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Abstract. In the last decades, the Natural Language Generation (NLG)
methods have been improved to generate text automatically. However,
based on the literature review, there are not works on generating text
for persuading people. In this paper, we propose to use the SentiGAN
framework to generate messages that are classified into levels of persua-
siveness. And, we run an experiment using the Microtext dataset for the
training phase. Our preliminary results show 0.78 of novelty on average,
and 0.57 of diversity in the generated messages.

Keywords: Text generation · SentiGAN · Persuasive message

1 Introduction

The messages used to persuade a target audience in certain domains (e.g., mar-
keting) have demonstrated to be very effective. However, the production of per-
suasive message requires a profound knowledge of receptor’s characteristics as
well as the involvement of a variety of stakeholders. For companies and organi-
zations, this translates into time and money.

Automatic text comprehension and generation are very important in the
areas of Natural Language Processing (NLP) and Natural Language Generation
(NLG) respectively. In the literature, exist different methods for automatically
generating text, which means that its operation does not require human interven-
tion. Despite this growing interest in proposing techniques and models for the
automatic text generation (e.g., [8,11,14]), there is not yet evidence on auto-
matic message generation that can be used to persuade people. Currently there
are some works that address the design of persuasive message for behavior change
(e.g., [3]), and others focused on detection of persuasion in texts or conversations
[6]. In this paper, we focus on the automatic generation of persuasive messages,
through the application of SentiGAN [11], a short text generation framework
based on Generative Adversarial Network (GAN). We consider that our work
might contribute not only to reduce time, but also to enhance the novelty and
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diversity of the generated persuasive messages in certain domains. To do this,
we exploit the Microtext corpus [13] as a training dataset, which is a database
that contains classified messages based on the Cialdini principles [2]. Moreover,
we implement two metrics for measuring how novel and diverse are the messages
generated by our approach. The paper is organized as follows: Sect. 2 discusses
the related works on text generation. Then, we present our approach in Sect. 3.
Our evaluation is reported in Sect. 4. And Sect. 5 contains the conclusions and
future work.

2 Related Works on Text Generation

Unsupervised text generation is an important research area in natural language
processing. The recurrent neural networks (RNN) are usually used for the pro-
cessing and prediction of time series. In this context, we can see a sentence as
a sequence of data (i.e., words), which is ordered according to the probability
of the next word. Over the past decade, several approaches focused on using
some varieties of RNN in text generation (e.g., [4,5,9–11]). However, RNN-
based approaches have two main drawbacks when is used to generate texts.
First, RNN-based models are always trained through the maximum likelihood
approach, which lacks exposure bias [1]. Second, the loss function is not specified
at the RNN output to ensure high sample quality. It means that these RNN-
based approaches use the loss function to train the model at a word level, when
the performance is generally evaluated at a sentence level.

Another related works are the models based on a generative adversarial
network (GAN) with a strategic gradient of reinforcement learning such as
[4,7,11,14]. For instance, SeqGAN was proposed by Yu et al. [14], which con-
fronts the generator differentiation problem by directly updating the gradient
policy. The impacts of these variations of GANs are not exceptionally diverse,
and none of these strategies can produce samples with assorted qualities.

In contrast with our proposal, all these reviewed works focus only on the text
generation, but not in the persuasiveness of the sentence. So, we propose to use
the SentiGAN model [11] to generate messages classified in different levels of
persuasiveness (i.e., using the six principles of Cialdini [2]). The SentiGan model
was proposed by Key Wang and Xiaojun Wan [11] and it is based on SeqGAN
[14], the authors used multiple generators and a discriminator with the goal of
making each generator focus on generating texts with k types of sentiment (i.e.,
k sentiment tags).

3 The Persuasive Messages Generator

As shown in Fig. 1, the core of our generator is based on the SentiGAN framework
[11], which includes K generators and one multi-class discriminator. Moreover,
as we aim to generate persuasive messages, a database containing samples of
sentences labeled accordingly to the Cialdini’s persuasive principles is needed.
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Fig. 1. The persuasive message generator based on SentiGAN [11].

