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Data Augmentation (DA) methods - a family of techniques designed for synthetic generation of
training data - have shown remarkable results in various Deep Learning and Machine Learning tasks.
Despite its widespread and successful adoption within the computer vision community, DA techniques
designed for natural language processing (NLP) tasks have exhibited much slower advances and limited
success in achieving performance gains. As a consequence, with the exception of applications of back-
translation to machine translation tasks, these techniques have not been as thoroughly explored by
the wider NLP community. Recent research on the subject still lacks a proper practical understanding
of the relationship between the various existing DA methods. The connection between DA methods
and several important aspects of its outputs, such as lexical diversity and semantic fidelity, is also
still poorly understood. In this work, we perform a comprehensive study of NLP DA techniques,
comparing their relative performance under different settings. We analyze the quality of the synthetic
data generated, evaluate its performance gains and compare all of these aspects to previous existing
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1. Introduction

When building Machine Learning (ML) models to address su-
pervised learning tasks, one has the objective to be able to predict
unseen inputs based on previously seen inputs — i.e., the goal
is to minimize the so called generalization error [1], or in other
words, reduce overfitting. Many strategies have been developed
in order to increase the generalization power of ML models [2]:
dropout, batch normalization, transfer learning, pretraining, One-
shot and Zero-shot learning are some of them. Data Augmenta-
tion (DA), the focus of this paper, is yet another strategy to reduce
overfitting.

DA can be defined as any method for increasing the diversity
of training examples without explicitly collecting new data [3]. In
consonance with one of the most important results from Statisti-
cal Learning Theory, which states that discrepancy between train-
ing and generalization error diminishes with increasing training
examples [1], DA has successfully been used in the ML and Deep
Learning (DL) communities to synthetically inflate data for train-
ing and, as a result, obtain models with greater generalization
power.

Since DA tackles the issue of overfitting from the training
dataset itself, it is a general and task-agnostic approach, whose
application varies from Image Processing [4,5] to Sound and
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Speech Recognition [6,7], from Time Series [8] to Natural Lan-
guage Processing (NLP) [9,10]. Within the Computer Vision com-
munity, DA has been successfully used for several years now,
being part of the training process of models responsible for some
of the greatest achievements in Image Classification tasks, such
as the AlexNet [11], All-CNN [12], and ResNet [13] models.

These remarkable accomplishments have led researchers to
investigate the underlying theoretical principles governing DA,
trying to shed some light into its relationship to aspects such
as model learning process, decision surface, among others. These
researches show that DA improves generalization by both in-
creasing invariance and penalizing model complexity [14]. DA
also can be considered a form of implicit regularization, closely
related to explicit regularization techniques such as Weight Decay
and Dropout. In fact, the works of [ 15,16] indicate that, under cer-
tain circumstances, DA and Dropout can be considered equivalent
methods. Other studies, on the other hand, state that DA exhibit
superior performance in comparison to explicit regularization
methods [17].

More recently, state-of-the-art DA techniques in Image Pro-
cessing have shifted from prior-knowledge-oriented handcrafted
transformations to techniques that learn the augmentation trans-
formations themselves. That is, instead of leveraging domain-
specific knowledge to define the set of rules for generating
artificial data, new methods learn the needed transformations.
The development of an end-to-end approach, where DA NLP
techniques are optimized to output artificial text that is best
suited for the learning process of the final model seems a natural
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Nomenclature

BART Bidirectional and Auto-Regressive Trans-
formers

BERT Bidirectional Encoder Representations
from Transformers

BT Back-Translation

cGAN Conditional GAN

CNN Convolutional Neural Network

DA Data Augmentation

DeepBT Deep Back-Translation

EDA Easy Data Augmentation

ERM Empirical Risk Minimization

GAN Generative Adversarial Net

GPT Generative Pre-Trained NN

LSTM Long short-term memory

ML Machine Learning

NLP Natural Language Processing

NN Neural Network

NMT Neural Machine Translation

PPO Proximal Policy Optimization

PPDB Paraphrase Database

SA Sentiment Analysis

SSMBA Self-Supervised Manifold Based Data

T5 Text-to-Text Transfer Transformer

TREC Text Retrieval Conference

and promising research path [18]. In summary, DA applications
in image processing tasks have been an active area of research
with new methods being proposed every year, some of them with
highly promising results. AutoAugment [ 19] and Population Based
Augmentation [20] are some of the most recent ones, just to name
a few.

Despite unquestionable success in computer vision tasks, NLP
research has not yet benefited as largely from DA systems. Gen-
eral NLP tasks and challenges are often characterized by the low
- or often unsuccessful - usage of DA techniques. This trend
seems to be changing in recent years though. When analyzing the
solutions proposed for some of the SemEval Tasks over the period
of 2017-2021, e.g., we observe the following:

1. SemEval-2017 Task 5: there is no mention to the use of DA
methods by any of the participants [21];

2. SemEval-2018 Task 1: among 75 teams, only 2 teams ac-
knowledge the use of some kind of DA procedure [22];

3. SemEval-2019 Task 5: within 74 participants, only one of
them indicates using some kind of DA [23].

4, SemEval-2020: though both Task 9 and Task 4 have re-
ported the use of DA among the top performing systems
(XLP system and BUT-FIT/LMVE systems, respectively),
these submissions account for just a fraction of all the
competing participants.

5. SemEval-2021: whereas on Task 5 the majority of par-
ticipating teams adopted some DA strategy, on Task 1
only one system (DeepBlueAl) is reported to have used DA
methods [23].

Despite experiencing growing interest, we hypothesize that
the still low adoption of DA techniques in NLP tasks and chal-
lenges results from the fact that NLP-specific DA methods have
not been so successful as the ones used in the computer vision
community, within which its presence is ubiquitous. The reason
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for that may be twofold: on the one hand, NLP-specific DA strate-
gies have shown themselves difficult to develop. On the other
hand, DA research has been still primarily focused on computer
vision tasks.

To address this research gap and provide practitioners and
researchers general guidelines on its use, we expand our previous
work [24], conducting an in-depth investigation of some of the
most important NLP DA techniques. We compare their output and
relative performance under various settings and study their sen-
sibility to different parameters. We investigate the relationship
between DA, which is an implicit regularization technique, with
an explicit regularization technique, namely the dropout proce-
dure. We also further discuss and evaluate Deep Back-Translation
(DeepBT), the DA technique for NLP tasks first proposed in [24].
We apply DeepBT to benchmark datasets and compare its outputs
to results generated by previous existing methods.

We perform a broad and in-depth investigation of NLP DA
methods by reviewing relevant literature and tackling some of the
most significant research gaps. We used the previous [3] review
work on DA. We are citing some of the main works contained
in this review that focus on text classification and include other
new techniques in our review. Therefore, we have three main
objectives to be tackled in this work:

1. NLP DA literature review: first, we provide readers with an
overview of the literature related to DA techniques in NLP
tasks. This review starts with a brief introduction to the
theoretical framework that supports DA methods, followed
by an overview of the main approaches that have been
explored as NLP DA techniques.

2. Research Gaps distillation: second, and based on the
aforementioned review, we summarize the main research
gaps found on NLP DA literature. We highlight research
gaps found not only in terms of techniques, but also in
terms of problems tackled and the lack of comparative
studies.

3. Deep experiments and results for DA algorithms: finally,
we study and compare several techniques to verify com-
parative advantages and explain their performance.

Hence, with this work we hope to be able to advance the
state-of-the-art on the subject of DA in NLP and to deepen the
understanding of techniques that overcome the bottleneck of
limited labeled data.

With the aim of facilitating text understanding, we compile
below the main acronyms used along this work.

The remainder of this paper is organized as follows. We
present the Theoretical Framework supporting DA in Section 2.
We follow in Section 3 with a literature overview of the DA
research landscape, specially those works more closely related
and applied to NLP. This is followed by a summary of the main
research gaps found in the aforementioned overview. In Sec-
tions 4 and 5 we present a thorough evaluation and comparison
of NLP DA methods by criteria such as computational cost, lexical
diversity and semantic fidelity, addressing some of the aforesaid
research gaps. We close this paper in Section 6, presenting our
main contributions and pointing to open research questions and
promising investigations paths.

2. Theoretical framework

In this section we examine the theoretical background that
supports DA methods. We start with a brief overview of Machine
Learning and Statistical Learning in 2.1, followed by theoretical
considerations related to DA in 2.2.
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2.1. Machine learning and statistical learning

Learning algorithms are procedures that are able to learn from
data. More precisely, one can consider a procedure as a learning
algorithm whenever it is able to satisfy the following condition:

o “learn from experience E with respect to some class of tasks
T and performance measure P, if its performance at tasks in T, as
measured by P improves with experience E” [25]. ML is known as
the study of learning algorithms.

This above definition is able to embrace the wide variety
of applications and problems solved with ML. Task T includes
common problems, such as Classification, Regression, Machine
Translation, among various others. The performance measure P is
responsible for quantifying the algorithms’ success in its learning
task. Depending on the task T being tackled, among common per-
formance measures we could cite error rate, accuracy, quadratic
error and cosine similarity. The experience E determines the
source from which the process will learn. In supervised learning,
the algorithms’ experience E is a dataset containing features
associated with a label or target [1].

When building a supervised ML model, the final purpose is
to learn from previously seen inputs to be able to best predict
unseen inputs. To this end, the ML model is trained on a training
set and one tries to minimize the training error - the error
calculated on observed data in the training phase. The real goal,
however, is to minimize the error the model will perform on
unobserved data — the so called generalization error. The gen-
eralization error can be defined as the expected value of the error
on inputs drawn from a distribution expected to be found on the
prediction phase [1].

Many practical problems - such as classification, pattern
recognition, regression and density estimation, among others
- are particular cases of a more general problem related to
the process of function estimation from a given collection of
data [26]. This type of problem can be analyzed under the general
statistical framework of minimizing expected loss using observed
data, which we develop below.

In supervised learning we aim at finding a function f € F from
a set of functions that best describes the relationship between
random feature vector X and target random vector Y, which
follows a fixed, but unknown, joint distribution P(X, Y) [26,27].
To this end, we can define a loss function I that penalizes the
difference between the predicted outcome f(x) and the actual
outcome y. Therefore, our goal is to minimize the average of the
loss function [ over the distribution P, a measure known as risk
functional or expected risk:

R(f) = / I (x), y)dP(x. ). (1)

Since the distribution P(X, Y) is unknown, in order to min-
imize the risk functional in Eq. (1) we can make use of an
induction principle called Empirical Risk Minimization (ERM),
which approximates the risk functional in Eq. (1) by the empirical
risk functional defined as

Remp(f) = Z I (x:), yi). (2)

Hence, for finding the desired function f, we rely on a given set
of training data D = {(x;, y;)}l; formed by a set of independent
identically distributed (i.i.d) observations drawn from the joint
distribution P(X, Y).

