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Abstract

The current era of natural language processing
(NLP) has been defined by the prominence of
pre-trained language models since the advent
of BERT. A feature of BERT and models with
similar architecture is the objective of masked
language modeling, in which part of the input is
intentionally masked and the model is trained
to predict this piece of masked information.
Data augmentation is a data-driven technique
widely used in machine learning, including re-
search areas like computer vision and natural
language processing, to improve model per-
formance by artificially augmenting the train-
ing data set by designated techniques. Masked
language models (MLM), an essential train-
ing feature of BERT, have introduced a novel
approach to perform effective pre-training on
Transformer based models in natural language
processing tasks. Recent studies have utilized
masked language model to generate artificially
augmented data for NLP downstream tasks.
The experimental results show that Mask based
data augmentation method provides a simple
but efficient approach to improve the model per-
formance. In this paper, we explore and discuss
the broader utilization of these data augmenta-
tion methods based on MLM.

1 Introduction

Pre-trained language models (PLMs) have revolu-
tionized the field of natural language processing,
with BERT architectures standing out for their inno-
vative design and impressive performance. These
Transformer (Vaswani et al., 2017) based models,
based largely on transformer architecture, use bi-
directional representations to understand context,
thus pushing the limits of previous uni-directional
models. A distinctive feature of BERT and similar
models is the goal of masked language modeling, in
which part of the input is intentionally masked and
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the model is trained to predict this masked token.
This strategy simulates a fuller understanding of
the context and relationships between words, lead-
ing to a better understanding of language nuances
and meaning. As a result, BERT-like models have
found extensive application in a variety of NLP
tasks, such as text classification, sentiment analy-
sis, and question answering, significantly pushing
the boundaries of what machines can understand
and accomplish in the realm of human language.

NLP tasks requires a significant amount of high-
quality annotated data for several critical reasons,
primarily related to the inherent complexity of hu-
man language and the need for machine learning
models to model it effectively understand, interpret
and generate. Languages are extremely compli-
cated and complex, with countless nuances, ex-
ceptions and rules. Consisting of morphological,
syntactic, semantic, and pragmatic aspects, they
require understanding not only of the words and
phrases, but also of context, intent, and even cul-
tural or social cues. In order for an NLP model
to understand all of these elements and generate
human-like text, it must learn from a variety of
examples that show these characteristics in multi-
ple different contexts. This is where high-quality
annotated data comes into play. They provide the
models with explicit labels or additional informa-
tion that make it easier to understand the various
features of the language.

The performance of machine learning models
is highly dependent on the variety and amount of
training data. Because these models learn by iden-
tifying patterns in the input data, a larger and more
diverse data set allows the models to be exposed
to a wider range of patterns and situations. This
leads to better generalization ability and the models
can process new inputs more effectively. For exam-
ple, if you train an NLP model on annotated data
from different domains like literature, science, law,
social media, etc., it can understand and generate



texts related to each of these domains. The quality
of the annotated data is important. Poorly anno-
tated data can mislead the model during training,
resulting in suboptimal performance or even com-
pletely wrong outputs. Accurate annotations are
fundamental to supervised learning as they serve
as the basis for the model. They help models dis-
tinguish between different elements of language,
understand the relationships between words, and
understand the meaning and intent behind phrases
or sentences. Therefore, high-quality annotated
data plays a crucial role in training robust and re-
liable NLP models. It provides the rich, diverse,
and concise input the models need to learn the com-
plexities of the language, ensures their applicability
in different domains and scenarios, and acts as an
effective guide during the training process to opti-
mize their performance.

It is often difficult and expensive to obtain qual-
ity annotated text data in large volume. Traditional
and expensive way is to hire crowd workers with
target language capability to annotate data. An ex-
ample is Amazon Mechanical Turk (AMT). AMT
is a crowdsourcing service that enables individ-
uals and businesses to outsource tasks to a dis-
tributed workforce who can perform these tasks
virtually. Based on requirements, workers (known
as ‘Turkers‘) will go through target data, manu-
ally annotate it as per instructions. Once a worker
completes a Human Intelligence Task (HIT), you
can review their work, approve or reject it based
on the quality of the annotation, and then pay the
worker. With its vast, diverse workforce, AMT is
often used to create large, annotated datasets for
NLP downstream tasks. However, this annotating
method is common but very expensive. Therefore,
researchers have started exploring annotating meth-
ods at cheaper costs. Some examples are methods
that are based on distant supervision. Unlabeled
dialogue corpora in the target domain can be easily
curated from previous conversation transcripts or
collected via crowdsourcing (Budzianowski et al.,
2018; Byrne et al., 2019) with no additional cost
on human labour.

