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Abstract: The goal of this research is to generate a motion-aware claim using a
deep neural network approach: sequence-to-sequence learning method. A
motion-aware claim is a sentence that is logically correlated to the motion while
preserving its grammatical structure. Our proposed model generates a motion-

aware claim in a form of one sentence and takes motion as the input also in a
form of one sentence. We use a publicly available argumentation mining dataset
that contains annotated motion and claim data. In this research, we propose a
novel approach for argument generation by employing a scheduled sampling
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strategy to make the model converge faster. The BLEU scores and questionnaire
are used to quantitatively assess the model. Our best model achieves 0.175 £
0.088 BLEU-4 score. Based on the questionnaire results, we can also derive a
conclusion that it is hard for the respondents to differentiate between the human-
made and the model-generated arguments.

Copyright © Research Institute for Intelligent Computer Systems, 2020.

1. INTRODUCTION

Argumentation is a quintessential element in our
interdependent life. It is almost impossible for
individuals to avoid argument or debate with other
individuals. Conveying a multitude of thoughts in a
logically ordered manner is the essence of
argumentation. Properly formed arguments can be a
potent instrument to influence the listeners [1].
However, research in the computational argument
has just recently dawned, despite the commonality
of argumentation in our daily life. Fortunately,
computational  linguistic ~ researchers  already
exhibited their interests in this research domain [2],
for instance, research on claim detection [3],
evidence detection [4], and stance classification [5].
Examples of research that attempt to analyze the
qualitative behavior of arguments are recognizing
insufficiently supported arguments using

All rights reserved.

Hierarchical Attention Networks (HANs) and
XGBoosts [6] and recognizing argumentative
relations using Siamese Networks [7].

Despite much proliferation in the argumentation
recognition research, the argument generation is still
not well developed. To the best of our knowledge,
the only study that focused on topic-dependent
argument generation is done in [8]. The paper
attempted to generate argument using a sentence
retrieval method. Sentences that are retrieved will
then be ordered using two machine learning tasks,
claim sentence selection and supporting sentences
ordering respectively. This system consists of a
complex processing pipeline, and as a result, this
system needs to address three different problems: (1)
identification errors, (2) polarity errors, (3) motion
format limitation. The method may also incorrectly
identify the relevant keywords of the topic/motion,
stance, and variety of debate topic. We believe that a
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different approach needs to be taken to produce an
argument close to a human-made sentence.

Deep learning is an appealing and natural answer
to tackle these problems. Deep learning algorithms
have been proven successful in many natural
language modelling tasks [9, 10, 11]. However,
generating a meaningful and coherent sentence is
still a challenging task for deep learning. The
fundamental objective of producing a sentence is to
determine a distribution over sentences in a training
corpus and use it to sample naturally formed
sentences [12]. This will potentially allow a
generation of distinct sentences which still preserve
semantic and syntactic properties of natural
sentences.

All these hidden potentials that can be achieved
and the lack of argumentation dataset, in general,
motivate us to pursue this argument generation
research. We believe that the advances in argument
generation field would greatly benefit researchers by
providing more available datasets for argument
recognition, analysis, model development, and other
general argument mining tasks. This would in return,
makes it easier to understand the creative process of
human thoughts mathematically.

General sentences generation study has been
vastly conducted in the computational language
community. A prior approach attempted to use
Recurrent Neural Network (RNN)-based encoder-
decoder (autoencoder) framework [13], for sentence
generation [14]. This framework will learn to
represent sentences into their latent representations
in encoder block; then the decoder block will
attempt to generate synthetic sentences from these
latent representations.

One immense challenge of generating realistic
sentences is due to the nature of RNNs. RNNs
generate words from previously generated words
sequentially and do not take the ground truth words
into account. As a result, error accumulates
proportional to the length of the sentence. This is a
problem known as exposure bias [15]. When
deciding the next token in the training stage, [16] a
training strategy is proposed which is called
scheduled strategy (SS), where the synthetic model
data is partially fed to the model as a prefix rather
than the true data. This training strategy helps the
model to converge faster.

In this paper, we propose the use of Sequence-to-
Sequence framework (one of deep neural network
approaches) with a scheduled strategy to generate
realistic-looking claims based on given debate topics
via GAN. Specifically, the Gated Recurrent Unit
(GRU)-based [17], Sequence-to-Sequence
framework [18] is used. We implement a Negative
Log Likelihood (NLL) loss function to train the
model. This strategy forces the model to extract

features and generates new sentences that are
grammatically correct and related to the topic.