Therefore, solving the learning problem using ERM consists of
estimating the function f € F that minimizes the empirical risk:

arg min Repp(f ). (3)
feF
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ERM is equivalent to minimizing the expectation of the loss
function with respect to an empirical distribution Pemp(X, y)
formed by assembling § functions located on each example [28]:

APermp(X,y) =

Zax, il (4)

A natural extension to the ERM framework is to replace the
delta functions dy(x) by some estimate of the density in the
vicinity of the point x;, Py,(x):

Z dPy,(x)8,,(y (5)

This more general approach leads us to the definition of vicinal
risk function, defined as

dPest(x,y) =

Riic(f) = / (F(x). y)dPest (. y) = Z / I(f(x). y:)dPy(x).  (6)

Consequently, similar to the reasoning involving ERM, solving
the learning problem with Vicinal Risk Minimization consists of
estimating [28]:

arg min R,ic(f). (7)
feF

Minimizing empirical risk can lead to overfitting. To avoid this,
one can add a complexity penalty term to the risk function we
want to minimize. This process is known as regularization and
the modified risk minimization process is the Regularized Risk
Minimization principle [29]:

Rreg(f) = Remp + )»C(f). (8)

One of the most important conclusions drawn from Statistical
Learning Theory is synthesized by the following Theorem [29],
valid for finite hypothesis spaces #: for any distribution P, and
any dataset D of size N, drawn from P, the probability p that our
estimate of the error rate will be more than € wrong, in the worst
case, is upper bounded as follows:

P(MaX | Remp(D. h) = R(P. h) |> €) < 2 dim(3) e, (9)
€
where dim(#) is the dimension of the hypothesis space #.

In other words, the gap between training and generalization
error is bounded from above by a quantity that grows with model
capacity and decreases as the number of training examples in-
creases [ 1]. That is, the more observations are available at training
time, the most the gap between training and generalization error
is closed. This theorem leads naturally to the following question:
is there any way of obtaining more observations without incur-
ring into the high costs or limitations associated with collecting
additional real world data? This is precisely the purpose of DA
methods, whose theoretical background we will address in the
following section.

2.2. Data augmentation

In various ML applications it is known that model output
should not change when some set of transformations are applied
to the input variables [30]. This property, called invariance, is
generally task-specific. As an example, handwritten digit clas-
sifiers predictions should be invariant to small rotations of the
inputs but not to reflection.

When presented with enough data - including numerous
inputs-output pairs subjected to this invariant transformations
- it is possible for the model itself to learn this invariances.
However, considering that the number of combinations grows
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exponentially with the number of transformations, this is rarely
the case due to limited data availability [30]. One can therefore
induce the model to exhibit the necessary invariances without the
need of collecting additional training data. There are four main
approaches to this end:

1. Adding to the error function a regularization term in order
to penalize changes in model output when the input is
modified;

2. Building and using features that do not change when the
required transformations are applied to the input;

3. Training with models in which invariance properties are
naturally present due to its architecture (e.g. Convolutional
Neural Networks (CNN), with its mechanisms like weight
sharing, is able to incorporate some types of invariance);

4. Finally, the training set can be augmented using artifi-
cially created inputs transformed according to the desired
invariances.

The last option is exactly the definition of a DA process.
Despite being a subject whose theoretical framework has not
been yet fully developed or unified, there has been growing in-
terest in understanding the theoretical foundations for DA based
on the principles of Statistical Learning. We will briefly com-
ment some of the formal mathematical perspectives used so far,
concentrating in the results obtained in [14,31].

In [14] the DA process is first modeled as a Markov Chain
process. Under this approach, the authors show that Kernel clas-
sifiers appear naturally, even when dealing with other types of
classifiers. Therefore, the authors investigate the effect of DA in
Kernel classifiers using the ERM principle. Under the hypoth-
esis that the applied augmentations are local - and thus not
significantly modifying the feature map - and using first- and
second-order Taylor approximation to the ERM principle, they
draw two main conclusions: the first-order Taylor approximation
of the ERM is equivalent to training the model on the average
feature of all the transformed versions of the inputs; the second-
order approximation is equivalent to applying a data-dependent
regularization term to the objective. In conclusion, the authors
show that DA methods have two effects: (a) increasing invariance
by averaging the features of augmented inputs, and (b) penal-
izing model complexity via a regularization term based on data
variance [14].

The DA theoretical framework developed in [31] arrives in
similar conclusions and goes even further. Studying DA in a
group-theoretical formulation, the authors show how DA leads
to sample efficient learning and explain connections to other
concepts of ML and Statistics such as sufficiency, equivariance,
regularization, among others.

3. Data augmentation research landscape

In this section we present a literature review of DA methods,
highlighting several recent researches that relate to the present
work. We start exploring a variety of existing DA methods, taking
special care to always consider and examine works that ap-
plied these methods to NLP problems. We close in Section 3.4
summarizing the main research gaps found in the literature.

The following subsections and taxonomy adoption is inspired
by [32], which surveys and categorizes recent research on data
augmentation applied to text classification tasks. Though focused
primarily on classification problems, we regard the mentioned
taxonomy as the most comprehensive and up-to-date method-
oriented taxonomy, since other works, such as [33], give a more
task-oriented overview of the field. Fig. 1 illustrates the organi-
zation of the mentioned taxonomy we will be using. It divides
NLP DA methods first on the space on which the augmentation
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process is performed. First, we have Feature Space DA methods,
which rely on the representation of the data, such as word em-
beddings or activations vectors of neural networks. Data Space
methods, on the other hand, act directly on text data on its raw
form, applying transformation to the characters, words, phrases
or documents themselves. In the following sections, we will be
explaining each of the categories the taxonomy is based on, along
with presenting some of the most prominent works on each of
them.

3.1. Feature space

Generative Adversarial Nets (GANs) are a type of NN archi-
tectures and training techniques that consists of a framework
for estimating generative models first proposed by [34]. Since
its inception, GAN-related research has been a rapidly evolving
investigation topic, with impressive progress being made in train-
ing and applications. Several architecture variations have been
developed upon the original, such as Conditional GANs (cGAN),
Deep Convolutional GANs (DCGAN), Wasserstein GANs (WGAN)
and Big GANs (BigGAN), just to name a few [35,36].

Due to its capability of generating highly realistic synthetic
data, GANs have been applied as yet another method of DA.
Within NLP tasks, [37] used a cGAN architecture to synthesize
data on a low resource scenario in order to improve sentiment
classifier generalization. The goal of the author was to train
the cGAN models to mimick the Doc2Vec representations of the
texts used in experiments, instead of obtaining the sentences
themselves, thus acting on the feature space.

Besides GAN-based DA techniques, recent methods also pro-
pose interpolating representations on the feature space in order
to generate new synthetic data. A very recent and promising class
of DA methods are mixed sample - also known as mixed-example
- techniques. These constitute a class of methods that artificially
generate data by combining pairs of inputs drawn from the orig-
inal set. They can be considered a more general approach to DA,
since they are not necessarily label-preserving processes. The first
general techniques for augmenting through linear combination of
examples are mixup [27] and Between-Class (“BC”) learning [38]
- which are equivalent and were developed in parallel -, along
with the improved “BC+” learning method [39].

In essence, linearity-based methods such as mixup are based
on Vicinity Risk Minimization and consist of using a specific type
of vicinal distribution. Sampling from this distribution produces
feature-target vectors

X =Ax;+ (1 —x)x; where x;, x; are raw input vectors
y=Ayi+(1—21); wherey, y; are one-hot label encodings,

(10)

where (x;,y;) and (x;,y;) are feature-target vectors randomly
drawn from the original dataset and A € [0, 1]. As shown in Fig. 2,
this technique leads to decision boundaries with linear transition-
ing from class to class. When the mixup-hyperparameter o, which
controls the strength of interpolation, goes to zero, traditional
ERM is recovered.

FMix is another mixed-example technique which uses binary
masks obtained by applying a threshold to low frequency images
sampled from Fourier space. First proposed in [40], FMix has
also shown remarkable results in various tasks, achieving state
of the art results on image classification, audio classification and
Sentiment Analysis (SA).

More recently, mixed-example DA strategies that combine in-
puts and targets in non-linear ways were developed and applied
to image processing tasks [41].
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Feature Space

Character Level

Word Level

Phrase Level

Document Level

Fig. 1. Taxonomy of data augmentation methods that is adopted along this work.

Source: Adapted from [32].
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Fig. 2. Comparison of using ERM and mixup on a toy problem. Green and orange
represent classes 0 and 1, respectively. Blue shading indicates the result of
p(y = 1]x) using ERM and mixup. Mixup encourages the model to behave linearly
in-between training examples. In this example, mixup used o = 1.

Source: Adapted from [27].

Despite proving very effective in improving generalization
error, even after the use of other DA techniques, the exact reason
why mixed-example methods are so successful remains as an
open research question.

The applicability of mixed-example DA techniques to different
types of data - image, sound, text, etc. - varies from method to
method. BC learning [39] and mixup [27], e.g., are broader ap-
proaches, employable in various types of data. More general and
non-linear mixing methods, such as those proposed in [41], on
the other hand, operate only on images. In spite of the existence
of NLP-applicable mixed-example DA methods, this field remains
almost untouched. To the best of our knowledge, the works that
have been developed exploring this family of DA techniques on
text are very few and recent — most of them have been published
or are in review process in 2020.

In [40], the authors propose FMix, a novel DA method, and test
its efficacy in image classification, sound classification and Senti-
ment Analysis (SA) tasks. The results obtained in several SA tasks
show FMix and MixUp obtaining gains compared to the baseline,
but there is no clear winner between these DA techniques: their
results are in most cases very similar.

The work of Guo et al. [42] proposes two variations to Mixup
- wordMixup and senMixup. While in wordMixup word embed-
dings are interpolated, in senMixup sentences embeddings are
interpolated to generate new synthesized data. These methods
are applied to five different text datasets and perform better than
their own no-DA implementation — although not always better
than other authors’ no-DA implementations.

Inspired by linguistic principles related to compositionality,
the authors of [43] propose “Good-Enough Compositional Data

Augmentation” (or GECA). This method, which can be considered
a form of mixed-example DA, consists of generating new train-
ing examples by replacing fragments with other that appear in
similar environment. The proposed protocol has the advantages
of being model-agnostic and useful in a variety of tasks.

The work of Guo et al. [44] proposes SeqMix, a sequence-
level variation of MixUp which performs soft combination of
input/output sentences from the training set. The random com-
bination of sentences prevents the model from memorizing long
segments and encourage them to rely on compositions of sub-
parts to predict the output. Another relevant contribution of this
paper is to provide a theoretical framework that unifies several
other DA strategies for compositionality (WordDrop, SwitchOut
and GECA).

3.2. Data space

As already mentioned, Data Space DA techniques deal with the
generation of synthesized data applying transformations directly
to its raw form inputs. These modifications can occur on a variety
of levels, ranging from character level to the document level,
passing through word and phrase level transformations.

