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Abstract

This paper will be a short survey on
Transformer-based Pretrained Language mod-
els, for the course in HKUST MSBD5018 Nat-
ural Language Processing. With the rise of
GPT and Bert, these models use the techniques
of transfer learning and supervised learning
in different applications. This paper will dis-
cuss the foundation technology that comes with
tranformer-based pretrained language models,
basic methodology category, and the applica-
tion trend.

1 Introduction

The most interesting and influential moment in the
history of natural language processing(NLP) devel-
opment should be the start of the SCIgen(Stribling
et al.), a an automatic CS-paper generator. It suc-
cessfully faked the paper with the conference, us-
ing the technique of N-gram, proposed by Markov
(Markov, 1913). However, this kind of old-
fashioned approach cannot deal with complicated
entity linkage. For example, apple can mean two
things, a technology company, or a fruit.

With the rise in computational power in ma-
chines and big data technology, the trend of solv-
ing NLP problems tends to be using deep learning,
and models are trained with large datasets such
as Bert(Devlin et al., 2019), RoBERTa(Liu et al.,
2019), and GPT(Radford and Narasimhan, 2018),
which aiming to solve some complicated problems
like entity linking as mentioned before.

In this paper, the basic foundation that comes
with pretrained language models will be discussed
first. Secondly, the category of transformer-based
pretrained language models, and the downstream
method will be demonstrated. Thirdly, some re-
lated application trends using transformer-based
pretrained language models are listed and predicted.
Lastly, there will be my own thoughts on the tech-
nology.

2 Motivation and Related Works

The content of the paper is mainly inspired by the
survey of Transformer-based Pretrained Models
in NLP (Kalyan et al., 2022). Among different
topics being chosen for course group project pre-
sentation, toxic span detection accounts for the
majority of topic choices. Students who chose
this topic worked on the project using the concept
of Bert(Devlin et al., 2019), RoBERTa(Liu et al.,
2019), which are actually pretrained language mod-
els in solving the problem. Also, due to the out-
break of COVID-19, the clinical NLP has got more
attention. Therefore, in the individual report, I
would like to delve into Pre-trained Language Mod-
els, explaining the basic techniques and predicted
trends.

3 Foundation

When it comes to deep learning, there are three
main approaches, namely supervised learning, un-
supervised learning, and reinforcement learning. In
NLP, although there also exist some unsupervised
approaches(Radford et al., 2019), and reinforce-
ment learning methods(Uc-Cetina et al., 2022),
these two will not be discussed in this paper. How-
ever, both corresponding research areas point out
that self-supervised learning is the main-stream,
with the fact that the nature of self-supervised
learning is similar to unsupervised learning. Self-
supervised learning is actually closely related to
pretrained language model, which has laid the foun-
dation of the whole learning process.

With a trained large scale language models, trans-
fer learning will be used to adapt the model for
use in different application, such as conversational
Al(Gao et al., 2018), and clinical area (Wu et al.,
2020). However, there is also other research point-
ing out that the models are not aligned with user
intentions (Ouyang et al., 2022). Further discussion
will be made in section 6.



3.1 Self-supervised Learning

Supervised learning is a method that when given
an input, and labels, we could find a method that
can output a good prediction, regardless the input
is seen or unseen. Supervised learning performs
well when there is a lot of data, but the trade-off
is it requires huge cost in labeling the data. Self-
supervised learning is different from that. Labels
can be learnt during the objective-oriented compu-
tation, thus saving the labeling cost.

3.2 Transfer Learning

With the fact training from scratch is computation-
ally heavy, and scarcity of data in public, transfer
learning is a technique that does not requires train-
ing from scratch. Instead, it uses existing models
to fine-tune in specific application. In the research
done by OpenAl(Sharir et al., 2020), GPT2 training
cost around $1.6 million. It is impossible for a nor-
mal developer to develop a new language model for
certain applications using such a high cost. There-
fore, the aim to reduce cost is the reason why trans-
fer learning adopts existing models when it comes
to application.

