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a list of identified arguments from online debates and attempted to use
unsupervised methods to create a list of common justifications for each argument
stance in each domain. We propose a model that clusters arguments by subtopics,
or justifications, and then extracts the list of representative words for argument
facets from each cluster. We were able to improve clustering performance by
using a combination of three different similarity matrices (cosine similarity
between BERT sentence embeddings, semantic textual similarity, and similarity
between topic probability distributions) for the clustering algorithm. Our
clustering produced 5%p and 7.5%p of ARI and V—measure values on average,
which outperforms previous work in two of four domains. Additionally, we used
a Transformer model to utilize the attention weights to discover argument facets,
and we observed better performances compared to the method without attention
weights. (Seoul National University)
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1. Introduction

Argument mining research aims to analyze the content and structure
of argumentative texts. To do this, one must determine the ideological
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posts' stances towards some given topic, detect the claims or arguments,
and discover the evidence or justification for making such claims. For
example, a government can check the public response to a policy and
improve it based on its pros and cons by analyzing texts on forums or
comments of news articles.

Such processes of understanding texts require various linguistic
knowledge including lexical, syntactic, semantic, and pragmatic
information. It is important to extract knowledge from the texts and
convert it to appropriate features to be applied to models for text analysis.
Several previous works of natural language processing constructed
features including the existence and frequency of n—grams
(Bag—of—words), part—of—speech tags, and dependency relations between
words. Meanwhile, the latest general—purpose pretrained language models
based on a large—scale text dataset, such as BERT (Devlin et al. 2019)
and ELMo (Peters et al., 2018), learn such information themselves without
hand—crafting linguistic features, using internal language modeling tasks
utilizing contextual information within sentences. Proper usage of
linguistic features and language models would help to process texts and
to extract important information from them.

In this work we focus on analyzing the justifications used when making
an argument, aiming to discover Argument Facets from online debates.
Argument Facet refers to the important keywords which are commonly
used in topic—relevant arguments. This corresponds to the concept of
Aspects used in review texts. For example, a review about a restaurant
may mention some common aspects for restaurants such as food, staff,
and price. Similarly, we assume that argumentative texts would also have
some common ideas to support their opinions. Based on this, we try to
understand what kind of reasons or evidence people use when discussing
ideological topics.

We deal with this problem as a twofold task: argument clustering and
identifying facet words. First, we collected sentential arguments about
ideological topics and grouped them into clusters, each consisting of
arguments with similar justifications. This enables the following process
to extract important words from sentences in each cluster representing
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a type of reason or justification for argumentative stances of texts. Then
for the second task follows as a pipeline, we applied a Transformer—based
BERT model, one of the large—scale pretrained language models, to the
arguments in each cluster to obtain attention weights assigned to each
word in the argument sentence. We extracted the words which had higher
attention weights per cluster and formed a list of representative words
from that cluster. When lists of such words are given after clustering
texts on a specific topic, we can understand how people think about the
topic based on which reason or justification.

The Transformer architecture (Vaswani et al. 2017) is based on a
multi—head self—attention mechanism, which calculates attention weights
of words in a sentence via multiple heads and layers. Here, attention
weights represent the calculated degree of attending of words to other
words in a sentence based on context information, which we considered
to be relevant to the importance of words in the sentence. The
self—attention mechanism only considers words in a current sentence,
while words in more than one sentences can be in regard in other cases.
Each head parallelly performs the computation of attention weights
repeated through several attention layers, where the output of a layer
is used as input of the next layer, updating and refining the calculated
attention weight values. BERT is one of the language models that slightly
improved the internal structure of the Transformer.

While there is not a great deal of previous work related to this topic,
most research in this area has used Hierarchical Agglomerative Clustering
to cluster arguments according to similarity. In this paper, we used our
own approach to clustering by defining three different similarities to
combine and apply to a Spectral Clustering algorithm. The similarities
between semantic vectors of sentences are constructed utilizing topic
models and Transformer—based models based on sequences of words that
compose sentences or documents. This resulted in clustering
performances better than or close to the state—of—the—art.

After this, we used attention weights calculated for each sentence by
the Transformer—based BERT model (the “BERT—Large” model (Devlin et
al. 2019)) to select semantically important words in the sentence which
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became the argument facets. Without being given any additional
information about the subtopics or justifications of arguments, our
experiments extracted the correct lists of facet words, which shows the
positive effect of using attention weights. We regard this process of
obtaining facet words as an unsupervised method to some degree since
we do not have any gold label for those words.