3.2.1. Character level

On its smallest scale, DA transformations applied to NLP taks
can apply on a character level. These modifications may be drawn
by some predefined rules or by noise injection. The work [45],
for example, focuses on operations that simulate spelling errors
or phonetic similarity in English. Other works, like [46], per-
form changes to simulate typing errors (Keyboard Augmenter)
based on the distance of the letters on the QWERTY keyboard.
Finally, other techniques mimic the behavior of optical character
recognition systems [46] in which image recognition can confuse
characters with similar formats.

Since the seminal paper of [47] showing the counter-intuitive
vulnerability of state-of-the-art Neural Networks (NN) to small
perturbations in its inputs, the field of adversarial attack has been
an active area of research, especially within the Deep Learning
community. Adversarial examples, synthesized data generated by
adding imperceptibly small perturbations in original examples for
the sole purpose of misleading trained models, raised the ques-
tion of the generalization ability of NNs. Following works, such
as [48], helped deepen our understanding on how adversarial
examples affect both linear models and NNs. More than that, the
authors leveraged the knowledge of the adversarial flaw as an
opportunity to fix it, giving rise to adversarial training.

Adversarial training consists in the process of augmenting orig-
inal data with adversarial examples and training the model on



L.FA.O. Pellicer, T.M. Ferreira and A.H.R. Costa

this augmented dataset. Adversarial training differs from tradi-
tional DA techniques because, whereas traditional methods syn-
thesize data with transformations that are expected to occur in
the test set, adversarial training uses inputs unlikely to occur [48].
Instead, this technique uses adversarial examples to expose and
correct the flaws in model decision functions and provide addi-
tional regularization benefits beyond what is achieved by using
dropout exclusively.

Several works have been developed to apply adversarial train-
ing to NLP models. The work by [49] proposes MHA, an adver-
sarial example generator based on Markov Chain Monte Carlo
(MCMC) sampling. As another example, [50] implements in a
Python package several NLP adversarial training techniques from
the literature. In [51] the authors perform a systematic survey of
adversarial attacks research applied to NLP problems since 2017,
when the first of such an application was published.

Adversarial training methods acting on the Data Space may act
on different levels and were presented in this section for brevity
and conciseness. While some of the methods implemented in [50]
act on the character level, the work of [49] acts on the word level,
which is the subject of the next topic.

3.2.2. Word level

Word replacements could take form based on a thesaurus,
which could guide word replacements based on semantic close-
ness to frequently seen meaning. In [52], e.g., a thesaurus ob-
tained from the WordNet [53] is used to replace words according
to a probability distribution, augmenting datasets used for text
classification tasks.

Easy Data Augmentation (EDA) is yet another example of
simple manipulation techniques, which combines several manip-
ulations in a single unified method [54]. This method consists of
applying a set of simple operations to the original text in order
to generate new synthetic texts. For any given sentence in the
training set, one of the following operations is randomly chosen
and performed:

1. Synonym Replacement: randomly chosen words are re-
placed by one of its synonyms (also chosen at random)
from the WordNet dictionary. Stop words are not consid-
ered in this operation.

2. Random Insertion: a random word from the given sen-
tence is chosen (stop words are not considered). A ran-
dom synonym of this word is then inserted in a randomly
defined position in the sentence.

3. Random Swap: randomly chosen words are defined and
their respective positions are swapped.

4. Random Deletion: randomly remove words from the sen-
tence, following some probability parameter.

The operations are all randomly applied according to the pa-
rameter «, which controls the percentage of words changed in
any given sentence. Though maybe original in its proposal as
a pure DA technique, the use of this set of operations closely
resembles the noise injection procedure proposed by [18] as
an auxiliary task to improve Neural Machine Translation (NMT)
models. The work [55] demonstrated that substitutions for words
that are synonyms that are rarer in frequency also obtain better
results in machine translation tasks, especially for low-resource
languages.

Other word manipulation algorithms are based on more com-
plex models than synonym substitutions or other random opera-
tions. These techniques represent words by embeddings to insert
and replace them according to the similarity they present with
other words in the embedding space. The work of [56] leverages
frame-semantic and lexical embeddings (such as the popular

Applied Soft Computing 132 (2023) 109803

Word2Vec [57] Word Embedding) to replace original words by
their k-nearest-neighbors vectors on the embedding space. The
authors assess this strategy comparing it with training the same
model without data augmentation using a two-tailed student’s t
test and achieve statistically significant superior performance on
categorization models on social media text.

Word2Vec, Glove, and FastText Representations represent
words. However, they are static representations that do not
change according to context. The work of [58] builds upon the
assumption that sentences are natural even when their words are
replaced by other words with paradigmatic relations - i.e., words
with the same word class - to propose contextual augmentation.
Instead of synonyms or similar word embeddings, this technique
replaces words by the words predicted by a Language Model
given the context surrounding the original words to be replaced.
More specifically, the authors use a bi-directional LSTM-RNN
Language Model to generate new words and compare these
method to traditional synonym replacement technique on several
classification datasets. The proposed augmentation technique,
though superior to plain synonym replacement, brought marginal
gains on some of the tested scenarios.

More recent works build upon the aforementioned ideas and
take advantage of state-of-the-art architectures to achieve even
better results. In [59], the authors use BERT (Bidirectional Encoder
Representations from Transformers) to overcome some of the
bottlenecks found in the LSTM-based LM used by [58]. Based on
the original BERT architecture, but with differences on the in-
puts representation and training procedures, the authors propose
conditional BERT. This LM, after well-trained, is used to augment
sentences: given a labeled sentence, a few random words are
masked and conditional BERT is used to predict new words that
are compatible with the label of the given sentence. This method
is then compared to the same methods explored in [59] and on
the same datasets and achieves superior results on all evaluated
scenarios.

3.2.3. Phrase level

Other methods generate synthetic data by acting on the
phrase-level of original data. More closely inspired by two com-
mon DA manipulations used in image processing, the work of [60]
proposes NLP-equivalents of cropping (focusing on a particular
item) and rotating. Using dependency trees, the authors crop
forming smaller sentences from the original ones and rotate/swap
words around some defined root to inflate data for training part-
of-speech tagger models. Despite directly inspired by successful
techniques in image processing, these NLP-equivalent manipu-
lations did not perform so well in text data, bringing negligible
gains in most of the tested scenarios.

Paraphrases are ways of rewriting a text to maintain the
original semantic meaning. The construction and identification
of paraphrases are areas of great importance in NLP studies,
such as summarization or question-answering. Due to their sen-
tence rewriting characteristics, paraphrasers can behave like good
DA [61] algorithms since they introduce lexical diversity,
maintaining fidelity to the original meaning. The work of [62]
introduces PPDB, a paraphrase database that can act as an im-
portant resource to generate synthetic data. Combining several
English-to-foreign bitext corpora, the authors were able to create
a database with tens of millions of lexical, phrasal and syntactic
paraphrases. To build the mentioned database, the authors of
PPDB use a bilingual pivoting method that assume that two
English strings el and e2 that translate to the same foreign string
f can be assumed to have the same meaning [62]. Thus, pivoting
over f make it possible to extract a diverse set of paraphrases
(e1, e2). These paraphrases can in turn be used to substitute
original text, thus achieving DA.
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3.2.4. Document level

Considered crucial to NMT tasks nowadays [63], Back-
Translation (BT) is another method for generating auxiliary syn-
thetic data. First introduced by [64], the term BT was initially
conceived specifically within the context of machine transla-
tion, whereby monolingual data was leveraged by translating
Target Language — Source Language (hence the term Back) in or-
der to obtain additional training data for the Source Language —
Target Language final translation task. The first implementation of
Back-Translation as a DA method for down-stream tasks seems
to be the work of [65], which used BT to rephrase original
sentences (i.e. generating paraphrases), producing extra data and
obtaining state-of-the-art results on question-answering tasks.
Supported by its remarkable success in NMT tasks, there has
been an emergence of numerous variations to the traditional BT
method.

Iterative BT (IterativeBT), proposed in [66], is a process where
models are successively trained using data Back-Translated by
the previous model. This cyclical training yields generation of
models which are able to improve at each iteration, although
the quality of the BT system in use being crucial to the success
of the proposed approach. The authors report improvements in
NMT systems that apply IterativeBT both in high-resource as in
low-resource scenarios.

Noised BT (NoisedBT),! presented by [18] is a variation where
noise is injected to the Back-Translated text. In the seminal paper,
three types of noise are used: random deletion of words, random
replacement of words and random swapping of words. Despite
the fact that final noised sentences are not realistic, the authors
argue that the superior performance obtained by noise injection
could be attributed to the model becoming robust to reordering
and substitutions occurring naturally on texts. The authors also
report an intriguing finding when comparing model improve-
ments obtained by adding artificially generated text data with
those obtained by adding real data: in cases where the domains
match, synthetic data can be nearly as effective as real human
translated data.

Tagged BT (TaggedBT) [67], heavily influenced by the works
of [18,68], proposes another hypothesis for the superiority of
noise injection in BT postulated in [18]: instead of increased text
diversity, noise injection would instead benefit the final model
by signaling which data is synthetic and which is original data.
To assess the validity of this assumption, the authors trained a
translation model where artificially generated source data had no
noise injection and was rather tagged with a reserved token. The
fact that this method leaded to similar or even slightly higher
performance supported the hypothesis of the authors.

DA methods can be evaluated by different perspectives, two of
the most important being the validity and the diversity of the data
they generate when augmenting the original training set [69].
Robust DA techniques should generate a diverse set of examples
to prevent overfitting. On the other hand, this diversity should
not hinder synthetic data validity. As a consequence, DA methods
should strive for adequate balance within the diversity-validity
trade-off in order to be successful [70].

Exploring the diversity-validity trade-off, our previous work
[24] proposed a new method for DA, named DeepBT, which adds
more layers of intermediate translations between the original
text and the final paraphrase. Using capital letters to represent
original and final languages (which are always the same) and
arrows to represent translations to languages L, while in the
original BT we always have

A—L— A, (11)

1 The term Noised BT was not used in [18], but coined in [67].

Applied Soft Computing 132 (2023) 109803

in DeepBT we could have n intermediate layers of translations:

A->L1—>L— - ---— L, — A (12)

Fig. 3 illustrates the difference between traditional BT and a
2-layer DeepBT.

Following the rationale of the BT method, which generates
paraphrases with the same meaning and label as the original one,
the DeepBT technique is created under the hypothesis that using
several intermediate languages between the original and des-
tination one could increase diversity on generated paraphrases
without hurting validity. With greater diversity in training data
we assume that we could reduce overfitting and achieve greater
performance.

With the increasing capabilities of language generation mod-
els, generative methods have become interesting and promising
alternatives to BT-based methods as strategies to document level
DA. In [71], authors propose language-model-based data aug-
mentation (LAMBADA), which consists of a data augmentation
meta-learning technique using generative pre-trained neural net-
works (GPT). The main idea of this algorithm is to make the GPT
language model learn how to generate textual data from some
label, with a classifier filtering the generated phrases with better
quality. LAMBADA has several similarities with Meta-Learning
algorithms, mainly due to using a discriminator classifier to con-
trol the generated data. The LAMBADA algorithm is described in
Algorithm 1.