4 Pretrained Language Models

The most significant evolution in pretrained lan-
guage models is transformer based. Transformer is
introduced by Vaswani et al. (Vaswani et al., 2017),
which overcomes weakness of traditional deep
learning methods by CNN and RNN. The earlier
models are GPT (Radford and Narasimhan, 2018)
and Bert (Devlin et al., 2019), developed based
on transformer. Transformer based pretrained lan-
guage models have been classified into 4 categories
by Kalyan et al, which are the pretraining corpus,
model architecture, type of self-supervised learn-
ing, and extensions. (Kalyan et al., 2022).

For pretraining corpus, the pretrained models
can be trained with different sources, and can be
categorized into 4 domains, which are the general
corpus, social media corpus, language-based cor-
pus and domain specific. With different corpus, the
model can be trained and extended into different
application for several specific task. The table 1
shows and explains each corpus.

Corpus Explanation

General Less noisy data and in a more
formal language

Social Media | More noisy data and in infor-
mal language

Language- monolingual or multilingual

based

Domain Spe- | Aims in specific field which is

cific not cover in general corpus

Table 1: Pretrained Language Models Corpus Summary

For architecture, it can be generalized into 3
types, which are encoder, decoder, and both.

For the types of self-supervised learning (SSL),
it can be developed with the 4 techniques, which are
generative SSL, contrastive SSL, adversarial SSL,
and hybrid SSL. Refer to table 2 for explanation.

SSL Tech Explanation

Generative Helped with token prediction

Contrastive Helped with token comparison

Adversarial Helped with corrupted token
prediction

Hybrid Merge different techniques for
different purpose

Table 2: Pretrained Language Models SSL Summary

For extensions, there are numbers of different
category and list in table 3.



Extensions Explanation

Compact Aims to reduce the model size
and enhances the efficiency

Character- Aims to overcome the rare and

based misspelled words

Green Focus on environmentally-
friendly method on reduce the
cost when training

Sentence- Aims to generate better quality

based in sentence embedding

Tokenize-Free

Aims to overcome the draw-
backs brought from tokenizer,
tries without token

Large Scale

Focuses on large scale models,
by increasing number parame-
ters, training size, and etc.

Knowledge En- | Pretrained on large volume of
riched data

Long- Aims to reduce the complexity
Sequence in case of long input sequence
Efficient Aims to achieve more reliable

models with smaller training
data and model complexity

Table 3: Pretrained Language Models Extension Sum-
mary

5 Downstream Adaption

As mentioned in section 3.2, pretrained models is
heavily trained. While there is lack of data, the
model can be downstreamed to different applica-
tion. There are three approaches in pretrained lan-
guage modeling, namely feature based, fine-tuning
based, and prompt-based tuning. Figure 1 shows
all the current approaches in downstream adaption
methods.

Feature-based

Downstream Adaptation Methods

Figure 1: Downstream Adaptation Methods(Kalyan
etal., 2022)

6 Application Trend

Apart from the area of natural language processing,
transformer based pretrained learning models tech-
niques has also been applied to computer vision
(Dosovitskiy et al., 2021) and has led to a great
success. Extending such techniques to different
fields will definitely be the trend, such as Finance
(Yang et al., 2020), Legal (Chalkidis et al., 2020),
and Clinical (Wu et al., 2020)(Laparra et al., 2021).
Due to the outbreak in COVID-19, the demand of
medical system has sharply increased. In this sec-
tion, the first part will be focused on a research
on clinical usage, while some general concern and
research in current pretrained learning models will
be discussed in the second part.