The experiments and analyses within this paper focus on the points
below.

¢ Constructing and combining different similarities between sentences
for a clustering algorithm utilizing linguistic knowledge can improve
the clustering of arguments.

e The attention weights assigned to each word in a sentence help
selecting important words in the context of the sentence, resulting
in the detection of facet words representing each type of justification
well.

The rest of this paper is organized as follows. Section 2 shows existing
works on argument mining, especially detection and clustering of
arguments. Section 3 illustrates the Hasan and Ng (2014) dataset we
utilized to analyze the arguments included in texts. Section 4 proposes
a clustering method using a novel combination of similarity matrices
between argumentative sentences and provides its evaluation results.
Section 5 shows our attention—based method of detecting major argument
facets from each argument cluster. Section 6 concludes with the
summarization of this paper and the future direction of improving our
methods.

2. Related Work

There has been quite a bit of research relating to approaches for
detecting topic—relevant arguments from a large corpus. Rinott et al.
(2015) obtained a ranked list of candidate context—dependent evidence
using logistic regression. Hua and Wang (2017) used a log—linear model
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with linguistic, sentiment, discourse, and style features to perform
argument detection as a ranking problem. Stab et al. (2018) constructed
a system called “ArgumenText” to retrieve sentential arguments about
given controversial topics. Finally, Reimers et al. (2019) used
state—of—the—art contextualized vectors such as BERT and ELMo with
models based on LSTM (Hochreiter and Schmidhuber 1997) for argument
detection.

Based on the identified arguments, some research tries to cluster
arguments by their contents. Argument clustering seems to be divided
into two trends: predicting the similarity between argument pairs and
grouping the arguments into separate clusters. Misra et al. (2016) provided
data, called Argument Quality (AQ) and Argument Facet Similarity (AFS),
which includes human—annotated similarities (6 scales) between argument
sentences. They predicted these similarities using several features such
as word embeddings and LIWC—based information (Pennebaker et al.,
2001). Misra et al. (2017) extracted central propositions (CP) from online
dialogs using Mechanical Turk summarization and clustered those CPs with
the Agglomerative Clustering algorithm. Reimers et al. (2019) expanded
the AFS dataset to construct the UKP Aspect Corpus, which includes
pairwise similarities of arguments. The similarities here were simplified
into 2 labels (similar or dissimilar). They predicted pairwise similarities by
two methods: with and without using Agglomerative Hierarchical
Clustering (Day and Edelsbrunner 1984). They also used contextualized
embedding models (ELMo and BERT) with TF—IDF (Salton and Buckley
1988), InferSent (Conneau et al., 2017), and GloVe (Pennington et al. 2014)
to calculate similarities.

On the other hand, BoltuZi¢ and Snajder (2015) aimed to identify
arguments using the online debate data from Hasan and Ng (2014). They
used the Hierarchical Agglomerative Clustering algorithm (Xu and Wunsch
2005) with vector—space similarities and Semantic Textual Similarities
(Agirre et al. 2012). Trabelsi and Zaiane (2019) provided a contrasting
overview of the main viewpoints of online debates and their reasonings.
Using models based on Latent Dirichlet Allocation (LDA) (Blei et al. 2003),
they constructed phrases as the basic unit of arguments and labeled them
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with (topic, viewpoint) information. Based on the information labels the
arguments were agglomeratively clustered by the number of word
overlaps between phrase pairs. Reimers et al. (2019) labeled clusters using
topic models, focusing on verb expressions to select a phrase out of each
cluster as a representative.

Following the latter of the two trends of argument clustering, we
grouped the sentential arguments representing similar justifications to
each other from Hasan and Ng (2014) by applying the Spectral Clustering
algorithm. While we utilized topic models and a contextualized embedding
model as aforementioned works, we defined different similarities between
sentences by using each model separately and combined them for
clustering. We used LDA for the topic model to construct a vector of
topic probability distribution per sentence, and the Semantic Textual
Similarity (STS) API (Han et al. 2013) we used for the second similarity
method in this paper also used a topic modeling algorithm, Latent
Semantic Analysis (LSA) (Hofmann 1999). For the embedding model, we
used a large—scale BERT model (the “BERT—Large” model (Devlin et al.
2019)).