Algorithm 1: LAMBADA Algorithm

Train initial classifier h on original dataset D, ;

Fine-tuning a language model LM (usually GPT-2) on
original dataset ;

Use the fine-tuned language model to generate N synthetic
data;

Use classifier h to filter quality synthetic data generated in
previous step, based on threshold L. The filtered data
makes up the synthetic dataset Dy, ;

Merge the original dataset D,,; with the synthetic dataset
Dyint, forming the final dataset Dgnq;

Return: Final dataset Dyqr;

The first step of classifier training is to build a classifier from
the currently available data. This classifier will have the role of
separating the good results of a class from the harmful results.

The next step is fine-tuning the GPT language model (gener-
ally, we use GPT-2). In this step, the GPT model receives training
so that the generated texts are conditioned to the original obser-
vations. In other words, the training updates the weights of the
GPT network so that the word probabilities are more consistent
with the original data that the user wants to apply DA.

In step 3, the GPT model generates new data from parts or
excerpts of the original texts. Finally, the last step is filtering the
texts generated with quality by the classifier of step 1 to generate
the augmented dataset, while the data generated with low quality
are discarded.

Data Boost is a DA algorithm that uses text generator mod-
els [72]. Generally, GPT-2 generates and changes synthetic texts,
similar to LAMBADA; however, it does not condition the language
model like LAMBADA. In contrast, Data Boost uses reinforcement
learning to change the decoder policy of the GPT-2 token selec-
tion model. For policy optimization, Data Boost adopts frequentist
modeling of words according to their use in texts of some class,
called Salience Gain [72]. The reinforcement learning algorithm
defines Salience Gain as a reward function that guides the PPO
algorithm [73] for GPT-2 decoder. Thus, Data Boost gains a com-
petitive advantage in not having to condition language models
like LAMBADA, a very computationally expensive algorithm.
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Original Sentence: English
“Glencore tells investors it is on
track to reduce debt: Barclays”

i

( Unique Translation: Portuguese )
“Glencore diz aos investidores
que estd no caminho certo para

reduzir a divida: Barclays”

l

Synthesized Sentence: English
“Glencore tells investors
he is on the right track to
reduce debt: Barclays”
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Original Sentence: English
“Glencore tells investors it is on
track to reduce debt: Barclays”

i

First Translation: German
“Glencore sagt den Anlegern,
dass es auf dem richtigen Weg ist,
Schulden abzubauen: Barclays”

!
(" Second Translation: Portuguese )
“Glencore diz aos investidores
que a reducdo da divida esta
no caminho certo: Barclays”
|
Synthesized Sentence: English
“Glencore tells investors
that debt reduction is on
the right track: Barclays”

Fig. 3. Graphic representation of Deep- and traditional BT procedures. In DeepBT (right flowchart) we stack several intermediate layers of translation, whereas in
traditional BT (left flowchart) there is always only one translation between original and synthesized text. As in this example, the additional translation layer present
in DeepBT is able to generate synthesized text different from the text generated by traditional BT.

More recent works carry out training in text-to-text networks
to specialize in automatic paraphrase generation. Parrot [74] is
a new Python paraphrasing framework built on models with
fine-tuning paraphrases. Parrot seeks to generate words with
adequate meaning, fluency, and linguistic diversity in English.
Among the trained models, we can highlight the paraphraser in
T5 architecture. The package parrot is useful for DA.

Another paraphraser used in DA is BART trained in the Pro-
tAugment algorithm [75]. ProtAugment is an unsupervised meta-
learning technique that can be used for DA in intent detection
models. The algorithm combines the generation of paraphrases
from the BART model trained on MSR and PAWS with sentences
generated from the traditional back-translation. The BART model
is a self-supervised learning that is an area that can present a new
efficiency gain for DA algorithms [3].

Basic manipulations DA methods are generally characterized
by easy of implementation, since there is almost no change at
all to the way the problem is postulated and solved besides the
simple modifications performed in training data.

3.3. Meta learning

A great number of DA strategies rely on manually specify-
ing the necessary transformations that generate artificial label-
preserving data. This type of procedures have several drawbacks.
First, one often has to have significant domain knowledge of
the dataset to be able to chose the appropriate transformations,
relying purely on experience and intuition. Second, the trial and
error process of exploring different augmentation techniques f
requently result in prohibitive computing resources or timing,
specially when using Deep Learning models. Another unwanted
characteristic of handcrafted DA transformations is not being
universal. As a consequence, successful data modifications cannot
be easily applied to other datasets with similar performance
improvements. Meta Learning DA techniques consist of a set of
various DA methods that try to learn from training data the most
appropriate transformations so as to achieve better generalization
power.

For example, in [19] the authors propose AutoAugment, a
strategy to automate the process of generating synthetic data.

In this work policies express augmentation operations and Rein-
forcement Learning is used to find the transformations that yield
the best validation accuracy on a target NN. The work of [76]
adapts AutoAugment - whose basic architecture is depicted in
Fig. 4 - to a dialogue generation setting, and choose operations
such as Stop word Dropout and Grammar Errors as the policy
search space.

In [20] the authors propose Population Based Augmentation,
whose goal is to learn a schedule of augmentation policies, in-
stead of a fixed policy as in AutoAugment. This choice is account-
able to the far superior computational efficiency of this method
when compared to AutoAugment.

New meta-learning methods have been proposed. An impor-
tant consideration is to choose a good set of augmentation func-
tions, as redundant or overly aggressive augmentation can slow
down training and introduce biases into the dataset.

3.4. Research gaps

Given the above literature review, here we want to highlight
some of the still open research questions related to NLP DA
methods. We summarize below the most patent research gaps
found in the NLP DA literature:

1. Lack of comparative studies between different classes
of NLP DA methods: When proposing new methods, au-
thors generally restrain their comparative assessments to
the same class of DA methods they are contributing to,
failing to contrast their findings to other existing cate-
gories of DA techniques. Works proposing variations to
the traditional BT method generally compare their results
only to other BT-based techniques. Despite BT-based meth-
ods being commonplace at the time, the work introducing
EDA [54] did not contrast EDA results against any BT-based
method, comparing it only against a no DA setting. The
same is true for MSDA methods. In [40] the authors com-
pare FMix, the proposed technique, to mixup and CutMix
— EDA and BT-based methods were left without mention.
As a consequence, there is no unified overview of how
all these NLP DA methods compare to each other in any
aspect (quality of synthesized data, performance gain, etc.).



L.FA.O. Pellicer, T.M. Ferreira and A.H.R. Costa

sample

l Controller I

Applied Soft Computing 132 (2023) 109803

> f Polic l
; N

perturb

Y Augmented

l Data I

Y

transform Data

Fig. 4. System design of AutoAugment, a technique for generating data-augmented examples using Reinforcement Learning. A Controller samples a Policy to perturb
original Data, generating Augmented Data. The artificially generated data is used for training the model, whose performance is fed back to the Controller.

Source: Adapted from [76].

Notable exceptions to this lack of comparative studies are
the works of [77,78]. However, besides being relatively
limited in the scope and number of methods compared
(between 4 and 5 on both works), these works can already
be considered somewhat outdated considering the time
when they were published and the rapid evolution of NLP
DA research landscape since then.

2. Comprehensive evaluation criteria: Contrary to what is
usual in image processing, NLP DA works rarely address
any topic beyond model performance. Qualitative evalua-
tions of the artificially generated data — are they by any
metric similar to the original data? Are they comprehensi-
ble to a human, maintaining their original content? - re-
ceive little to no attention. The works of [79,80] constitute
efforts in this direction, but both of them focus mostly in
analyzing simple DA heuristics or DA evolving simple ma-
nipulations, leaving important DA methods unmentioned.
Other simple but important practical considerations, such
as time and resource usage of competing methods, are
often not mentioned by researchers. Thus, considering the
lack of works that take these variables into account and
as highlighted in [32], enhancing the understanding of DA
methods in NLP - both in terms of qualitative assessment
as well as in practical implementation terms - constitute
an important research agenda.

3. Accessibility and Reproducibility: as noted by both [3,
32], research on NLP-applied DA has suffered from low
reproducibility, transparency and low adoption of good
practices. Researchers often do not make their code and
datasets publicly available nor report variation among re-
sults (e.g. standard deviation). As summarized by [32],
these limitations often hinder the usability of DA applica-
tions among practitioners.

In summary, to the best of our knowledge, there has not been
any research performing a thorough investigation and compari-
son of NLP DA methods in a transparent and reproducible way,
and with comprehensive evaluation criteria. We start to tackle
these research opportunities in the following sections with a
comparative analysis of NLP DA techniques.

4. Comparative analysis of NLP data augmentation techniques

In this section, we carry out a series of experiments to com-
paratively evaluate the performance of different DA algorithms in
different applications. For this, we selected algorithms that cover
families of NLP DA techniques that are widely and successfully
used, but which have not yet been compared with each other.
We selected the following algorithms:

Data Space: Character Level:
- Keyboard Errors Augmenter (QWERTY Keyboard).
e Data Space: Word Level:

- Easy Data Augmentation (EDA) [54]

- Embedding Augmenter [56] (we are using Glove-300
dimension model);

- Contextual Embedding BERT Augmenter [56];

- Self-Supervised Manifold Based Data (SSMBA) with
BERT uncased model [81].

e Data Space: Phrase Level:

- PPDB Augmenter [82,83] with Phrasal, Lexical and Syn-
tactic rules with medium English package.?

e Data Space: Document Level:

- Back-Translation (English to Czech for more diver-
sity [61]);

Deep Back Translation (English to Czech to Russian,
again in order to achieve more diversity) [24];

T5 Paraphraser Parrot;

BART Paraphraser ProtAugment [75];

LAMBADA with GPT-2 language model [71].

Different criteria are used in the comparative analysis we do:
processing and time requirements, lexical diversity introduced
by the DA algorithm, semantic fidelity of the synthetic data in
relation to the original data, and performance gain in the DA task.

We did not include Feature Space DA algorithms in the com-
parison for a few main reasons. First, Data Space algorithms
are most commonly used in many problems. Secondly, analy-
ses of the diversity of the generated texts and their semantic
fidelity do not make sense to be carried out with Feature Space
techniques, as they are applied to the outputs of the neural
network layers, performing techniques such as mixup or noise
addition. So, in general, they do not generate new texts. Finally,
to test Feature Space DA algorithms, we must change not only
the training scheme, but also the classifier itself used in the tasks,
which would probably not make the comparison fair between all
algorithms.

All test code is available in the GitHub https://github.com/
lucasfaop/survey_text_augmentation repository. The algorithms
were implemented with the help of Python’s NLPAUG pack-
age [84], a library that unifies many DA algorithms.

