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Introduction

The generation of texts from human language by machines is called Automatic Text
Generation (ATG). ATG is one of the most important research topics in Natural
Language Processing (NLP). Automatic text generation is seen as a technological
development that is expected to lead to significant changes in the world. It is a key
component of language translation, question-answering systems, summarization, and
several other applications that people interact with every day (Celikyilmaz et al.,
2020). Chatbots like ChatGPT, which are very popular today, are one of the most
important examples of this, which give very good results in generating text according
to the prompts given. ChatGPT is a text generation structure that offers a very
advanced service in question and answer developed by OpenAl. Thanks to its
Transformer-based GPT large language models (LLM) (Radford et al., 2018)
structure, it provides various benefits to users in every field by generating meaningful
texts.

The model used in ATG is called the Language Model (LM). Simply, an LM learns
the probability of occurrences of the token, i.e. the desired split smallest structure
(symbol, character, or word) of a piece of text, based on given examples with
considering the features of natural languages such as grammar, syntax, and semantics.
This way, meaningful texts can be generated automatically (Caglayan, 2022).
Although ATG has been tried with different methods before, the most significant
results begin with the use of Deep Neural Network (DNN) models. New solutions are
tried over time for problems such as the analysis of language structure, the length of
words that can be associated, etc. encountered in text generation. With deep learning
coming into the picture, recurrent neural networks (RNN) e.g., long short-term
memory networks (LSTM), gated recurrent units (GRUs) methods are frequently
used. Later sequence-to-sequence learning opens up a new chapter featured by the
wide application of the encoder-decoder architecture. Although the encoder-decoder
structure was strengthened with attention mechanisms and started to be used, it was
still weak in capturing the relationship of words with each other since the language
was examined sequentially. The success of all the deep learning-based methods relies
heavily on large-scale datasets, posing a challenge for supervised and cross-domain
text generation tasks (Zhang et al., 2022). As a solution the transformer structure
(Vaswani et al., 2017), which adds the self-attention to the encoder-decoder structure
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and examines it in parallel with the relationship of the tokens, came out. Self-attention
is an attention mechanism relating different positions of a single sequence in order to
compute a representation of the sequence (Vaswani et al., 2017). The transformer
models showed big success in text generation as well as in all NLP fields. Later,
transformer-based and pre-trained language models with large text data entered our
lives. Pre-trained Large Language Models like GPT (Radford et al., 2018), BERT
(Devlin et al., 2018), etc. are the most important examples of today. Pre-trained Large
Language Models can learn to extensively model the distribution of natural language
from their many different materials, so they can generate texts of unprecedented
quality. In time while these developments in text generation continue, has also been
focused on controllable text generation.

Controllable text generation (CTG), is an important part of ATG. CTG aims to ensure
that the automatically generated texts have the desired qualities. The qualities to be
controlled can be stylistic features such as politeness, sentiment, and formality; or
maybe the characteristics of the hypothetical person writing the text, such as age,
gender, and character; or maybe the topic, keywords, and information in the content
of the text (Prabhumoye et al., 2020). As shown in Figure 1, basically CTG system
has four components: an input text (1), the control element as (C) e.g. topic, the
language model as process (P), and the generated text satisfying the control condition,
as output (O).

Input Text (1) : Topic as Control Element (C) :

" | have always been interested " " sport "

Language Model (P)

l

Generated Text as Output (O) :

" | have always been interested in playing
basketball. "

Figure 1. Example of topic-controlled text generation

In this case, the source sentence "I have always been interested” is completed based
on the specified topic condition. As an example, if the topic is determined as sports in
a topic-controlled text generation, the sentence can be completed with "in playing
basketball" in accordance with this condition.
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Given a vocabulary V, the goal of CTG is to generate a target text Y = {y1, y2, .. .,
yn}, where yn € V, with respect to a control element denoted as C. Then CTG can be
formally described as:

PY|CO)=@ly2,...,yn|C)

The specific expression of € may vary according to different tasks. As for the sentence
Y generated by the model, it is also expected to satisfy the constraint conditions while
conforming to the general natural language characteristics such as fluency, rationality,
and readability, to the greatest extent (Zhang et al., 2022).

Today, controllable text generation is made using a wide variety of models and
techniques, but in this study, the results from the literature review are grouped as
controllable text generation for style or content purposes. The aim of the study is to
examine the academic studies on controllable text generation using different models
and techniques and to collect them under the headings of style and content control.
Thus, it may useful for researchers working on this subject.

Style-Controlled Text Generation

Style is the way people do anything. Linguistic style is expressed in the choice of
words or phrases as well as syntactic structures used to convey a piece of information
(Prabhumoye, 2021). In this way, people can convey the information they want to give
in a style they want, depending on their word or sentence choice. Creating a piece of
information as text in a certain style is a fairly easy process for people. For example,
people can convey a text with the same content in a ruder or more polite style in a
matter of seconds. Gender, age, education, and personal styles, formality, politeness
can be used as styles for text. In addition sentiment, humor, and romance etc. can be
seen as different styles in texts and a text can include more than one style. However,
it is very difficult for a machine that generates automatic texts in the desired style.
Therefore, style-controlled text generation is a challenging and important study topic
in the field of CTG. Figure 2 shows an example of how to control the style of two
texts with the same content.

Language Model

Rude Polite

~.

Could you bring me a cup of tea
now, please?

Bring me a cup of tea, now!

Figure 2. Politeness-controlled text generation

Style-controlled text generation task is also called style transfer. Style transfer is the
task of rephrasing the text to contain specific stylistic properties without changing the
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intent or effect within the context (Prabhumoye, 2021). The expression of the same
emotion or thought by different personas may reveal a different style for each text.