Some works defined the concept of argument facets as aspects or
aspect terms, introducing frame which is a collection of arguments related
to the same aspect. Naderi and Hirst (2017) classified frames of news
articles using neural networks such as BILSTM (Hochreiter and
Schmidhuber 1997) and GRU (Cho et al. 2014). Ajjour et al. (2019)
identified frames by two—level of clustering (topic—level and frame—level)
using the K—means algorithm (Lloyd 1957; MacQueen 1967) based on
Euclidean distance.

Trautmann (2020) released an aspect—based argument mining (ABAM)
benchmark with an annotated corpus. In the study, aspect terms and the
stances included in the arguments are labeled and classified per token,
as a sequence labeling problem. The study also provided a list of the top
5 most common aspects for each topic, which is the intended output of
our second subtask.

Unlike most previous research, but with a slight overlap with
Trautmann (2020), we extracted important words from several arguments
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in each cluster to construct a list of argument facets. To do this, we
referenced the methods of He et al. (2017) and selected words for which
the attention model calculated high attention weights. He et al. (2017)
reconstructed the embedding vectors of sentences in review texts using
neural word embeddings and an attention model and then extracted an
inferred aspect from each document. In this work, we used the
BERT—Large model, which includes a multi—head attention model with
enough numbers of heads and layers.

3. Data

For this research, we used Hasan and Ng (2014) online debate data.
This data includes four different domains (“abortion,” “gay rights,”
‘marijuana,” “obama’) consisting of user posts organized by two different
opposing stances (‘pro” and “con”). We extracted only the data from these
posts which contained reason labels. In the paper by Hasan and Ng (2014),

» o«

they made a predefined list of reason labels for each domain and labeled
each sentence according to the justification it contained.

For example, in the ‘marijuana’ domain, there is a reason label
“p—no_damage” which is an argument used in the “pro” stance towards
marijuana legalization. A statement such as, ‘Does not cause any damage
to our bodies,” would be labeled with “p—no_damage.”

Table 1 shows the number of reason labels and extracted sentences

for each domain. Sentences which resulted in encoding errors were not
included in the data.

Table 1. The size of the Hasan and Ng (2014) corpus.

domain labels sentences
“abortion” 15 732
“gay rights’ 11 766
“marijuana’ 12 689
“obama’ 18 644
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The exhaustive list of reason labels are shown in Table 2.

Table 2. The list of reason labels of Hasan and Ng (2014).

domain pro labels con labels
p—right, p—rape,
p—not—human, c—adopt, c—kill,
p—mother_danger, c—baby_right,

“abortion” p—baby_ill_treatment, c—sex,

p—birth_ctrl, c—bad_4_mom,
p—not_murder, c—other
p—sick_mom, p—other
p—normal, c—religion,
p—right_denied, c—abnormal,

“gay rights”

p—no_threat_for_child,
p—born, p—religion,

c—threat_to_child,
c—gay_problems,

p—Other c¢—Other
prnotaddicive, | heatn, c-mind,

c—illegal, c—crime,

“marijuana’ p—legal, p—right, >
p—n0, damage c—addiction,
- ’ c¢—Other
p—Other
c—economy, c—War,
p—economy, p— War, .
; c—job, c—health,
p—republicans, . .
—decision. policies c—decision_policies,
“obama’ P - ’ c—republicans,

p—quality, p—health,
p—foreign_policies,
p—job, p—Other

c—quality,
c—foreign_policies,
c¢—Other

4. Argument Clustering
4.1. Clustering Method
4.1.1. Clustering Algorithm

In this work, we used the Spectral Clustering algorithm, which is one
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of the graph cut methods that uses the similarity between entities on a
similarity graph and removes the edges with low similarity in order to
split the graph into several subgraphs which results in similar data being
clustered together. Here, the entities represent argumentative sentences
including reason labels and the clustering process groups arguments that
are semantically similar to each other.

The K—means and Hierarchical Agglomerative Clustering algorithms,
the clustering algorithms used in previous research, were also tested, but
spectral clustering resulted in the best performance in our experiments.
The Scikit—learn library was used for implementation and the option
‘k—means” was used to assign labels in the embedding space. The number
of clusters for each domain was determined according to the number of
predefined reason labels in the Hasan and Ng (2014) data. Since using
the number of predefined labels is not a perfect unsupervised method,
determining a proper number of clusters without prior information would
be important for future works.