2 Available at http://paraphrase.org/#/download.



L.FA.O. Pellicer, T.M. Ferreira and A.H.R. Costa

For a standardized comparison, we chose three benchmark
datasets of great importance in the context of NLP, described in
the next section.

4.1. Application domains and benchmark datasets

We have chosen three benchmark datasets of authentic texts
with varying complexity to solve and of great importance in the
context of NLP:

e The SemEval 2018 Task 3A datasets [85] for identifying
ironic tweets,

e The TREC question classification [86] and

e The emotions detection dataset [87].

The SemEval 2018 Task 3A [85] corpus presents 3,834 ex-
tracted actual tweets, classified into ironic (label 1) and non-
ironic (label 0), with a test dataset of 784 tweets divided into
ironic and non-ironic. Here we are dealing with a binary classi-
fication problem, and the distribution of the label is practically
balanced (50.2% of ironic tweets and 49.8% of non-ironic ones). Al-
though the problem is binary and balanced, irony identification is
complex due to many factors. Initially, irony is not an easy figure
of speech to identify; even humans make many mistakes. To find
irony is essential to interpret the entire context of the sentence
and identify possible references, complex tasks, or classification
algorithms. In addition, the texts contain emojis, abbreviations,
neologisms, links, and mentions of profiles on Twitter, all char-
acteristics that make the task more challenging. The best result
(without DA) achieves performance of 71% for F1-macro for this
task [85], using a BERT classifier (state-of-art of transformers
architecture).

The other dataset selected is the TREC question classifica-
tion [86], consisting of open-domain, fact-based questions di-
vided into broad semantic categories. The base contains 5452
questions labeled for training and another 500 questions labeled
for testing. Average length of each sentence is 10 words, vocab-
ulary size of 8700. This problem is considered easy to medium
complexity. The base response variable is what the question is
about it. The variable has 6 possible classes:

e Abbreviation: questions ask about meanings and names of
abbreviations.

e Descriptions: questions are about procedures and how they
work.

o Humans: ask for names of people and authors.

e Location: questions are about geographic places.

o Numeric: questions are about numeric data (size, weight,
dates, conversions).

o Entities: questions are about names of specific things such
as animals, colors, organs, techniques, and others.

The class distribution is 22.9% for Entities, 22.4% for Humans,
21.3% for Descriptions, 16.4% for Numerics, 15.3% for Location
and 1.5% for Abbreviation.

Finally, the last dataset chosen is the emotion recognition
dataset [87]. The dataset presents texts that represent some feel-
ings: sadness, joy, love, anger, fear, and surprise. Emotion recog-
nition or sentiment analysis is one of the most classic problems
in NLP, and we have chosen this dataset to analyze how much
Data Augmentation can improve the performance of models. The
response variable of this dataset is the emotion present in the text
with the following distribution: 35.2% of joy, 27.5% of sadness,
13.75% of anger, 10.6% of fear, 8.9% of love, and 4.05% by surprise.
This dataset is considered a medium to high complexity problem
due to the contextual similarity of some feelings.
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4.2. Data augmentation and preparation procedure

In this section, we explain the procedure for generating syn-
thetic data using DA algorithms and how we compare the algo-
rithms.

As stated before, the dataset is separated into a training
dataset and a test dataset. We separate a percentage of the
training dataset (10%, 20%, 30%, 40%, 50%, 75%, and 100%) where
we apply each of the algorithms selected in the previous section,
and we also do not apply any DA to serve as a baseline of
comparison. For each algorithm, we generate five synthetic data
for each original data. Thus, the comparison of algorithms will be
standardized.

For the Keyboard Errors Augmenter, we put the change param-
eters following the QWERTY distance of the characters, and we
defined a maximum of 30% as the limit for replacing the original
characters.

The EDA algorithm uses all operations with words and with
o = 0.05.

Changing algorithms with embedding models also use the
threshold of changing a maximum of 30% of the original words.
For example, the static Embedding Augmenter algorithm uses the
Glove model with 300 dimensions to find the most similar words.
On the other hand, the BERT algorithm uses the base BERT model
itself to generate the embeddings.

The BT and DeepBT algorithms consist of operations with the
M2-M100 multilingual translator model, which presents many
language options for translations. Model M2-M100 are using the
parameters at default values in the decoder in all tests. Traditional
BT performs operations from English to Czech, while Deep BT
performs translations from English, Czech and Russian.

The T5 Parrot and BART ProtAugment paraphrasing models are
in the default settings, with the exception of the do_diversity
parameter in Parrot. Thus, Parrot is expected to try to generate
paraphrases with greater diversity.

Finally, the LAMBADA algorithm uses a BERT classifier and
the GPT-2 language model to perform the discriminator classifier
and generator model of the technique, respectively. The BERT
classifier is trained in 2 epochs, while the GPT-2 model performs
6 epochs of fine-tuning for language conditioning. Finally, only
texts that reach a threshold of 0.5 in the classifier are kept; the
others are discarded.

The performance comparison consists of training a DistilBERT
model (basically the traditional BERT, but with fewer layers and
parameters), trained in only one epoch. For training this classifier,
we adopted the fine-tuning approach: we use the pre-trained Dis-
tilBERT model and include a new classification layer in the model
where training adjusts its weights. After training the model, we
perform inference on the testing dataset, which is never “seen” by
any algorithms. We repeated this process ten times to collect the
average performance of the algorithms. Finally, as an evaluation
metric, we use Fl-macro as a form of comparison in all three
datasets.

5. Results

In this section we start by showing some illustrative exam-
ples of how DA algorithms work. Then, we perform a series of
analyses, namely: computational cost of each algorithm, diversity
of synthetic data generated, and performance gain achieved with
the use of DA.
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Table 1
Synthesized Data generated by different DA techniques in SemEval2018.
Augmenter Label Text
Original Ironic Nothing makes me happier then getting on the highway and seeing break lights light up like a Christmas tree.
Keyboard Error Ironic N8thiMg makeq me hApLier then getting on the highway and seeiMg bGeak lightQ light up like a Christmas tree.
EDA Ironic Makes me happier then on the highway and seeing break light like a tree.
Embedding Ironic Nothing makes me emotional saner long when getting blaize on the highway and suddenly however setpieces up like a
Christmas tree.
BERT Aug Ironic Nothing makes me happier then getting on the seat and seeing highway lights light up of several floating toy.
SSMBA Ironic That makes me happier then getting on the highway and seeing my lights lit up like a christmas candle.
PPDB Ironic Nothing makes me happier subsequently targeting on the road and testing break insights reflects up like a Christmas tree.
Back translation Ironic There is nothing that would make me happier when I get on the highway and see broken lights shine like a Christmas tree.
Deep back Ironic Nothing would make me happier when I got on the highway and saw the light spreading like a Christmas tree.
translation
T5 Parrot Ironic No one makes me happier than getting on the highway and seeing the break lights light up like a christmas tree
BART ProtAugment Ironic Nothing makes me happier then getting on the highway and seeing the lights light up like a Christmas tree.
LAMBADA Ironic Nothing makes me happier then being in a bad yuppie movie
Table 2
Synthesized Data generated by different DA techniques in TREC dataset.
Augmenter Label Text
Original ENTY What films featured the character Popeye Doyle?
Keyboard error ENTY Wyat films featured the chZdacter Popeye Doyle?
EDA ENTY Films what the character Doyle?
Embedding ENTY What directing featured the often Popeye Doyle?
BERT Aug ENTY Note, what films featured the comedian character popeye doyle?
SSMBA ENTY What films have the character jessyea?
PPDB ENTY What films attracted the features Popeye Doyle?
Back translation ENTY Which films included the character of Popeye Doyle?
Deep back translation ENTY What films show the character of the pope Doyle?
T5 Parrot ENTY What movies have featured the character of popeye doyle?
BART ProtAugment ENTY What films featured Popeye Doyle as a character?
LAMBADA ENTY What films featured a Black Panther, a Superman and a Wonder Woman?
Table 3
Synthesized Data generated by different DA techniques in Emotion Recognition dataset.
Augmenter Label Text
Original Joy I can have for a treat or if i am feeling festive
Keyboard error Joy I can have for a trewt or if i am fe@lint feet7ve
EDA Joy Can I for have or if feeling am festive
Embedding Joy I can soother have for a treat or feza if cory-wright i am feeling festive
BERT Aug Joy I can have bought a treat or if may remember feeling festive
SSMBA Joy I would have for a great fare if i am feeling festive
PPDB Joy I can removed for a treat or if i bet recognizing festive
Back translation Joy I can have for treatment or when I feel a holiday
Deep back translation Joy I can be treated or if I feel holiday
T5 Parrot Joy If i'm feeling festive i can have it for a treat
BART ProtAugment Joy I can have for a treat or if i feel festive.
LAMBADA Joy I can have a lot of fun cooking and laughing

5.1. Hllustrative examples of DA algorithms

Initially, it is interesting to analyze the functioning of the
algorithms and make a more qualitative analysis of the synthetic
data obtained from the application of each DA algorithm. Tables 1,
2, and 3 show some examples of the application of DA algorithms
on original sentences in the selected datasets.

The first algorithm we look at is Keyboard Error. As explained
earlier, Keyboard Error applies random changes to characters,
simulating typos (thus being categorized at the Character Level
of the given taxonomy). In the examples, we can see the type
of transformation that the algorithm performs on the data: the
algorithm exchanges characters for other nearby characters on
the computer keyboard. Some examples of character changes are
p for I, n for m, a for w, or z, among others. Despite being a
simple technique, Keyboard Error’s impact is relatively signifi-
cant. The synthetic data obtained are difficult to read, often losing
their semantic meaning. The main idea of the algorithm is that
with the addition of this noise, the classifiers achieve a greater
generalization capacity and become more robust.

The following technique is EDA. This technique also introduces
noise into the text to make the models more robust, but at the
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word level. In the examples given in the tables, we can see the
EDA changes, such as change in word order (such as “movies”
in the TREC example) or removal of words (such as “treat” that
was deleted from the original text in the Emotion Recognition
dataset).

Other word-level algorithms are Embedding Augmenter and
Contextual BERT Embedding. Both make insertions and changes
to words by encoding embeddings of the words contained in the
original sentence. The difference between the two algorithms is
that Contextual BERT Embedding uses a dynamic (contextual)
embedding, while Embedding Augmenter uses a fixed embed-
ding. In the examples of application of the algorithms, we see
that both make substitutions and insertions of words, generally
preserving the semantic sense and the syntax of the original
sentences. The main difference between them is that Contextual
BERT Embedding makes more diverse changes, such as the adjec-
tive “comedian” or the verb “note” inserted in the TREC example.
This greater diversity is due to a dynamic embedding that allows
a complete understanding of the original phrases. However, both
algorithms can make changes that impact the original sense, as
seen in the SemEval 2018 database examples.
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SSMBA is another word-level algorithm. Using the corruption
function, masking some tokens, and applying BERT to recompose
the sentence, the algorithm can change the original sentence, but
it does not change its meaning much. The SSMBA changes are
masked token replacements in the selected examples, making
SSMBA similar to the Embedding and Contextual Bert Embedding
algorithms in the results. However, SSMBA much more preserves
the meanings of the original sentences. This balance of diversity
and fidelity of meaning is an essential characteristic of the SSMBA
augmenter.