With the rise of BERT (Bidirectional Encoder
Representations from Transformers) (Devlin et al.,
2019) models in NLP, there has been a significant
leap forward in the field’s capabilities and appli-
cations. BERT’s bi-directional approach, where it
considers the context from both left and right of a
word, sets it apart from previous models. The ex-

Figure 1: Visual illustration of MLM in BERT. Dur-
ing pre-training, some tokens (about 10 – 15 percent)
are masked randomly (only one token is masked in this
example) and the model is trained to predict the cor-
rect words for all masked tokens. The model will be
updated based on the probability distribution over vocab-
ulary through MLM loss functions and backprobagation.
Numbers are for illustration purposes instead of real
model output.

periments on several NLP benchmark shows that it
allows a more accurate understanding of the mean-
ing of a word within its context, leading to im-
proved performance in a variety of tasks such as
sentiment analysis, named entity recognition, ques-
tion answering, and others. There are several data
augmentation methods that utilize these pre-trained
language models in unsupervised manners, with no
human annotation needed.

2 Related Work

In this section, we will introduce pre-trained lan-
guage models and recent data augmentation meth-
ods including data augmentation methods with
MLM.

2.1 Pre-trained Language Models
Pre-trained language models such as BERT (Devlin
et al., 2019), RoBERTa (Liu et al., 2019), XLNet
(Yang et al., 2019), BART (Lewis et al., 2020), and
T5 (Raffel et al., 2020) have revolutionized the field
of Natural Language Processing. These models
rely on transformer-based architectures and unsu-
pervised learning, and they are trained on large text
corpora to learn useful representations of language.
They can then be fine-tuned on specific tasks with
smaller amounts of task-specific data. The objec-
tive is masked language modeling is essential and
prominent in these models,

BERT (Devlin et al., 2019), Bidirectional En-
coder Representations from Transformers, was a



pioneering pre-trained language model in the field.
It is trained using a masked language modeling ob-
jective where some percentage of the input data is
masked or hidden during training, and the model is
trained to predict these masked words based on the
context provided by the unmasked words. BERT’s
MLM approach enables the model to learn a deep,
bidirectional representation of the sentence, rather
than just predicting future words in the text like
traditional language models. This improves the
model’s understanding of the context and the se-
mantic relationships between words, leading to sig-
nificant improvements on a wide range of NLP
tasks. We show a visual illustration of MLM in
BERT in Figure 1. Since BERT is a bi-directional
model, the probability of predicting the correct
masked word is dependent on known surrounding
words in the context. RoBERTa (Liu et al., 2019),
a variant of BERT developed by Meta, modifies
the training process and hyperparameters of BERT,
but still utilizes the MLM objective. RoBERTa ex-
tends the training time, uses larger mini-batches
and learning rates, and removes the next sentence
prediction objective that BERT had. These tweaks
led to improved performance, demonstrating the
impact of a well-thought-out training strategy.

XLNet (Yang et al., 2019) is a another
transformer-based model, combining the advan-
tages of BERT with autoregressive language mod-
els. It introduces a permutation-based training ob-
jective that allows it to learn the dependency of
words on both their preceding and succeeding con-
text, mitigating some of the limitations of BERT’s
MLM approach where the predicted words don’t
have an impact on each other.

T5 (Raffel et al., 2020) Text-to-Text Transfer
Transformer takes a unique approach to its pre-
training objective. Instead of employing the usual
masked language modeling, T5 treats every NLP
problem as a text generation task. This is achieved
by reframing tasks into a unified text-to-text format
where every task, be it translation, summarization,
or question answering, becomes a matter of gener-
ating the target text from the source text. During
pre-training, T5 uses a denoising autoencoder-style
objective where random spans of text are masked
out and the model learns to reconstruct the original
text. T5’s approach simplifies the application of
the model to a wide variety of tasks, as it doesn’t
require task-specific model architectures. Instead,
differences between tasks are captured purely in the

text input and output formats. As for performance,
T5 has shown state-of-the-art results on a number
of benchmark datasets across different NLP tasks.
Its scalability, coupled with the general text-to-text
approach, makes T5 a highly flexible and powerful
tool for NLP tasks, showcasing the potential of this
unified framework.