Since clustering algorithms require similarity or distance between
entities, we first had to implement an affinity matrix for our Spectral
Clustering process. “Affinity” here refers to the similarity between
arguments. For our spectral clustering, we defined three different
similarity matrices and combined them.

4.1.2. Argument Similarity

We used three measures of similarity in order to create our matrices:
semantic similarity between sentence embeddings (EMB), semantic textual
similarity (STS), and similarity between topic probability distributions
trained by a topic modeling algorithm, Latent Dirichlet Allocation (LDA).

— EMB: We transformed each sentential argument into a sentence
embedding using a pretrained large—scale BERT (Devlin et al. 2019)
model. BERT is a pretrained contextualized embedding model that
learns generic linguistic knowledge via language modeling on a
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large—scale text dataset. It is expected to perform well in most natural
language processing tasks. We obtained sentence embeddings for
arguments with a dimension of 1024 by averaging the embeddings of
words in the sentence. Then we calculated the cosine distances of
argument embeddings and converted them to similarities to form a
similarity matrix.

— STS: We used the UMBC Semantic Textual Similarity API (Han et al.
2013) to get the semantic similarities between our arguments. The
UMBC STS system used a topic modeling algorithm, Latent Semantic
Analysis (LSA), and an English lexical database, WordNet, for the
construction of semantic similarity features.

— LDA: We first obtained the topic distribution vector of each
argument based on an LDA model using the gensim library (Rehurek
and Sojka, 2010), and then calculated the Hellinger distances in order
to get the similarities between those topic distributions. The topic
modeling algorithm identifies topics used in documents by analyzing the
distribution of word frequency in the documents.

Because EMB and LDA are expressed in distances, we converted them
to their corresponding similarities by subtracting the distance between two
arguments from one: 1—distance(s,, s,) for pairs of sentences. We
first used EMB and STS separately to cluster the arguments and
establish a baseline and then combined EMB, STS, and LDA
similarities. This combination was calculated as the average of the
three different similarities.

Table 3. Examples of clustered arguments in the “marijuana’ domain.
The numbers listed under the predicted cluster column are arbitrary;
arguments with the same number were assigned to the same cluster.

areument predicted gold
8l cluster cluster
marijuana has evidence of pharmaceutical ..
6 p—medicine
uses, such as treatment of glaucoma.
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it 1s proven that it helps with different
things medically such as when going
through chemo it gives you appetite, it
helps with pain control

p—medicine

Cannabis has even been shown to
promote new brain cell development, and
its users report wide ranging benefits.

11

p—medicine

And don't forget so many lives ruined
with excessive mandatory sentencing of
jail times.

p—right

And even if it was harmful, how can
anyone tell me what I can and can't put
into my own body?

p—right

Also you must realize that a prohibition
simply does not work. Pot smoking is still
a very common phenomena despite it
being illegal.

p—right

if we legalize pot there wil be a sharp
increase in demand and consumption
over a period of time

c—illegal

And if we want this to be legalize, then
we will try to legalize too some harmful
substances again soon after.

c—illegal

People abuse the drug as it is. If they
legalize it, the abuse will grow
exponentially. This applies for any illegal
substance.

c—illegal

if you look up Cannabis and mental
disorders, then you'll find that cannabis
does more harm to you than good

c—mind

Marijuana causes some parts of the brain
— such as those governing the emotions,
memory and judgment — to spin out of
control

11

c—mind

it depresses them, and marijuana fits in
all of those positions

c—mind
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Table 3 shows the examples of clustered arguments from the
“marijuana’ domain. Each argument has its gold—standard cluster label
(predefined reason label by Hasan and Ng (2014)) according to its
justification, and the clustering process assigns the predicted cluster label
to the argument. The predictions in Table 3 are based on the Spectral
Clustering algorithm and the combination of the three different similarity
matrices defined above.

4.2. Evaluation

Following the example of Boltuzi¢ and Snajder (2015), we evaluated
the performance of our clustering by following two metrics: the Adjusted
Rand Index (ARI) (Hubert and Arabie 1985) and the information—theoretic
V—measure (Rosenberg and Hirschberg 2007).