At the phrasal-level of the DA taxonomy there is the PPDB
algorithm. This algorithm is based on many sentences and ex-
pressions with similar meanings. This collection of phrases and
expressions considers the semantic role of each word (adjective,
verb, adverb, and others). The goal is that the algorithm can
change or insert expressions with the least possible impact on
the original meaning. In the PPDB examples shown in tables, we
can see that the algorithm makes many changes to the original
sentences, changing words to expressions, such as “highway” for
“on the road” or “I am feeling” for “I bet recognizing” compared to
word-level algorithms. However, despite making several changes,
PPDB does not impact the original meaning as much as Embed-
ding or Contextual BERT Embedding, getting closer to SSMBA in
keeping the original meaning.

Finally, we present some document-level algorithms from the
DA taxonomy. Translation-based algorithms (Back Translation
(BT) and Deep Back Translation (DeepBT)) use translations to
alter the original texts. When looking at the application examples,
we noticed that the changes in the sentences are subtle and
manage to keep their original meanings well, but often they do
not offer much diversity, which can be a problem depending
on the situation. Another important note is that depending on
the quality of the translators, some translations may not be as
accurate and may include words out of context, such as “holiday”
in the Emotion Recognition examples.

Other document-level algorithms are the T5 Parrot Automatic
Paraphraser and the BART ProtAugment. Both also make subtle
changes to sentences and manage to keep the original meanings
intact. These paraphrasers are best at keeping the original mean-
ing, but they have less diversity than other algorithms. T5 Parrot
generates more diverse phrases than ProtAugment, which can be
an advantage. However, ProtAugment manages to maintain the
original semantic content of texts very well.

To complete the document-level algorithms, we present LAM-
BADA, which excels in the diversity of generated sentences —
better than any other algorithm tested. However, LAMBADA does
not undertake to maintain the meaning of the original document.
This feature can offer a significant risk of introducing unwanted
biases into the training dataset, such as generating sentences that
do not maintain the original labels.

5.2. Computational costs

This section discusses the computational effort and time to
compile DA algorithms. This comparison is essential to evaluate
the trade-off of using these algorithms to increase the perfor-
mance of ML models. We compile all algorithms using Google
Colab Pro with GPU Tesla P100-PCIE-16 GB with memory of
16 GB. We selected some criteria for comparison of computational
requirements: use of external files, external models, the require-
ment to use GPU to speed up processing, memory usage (size of
files/models in general), and processing speed. In this way, we can
have an objective notion of the most computationally expensive
algorithms, those that use more memory, and those that are faster
or slower. The Table 4 presents the complete comparison of the
algorithms.
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As we can see, Keyboard Error and EDA algorithms are the
least expensive and the fastest algorithms. These characteristics
can be competitive advantages over other algorithms. Embed-
ding and BERT Augmenter are algorithms that require moderate
memory due to their use of embeddings. However, the use of
GPU speeds up BERT Augmenter’s processing. LAMBADA is one of
the most computationally demanding algorithms, as it requires
classifier training and a language model, making it unfeasible
without the use of GPU.

We can compare algorithms with paraphrasing behavior. PPDB
is the fastest algorithm and does not need to use GPU, but it
has extensive memory usage, which can be a constraint. Those
based on translation (Back Translation or Deep Back Translation)
can use external models (such as M2M100 that we are using) or
APIs (e.g., Google Translator), but we emphasize that the use of
GPU can significantly accelerate the processing of the algorithm
with external models (not with APIs). Finally, the T5 Parrot and
BART ProtAugment paraphrasing models are recommended for
GPU usage, and have lower memory cost and higher speed than
translation-based models.

5.3. Diversity generation

Essential features in DA algorithms are their generation of
lexical diversity and semantic fidelity. DA algorithms need to
generate lexical diversity to increase the generalization power of
trained ML models. If diversity generation is low, the algorithms
may not perform satisfactorily. On the other hand, algorithms
need to present semantic fidelity, in order to be able to take
advantage of the labels of the original text, when pertinent. Note,
however, that the DA algorithms assume that the original data
do not have biases or errors; otherwise, errors and biases will
be reinforced. For example, if a text is generated with a positive
sentiment label, but in reality this text may have a negative
meaning, this error will greatly disrupt the training of sentiment
classifier models.

The assessment of lexical diversity and semantic fidelity is
complicated by the absence of objective metrics for these criteria.
The ParaBank work [88] demonstrated that an exciting metric
for lexical diversity is BLUE without brevity punishment. BLUE
is a metric widely used for translation problems whose value is
higher when the translated phrase is the same or very similar to
the reference phrase. BLUE can therefore be indicative of lexical
diversity because the smaller the BLUE between two texts, the
more they are different. Thus, we can collect the BLUE measure
between the original and synthetic texts, and the lower the value,
the more diverse the two texts are. We removed the brevity
penalty, as in the ParaBank work [88], so as not to give short texts
an advantage in the evaluation.

In the semantic fidelity criterion, we use the cosine similar-
ity in the two sentences represented by embeddings [89]. We
decided to use the trained Albert model to find semantic similar-
ities between the texts. Albert manages to generate embedding
representations in a latent space that, with the similarity of the
cosine, indicate how similar the contents of the texts are. Thus,
the greater the similarity of cosines (close to 1), the greater the
congruence of meaning between the two sentences.

Table 5 shows the results of the analysis regarding lexical
diversity and semantic fidelity.

The results show an intriguing behavior of the algorithms,
and we can group them according to their behavior. Initially, we
can observe that some algorithms have a more “conservative”
behavior in lexical diversity in order to maintain greater semantic
fidelity (high BLUE and high cosine similarity). The T5 Parrot and
BART ProtAugment paraphrasers are good examples, as seman-
tic fidelity is a vital requirement for paraphrasers. The BT and
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Computational requirements and processing time comparison between all algorithms. it/s stands for the number of iterations per

second — the higher, the faster the algorithm.

Augmenters External files External models Requires GPU Memory Processing velocity
Keyboard error No No No - 950.53 it/s
EDA Optional (Synonym file) No No - 155.71 it/s
Embedding (Glove) Yes (Glove 200d) No No 0.6 GB 0.6 it/s
BERT Aug No Yes (Bert-uncased) Yes 1.5 GB  1.08 it/s
SSMBA No Yes (Bert-uncased) Yes 09 GB 9.7 it/s
PPDB Yes (ppdb-en-all) No No 75 GB 12229 it/s
Back translation No Yes or API Yes (using model) 3.5 GB  0.94 it/s
Deep back translation No Yes or API Yes (using model) 3.5 GB  0.65 it/s
T5 Parrot No Yes (T5-paraphraser-parrot) Yes 1.3 GB 143 it/s
BART ProtAugment No Yes (bart-protaugment) Yes 08 GB  5.23it/s
LAMBADA No Yes (gpt2-uncased) Yes (training) 1.5 GB  0.89 it/s
Table 5

Comparison of lexical diversity (more diversity with low BLUE) and semantic fidelity (more fidelity with cosine similarity close to

1). BLUE w/o bp is BLUE without brevity punishment.

Dataset SemEval (Ironic dataset) TREC Emotions detection
Augmenter BLUE w/o bp Cosine Sim BLUE w/o bp Cosine Sim BLUE w/o bp Cosine Sim
Keyboard error 38.05 0.544 374 0.591 40.89 0.636
EDA 28.81 0.671 26.74 0.728 29.93 0.76
Embedding 39.08 0.607 37.6 0.684 42.02 0.654
BERT Aug 25.23 0.637 23.38 0.694 41.21 0.763
SSMBA 32.62 0.719 27.17 0.741 48.4 0.791
PPDB 49.1 0.728 41.33 0.766 409 0.771
Back Translation 48.29 0.844 41.12 0.818 26.93 0.783
Deep Back Translation 54.44 0.851 40.38 0.802 37.41 0.817
T5 Parrot 46.48 0.84 28.8 0.856 46.81 0.859
BART ProtAugment 79.13 0.936 68.71 0.896 83.94 0.951
LAMBADA 9.29 0.28 14.33 0.337 14.33 0.337

DeepBT algorithms also behave like this, which is an expected
result since ParaNet [61] and ParaBank [88] are translation-based
paraphrasers — i.e., translations are basic paraphrasers tools. An-
other algorithm with apparently conservative behavior is PPDB,
as it was also modeled to behave like a paraphraser.

In contrast, LAMBADA is an algorithm of high lexical diversity
and low semantic fidelity (low BLUE and low cosine similarity).
This result may be due to the use of the GPT language model,
since it writes new texts using only part of the original text.
Therefore, GPT does not necessarily write a text with the same
meaning as the original, even using the discriminator classifier to
exclude lower quality sentences. The classifier avoids sentences
generated with an unwanted label, but it does not prevent a
change in meaning. Thus, LAMBADA is a high-risk, high-return
strategy in relation to lexical diversity, but at the cost of lower
semantic fidelity.

Finally, the rest of the algorithms are neither lexically diverse
nor have high semantic fidelity. In this group, EDA and BERT
Augmenter stand out for better balancing the compromise be-
tween the two metrics, which can be a competitive advantage
in terms of performance. These metric values are very consistent
with our first impressions analyzing the synthetic texts generated
in Section 5.1. Thus, the metrics demonstrate that the algorithms
present the same behaviors as those inferred from the qualitative
analysis of the texts.

These metrics and assessments are relevant to verify the im-
pacts of augmentation on the data. Figs. 5 and 6 illustrate in
two different ways, t-SNE and LDA, how the algorithms act in
the Emotion Recognition dataset in relation to lexical diversity
and semantic similarity. T-Distributed Stochastic Neighbor Em-
bedding (T-SNE) is a method specifically used for visualization
purposes only. It is well suited for the visualization of high-
dimensional datasets. T-SNE is a non-linear data viewer. Linear
Discriminant Analysis (LDA) is a method that can also be used to
reduce the dimensionality of a database. It focuses on maximizing
the separability among known categories by creating projections
that make it easier to visualize these separations.
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The two figures show the augmented Emotion Recognition
dataset views for EDA, Embedding Aug, and LAMBADA (top) and
PPDB, Deep Back Translation, and BART ProtAugment (bottom).
The former were chosen because they present great lexical diver-
sity but less semantic similarity, and the latter show the opposite
with little lexical diversity but great semantic similarity.

In Fig. 5 we notice that the data generated by the DA al-
gorithms (small diamonds) are farther from the original points
(large circles of the same colors) in the algorithms at the top,
especially LAMBADA. On the other hand, for the algorithms at the
bottom, it is noticeable that the generated data is practically in
the same positions as the original data, especially BART ProtAug-
ment. This characteristic can impact the generalization capacity
of models.