There are many different types of tasks that we can use style transfer while generating
text in real life. One example is to generate style-controlled responses for dialogue
systems/chatbots. We can control the politeness, authority, persona of the chatbots.
Also style transfer is widely used for generating texts for emails and stories.

The politeness plays a very important role in the style of the text generated. (Madaan
et al., 2020) converts non-polite sentences to polite sentences for emails while
preserving the meaning. An example they use in their work is to replace "send me the
data™ with a more polite version of " could you please send me the data". (Prabhakaran
et al., 2014) works on emails according to control of politeness based on gender.
(Peterson et al., 2011) examines the controlling formality of emails. (Sennrich et al.,
2016) uses the English to German translation task to provide a model that can create
formal or informal sequences based on verbs and pronouns to control the politeness.
(Niu and Bansal, 2018) generates polite dialogues, their work focuses on contextual
dialogue response generation. In the task of dialogue response generation, not only
politeness but also to control emotion (Li et al., 2020), persona (Zhang et al., 2018)
(Li et al., 2016), formality, authority etc. is also required.

Gender-related style differences are also an important issue in text styles. According
to the researches, the word choices of women and men, the frequency of using
pronouns and exclamations differ (Bamman et al., 2014).

Style transfer is used to generate persona based dialog responses and generating
stylistic sentences for different type of personalities such as romantic or humorous
(Shuster et al., 2018) (L. et al., 2018), politically slanted (Prabhumoye et al., 2018) or
sentiment based like being more positive or negative (Shen et al., 2017) (Fu et al.,
2018). Also to generate stories with different emotional endings (Peng et al., 2018)
and creating them according to the different persona types (Chandu et al., 2019).

Another example is we can transfer the specific person’s style to generated text. (Xu
et al., 2017) use a phrase-based statistical model, and (Jhamtani et al., 2017) use a
standard encoder-decoder model to convert modern language to Shakespeare-style
language by treating style transfer as a translation task (Niu et al., 2018).

Style-controlled text generation is very popular subject and research is being done to
improve it day by day. The biggest challenge of style-controlled text generation is the
lack of parallel data. Also, this makes it very difficult to measure whether the
generated text has the desired properties. Since pre-trained large language models
trained with a very large corpus have a lot of information, they show improvement in
reflecting the desired style on the given prompt. However, the issue of the fact that
the generated text should be accurate and fluent as well as having all the desired
features and the methods for measuring the results needs improvement.




Current Studies in Social Sciences 2023

Content-Controlled Text Generation

Controlling what content and information the text will have is a very important
subject, as much as controlling the style. Having the desired content of an
automatically generated text is called content-controlled text generation or content
transfer task. Unless trained language models are specifically conditioned, the
contents of texts may be random rather than limited. One of the most important sub-
tasks is the topic-controlled text generation. As shown in Figure 1, the topic of the text
to be generated can be limited. When the desired topic is "sport"”, the prompt given is
completed in accordance with this topic. For example in our previously published
work on this subject, we add the topic information to the input during the language
model training (Caglayan et al., 2021). In this way, while the language model is
expected to generate user reviews according to the characteristics of the language, the
text should also be about the desired topic. (Tang et al., 2019) and (Prabhumoye et al.,
2020b) controls the topic sequence for dialogue response generation task.
Accordingly, it is possible to limit the answers generated to the desired topic. Also
(Huang et al., 2019), (Wang et al., 2019), (Yang et al., 2019), (Chang et al., 2021),
(Lin and Riedl, 2021) controls the topic sequence for story generation task.

Another important sub-task of content transfer is document grounded. In document-
grounded controlled text production, the content of the text produced is determined
by an external source. A lot of information resides in an unstructured format in the
form of books, Encyclopedias, news articles, Wikipedia articles (Prabhumoye, 2021)
and this information is used to control the content of the text to be generated. Figure
3 shows that if the continuation of the text given as input to the language model is
generated by using an external source, for example, a Wikipedia article, the content
of the generated text will be determined according to the given document.

Wikipedia Article about the

Input Text Subject

Language Model

l

Generated Text with the Additional Relevant
Information of External Document

Figure 3. Document grounded controlled text generation
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(Prabhumoye, 2021) introduces a new dataset that addresses the concerns of
grounding in conversation responses, context, and coherence for dialogue responses,
presents a dataset that has real human conversations with a grounding in a document
with Wikipedia articles about movies and generates responses. (Dinan et al., 2018)
also introduce a dataset of human-human conversations that are grounded in
Wikipedia articles. (Zhou et al., 2018) and (Ghazvininejad et al., 2018) generates
grounding the responses in external source of information for dialogue response
generation task.

The most critical difficulties in document-grounded controlled text generation are that
the documents used are generally unstructured, the extraction of information from the
document requires extra operations such as summarization, which is open to
development, and of course, the difficulty level of these operations varies according
to the length of the document. It is also very difficult to generate precisely
distinguishable texts for topic-controlled text generation. Because of all these,
content-controlled text generation is a very important research area.

Conclusion

As a result, controllable text generation is an important and challenging issue today in
terms of both style and content control. In addition to providing fluent and accurate
text generation, it is necessary to generate texts in the desired style and content. This
study was written to give general information about controllable text generation also
to explain style, and content-controlled text generation, and gather the research under
these two important headings. Nowadays, by considering these various factors,
controllable text generation studies are carried out quite a lot and the importance of
this field will increase gradually.
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