4.2.1. ARI

Rand Index is a measure which shows whether two sentences are
grouped into the same cluster according to their class. It is probabilistically
adjusted to be the Adjusted Rand Index (ARI). The values range from 0
to 1, with a value close to 1 representing high clustering performance.

4.2.2. V—measure

V—measure (V) is the metric for homogeneity (/1) and completeness (c)
of clustering. Homogeneity shows how many different classes are included
in one predicted cluster. The fewer different classes included in a single
cluster, the better the clustering performance. Completeness refers to
how many members of the class are elements of the same predicted
cluster. If all data points that are members of a given class are also
elements of the same cluster, the clustered results are complete. The
value of V—measure is the harmonic mean of homogeneity and
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completeness on a scale of 0 to 1, with 1 being the best clustering
performance.

4.3. Results and Analysis

We set two baselines for clustering performance: one based on the
cosine similarity between sentential arguments’ embeddings (EMB) and
the second being the semantic textual similarity between arguments (STS).
Previous works also use EMB and STS similarities, although the specific
embedding model or API used may be different. Our performance results
are based on the average of 10 repeated experiments. Tables 4 and 5
shows the comparison of our results with the performance of Boltuzi¢
and Snajder (2015), which utilized the same dataset.

Our results showed higher clustering performance in the domains for
“abortion” and “gay rights” than previous works. Overall, combining two
similarity matrices tended to result in better clustering performance than
observed both in previous works and our own baselines. The combination
of all three similarity matrices yielded by far the best results.

Table 4. Clustering performances on the topics “abortion” and “gay rights”
compared to previous work. The highest performances from previous
work and our approach are provided in bold.

model
(linkage)
metrics h c V |ARl| h c V | ARI
BoW (complete) | .05 | .04 | .04 | .01 | .04 | .04 | .04 | .01
Bow (Ward’s) 22 .27 .24 .07 | 13| .17 | 15| .04

“abortion” “gay rights”

Skip—gram
(Complete) A7 124 | .20 | .03 ] .09 | .10 | .10 | .04
Skip—gram
(Ward's) 24 | 22| 23| .08 .16 | .15 | .15 | .07

STS (Complete) | .06 | .06 | .06 | .02 | .05 | .05 | .05 | .01
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EMB 28 .27 ) .27 ) .16 | .16 | .16 | .16 | .07
STS 27 0027 .27 ) 11 .20 | .22 | .21 | .08
LDA 20 .18 | .19 | .06 | .10 | .10 | .10 | .03
EMB+STS 32 ) .31 ) .32 .15 | .20 | .20 | .20 | .08
EMB+LDA 321,30 .31 .15 | 18 | .17 | .17 | .08
STS+LDA 28 1025 ) .27 ) 11 .21 | .20 | .20 | .09
EMB+STS+LDA | .34 | .32 | .33 | .16 | .22 | .21 | .21 | .09

While the “marijuana” and “obama” domain didn't obtain better
performance results than previous works, they still showed that the
combined similarity matrix out—performs the single use of each similarity.
Especially in the “marijuana” domain, we obtained results that were very
close to state—of—the—art performances.

One factor which may harm the clustering performance is the “other”
cluster. Not every argument in the data fits neatly in one of the
predefined reason labels and so they are assigned to the “p—other” or
“c—other” cluster. Because of the nature of this cluster, it may be difficult
to label the arguments contained into a coherent group.

Another difficulty with this task relates to the problems of
overgeneralization. While arguments in a domain may have different
subtopics and justifications, they all relate to the same main topic (for
example, “abortion” instead of “p—not_human’). Because of this, the
clustering algorithm may not be able to catch the detailed differences
in meaning between the subtopics and justifications.