2. RELATED WORKS

Our research is tightly related with argumentation
mining, Natural Language Generation (NLG) and
adversarial training. In argumentation mining, there
is a plethora of research that focuses on
understanding elements of debating, for instance,
research on claim detection, evidence detection, and
stance classification. However, research in
argumentation mining does not only revolve around
classification or detection, but some also focus on
qualitative assessment problem, for example,
predicting convincingness of an argument using
Bidirectional LSTM [19] and assessing the
sufficiency of an argument using CNN [20] and
HANSs and XGBoosts [6].

At the same time, NLG gains a lot of research
interest. Most of the works in natural language
generation focus on particular task domains, such as
poetry generation [21], and jokes generation [22].
Three requirements that must be fulfilled were
proposed to define a text as a poem [21]. First, a
poem should be grammatically correct. Second, the
poem must be semantically understandable. Third,
the poem should exhibit poeticness. Derivation tree
of natural language into its syntax is just an example
of many NLP techniques used by them. The research
on jokes generation uses keywords, templates, and
rules [22].

Defining the set of rules for keywords extraction
and text generation is a painstaking process. Due to
this impracticality of manual rules setting, deep
learning was introduced as a more favorable
approach in NLG. Deep learning algorithms
statistically learn to create and adjust their own set
of rules to holistically extract the input feature and
generate new linguistic data. One of the first
approaches to NLG using deep learning introduced
Recurrent Neural Network (RNN) based on encoder-
decoder (autoencoder) framework [13, 14]. This
framework learns to represent sentences into their
latent representations in encoder block; then the
decoder block attempts to generate synthetic
sentences from these latent representations. Since
this approach relies heavily on encoded latent
representations of sentences from a corpus, this
approach often fails to generate realistic sentences
from random latent representations [23, 12].

Deep generative model is making a significant
leap of progress lately, where [24] tries to provide a
view on some set of broad generative methods.
There is Adversarial Domain Adaptation (ADA)
[25] which aims to transfer prediction knowledge by
learning domain-invariant features from a source
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domain with labeled data to a target domain without
labels. The ADA trains its discriminator to
adversarially distinguish between the two domains
to achieve the domain invariance of features.
Another method of generative model is the
Variational Autoencoders (VAESs). VAEs consist of
encoder and generator networks which encode data
to a latent representation and generate samples from
latent space. The model is trained by maximizing a
variational lower bound on the log-likelihood of the
data [26].

Even though the task of a broad generative model
is gaining significant progress, argumentation
generation task with a deep generative model is still
under-developed. Besides our current work, the only
work we found on this task has been done in [8].
They used a large text data from Gigaword corpus
[27] and annotated it on the pre-processing step. The
work will first accept input of sentence and the
stance of the generated argument. The keywords on
the sentences will be detected, and then the system
will retrieve the sentences from the corpus with the
same keywords. However, we could not find other
work on argumentation generation which uses
generative model. Hence, our work can further the
advancement of argumentation generation with a
generative model.

3. PROPOSED METHODS
3.1 DATASET

In this research, we used a publicly available
dataset provided by IBM Haifa, Israel [4]. This
dataset contains 2294 labelled claims and 4690
labelled evidence for 58 different motions.
Therefore, on average one motion is connected to 39
claims as can be seen in Fig. 1.

Claims

Video game violence is not
4 related to serious aggressive
/| behavior in real life

/ Some violent video games
y may actually have a prosocial
/ /| effectin some contexts

4 o
This house believes that the sale of /

violent video games to minors / .
should be banned b

\ {

Motion

\\.\ \ Violent video games increase
\ N the violent tendencies among
\ youth

\ Violence in video games is
not causally linked with
aggressive tendencies

Figure 1 — One-to-many relations between claim and
motions

3.2 DATA PREPROCESSING

The raw data is transformed into data that is
ready to be trained on. We firstly map claim and
motion in a one-to-one form. We use a simple brute
force algorithm to do this. We read through the file
containing the claims and motions, and temporarily
save the combination as a key-value pair. The
mapping is created under 1 minute for 2294 data.

Claims and motions come in a form of array of
words. However, computation cannot be done in
string. Therefore, we need to mask each word using
computable variable, in this case, float. In order to
achieve that, we firstly tokenize all claims and
motions word-by-word and store them in an array. In
total, there are 4156 words and 4 additional special
characters: “?”, “.”, “-”, and “<SOS>”. “<SOS>"
symbolize the start of a sentence. 4160 tokens will
then be saved in a python dictionary variable along
with their indices as the dictionary key. “<SOS>”
character will be put in front of every claim
sentence. We transform every claim and motion
words into  their  corresponding indices.
Consequently, every claim and motion are now
stored in a form of an array of indices (Fig. 2). The
raw form of claims and motions (the string format of
claims and motions) are also saved in the same
dictionary variable for further monitoring purposes.