BART (Lewis et al., 2020) Bidirectional and
Auto-Regressive Transformers brings a distinctive
pre-training objective to the table. BART com-
bines the best of both worlds: the bidirectional
context learning from BERT and the sequence-to-
sequence nature of models like GPT. During pre-
training, BART corrupts the text by applying a nois-
ing function (i.e., by masking out random spans of
text, similar to T5 (Raffel et al., 2020)), and then
learns how to reconstruct the original uncorrupted
text. This objective is different from traditional
masked language modeling as it forces the model
to build an understanding of the entire sentence
structure and not just predict masked tokens inde-
pendently. BART has proven to be highly effective.
It has achieved state-of-the-art results on a variety
of benchmark datasets, including the CNN/Daily
(Nallapati et al., 2016) Mail summarization task,
the SQuAD question answering benchmark (Ra-
jpurkar et al., 2016, 2018), and others. By com-
bining the advantages of bidirectional and auto-
regressive transformers, BART has shown a robust
ability to handle a wide range of NLP tasks, high-
lighting the power of sequence-to-sequence and
denoising autoencoder-style pre-training.

Pre-trained language models have had a pro-
found impact on NLP, and the Masked Language
Modeling objective has been a critical part of their
success. By learning to predict missing words in a
sentence, models are able to gain a deeper under-
standing of language context and semantics. This
has resulted in significant performance improve-
ments across a wide range of NLP tasks, and it
continues to drive progress in the field.

Masked language modeling plays a crucial role
in these notable pre-trained language models. By
learning to fill in the masked words, language mod-
els gain a deep understanding of syntax, semantics,
and contextual relationships. Masked language
modeling serves as a self-supervised learning task
that allows models to learn from vast amounts of
unlabeled text data. This technique allows pre-
trained language models to capture the nuances
of language and generate coherent and contextual



responses when presented with incomplete or am-
biguous input. By incorporating masked language
modeling, pre-trained language models have rev-
olutionized various natural language processing
tasks such as text generation, sentiment analysis,
machine translation, and question answering.

2.2 Data Augmentation

Data augmentation (DA) is a technique used to gen-
erate additional training data in situations where
there is a lack of sufficient data. It involves vari-
ous methods, ranging from simple rule-based tech-
niques to more advanced learnable generation-
based methods. The primary objective of data aug-
mentation is to ensure that the generated data is
valid for the given task and belongs to the same
distribution as the original data (Raille et al., 2020).
This validity is determined by factors such as sim-
ilar semantics in machine translation or the same
labels in text classification as the original data. Ad-
ditionally, augmented data should also exhibit di-
versity to enhance the generalization of models for
subsequent tasks. The diversity of augmented data
can be achieved through three categories of data
augmentation methods: paraphrasing, noising, and
sampling.
Categorization

In order to ensure validity, augmented data
should also possess diversity to enhance the gener-
alization of models in subsequent tasks. This diver-
sity refers to the range of variations within the aug-
mented data. (Li et al., 2022) introduces categoriza-
tion of data augmentation methods based on the di-
versity of resulting augmented data. Paraphrasing-
based methods generate augmented data that main-
tains a limited semantic difference from the original
data by making proper and controlled changes to
sentences. The goal is to produce augmented data
that conveys very similar information as the origi-
nal. Noising-based methods introduce discrete or
continuous noise to the data while ensuring its va-
lidity. The objective of these methods is to enhance
the model’s robustness. Sampling-based methods,
on the other hand, understand the data distributions
and generate novel data samples from within these
distributions. These methods output more diverse
data and cater to a wider range of requirements in
downstream tasks, leveraging artificial heuristics
and trained models.

Paraphrases are commonly observed in natural
language, initiated from early works in NLP (Barzi-

lay and McKeown, 2001; Madnani and Dorr, 2010),
serve as alternative expressions to convey identical
information as the original form. Consequently,
utilizing paraphrasing as a technique for data aug-
mentation is a fitting approach. Paraphrasing en-
compasses multiple levels, encompassing lexical
paraphrasing, phrase paraphrasing, and sentence
paraphrasing.

