In the proposed implementa-

tion words are replaced on the base of their tf-idf score, which is used

as an "informativeness" metric of words inside the text.

Both these techniques show a great capability of building sentences that

relates semantically to the original one by still di�ering in some structural

or syntactical aspect. By taking these two techniques as a starting point we

will show how the use of other approaches can be bene�cial to the model

learning stage. This is because di�erent techniques produces di�erent per-

turbations of the same input and help the model learn to discern among

classes. Other examples of e�ective use of back-translation as augmenta-

tion technique can be found also in [16]. In this work several approaches

to augment text are compared keeping the attention on their scalability.

In the experiment proposed in such work, besides back-translation, other
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techniques to generate paraphrase or to noise input are showed. In all the

experiments reported, models trained using an high number of noising meth-

ods appeared to perform better than their counterparts fed with a smaller

number of augmentation strategies.
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2.6 Summary

In this chapter we showed the main theoretical concepts that will be involved
in our experiments. Starting from previous works on natural language qual-
ity assessment we over-viewed the main aspects that plays crucial role when
measuring data quality for such data. We then moved to expose main con-
cepts that comes useful when building rich text representations that allows
models to learn robust function mapping samples to correct labels. Even-
tually we focused on Transformer Models, a real breakthrough in the �eld
of NLP, both for their architecture lacking of any convolutional or recurrent
layer and for the ease they can be used in many down-stream tasks.
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Chapter 3

Proposed Methodology

According to Google developers best practices, the above steps should be

Figure 3.1: Text Classi�cation Work
ow proposed on Google Developers Website

followed when classifying text data. The �rst data gathering step,as will be
better explained in the following pages, is crucial for the applicability of the
proposed methodology. The data exploration step is then fundamental to
assess the e�ectiveness of collected data. The �rst and easiest approach we
can use is manual inspection. We can pick randomly some sentence from
our set and verify that is consistent with our expectation. Once inspected
the data, it turns useful to collect the following important metrics that can
help characterize the current text classi�cation problem:

� Number of samples: Total number of examples you have in the data.

� Number of classes: Total number of topics or categories in the data.

� Number of samples per class: Number of samples per class (topic/category).
In a balanced dataset, all classes will have a similar number of sam-
ples; in an imbalanced dataset, the number of samples in each class
will vary widely.

� Number of words per sample: Median number of words in one sample.

� Frequency distribution of words: Distribution showing the frequency
(number of occurrences) of each word in the dataset.



� Distribution of sample length: Distribution showing the number of
words per sample in the dataset.

Figure 3.2: Metrics Measures From IMDb data

(a) Word Counts (b) Sentence Length

(c) Sentence Length Dived By Class La-
bel

Figure 3.3: Simple Counts over IMDb Data

For further inspection we may evaluate textual heterogeneity. For this
purpose it may be useful to evaluate n-grams counts and average sentence
length as showed below.

Once data we will be working on is fully explored and its main features
and characteristics are outlined, next step is to select a model to correctly
and e�ectively extract features from text starting from most relevant features
highlighted from analysis. To this purpose the following 
owchart comes in
help when approaching a text classi�cation task. This 
owchart answers two
key questions: (1) Which learning algorithm better �ts our data (2) How
should data be preprocessed to e�ciently learn the relationship between
samples and assigned label.
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(a) Top 20 Unigrams Counts Before Re-
moving Stopwords

(b) Top 20 Unigrams Counts After Re-
moving Stopwords

(c) Top 20 Bigrams Counts Before Re-
moving Stopwords

(d) Top 20 Bigrams Counts After Re-
moving Stopwords

(e) Top 20 Trigrams Counts Before Re-
moving Stopwords

(f) Top 20 Trigrams Counts After Re-
moving Stopwords

Figure 3.4: Stats on IMDb Records

These two questions are clearly correlated; the way we preprocess data
to be fed into a model will depend on what model we choose. Models
here are broadly divided into two categories: those that use word ordering
information (sequence models), and ones that employ a bag of words ap-
proach (n-gram models). Types of sequence models include convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and Trans-
former Models. Types of n-gram models include logistic regression, simple
multi- layer perceptrons (MLPs, or fully-connected neural networks), gra-
dient boosted trees and support vector machines. As exposed in Machine
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