This house bans gambling .

[13, &, 7 42, 0]

Figure 2 — Example of Representation Masking

3.3 AUTOENCODERS

Autoencoder is trained to encode the input in
some representation so that the input can be
reconstructed from that representation as the output
[28]. The network is a combination of two blocks:
an encoder block and a decoder block.

Autoencoder has a hidden layer h that describes

the feature representation of the input.
Mathematically, autoencoder can be seen as:

Encoder function: h = f(x) Q)

Decoder function: r = g(h) 2

Autoencoder must learn to copy only

approximately because it often learns useful

properties of the data when it is forced to prioritize
which aspects of the input should be copied [28]. In
short, autoencoder should not be too specific and
general for it to produce useful features out of input
data. Autoencoder has become the first milestone of
many generative models such as Generative
Adversarial Network (GAN). In this research, both
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the encoder and decoder used Vanilla GRU (Gated
Recurrent  Unit) with 1024 units. We also
implemented scheduled sampling as a strategy to
help the Sequence-to-Sequence architecture training,
especially the decoder part. The calculation is as
follows:

T

log P(Y1X) = log PG/ 1X) = ) log P(ylyi ™, X)
t=1

log P(y:|yi™', X; 6) = log P(y¢|h; 6)

= f(X, 9) if t=1,

‘ fher, ye1; g)otherwise

Scheduled sampling itself is a training strategy
for RNN to handle the expected output from a prior
time step randomly as an input. Scheduled sampling
randomly replaces the generated word with the
expected output as the input for the next timestep to
prevent the exposure bias problem. An example for
this is, given the following input sequence: "<SOS>
This is a nice day."

food any find didn't  she hungry was  Mary

« - . — «— « «— «— Decode

— =

~1 t t t 1t 1t 1 f

hungry = she didn't find any food

Encode

Mary  was

Figure 3 — Visualization of Autoencoder Network to
Reconstruct a Sentence [29]

Autoencoder must learn to copy only
approximately because it often learns useful
properties of the data when it is forced to prioritize
which aspects of the input should be copied [28]. In
short, autoencoder should not be too specific and
general for it to produce useful features out of input
data. Visualization of autoencoder network to
reconstruct a sentence is presented in Figure 3.

Autoencoder has become the first milestone of
many generative models such as Generative
Adversarial Network (GAN). In this research, both
the encoder and decoder used Vanilla GRU (Gated
Recurrent Unit) with 1024 units. We also
implemented scheduled sampling as a strategy to
help the Sequence-to-Sequence architecture training,
especially the decoder part. Scheduled sampling
itself is a training strategy for RNN to handle the
expected output from a prior time step randomly as
an input. Scheduled sampling randomly replaces the
generated word with the expected output as the input
for the next timestep to prevent the exposure bias
problem. An example for this is, given the following

input sequence: "<SOS> This is a nice day."

If then the model is fed <SOS>, the model
generates a word. In a conventional RNN
architecture, the output will always be the input for
the next time step. Assuming the generated word is
wrong, the next generated word will more likely to
be wrong as well. It is what is called as exposure
bias. Scheduled sampling will replace the generated
output with the expected output randomly as the
input for the next timestep. This will help the model
to learn the pattern of the output sequence faster.

The encoder block processes a sequence of words
by extracting the feature vector of each word.
However, not every single word extracted by the
encoder block has the same level of contribution to
the sentence meaning. We implemented attention
mechanism to approximate the importance of every
single feature vector extracted by the encoder block.
Not to mention, every single output word of the
decoder will have different level of correspondence
to every input word. Hence, the output of attention
layer should be fed to every decoder cell. Our
proposed model is illustrated in Fig. 4.

