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Abstract

With the proliferation of deep learning technologies, natural language generation has experienced
considerable performance improvements. However, unlike human text writing, machine text generation
has limitations in adapting the style of the generated text to the purpose (e.g., machine translation). In
this paper, we introduce RephGAN, a generative text style transfer framework. RephGAN transforms
the given text into the other style by learning unpaired, different-style text datasets. We evaluate
RephGAN on the YELP dataset by performing a style transfer in both directions between positive and
negative reviews. As a result, RephGAN shows that it rephrases in different styles while maintaining

the structure of the sentence.

I . Introduction

Natural language processing (NLP), such as machine
translation, has made tremendous strides in recent
years as a result of the availability of enormous
datasets and sophisticated computing resources.
However, it still has limitations in comparison to human
text writing, particularly a lack of style flexibility. In
other words, a person adapts their writing style to the
context of the text, whereas machine learning models
do not.

On the one hand, generative adversarial networks
(GANs) have proven their effectiveness in the computer
vision field but are still lacking in exploration in the field
of natural language processing. Unlike supervised
learning, which requires labels (i.e., discriminative
approach), GANSs that learn the distribution of datasets
themselves may be more promising for generating
human-friendly, high-dimensional data (e.g., image and
natural language).

In this paper, we demonstrate the feasibility for
generating natural language using generative
adversarial methodologies. For this, we propose
RephGAN (RephraseGAN), a generative text style
transfer method based on a generative adversarial
neural networks (GANs). ReghGAN converts one text
style to another and vice versa (i.e., cycle manner). We
evaluate RephGAN on YELP reviews [1] dataset. We
divide the sentences into positive and negative groups
and train the RephGAN to allow text to move between
the two groups. As a result, RephGAN successfully
transfers between positive and negative while keeping
sentence structure.
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Figure 1: Workflow of RephGAN
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Figure 2: Network architecture

II. Method

Overview. RephGAN seeks to change a given text of
style A into a text of style B. For this goal, our model
includes two mapping functions:

Gurp:A > B,GgypB— A
In addition, we consider two adversarial discriminators
D, and Dg that distinguish whether a given text is real
or fake. The training process is based on CycleGAN [2].
Gqop transforms the text in style A into style B at the
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end of training, while Gg,4 converts the text in style B
into style A. Figure 1 shows the workflow of RephGAN.

Network architecture. The generator takes a
sequence of words (i.e., sentence) as input and outputs
a sequence of words. It is a sequence—to—sequence
architecture with its natural language processing
efficiency. Specifically, it has two RNNs for an encoder
and a decoder, and following the decoder, it generates
final output words through a fully connected layer. The
discriminator takes a sequence of words and outputs O
or 1 (i.e., fake or real). It is based on a simple text
classifier using global average pooling layer. It consists
of embedding layer, global average pooling layer, and
fully connected layer. The network architectures of the
generator and the discriminator are illustrated in Figure
2.

Training. Our training process consists of two phases:
(i) pretraining generator and (ii) CycleGAN training. In
the pretraining generator phase, we initialize the
parameters of the generator networks to ensure stable
GAN training. Then, we train all our networks with
generators and discriminators communicating in a cycle
manner. To pretrain the generators, we employ identity
loss. When Gy, gets a sentence Sgof style B, it
preserves the style and outputs Sg as well (and vice
versa). The identity loss is as follows:

LIdt(GAZB!GBZA) =” GAZB(SB) - SB "1 + (1)
” GBZA(SA) - SA ”1
The CycleGAN training phase has three objectives: (i)
adversarial loss, (i) cycle consistency loss, and (iii)
identity loss. The identity loss is as in Equation (1), and
the adversarial loss Lyg, and cycle consistency loss
Leyc are as follows:

Ly (G,D,S,8) =1logD(S) +log (1 — D(G(S)) 2)

Lcyc(GAZB' Gpaa) = Gpoa (GAZB(SA))
+ Guzp (GBZA (SB))

where, § is a fake sentence. The full objective of
RephGAN is:

L(Gazp, Gp24, D4, Dg)
= LAdv(GAZBr Dg, Sy, §B)
+ Laav(Gp2a- Das S5, Sa) 4)
+ Leyc (Gazp) Gp2a)
+ L1at(Gazg, Ge2a)

Implementation. We implement RephGAN using
PyTorch and use the Adam [3] optimizer for updates
with a learning rate of 2E-4. During the pre-—training
generator phase and the CycleGAN training phase, we
train for 15 and 50 epochs, respectively. We set the
embedding size to 512 and the hidden dimension of the
LSTM to 512 with two layers. In addition, for further
performance improvement, we apply a teacher force [4]
mechanism to the generator in the pretraining
generator phase.
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II. Evaluation

Dataset. We evaluate RephGAN on YELP reviews
dataset. It contains 5.2M reviews, and each review
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Table 1: The result of transferring text style A to B.

# Real A (positive) Fake B (negative)

1 this place is awesome. this place is terrible.

2 it was very delicious. it was very bland.

3 will definitely be returning. will not be returning.

4 | excellent food! terrible food!

5 everyone here is fabulous. everyone here is unacceptable.
Table 2: The result of transferring text style B to A.

# Real B (negative) Fake A (positive)

1 we were all disappointed. we were all impressed.

2 the food was bad. the food was good.

3 | our food was overcooked. our food was delish.

4 i was so disappointed! i was so pleased!

5 never will be back. definitely will be back.

includes review id, user id, stars (i.e., rating), and text.
We focus on the rating and text. Specifically, we extract
all sentences in the dataset. Then, we divide into two
groups: a positive one (i.e., rating of 5) and a negative
one (i.e., rating of 1). Finally, we assign the positive
group to text style A and the negative group to style B.

Result. The results of RephGAN transferring style A
to style B and style B to style A are shown in Tables 1
and 2. We randomly select five sentences from the
validation split dataset and conduct text style transfer.
RephGAN rephrases between positive and negative by
substituting essential words while maintaining the
sentence structure.

IV. Conclusion

In this paper, we introduce RephGAN, a text style
transfer framework for machine text generation.
RephGAN learns from an unpaired dataset and maps
two styles of text with distinctive features to each other.
Consequently, RephGAN successfully transforms the
positive and negative sentences into another style in
the YELP reviews dataset.
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