Basic word-/sentence-level operations

Various basic word-level and sentence-level op-
erations can be employed to augment text data, in-
cluding insertion, deletion, substitution, and swap-
ping. Insertion, additional words or phrases are in-
serted into the original text. By inserting different
linguistic elements, such as synonyms or context-
relevant terms, the extended data can simulate dif-
ferent writing styles and increase the diversity of
the data set. (Wei and Zou, 2019; Peng et al., 2021)
This variation can allow the model to learn better
and generalize to different text types. Deletion, on
the other hand, is the removal of specific words or
phrases from the original text. This technique helps
the model focus on the most important information
by eliminating non-essential elements. This opera-
tion has been employed in various works such as
(Wei and Zou, 2019; Yu et al., 2019; Rastogi et al.,
2020) By training on augmented data with strategi-
cally deleted content, the model can become more
resilient to noise and less dependent on specific
phrases or words. Substitution is another powerful
data augmentation technique. Words are replaced
by their synonyms or similar terms. By introducing
variations in vocabulary, the model can learn to rec-
ognize and understand different word choices and
expand its language skills. (Xie et al., 2017; Wang
et al., 2018; Daval-Frerot and Weis, 2020; Lowell
et al., 2021; Regina et al., 2021) This technique
is particularly useful for improving the model’s
ability to deal with out-of-vocabulary words and to
adapt to different linguistic expressions. Swapping
is an augmentation technique that rearranges the
order of words or phrases within a sentence. By
rearranging the sequence of linguistic elements, the
model can learn to understand different sentence
structures and syntactic variations. (Wei and Zou,
2019; Zhang et al., 2020a; Longpre et al., 2020;
Rastogi et al., 2020; Howard et al., 2022) This in-
creases the model’s flexibility and understanding
of different sentence patterns, making it more effec-
tive in tackling sentence reordering or paraphrasing
tasks.



PLM backed methods
As mentioned in Section 2.1, the success of deep

pre-trained language models in recent years can
be attributed to their ability to acquire extensive
linguistic knowledge through pre-training. As a
result, these sophisticated pre-trained models have
naturally become valuable resources for data aug-
mentation purposes.

Auto-regressive models have been explored in
generating augmented data. For instance, (Peng
et al., 2021) utilizes the pre-trained GPT based
models to generate utterances and dialogue acts,
respectively, ensuring data quality through filtering.
(Queiroz Abonizio and Barbon Junior, 2020) ap-
plied DistilBERT on original sentences to generate
synthetic sentences. Transformer decoder based
model GPT-2 (Radford et al., 2019), in particular,
has gained popularity as a model for generating
augmented data. (Zhang et al., 2020a) employed
GPT-2 to generate significantly diversified aug-
mented data for extreme multi-label classification.
Another GPT-2 backed data augmentation method
LAMBDA is introduced in (Anaby-Tavor et al.,
2020). They utilize GPT-2, which is pre-trained
and fine-tuned on the training set, to generate la-
beled augmented sentences. These augmented sen-
tences are subsequently filtered using a classifier
to maintain data quality. (Kumar et al., 2020) ap-
plies a similar method without the use of a filtering
classifier. (Quteineh et al., 2020) employed a label-
conditioned GPT-2 model to generate augmented
data. (Tarjan et al., 2020) utilized GPT-2 to gener-
ate augmented data and subsequently performed to-
kenization and splited them into subwords derived
statistically, thereby avoiding vocabulary explosion
in morphologically rich languages.

To obtain augmented data, some studies employ
masked language models. For instance, (Ng et al.,
2020) utilizes a masked language model to cre-
ate both a corruption model and a reconstruction
model. The model comprises a BERT-base pre-
trained language model and a classification layer.
The BERT parameters are additionally pre-trained
on a vast Reddit dataset, ensuring a large-scale
training process. The process involves generat-
ing data points that are initially distant from the
original data manifold using the corruption model,
and subsequently using the reconstruction model
to bring those data points back to the original data
manifold, resulting in the final augmented data.
Such decoding sampling methods have also been

utilized in (Gao et al., 2022) which first masks
tokens or spans then fills in replaced tokens by
pre-trained language models.