In Fig. 6 the LDA projection in two dimensions shows that
the bottom algorithms present a better separability between the
classes. The effect of augmentation can be observed as follows:
the more spread out the generated data are (small diamonds),
invading clusters of different colors, the greater lexical diversity
and less semantic similarity they will have in relation to the
original data. In particular, it is observed that BART ProtAugment
presents very little lexical diversity, but high semantic similarity,
corroborating the numerical data presented in Table 5.

The two visual analyses show a major challenge for DA tech-
niques, which is to insert lexical diversity into a dataset, while
maintaining semantic similarity to preserve the labels of the orig-
inal data. This compromise between diversity and class fidelity
is not simple to resolve. Depending on the problem to which
the model is applied and the amount of data available, an algo-
rithm that generates greater lexical diversity may become more
recommendable than algorithms that generate greater semantic
similarity, and vice versa. There is no single DA technique that
should be recommended for all cases. When the designer does
not have the intuition of the most appropriate AD technique for
his data and problem, meta-learning techniques can be used, at
the expense of a higher computational cost (see Section 3.3).
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Fig. 5. T-SNE projection of the Emotion Recognition dataset with application of DA algorithms. The three upper graphs (EDA, Embedding Aug and LAMBADA) are from
algorithms with profiles with great lexical diversity but less semantic similarity, while the three lower graphs (PPDB, Deep Back Translation and BART ProtAugment)
are algorithms with little lexical diversity but great semantic similarity. The interest here lies in observing the arrangement of the generated data (small diamonds)
in relation to the original data (large circles of the same color as the generated diamonds). Those with greater lexical diversity are more spread out in space. Those
with greater semantic similarity present the diamonds on the circles of the same color. Note that LAMBADA presents greater lexical diversity and less semantic

similarity.
5.4. Performance

The last comparison is about the performance gain when using
these DA algorithms. It is relevant to review some tests performed
in these comparisons, described in Section 4.2. We separate the
training dataset into portions corresponding to percentages of the
set (10%, 20%, 30%, 40%, 50%, 75%, and 100%), then applied the
algorithms to generate five texts for each original observation.
The idea is to evaluate the performance of the system in terms of
the amount of original data. Finally, we join the original dataset
with the synthetic dataset to train a DistilBert classifier. We com-
pute the F1-macro metric in the test for comparison. We repeated
this procedure ten times for each algorithm and percentage of the
original set.

In addition to applying DA algorithms, we also perform classi-
fier training without the use of DA. In this way, the performance
of the classifier without DA serves as a baseline of comparison for
the performance gain.

Tables 6-8 show the average results of F1-macro in the clas-
sification of the test dataset in SemEval 2018, TREC, and Emotion
Recognition dataset, respectively. The first row of each table is
the algorithm’s performance without applying DA, serving as a
baseline for comparison. The tables highlight the algorithms with
the best performance with x and the second and third best with
*. The three worst algorithms are 1 highlighting.

A clear conclusion from this analysis is that DA is much more
decisive and influential in data-scarce scenarios (10%, 20% and
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30%) for the SemEval and TREC datasets. As available data in-
crease, the influence of DA decreases. For SemEval, this perfor-
mance drop ends at 50% and then increases again. However, for
the TREC dataset, the performance gain decrease continues up
to 100% of the available data. In contrast to this behavior, the
Emotion Recognition dataset has a performance increase as data
availability increases, likely due to the low amount of original
data in training.

The second conclusion is that it is not simple to indicate which
algorithm has the best performance gain. By carefully analyzing
the results, we can see that the performance of the algorithms
varies significantly, both as a function of data availability and the
datasets used.

For example, paraphrasers perform best on the Emotion
Recognition and TREC datasets, especially BART ProtAugment,
which has the most prominent performance gain of all algorithms
on a few different data percentages. However, these same al-
gorithms that stand out in the two datasets present the worst
performances in the SemEval 2018 dataset. It is not easy to justify
the difference in performance of the paraphrases in the different
datasets. The choice of DA probably depends much more on
the nature of the problem in which the DA will be used. This
conclusion is similar to the work of Data Boosting [72] which
showed that Data Boosting does not work well on some datasets
as metaphor identification.

An interesting behavior is the LAMBADA algorithm. The al-
gorithm performs better in situations with greater data scarcity
(10%, 20% or 30%), ranking among the top three algorithms in
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Fig. 6. LDA projection of the Emotion Recognition dataset with application of DA algorithms. The three upper graphs (EDA, Embedding Aug and LAMBADA) are from
algorithms with profiles with great lexical diversity but less semantic similarity, while the three lower graphs (PPDB, Deep Back Translation and BART ProtAugment)
are algorithms with little lexical diversity but great semantic similarity. The effect of augmentation can be observed in the scattering of the generated data (small
diamonds) and the distribution of the original data (large circles). While algorithms that generate data with greater lexical diversity show significant overlaps between
classes (i.e., clusters of different colors), those with greater preservation of semantics show very well-defined clusters. Note that BART ProtAugment has little lexical
diversity (the diamonds are tightly clustered) and high semantic similarity (diamonds are on those circles that have the same color).

Table 6

Comparison Performance with average and standard deviation (avg =+ sd) of F1-macro for 10 executions in SemEval 2018 dataset (irony detection). The first line
is the algorithm’s performance without the application of DA (Baseline). We have highlighted the best performing algorithms with x and the second and third best
with * in each percentage. On the other hand, the three worst algorithms are highlighted with 1.

Augmenter

Percentage

10%

20%

30%

40%

50%

75%

100%

W/o Aug (Baseline)
Keyboard error
EDA

Embedding

BERT Augment
SSMBA

PPDB

Back translation
Deep back translation
T5 Parrot

BART ProtAugment
LAMBADA

54.4% + 6.1%
60.8% + 1.7%
62.8% =+ 1.9%
61.7% + 1.2%
63.5% + 1.4%"
61.7% + 2.1%
61.4% + 2.4%
60.5% + 1.5%"
60.9% + 1.5%
58.7% + 5.8%"
60.2% + 1.9%"
62.5% + 1.5%

60.2% + 4.2%
62.9% + 2%*

64.5% + 1.3%
65.1% + 0.8%
65.3% + 1.9%x
64.1% + 0.7%
63.6% + 1.3%"
65.0% + 1.6%
64.0% + 1.8%
65.1% + 1.0%x
63.2% + 1.5%"
66.5% + 0.7%"

62% + 1.9%
63.8% + 1.5%"
64.4% + 1.7%
65.4% + 1.5%x
65.6% & 1.5%
66.1% + 1.7%"
64.8% + 1.3%
64.1% + 1.3%
65.0% + 1.3%
65.1% + 1.4%
62.7% + 1.1%}
63.6% + 0.7%"

62.8% + 2.9%
64.8% + 1.6%x
64.7% + 1.3%
65.5% + 1.6%x
67.2% + 1.5%"
64.5% + 1.1%
64.1% + 1.3%
64.0% =+ 2.0%"
64.4% + 1.1%
63.6% + 1.8%"
63.1% + 2.0%"
64.2% + 0.8%

63.8% + 1.8%
65.9% + 1.3%x
65.5% + 1.7%
65.6% + 1.7%
68.6% + 1.4%"
66.5% =+ 1.6%x
65.0% + 1.2%
64.8% + 1.6%
64.0% + 0.6%"
64.5% + 1.2%"
64.4% + 0.9%"
65.3% + 0.9%

64.3% + 1.9%
69.1% + 0.8%*
67.7% + 1.2%
68.3% & 1.3%x
68.3% + 1.0%x
69.1% + 0.8%*
65.8% + 0.7%
66.6% + 1.1%
66.9% + 1.0%
66.4% + 1.4%"
66.1% + 1.3%1
65.4% + 0.5%1

65.3% + 1.2%
69.4% + 1.5%
68.8% + 1.9%
68.1% + 1.6%
70.0% + 1.5%
70.1% + 1.3%*
66.0% + 1.1%"
68.6% + 2.2%
67.3% + 0.8%
67.1% + 1.7%}
67.6% + 1.7%
66.4% + 1.3%"

performance gain. With higher data availability (75% or 100%),
LAMBADA did not achieve the same performance compared to
other algorithms, being closer to the worst. This behavior may
be a consequence of the strategy of bringing a lot of lexical
diversity without compromising fidelity to the original meaning.
In situations with little data, more diversity may be more relevant
than in situations with more data available.

Both Contextual BERT Augmenter and SSMBA present out-
standing results over the other algorithms. The two algorithms
are closer to being the best than the worst in the different
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percentage situations and in the three datasets. This result may
indicate an excellent competitive advantage of these algorithms
over the others, suggesting that they are the most robust algo-
rithms in terms of the amount of data available and the nature of
the problem.

Finally, a very relevant conclusion is that the performance
of algorithms with a lot of data (100%) does not show such a
significant difference. This result is vital, because if it is necessary
to apply DA in a dataset with a lot of available data, as the
performance difference was not so relevant, the computationally
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Comparison Performance with average and standard deviation (avg + sd) Fl-macro 10 executions for TREC dataset. The first line is the algorithm’s performance
without the application of DA (Baseline). We have highlighted the best performing algorithms with » and the second and third best with * in each percentage. On
the other hand, the three worst algorithms are highlighted with 1.

Augmenter Percentage

10%

20%

30%

40%

50%

75%

100%

W/o Aug (Baseline) 19.5% + 5.5%
Keyboard error 56.2% + 3.2%
EDA 57.6% + 3.4%

Embedding 55.4% + 4.1%}
BERT Aug 62.4% + 1.6%*
SSMBA 63.6% & 2.1%x

PPDB 56.1% + 2.9%"
Back translation 56.7% + 6.6%
Deep back translation 52.8% + 6.9%"

29.7% + 5.2%
68.7% + 1.3%
67.3% + 1.3%"
67.6% + 1%t
68.9% + 3.3%
68.6% + 1.0%
56.7% + 3.2%"
69.3% =+ 0.8%
68% + 1.3%
68.4% + 1%
70% + 0.6%*
69.3% =+ 0.8%

49.3% + 5.4%
73.9% + 5.2%
73% + 5.1%

72.2% + 3.8%
78.6% + 6.1%
82.3% + 4.8%+
75.4% + 4.8%
71.3% + 1%1

71.7% + 1.1%"
81.8% & 4.2%x
83.5% + 4.8%"
72.3% + 0.6%"

60.6% -+ 2.9%
83.1% + 5.7%
83.9% + 1.7%
74.6% + 6.4%
85.2% =+ 0.9%
85.6% & 0.9%
71.9% + 1.2%"
73.1% + 0.9%"
72.6% + 0.8%"
86.2% & 1%

88.4% + 1.1%"
77.6% + 4.9%

65.8% =+ 2.4%
86% + 3.2%

86.2% + 1.2%
85.8% + 0.6%
86.4% + 1.2%
86.6% & 0.9%x
73.9% + 4.6%1
74.8% + 3.2%1
74% + 0.9%"

87.2% + 0.8%x
88.4% + 1%*

85.5% =+ 0.9%

70.2% + 0.8%
89.6% =+ 0.9%x
88.8% + 0.9%
88% + 1.3%
88.5% + 0.7%
87.6% + 1.6%
89.8% =+ 0.8%x
85.2% + 6%'
82.2% + 4.4%F
88.7% + 0.8%
89.8% + 1%*
87.1% + 1%'

71.8% + 0.8%
90.3% + 0.7%*
89.3% + 0.7%"
89% 4+ 1.1%1
89.7% + 0.7%
89.9% + 0.9%
90.1% =+ 0.9%:
89.5% + 1.2%
89.8% + 1%
89.6% + 0.6%
90% + 1%
88.9% + 0.8%"

T5 Parrot 62.4% + 2.2%x%

BART ProtAugment 63.9% + 2%*

LAMBADA 59.3% + 1.3%
Table 8

Comparison Performance with average and standard deviation (avg + sd) F1-macro 10 executions for Emotions Detection dataset. The first line is the algorithm’s
performance without the application of DA (Baseline). We have highlighted the best performing algorithms with * and the second and third best with * in each
percentage. The three worst performing algorithms, on the other hand, were highlighted with f.