Output 1 Output 2 —— Output 3

GRU gec 1 T GRU gec 2’> GRU gec 3
e
O

1 [ utput, 5 Output3
Attention
GRU enc 1 GRU enc 2 GRU enc 3

Input 1

Input 1 Input 1

Figure 4 — Proposed Model

4. RESULTS AND DISCUSSION

In this chapter, we report the evaluation results of
our argument generation system. We attempted to
experiment with the Seq2Seq model with Negative
Log Likelihood (NLL) loss. We present the loss
progression and BLEU score of the model. The data
that we extracted contains 10,226 unique words and
2,294 pairs of input-output (motion-claim).
However, 10,226 unique words caused a curse of
dimensionality problem. The softmax layer is the
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generator network which has to compute 10,226 X
output length and causes a memory problem.
Therefore, we trimmed the dictionary of words in 2
ways. First, we limit the length of the motion and
claim taken from the raw dataset source. Only the
first 25 words of each motion are taken, and ten
words of each claim are taken. Consecutively, we
trimmed the words dictionary further by analyzing
the word histogram plotting. We removed every
word that occurs under five times in the entire
corpus and finally come up with only 4,173 words.
We further analyzed the impact of this mechanism
by looking at the number of those rare words in
comparison to the entire dataset, and it is under 5%
of occurrence (4.38%). We used the "<UNK>" token
to represent the rare words that are removed.

The main reason we used Seq2Seq is that the
model allows us to manipulate the length of the
output without having to follow the length of the
input. The length of the input in every experiment is
20, and the output length is 10. We limit the length
of the output quite small to prevent the vanishing
gradient problem and exposure bias problem. As an
enhancement, we implement scheduled sampling
algorithm for each of the generator architecture. The
model also implements Adam optimizer with a
learning rate of 1le-4. Models are implemented from
scratch using Pytorch.

4.1 LOSS PROJECTION

Loss function has one thing in common, which is
the lower, the better. The following is the loss value
projection over time for our model.

Loss Through Training Steps (Seq2Seq)

8 Loss

200 300 400

Training Step (x100)

Figure 5 — Loss Graphs of Seq2Seq

As shown in Figure 5, Seq2Seq loss value
progress is not stable. This is mostly due to the
nature of RNN which is very hard to train. On top of
that, the unconventional nature of the data makes it
even harder for the model to learn. The data may
present a plethora of output variations for one input.
For instance, given an input "This house believes
that abortions should be legal,” the outputs are more

than three. If the model successfully generates an
argument that is very similar to the first output
variation, then the model loss value will be small.
But it is highly possible that the first output variation
differs a lot from the third output (i.e., the third
variation does not use the same word from the first
variation). Therefore, it is hard for the model to learn
the patterns, if there is any pattern.

4.2 BLEU SCORE

As shown in Table 1, the result of the BLEU
score is the cumulative score of unigram, bigram,
trigram, and 4-gram, while the unigram scores show
how many words are in our generated claim in the
real claim of a specific topic. With the seq2seq
model, we achieve 0.664 BLEU score of Unigram; it
shows that around 67% of the generated words are in
the real claim dataset. The bigram, trigram, and 4-
gram score are similar with the unigram, but with
the difference that the bigram score compares the
pair of words (such as that is, this house, or will ban)
with the pair of words of the real claim dataset. The
trigram and 4-gram will compare pairs of 3 words
and four words respectively. The result shows that
our model still struggles with generating sentences
the right grammatical pattern like the real claim
sentences. It is worth mentioning that the resulted
data used to count the BLEU score is randomly
selected. Therefore, replication results may vary.

We cannot make an apple-to-apple comparison to
any previous work due to the different nature of the
dataset. A research conducted before [8] focuses on
the information retrieval technique instead of the
generation technique. Hence, the dataset is also
different. Their work used data that consists of
motion sentences as the input and argument
paragraphs as the output. On the other hand, our
model uses motion sentences as the input and claim
sentences as the output.

Table 1. BLEU Score Result for Seq2Seq

Model Bleu Unigram | Bigram | Trigram | 4-
Score Gram

Seq2Seq | 0.258+ | 0.664+ 0.253 £ 0.172 £ | 0.175¢
0.109 | 0.164 0.150 0.108 0.088

4.3 SUBJECTIVE EVALUATION

For our subjective evaluation, we use
guestionnaire made with Google Form. For our
targeted groups, there are three main targets, first is
the employees from several companies, second is
students from certain university, and the third is a
group chat of deep learning enthusiasts on Slack
chat application. The questionnaire is comprised of
ten claims; five claims are randomly picked from
our dataset, and another five claims are picked from

624




Derwin Suhartono, Aryo Pradipta Gema, Suhendro Winton et al. / International Journal of Computing, 19(4) 2020, 620-628

our generated results. All motions and claims used in
our questionnaire are shown in Table 2.

Table 2. List of Motions and Claims in Subjective

responses for our subjective evaluation.