Obtaining unlabeled raw data can be relatively
easy in certain scenarios, presenting an opportunity
to convert such data into valid, usable data and sig-
nificantly augment the overall dataset. (Thakur
et al., 2021) introduce a data augmentation ap-
proach involving fine-tuning BERT on the original
data, followed by utilizing the fine-tuned BERT to
label unlabeled sentence pairs. These augmented
data, along with the gold data, are then combined
to train SBERT (Reimers and Gurevych, 2019).
Data distillation has been utilized as part of the
self-training process (Miao et al., 2020), where
the label of unlabeled data is determined using an
iteratively updated teacher model. On question
answering tasks, (Yang et al., 2021) applies a sim-
ilar self-training method using a cross-attention-
based teacher model to determine the label for
each QA pair. SentAugment (Du et al., 2021),
a data augmentation method that leverages task-
specific query embeddings from labeled data to
retrieve sentences from a vast bank of billions of
unlabeled sentences obtained from web crawling.
In some cases, existing models from other tasks are
directly transferred to generate pseudo-parallel cor-
pora. (Montella et al., 2020) leverages Wikipedia
to access a large volume of sentences and utilizes
external information extraction package to extract
triplets from these Wikipedia sentences. Recog-
nizing BERT’s proficiency in object-property (OP)
relationship prediction and object-affordance (OA)
relationship prediction, (Zhao et al., 2020) directly
employs a fine-tuned BERT model to predict the
labels of the two samples. (Wei et al., 2022) ex-
plore data augmentation on semantically-preserved
continuous space using Transformers.

Unsupervised methods
Unsupervised methods for text data augmenta-

tion leverage unlabeled data to enhance the quan-
tity and quality of training data without relying on
explicit or extra annotations or labels. Some un-
supervised methods have been mentioned under
word-/sentence-level operations, here we discuss
methods not falling into those categories. These
methods aim to harness the inherent structure, pre-
training objectives and patterns present in the unla-
beled data to generate additional training examples.

”Mixup” methods take a different approach to
data augmentation by utilizing intermediate em-



beddings instead of generating augmented samples
in natural language text. These methods involve
sampling data in vector space (manifold) based on
existing data, potentially resulting in samples with
different labels than the original data. A prominent
feature of this group of methods is no additional
human annotation is required to construct new train-
ing samples, and resulting labels are automatically
generated after the ”mixing” process. The concept
of Mixup was initially introduced in computer vi-
sion works (Zhang et al., 2018). Mixup has found
wide application in numerous recent studies. Build-
ing upon this work, (Guo et al., 2019) proposed
two variations of Mixup specifically for sentence
classification, performing sample interpolation in
the word embedding space and interpolating the
hidden states of sentence encoders. Both varia-
tions generate interpolated samples as augmented
data. (Wu et al., 2022) propose a data augmenta-
tion method integrating Mixup strategy with MLM
that involves converting a sentence from its one-hot
representation to a controllable smoothed represen-
tation. (Kong et al., 2022) introduce a framework
for saliency map-informed textual data augmenta-
tion and regularization, which combines Dropout
and Mixup techniques to address the issue of over-
fitting in text learning.

Mixup methods for text classification are ex-
plored in (Sun et al., 2020; Si et al., 2021). (Sun
et al., 2020) introduces Transformer based Mixup
method, a combination of Mixup and transformer-
based pre-trained architecture, which is evaluated
on text classification datasets. (Chen et al., 2020a)
incorporates Mixup into Named Entity Recogni-
tion (NER) to improve performance in NER tasks.
(Chen et al., 2020b) introduce MixText, which cre-
ates augmented training samples by interpolating
text in hidden space. The method performing mix-
ing of hidden representations of examples in dif-
ferent Transformer layers. The resulting labels are
determined by mixing samples.