Additionally, and arguably more importantly, implicit statements
contained in the data would also affect the overall clustering performance.
This includes stylistic differences of sentential arguments, such as
anecdote, supposition, refutation, etc. Although there may be relevant
content in such sentences, the lack of explicit words makes the process
more difficult.
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Table 5. Clustering performances on the topics “marijuana’ and “‘obama’
compared to previous work. The highest performances from previous
work and our approach are provided in bold.

model Ok z p »

i) marijuana obama
metrics h c V |ARI| h c V | ARI
BoW (complete) | .04 | .04 | .04 | .00 | .15 | .15 | .15 | .03
Bow (Ward’s) A5 1 .20 | .17 | .02 | 22 | .34 | .27 | .04
flc‘g;;piat“en) 09| .22 13| .02 .18 | 26| .21 | .04
%‘;ﬁr—d‘?sm 25| .24 | 25| .19 | .30 | 29 | .30 | .10
STS (Complete) | .05 | .05 | .05 | .03 | .11 | .11 | .11 | .02
EMB 21 1 .20 | .20 | .10 | .20 | .23 | .22 | .07
STS A4 | 15 .14 | .05 | .15 | .19 | .16 | .03
LDA A4 | 15 .14 | .05 | .14 | .13 | .14 | .02
EMB+STS 221022 1 .22 ) 11 | .21 | 23 | .22 | .07
EMB+LDA 24 | 22 | 23 | 13 | .24 | .24 | .24 | .07
STS+LDA A7 ) 15 ) .16 | .08 | .22 | .22 | .22 | .06
EMB+STS+LDA | .24 | .23 | .23 | .14 | .24 | .24 | .24 | .08

5. Discovering Argument Facets

In this phase, we attempted to obtain our argument facets, the list of
keywords per cluster. We used a multi—head attention mechanism from
a Transformer model, BERT, to get attention weights. The attention
weights are expected to reflect the importance of each word in a
sentence.

5.1. Method

First, we encoded the sentential arguments using the pretrained BERT
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model (Devlin et al. 2019). BERT uses the Transformer model which
includes the multi—head attention model. We selected the pretrained
BERT —Large model, which consists of 16 heads, 12 layers, and 1024
dimensions for each word. Each head calculates attention weights for
word tokens in a sentence separately. We averaged the attention weights
for all heads and layers and assigned them to each word as the measure
of that word’s importance in the sentence.

For each sentence, we removed stopwords, punctuation, and topic
words. Topic words are the specific words used for the domain names
in the Hasan and Ng (2014) dataset: “abortion,” “gay,” ‘right,” “marijuana,”
and “obama.” These topic words were removed not to be the candidate
facet words by simple matching. This is because such words could hamper
the ability to distinguish detailed subtopics and justifications from the main
topic. After these were removed, we then selected the words with the
highest attention weights to be important words in each sentence as
argument facets. The threshold for the number of words selected for each
sentence was determined to be half the length of the sentence.

After this, we collected the selected words by cluster and sorted each
list of words according to their frequencies. The words with the highest
frequencies were regarded as the representative words of the clusters.
Therefore, when we later came across these representative words while
clustering, we could expect that the sentence would be clustered with
the same justification as its corresponding representative word. Because
we used words and not phrases as the basic unit of argument facets, the
same word may appear in several different clusters.

Table 6 shows some examples of the words extracted from each
sentence by attention weights and the sorted list of those words per
cluster. We used the gold—standard (predefined) cluster labels in this
section to better observe the pure effect of facet word extraction using
the attention weights.

For example, for the cluster “p—not_murder” in the domain “abortion”
in Table 6, the facet words extracted with the high attention weights
include “murder,” “kill,” “destroys,” and “cells,” etc. The cluster includes
arguments that support abortion with the reason which says ‘it is not
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murder,” and the extracted words can be used to infer the justification
when the gold reason labels are not provided in an unsupervised manner.
And the adequacy of the words to help the inference is evaluated by

metrics in 5.2.

Table 6. The examples of extracted argument facets.

words with collected
cluster argument high attention | words by
weights cluster
p—not_ | Abortion is not Kkilling a Killin murder,
murder | human child. & Kill,
In America, the supreme | court, destroys,
p—not_ . .
murder court does not consider | consider, cells,
abortion to be murder. murder mother,
murder survive,
It is well - established . week, baby,
p—not_ o established,
that it is not murder by L woman,
murder . ) scientific, ..
the scientific community. . inside,
community
court, ...
.. ) doption, )
Giving up your child for adoption adoption,
X ) hate, love, )
c—adopt | adoption 1s an act of . child, baby,
child, .
love rather than hate. give, want,
rather .
families,
If your not ready to ) )
) ) . | adoption, kid, | couples,
raise a kid then put it .
c—adopt ) . family, love,
up for adoption so it can ready. raise children
be with a good family. Vs conlo ’
In any other situation, | options, PeODIE,
i adopt,
there are plenty of | adoption, ;
c—adopt ) ) ) option,
other options such as | situation,
) adopted, ...
adoption. plenty
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5.2. Evaluation

We extracted highly—ranked words (by frequency) from each cluster
to be the list of argument facets. In order to evaluate how well those
words were detected, we used the same metrics as He et al. (2017):
Coherence Score, User Evaluation, and Aspect Identification. Our
baselines were constructed based on facet word extraction without
attention weights.