Augmenter Percentage

10%

20%

30%

40%

50%

75%

100%

W/o Aug (Baseline) 9.7% £ 2%
Keyboard error 12.2% + 3.7%"
EDA 18.3% + 3.9%*

Embedding 13.5% + 4.3%
BERT Aug 14.1% + 4%
SSMBA 16.6% £ 4.5%x

PPDB 13.1% + 4.1%
Back translation 13.9% + 4.4%
Deep back translation 9.5% £ 2.5%

T5 Parrot 12.4% + 4.5%"
BART ProtAugment 16.1% + 3.8%x
LAMBADA 12.0% + 3.9%"

9.6% + 2.6%

21.3% + 4.6%1
23.7% + 0.3%
23.7% + 0.4%
23.9% + 0.3%x
24.1% + 0.2%x
24.4% + 2.9%*
21.6%+2.3%"
20.8% + 4.3%"
23.5% + 0.4%
23.7% + 0.5%
22.9% + 0.7%

10% + 2.8%
25.1% + 1.7%
28.8% + 4.4%
29% + 3.7%
33.3% + 6.5%:
29.8% + 3.8%
33.9% + 4%
23.8% 4+ 0.5%"
23.8% 4+ 0.5%"
27% + 3.1%
34.3% + 6%*
23.2% + 0.8%1

11.8% + 4.2%
32.4% + 7.6%
45.3% + 4.2%
43.8% + 5.3%
43.1% + 6%

46.3% & 2.7%x
45.8% & 3.3%x
26.9% + 3.2%"
24.8% + 0.7%}
41.9% + 5.5%
50.9% + 2.8%*
24.4% + 0.1%"

14.6% + 6.1%
44.6% + 5.8%
56.7% + 3.4%
53% + 3.6%

58% + 2.7%

61.6% =+ 2.4%x
58.5% = 3.5%x
35.3% + 3.1%"
29.9% + 4.6%"
51% + 2.7%

63.5% + 3.2%"
33.8% + 5.2%"

22.6% + 1.2%
65.3% + 5.3%
75.4% + 3%

745% + 2%

76.7% £ 2.1%x
77.0% £ 1.0%x
72.2% + 2.2%
62.2% + 3.6%"
55.1% 4 3.2%"
69.2% + 1.9%
79.7% + 1.6%*
56.9% + 2.1%"

24.3% + 0.3%
78.5% + 2.2%
82.3% + 0.7%
82.5% =+ 0.9%
81.7% + 0.7%
83.1% =+ 0.7%x
79.8% + 1.3%
70% 4 2.2%1
7.9% + 4%t
78.9% + 2.5%
83.7% + 0.8%*
71.4% + 1.1%"

lighter algorithms (such as EDA and Keyboard Error) become

much

more attractive in these situations.

6. Conclusions and future work

In this work, we carried out an in-depth study of DA tech-
niques in NLP, performing a systematic and comparative eval-
uation of them. We summarize below our main findings and
contributions:

1.

4,

NLP DA literature review: We carried out a comprehensive
literature review on the subject. More importantly, instead
of just providing a general overview of several works on
the DA topic, we condense and highlight the main research
gaps found in the literature.

. Systematic assessment of NLP DA techniques: by carrying

out an in depth study of various NLP DA methods, we add
to the state-of-the-art on NLP DA techniques an unprece-
dented systematic comparative study, addressing research
gap 1 discussed in Section 3.4.

. Comparative analysis of DA algorithms in terms of com-

putational efforts: This analysis makes it possible to es-
tablish compromises between the use of DA algorithms and
the gain from their application. Our results show that the
use of more expensive DA algorithms does not offset the
computational costs if there is a more significant amount of
data available. This contribution covers in part the research
gap 2 described in Section 3.4.

Assessing the impact of generating lexical diversity and
semantic fidelity: Our studies demonstrate a trade-off be-
tween text diversity and maintaining its semantic mean-
ing in the generation of synthetic data. In addition, our

tests show that DA algorithms have characteristic behav-
ior profiles that impact their performance. This contribu-
tion covers the remaining of research gap 2 described in
Section 3.4,

. Comparison of performance gain using DA: Our perfor-

mance gain comparisons allow us to analyze the advan-
tages of using DA. It was possible to verify that the use
of DA algorithms is more critical the greater the scarcity
of data. We emphasize that algorithms with low lexical
diversity but high semantic fidelity present average perfor-
mances, and algorithms with high lexical diversity and low
semantic fidelity, such as LAMBADA, are more influential in
low data availability. EDA and BERT Argumenter stand out
not only for their good balance between lexical diversity
and semantic fidelity, but also for their good performance
in various scenarios, both with high and low data avail-
ability. This contribution covers in part the research gap 2
described in Section 3.4.

. Accessibility and Reproducibility: We provide or clearly

indicate the source of the codes and databases used in
this study in order to contribute to the reproducibility
and transparency of our experiments with DA algorithms.
Also, following good research practices, we explicitly re-
port variation among results of different executions of
the same experiment. All our code is publicly available
at GitHub repository https://github.com/lucasfaop/survey
text_augmentation, with helpful library NLPAUG [84]. This
contribution covers research gap 3 described in Section 3.4.

Finally, Table 9 summarizes the advantages and disadvantages
of each of the chosen and tested algorithms.
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Table 9
Pros and Cons of all algorithms.
Augmenter Pros Cons
Keyboard error Easy and quick to use. Generated texts are difficult to read.
Low computational cost. Noise improves generalization. May lose all textual meaning.
EDA Easy and quick to use. Generated texts are difficult to read.
Low computational cost. May lose all textual meaning.
Noise improves generalization.
Embedding Easy-to-check word changes. Can insert out-of-context words.
Generated phrases retain syntax. Slow processing.
BERT Augmenter Contextual changes. Needs GPU.
Robustness. Slow processing.
SSMBA Contextual changes. Needs GPU.
Robustness. Difficult to use.
PPDB Easy and quick to use. High memory use.
Changes in words or expressions. Performance is not as good as other algorithms.
Fast processing.
Translation approaches Keeps the meaning of the sentence. Slow processing.
(Back translation and deep Generates sentences with a lot of semantic and syntactic Low diversity generation.
back translation) sense. Translation dependent.
Changes in words or expressions. Needs GPU when using a translation model.
Some APIs may be paid or with limited use.
Paraphrasers Much lighter than translator models. Needs GPU.
(T5 Parrot and BART Preserves semantics and syntax. Low diversity generation.
ProtAugment) Easy to use. Dependent on the quality of the paraphraser’s external
knowledge.
LAMBADA High level of diversity generation. High risk of changing label.

In general, it generates very clear sentences.

Better results with low data availability.

Difficult to reuse
Needs two training models.
Needs GPU.

In summary, in this work we addressed several of the most
important research gaps found in the NLP DA literature. With this
findings, we hope to encourage further use of DA as an auxiliary
method in NLP tasks and to raise NLP DA techniques to greater
maturity. In addition, we hope that this work can serve as an
inspiration and a starting point for future studies on the subject,
in order to address some of the remaining open questions on the
subject, which we summarize below and that can be explored in
future work:

1. Scarcity of mixed-example research within the NLP do-
main: despite unquestionable success in image processing
tasks [27,40,41,90], to the best of our knowledge there are
only four works applying this class of method to NLP [40,
42-44], some of which are still under revision at the time
of this writing. Therefore, little is known regarding the
efficacy of applying this family of DA techniques to NLP
problems.

2. Influence of dataset size on DA effectiveness: there is
abundant evidence that the relative gains brought by DA
methods decrease rapidly with increasing dataset size —
that is, the gains brought by DA methods tend to be rel-
evant in smaller datasets (or in fractions of the original
dataset) and marginal on larger datasets (or when using the
original full dataset) [24,54,60,70]. Further research should
deepen our understanding about this behavior and propose
methods where this trend, if present, is less pronounced.

3. Effectiveness of combined use of different DA tech-
niques: little work has been done to understand to what
extent - if any - the combined use of distinct DA methods
could benefit model performance. Two of the few works
to perform such an investigation are the works of [91]
- indicating gains when combining Back-Translation and
Switch-Out - and of [70] - showing the benefits of the
compounded use of DA techniques for Named Entity Recog-
nition tasks. Clearly, if beneficial, the combined use of
different DA techniques could bring faster advances to the

subject than developing new DA methods from scratch,
which constitutes a reasonable motivation for further re-
search.

. Policy optimization algorithm with lexical diversity and

semantic fidelity: Policy optimization algorithms could be
an exciting proposal whose reward could balance diver-
sity and semantic fidelity, similar to Data Boost [72] or
AutoAugment [19]. Thus, this new algorithm could adapt
to more conservative behaviors such as translation-based
methods, or riskier ones such as LAMBADA, as appropriate.

. Theoretical framework and systematic studies for NLP

DA techniques: some - if not most - of the proposed
NLP DA techniques are derived from heuristics, domain
knowledge and common sense, instead of formally derived.
Research would greatly profit from the development of a
formal theoretical framework to support and explain DA
methods in NLP. This could allow for better insights into
such methods and a proper understanding of the simi-
larities and differences between each technique. One of
the few works to derive its proposal - a technique called
Switch-Out - from a formal probabilistic framework is the
work of [91], proving alongside that some of the previously
proposed DA NLP methods were special cases of their more
general proposition. In regard to systematic studies, [92]
constitutes an interesting work that tries to investigate the
issue of generalization in NLP from a very structured and
methodical approach. In this work, the authors design a
series of toy learning problems to inspect the effective-
ness of DA in NLP when training on counterexamples. We
strongly believe that approaching DA NLP research using
more formal theoretical tools (like [91]) or more systematic
procedures (like [92]) constitute promising research paths.
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