Machine translation has emerged as a popu-
lar method for data augmentation, leveraging its
ability to naturally paraphrase text. With the ad-
vancements in machine translation models, this
technique has found widespread application across
various tasks. Researchers have explored off-the-
shelf machine translation models on data augmen-
tation with no additional human effort on anno-
tations. Back-translation, involves translating the
original text into other languages and then trans-

Figure 2: Example of augmented samples with mask
tokens. The top first sentence is the original sentence
without any augmentation (The quick brown fox jumps
over the lazy dog in the zoo). The rest five sentences
are augmented sentences obtained by data augmenta-
tion with mask tokens in which an original word in the
original sentence is replaced with a MASK token.

lating it back to the original language to generate
augmented text. Unlike word-level methods, back-
translation doe not merely replace individual words,
but rather rewrites the entire sentence in a gener-
ated manner. (Yu et al., 2018; Xie et al., 2020; Fab-
bri et al., 2021) utilize English-French translation
models, in both directions (known as round-trip
translations), to perform back-translation on each
sentence and generate paraphrases. Lowell also in-
corporates this method as one of the unsupervised
data augmentation techniques. Additionally, Zhang
employs back-translation to obtain formal expres-
sions of the original data in the context of style
transfer tasks.

Building upon the concept of vanilla back-
translation, several studies have introduced addi-
tional features and techniques to enhance its ef-
fectiveness. In (Zhang et al., 2020b), a discrimi-
nator is employed to filter the sentences obtained
through back-translation. By applying this filter-
ing mechanism, the quality of the augmented data
is significantly improved, as only sentences sur-
passing a certain threshold are retained. (Nugent
et al., 2021) explore various softmax temperature
settings to ensure diversity in the augmented data
while preserving semantic meaning. By carefully
adjusting the temperature, they achieve a balance
between generating diverse examples and maintain-
ing the original intent. Overall, these additional
features and techniques bring improvements to the
vanilla back-translation method, ensuring diversity
and enhancing the quality of the augmented data.
DA with Mask tokens



Mask tokens are a critical component of pre-
trained language models like BERT (Devlin et al.,
2019). With BERT architecture, a small percentage
of the input tokens are randomly masked during
pre-training. These masked tokens are usually re-
placed with a special [MASK] token. We present
a visual example of MLM in Figure 2 for ease of
understanding. Using mask tokens in pre-trained
language models such as BERT enables effective
language representation learning and allows the
models to capture the contextual relationships be-
tween words and phrases, resulting in improved per-
formance on various NLP tasks. As a pre-training
strategy, mask tokens are seen by the model during
pre-training process. Mask tokens are pre-trained
to preserve contextualized information (like other
tokens) but not actually encountered in test-time
examples. Intuitively, mask token can be used in
sentences like other words without injecting unde-
sired signals in sentences under the training scheme
of BERT.

Word replacement and back-translation have
been demonstrated to be effective unsupervised
data augmentation methods for short written text
classification in previous studies (Wei and Zou,
2019; Xie et al., 2020). However, the effectiveness
of these augmentation methods is diminished when
applied to pre-trained models (Shleifer, 2019). Ad-
ditionally, the applicability of backt-ranslation is
limited in our scenario, given that translating multi-
turn dialogue is considerably more challenging
compared to short text. Recent work (Yavuz et al.,
2020) has examined the effectiveness of replacing
a portion of original word tokens with [MASK] to-
kens as a data augmentation strategy in NLP. This
technique allows for the generation of extended
examples in which certain words are escaped, pro-
viding the model with additional training instances.
(Yavuz et al., 2020) introduce MASKAUGMENT,
a controllable data augmentation that augments
text input by leveraging the pre-trained mask to-
ken from BERT model on the task of dialog act
tagging. (Lin and Ng, 2022) extend this idea and
propose a semi-supervised bootstrapping training
method for dialog breakdown detection tasks. Both
works utilize teacher-student learning scheme on
samples with different probabilities of mask token
replacement. By leveraging the pre-trained lan-
guage model’s ability to understand and contextual-
ize mask tokens, this extension method introduces
diversity and variation into the training data with-

out introducing unwanted bias or noise. This DA
approach has been shown to increase model robust-
ness, improve generalization to invisible data, and
increase performance on various downstream NLP
tasks.

Compared to the aforementioned DA methods,
mask data augmentation appears to be better suited
for pre-trained language models with MLM train-
ing objectives and demonstrate effectiveness in di-
alog tasks. This method is intuitively simple and
controllable as it only considers the position and
probability of replacement. By maintaining a low
probability of masking (Yavuz et al., 2020; Lin
and Ng, 2022), the sentences augmented with mask
tokens can retain the original meaning while under-
going natural changes.