In this paper, for illustrating the applicability of SentiGAN, we used an exist-
ing Microtext Corpus as our training dataset (More details about our training
dataset can be found at Sect. 4.1).

Given that the GAN model generates and classifies sequences of n words,
where n varies depending on the objective of the model. For instance, SentiGAN
consider sequences of 15 words. As our database contain a huge number of sam-
ples that exceed this number, a processing of these samples with the least-lost of
information is highly required. In our proposal, we start the (1) data process-
ing phase, by using the rolling windows technique [15]. This technique tries to
create window segments of length W from data yi, i = 1, ..., l, where l is the
length of the data. The data sequence is divided into l − W + 1 segments. For
our generator, the window size was set arbitrarily at 17 words. Thanks to this
segmentation, the size of the training data was increased as well.

Then we obtain a vocabulary, by ordering the words, contained in each per-
suasion type file, by their occurrence frequency. This vocabulary is used to encode
all the messages to be used in the training phase.

The outcome of the data processing phase is the set of processed files
classified by persuasion types.

Before starting the (2) model training phase, a pre-training on the gen-
erator and discriminator models is performed. This way, both models are able
to understand the structure of a sentence (syntactic aspect, without considering
the semantics). A benefit of the pre-training is the reduction of the training time
because our generator is not trained from scratch.

In the following, we explain the model training, by introducing the structure
and learning objectives of the SentiGAN framework, and explaining briefly
its corresponding training algorithm.

This framework uses k generators
{
Gi

(
X|S; θig

)}i=k

i=1
and a discriminator

D (X; θd), where θig, θd are the parameters of the i-th generator and discriminator
respectively. In order to initialize the generators input, we use the prior input
noise z sampled from the Pz distribution (e.g., a normal distribution).

The SentiGAN framework aims to achieve two adverse learning objectives:
i) The goal of the i-th generator Gi is to generate text with the i-th type of
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persuasion that can fool the discriminator. Specifically, it focuses on minimizing
the penalty-based target, which was one of the main contributions in this model.
ii) The goal of the discriminator is to distinguish between synthetic texts (texts
generated by the generators) and real texts with k types of persuasion (samples
from the training dataset).

We implemented the training algorithm such as specified in SentiGAN (More
details about the algorithm can be found at [11]).

4 Experiment

In this section, we present the experimental evaluation carried out with the pur-
pose of measuring the diversity and novelty of the generated persuasive messages.

4.1 Training Dataset

Due to the lack of datasets containing classified persuasive messages, in this
experiment we have used only the Microtext corpus [13] for training our gener-
ator. This unique database contains a set of hostage negotiation dialogue tran-
scripts, which are classified in 9 categories. 7 of out them are based on the Cial-
dini’s principles (i.e., commitment and consistency, liking, authority, scarcity,
reciprocity, social proof) [2] and the other two categories were: No persuasion
present and Other. Originally there are 6 principles, but the authors of the corpus
separated the principle of Commitment and Consistency into two different cate-
gories obtaining 7 types of persuasion. As part of our first analysis of the dataset,
we divided it into files according to their classification to obtain the number of
samples (messages) in each principle, which was not mentioned in [13]. Table 1
shows the overall description of Microtext corpus in terms of number of samples,
percentage and one illustrative example for each category.

From this table, we observe that 88.4% of the available samples are classified
as no persuasion present, whereas a 4.6% of samples are categorized as Others
category to represent persuasive samples that do not fit into one of the above
categories, and the 7% of the remaining samples fall into the last seven categories.

As GAN frameworks tend to have better results with large training datasets,
in this experiment, we selected the three first categories that contain more sam-
ples (commitment, liking and consistency). Thus, we trained 3 different models,
each one with a single generator. 500 samples were generated for each trained
model. And the samples with less than two words were removed.