Our questionnaire requires the respondent to
answer 2 questions for all 10 claims. First is to
predict if the claim is human-made or machine
generated. The second question asks whether the
claim is in line with the motion given or not. From
40 respondents, the result we got for our model
evaluation is shown in Table 3.

Table 3. Subjective Evaluation Results

Evaluation
No Type Motion Claim
This house would |tsb|' hbetter tﬁ
1 Human |criminalize publish too muc
blasphemy than not to have
freedom
Thls_hquse bell_eves there must be no
that it is sometimes .
right for the constraints on the
2 Human free  flow  of
government o information  and
restrict freedom of id
speech deas
H:ts hou:ﬁ dgﬁlgl]i\r/:g the _Ioss of native
3 Human . species as a loss to
species should be ecotourism
protected
This house believes
that the Catholic
Church is justified|could open wide
4  |Human |in forbidding the|the way for marital
use of  barrier|infidelity
methods of
contraception
This house would
enforce term limits|new lawmakers are
5 Human |on the legislative|more vulnerable to
branch of|power by lobbyists
government
This house believes
that male infant|circumcision
6 Machine |circumcision is|without anesthetic
tantamount to child|is painful
abuse
This house would|the monarchy is an
7 Machine |abolish the|outdated and
monarchy regressive
This house believes|nuclear  weapons
. all nations have alare intended to
8 Machine right to nuclear|{deter other states
weapons from attacking
This house believes
the US is justified in|nuclear
. using  force  to|proliferation may
9 Machine prevent states from|be beneficial for
acquiring  nuclear|inducing stability
weapons
This house believes
that Europe should
weaken its austerity|the harsh austerity
10 |Machine |measures to|measures have
guarantee its|helped Greece
citizens greater
social support

We share the questionnaire to 3 different target

groups;

first one

includes fellow students on

university level, second is for the working people,
and last is to the chat group of deep learning
community on a chat application. We got 40

. Prediction Result In Iin_e with
Claim | Type Motion
Human | Machine | Yes No
1 Human 12 28 28 12
2 Human 13 27 22 18
3 Human 15 25 23 17
4 Human 18 22 24 16
5 Human 21 19 26 14
123

Human Total (39.75%%) (60%&%%) (61?0% (38.752%)
6 Machine 13 27 25 15
7 Machine 16 24 25 15
8 Machine 18 22 25 15
9 Machine 19 21 33 7
10 |Machine 21 19 30 10
Machine 87 113 138 62

Total (43.50%0) | (56.50%0) | (69%) | (319%b)
261
Total (41%23%) (58?53(;1%) (65')25% (34%?5?%)
From the result, we conclude that our

respondents have difficulties to differentiate the
human claim from the generated claim, with almost
all the prediction have balanced answers of true and
false. Our respondents could predict correctly on
generated claims (Type Machine predicted as
machine in Table 3) as much as 47.5%, 67.5%,
52.5%, 55%, and 60% respectively. These results
achieve 56.5% of average result. On the other hand,
human-made claims achieve result of 45%, 52.5%,
30%, 32.5%, and 37.5% respectively, achieving
average result of 39.5% of correct predicted result.
Despite of our generated claim having higher correct
prediction result, our model could successfully
generate an adequate sentence that is hard to
differentiate. This is because from total 400 answers
of human or machine generated claims, 58.5% of the
answers are generated claims. This means that our
generated claims and the real claims from the dataset
have similar sentence structure. And from our
second question, we can conclude that our generated
claim is in line with the motion given, with all claim
have above half of the respondents say that the
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claims are in line with the motion, specifically
achieving average result of 69% across all generated
claim.

5. CONCLUSION

Our seg2seq model with scheduled sampling
synthesizes proper and motion-aware sentences. To
guantitatively assess the model, we implemented
BLEU score as the output quality metrics. Our
model manages to achieve 0.175 + 0.088 BLEU-4
score. To accompany the BLEU score that only
guantitatively scores the grammatical structure of
the outputs, we used the questionnaire to assess the
quality of the output. We attempted to imitate the
process to assess our model's output qualitatively.
We asked the respondents to predict which one of
the real claims or synthetic claims at the same time
randomly is more "human-like" and relatable to the
motion. The questionnaire results statistically
present that the respondents cannot easily
distinguish the machine-generated claims from the
human-generated claims. For the future work, we
will further improve our model capable of
generating claim and use it as the generator block of
Generative Adversarial Network (GAN) in hopes
that we can achieve better results.
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