DA with adversarial training
NLP data augmentation with adversarial training

has emerged as a promising technique to improve
the robustness and performance of NLP models.
Adversarial training involves generating adversar-
ial examples or perturbations that aim to deceive
the model while preserving the original meaning
or intent of the text. In the context of NLP, these
adversarial examples can be created by applying
various techniques but not limited to synonym sub-
stitution, word deletion, or sentence modification
to the original text.

(Cheng et al., 2020) constructs adversarial sam-
ples based on the original samples following
(Cheng et al., 2019) and then applies two Mixup
strategies. (Qu et al., 2021) combines back-
translation with adversarial training. (Morris et al.,
2020) introduce an off-the-shelf framework for de-
veloping data augmentation with adversarial at-
tacks covering various attack recipes from liter-
ature(Li et al., 2019; Jin et al., 2020). This integra-
tion allows them to synthesize augmented examples
that are both diverse and informative, incorporating
multiple transformations to enrich the data. The
goal of adversarial data augmentation is to expose
the model to challenging and diverse examples that
mimic real-world linguistic variations and potential
attacks. By incorporating these adversarial exam-
ples into the training data, NLP models can learn
to handle and generalize better to such variations,
making them more robust and reliable in real-world
scenarios. Adversarial training not only helps mod-
els overcome the limitations of overfitting but also
enhances their ability to handle noisy or adversarial
inputs.



3 Discussion

3.1 Non-MLM Pre-trained Language Models
Nowadays, we are witnessing the rapid emergence
of a diverse array of pre-trained language mod-
els that go beyond the traditional training objec-
tive of masked language modeling. Prominent ex-
amples include models such as T5 (Raffel et al.,
2020), Flan (Chung et al., 2022) and GPT (Radford
et al., 2018, 2019). T5/Flan-T5 deviate from the
conventional approach of masked language model-
ing where individual tokens are masked. Instead,
these models employ a different masking and pre-
diction strategy that operates at the level of text
spans. In this strategy, specific spans of text are
masked, and the models are trained to predict the
correct content within those masked spans. These
models are designed with multifaceted training ob-
jectives aimed at enhancing different aspects of
language understanding and generation. In addi-
tion to incorporating masked language modeling,
these models can also integrate various other ob-
jectives such as sequence classification, document
retrieval, question-answering, and machine transla-
tion. By encompassing this diverse range of train-
ing objectives, pre-trained language models gain
the ability to capture a comprehensive understand-
ing of linguistic properties, semantic relationships,
and contextual nuances. This advancement in train-
ing objectives not only enhances the versatility and
context-awareness of these language models but
also facilitates their application across a wide spec-
trum of natural language processing tasks and do-
mains. As ongoing research and innovation in this
field continue to unfold, we can expect the emer-
gence of even more advanced pre-trained language
models, leading to significant advancements in nat-
ural language understanding and generation across
diverse domains. Incorporating mask token-based
data augmentation into the training pipeline of mod-
els like T5 and GPT is potentially feasible and ex-
plorable.

3.2 Emerging Large Language Models
The presence of large language models (LLM) like
GPT-3 family models (Brown et al., 2020; Ouyang
et al., 2022; OpenAI, 2022) and Llama (Touvron
et al., 2023) have brought both challenges and sig-
nificant impacts on data augmentation methods.

One challenge is the scalability and computa-
tional demands that come with data proliferation.
Large language models require a large amount of

training data to achieve their impressive perfor-
mance. However, generating extended data at the
same scale can be computationally intensive and
slow, requiring additional model processing and
inference. On the other hand, the influence of
large language models on data augmentation is sig-
nificant. These models have extensive linguistic
knowledge and can generate high-quality synthetic
examples using techniques such as conditional gen-
eration or controlled generation. Consequently,
data augmentation techniques can benefit from in-
tegrating these models to generate diverse and con-
textually relevant augmented data.

Additionally, large language models can serve
as powerful tools for data enrichment. By optimiz-
ing or adapting pre-trained models like GPT-3 to
specific downstream tasks, they can be used to gen-
erate advanced data tailored to the target task. This
approach allows models to learn from extended
data and potentially improve their performance on
the given task.

Moreover, large language models can also be
used for data enrichment by leveraging their em-
beds or contextual features. These embeddings can
provide valuable information about relationships
and similarities between text samples and facilitate
the development of new data enhancement strate-
gies that preserve semantic and syntactic proper-
ties.
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