6.1 Medical Application Trend

Before 2020, the main-stream of utilizing natu-
ral language processing on clinical fields is using
RNN, and CNN. Application of such technology
coincided with the exploration of potential in com-
puter vision, when the potential of transformer
based pretrained learning models had not been dis-
covered. In the report written by Wu et al in 2020
(Wu et al., 2020), Deep Learning Method was fore-
seen to become the trend in later years. To compare,
a report was published in 2021, which includes fig-
ure 2 below. Unlike the report stated in 2020, the

Main Language |

English 32

Methods ‘ Reproducibility

dofoandode 11
only data 2
other 2

Medical domains |

transformer based 20 generic N
Chinese 6 Bi-LSTWRNN/CNN 14 radiology 2
Spanish 5 stafistical (SVM...) 5 cancer 2
Russian 2 other 15 psychiatry 2
German 2 other 7
other 7

Figure 2: NLP in medical area(Laparra et al., 2021)

proportion of transformer-based language model
has become the mainstream among others methods.
Papers published describing active learning layer
on top of Bert (Shelmanov et al., 2021) are further
reviewed. The seriousness of pandemic in 2021
might account for the relatively fewer papers being
published in 2021. It is observed that a clinical
NLP workshop, (Naumann) which has been held
annually, was cancelled in 2021 but resumed in
2022. Once after the final review on 3rd June in
the workshop, the latest trend will be noticed. It is
believed that transformer based pretrained models
will continue to be the mainstream in this year’s
research.



6.2 General Concerns and Solution Trends

Although pretrained language models perform
pretty well in different aspects, concerns are raised
regarding this methodology. As stated in the pa-
per "On the Opportunities and Risks of Foundation
Models" (Bommasani et al., 2021), concerns such
as failures in certain models, Al safety, and so on,
appeared. Apart from concerns on the social as-
pect, there are some foundation issues that when
it comes to supervised learning, when giving in-
puts and predicting outputs using a large amount
of data. As everything has become a black box,
it is difficult to figure out how the Al makes spe-
cific decisions. The model size, scale, and anything
related to the model parameters are under active re-
search. (Bender et al.). Apart from researching and
reviewing on the concerns of using such method-
ology, research on solution has also been done.
As the garbage-in-garbage-out problem is applied
with the model, there is research on the handling
of data feedback, which is not desired manually.
With merging the technology with reinforcement
learning, OpenAl published a paper (Ouyang et al.,
2022) on how to match results with user-intention
using GPT-3. Therefore, apart from pointing out
the problems in language models, the next develop-
ment trend is solving problems brought by Al

7 Discussion

In the field of NLP, the major task is text transla-
tion, text clasification, chatbots, machine transla-
tion, and so on. Different models are developed
to accommodate to the different purposes of tasks.
Pretrained language models are claimed to perform
quite well, and therefore being downstreamed to
different tasks. Whether the problems are solved
using the right method are uncertain, as many other
pretrained language models exist for different spe-
cific purposes.

In a anomaly detection problem, there is a paper
stated that the majority of researchers are on the
wrong track(Wu and Keogh). To solve this problem,
deep learning is not required. Instead, the paper
stated that the basic method solves the problem
better than the deep learning method. It was based
on a question that do a ground truth is really the
truth. Although transformer based models are the
state-of-the-art solution, it is difficult to explain the
decision in the models. Moreover, training loss
is actually based on the data itself. When some
unseen data is not revealed, it is hard to predict the

cases and make the models better generalize the
problem. The most critical problem is, purpose-
specified model is able to solve the specific tasks,
but it cannot generalize all the queries.

Stepping one step backward, the reliable query
methodology is actually relational database. Struc-
tured Query Language has successfully helped
people in querying, and getting result. However
the limitation is relational database only handles
1- dimensional data. There is actually a field
called spatial, textual and multimedia databases
(Zeitler). However, when deep learning technology
like CNN, RNN is introduced, the field stopped
growing. For certain tasks, we might find the an-
swer in that field instead of NLP field, such as
generating knowledge graph. Rather then solving
problems in a see-then-solve manner, going back-
wards for universal solution may also be a solution.

8 Conclusion

In this paper, the basics and foundations of
transformer-based pretrained language models are
covered, with approaches and techniques used be-
ing categorized. The application trend of this tech-
nology in the clinical field, corresponding concerns,
and solution have also been discussed. The paper
ends with my personal opinion on the technology
and the trend. I hope this paper can bring a bet-
ter overview of this technology, and whether it is
applicable in various fields.
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