4.2 Variables and Metrics

In the following, we present our variables that were identified in this experiment:

– Novelty: This metric provides information about how different the generated
sentences and the training corpus are. We define the novelty [12] of each
generated sentence Si as follows:

Novelty(Si) = 1 − max
{

ϕ(Si, Rj)
j=|C|
j=1

}
(1)
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Table 1. Overall description of the microtext corpus [13]

Category # Samples % Example

No Persuasion 16672 88.4% ya im smoking cigarettes and drinking coffee

Other 870 4.6% the more you fight it the worse trouble there is

Commitment 614 3.3% well give you a pack of cigarettes for one
brownie

Liking 278 1.5% okay well we appreciate you know we appreciate
your trusting us we continue to trust you

Consistency 152 0.8% <name> you told me the daughter is not going
anyplace till you spoke to your wife now we let
you talk to your wife all right

Authority 92 0.5% theres right now theres a nurse over here and
she says leave him sleep for the moment

Scarcity 79 0.4% not the point either the point is ive set some
demands and if theyre not met then the people
are going to die

Reciprocity 54 0.3% can you tell her im here on the phone with you
will she understand that

Social Proof 46 0.2% well i think if you talked to a lot of other people
in this world that you would find that thats not
the case

where C is the sentence set of the training corpus, ϕ is Jaccard similarity
function, the result value is between 0 and 1, where 1 is totally novelty and
0 is totally equal to training dataset.

– Diversity: This metric is used to see if the generator can produce a variety of
sentences. Given a collection of generated sentences S, we define the diversity
[12] of sentences Si as follows:

Diversity(Si) = 1 − max
{

ϕ(Si, Sj)
j=|S|,j �=i
j=1

}
(2)

where ϕ is the Jaccard similarity function. We calculate the maximum Jaccard
similarity between each sentence Si and other sentences in the collection, the
result value is between 0 and 1, where 1 is full diverse, and 0 is equal to
generated dataset.

Regarding our independent variables, the type of GAN framework is identi-
fied as a variable that can influence on our results, and the SentiGAN model as
our single treatment. This experiment is exploratory in nature and no specific
hypotheses have been formulated.

4.3 Results

After applying both novelty and diversity metrics, our measurement results per
category of persuasive message are shown in Table 2. Regarding novelty, we
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obtained an averaged score for the 3 models of 0.78. As the obtained values
are close to 1 (maximum value), we can consider that our generated samples of
texts have a good degree of novelty since there is a notable difference between
the training data and the generated data. Regarding diversity, the results vary
between 0.5 and 0.65, obtaining 0.65 in Consistency, which is the category with
fewer training examples in contrast to the other two categories. However, we
obtained the lowest diversity (0.5) for the Commitment category, which contains
the large number of training examples. This may be due to the large amount of
data that was used for pre-training, this data would be adding novelty to the
models with fewer samples for training.

While we were dealing with samples of our generated persuasive text, some
grammatical errors were noticed that are also present in the training data set.
We also noticed that the context and domain of each sample is related to the
base data set. Both observations highlight the importance of the quality and
characteristics of the training database.

Table 2. Measurement results of the generating models per category

Category Novelty Diversity Examples

Commitment 0.79 0.50 – no i need she helped her to the precinct

– what <name> thats if you all right but its the
same bullshit that theyd let at cops

– i dont have the police taken care of a pack of it
because of

Liking 0.78 0.56 – well i told you you could throw the gun in the
plane lets face it you coulda

– okay were gonna hear the glory to you later

– your hanging in there with us because im sure
that you understand our problem its got just

Consistency 0.77 0.65 – i dont think you can really see ya come out

– [laughs] honey who called you

– <ht02> have to do me a favor

5 Conclusions and Future Work

The aim of the present research was to examine the SentiGAN framework as
an alternative solution to automatically generate messages that can be used to
persuade a certain audience. We used an existing corpus of Microtext, whose
data were previously processed and trained to generate 500 samples for each
type of persuasion (commitment, liking, consistency), which were evaluated in
terms of novelty and diversity.
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The research has shown that our SentiGAN-based deployed generator can
produce messages with an acceptable level of novelty. However, there is still
a room to improve the diversity of our generated samples. Besides, through a
non-systematic analysis, we observed some grammatical errors in our inherited
microtext corpus generated messages. A natural progression of this work is to
assess the intelligibility and the correct classification of persuasion. Thus, the
most important limitation lies in the fact that our approach highly depends
on the training dataset quality. Further work should be carried out to create
new persuasive datasets that can be used by automatic generators in different
domains.
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