5.2.1. Coherence Score

In order to evaluate whether the clusters had suitable argument facet
words for the corresponding reason labels, and whether the collected
words were coherent enough, we calculated the coherence score C as
shown below. Given an aspect z and a set of top N words of z

z __ z e Z .
SP=wi, -, wy-

Non=l  Dy(w,w)+1
C(z;8%) = 10g2”—
71,221221 Dl (’wl;)

where D; is the document frequency of word w, and D. is the
co—document frequency of words w;, we The higher the coherence score
1s, the more coherent the arguments of a cluster are.

We averaged the coherence score of each cluster to get a scalar score
per domain. For a baseline of this score, we identified the words with
the highest frequency from the list of all words (regardless of the
importance of the words) and calculated the coherence score for those
words.

5.2.2. User Evaluation

This measure shows whether the argument facets assigned to each
cluster are agreeable to humans. A human annotator assessed the top
20 words of the gold—standard clusters, and determined whether each
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word was relevant to the justification, or subtopic, of the cluster. The
labels and descriptions of the gold—standard, predefined reason clusters
for each domain were provided for the annotator.

The results of this assessment are shown by precision@n (p@n). P@n
is usually used for tasks that consist of obtaining a ranked list of sentences
or documents and showing the proportion of the top—n documents that
are relevant to a topic. If the system got r relevant document out of n
documents, p@n = r/n. In this work, p@n would be the proportion
of agreeable words out of proposed facet words.

To see the effect of attention weights, we set the same baseline as
used with the coherence score: extracting the highest frequency words
from the list of all the words (not filtered by attention weights) in the
arguments.

5.2.3. Aspect Identification

For aspect identification, we evaluated whether the extracted argument
facets — that is, the representative words of each sentence — are proper
and whether the extraction method using the attention weights is
effective. In order to do this, a human annotator was shown the most
important word (word with the highest attention weight) for each sentence
and asked to judge if that word was suitable for the gold cluster of the
sentence.

He et al. (2017) evaluated the inferred aspect of each sentence related
to the gold aspects by precision, recall, and F1 score. Instead of using
the inferred aspect, we used the representative words to directly
construct the list of argument facets. In this way, we slightly changed
the metrics and used accuracy to measure the properness of the words,
judging the properness as binary.

To establish a baseline, we used another way of extracting the most
representative word of each sentence without using attention weights.
He et al. (2017) did this by calculating the average between all the word
embeddings in the sentence as an anchor and then selecting the word
closest to that average to be the representative. We modified this
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approach and replaced the average anchor with the sentence embeddings
extracted from a large—scale BERT model (Devlin et al. 2019). Then we
calculated the distance between the word embeddings and the
BERT—Large embeddings using cosine distances.

5.3. Results and Analysis

5.3.1. Coherence Score

We calculated the coherence scores versus the top n terms for each
domain, where n is the threshold of argument facet extraction from the
list of words for each cluster. Here the data is clustered according to the
predefined gold reason labels, and we compare the coherence scores for
when attention weights were used versus unused.
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Figure 1. Coherence scores for the four domains.
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As Figure 1 shows, smaller coherence values mean the extracted top
n terms are less coherent and a larger n corresponds to lower coherence
score. Three of the domains, not including “abortion,” show that the
extraction of argument facets using attention weights resulted in higher
coherence score than extraction without attention weights. In other words,
the facet words extracted based on attention weights are more coherent,
and better show the effect of attention weights.

In the case of the “abortion” domain, the coherence score for the
attention—based method is calculated only for n=10 and n=20. This is
because some clusters in the domain had less than 30 facet words
extracted, possibly resulting from shorter length of argument sentences
or overlap of extracted words to each other. Larger n could disturb
obtaining precise average coherence score of clusters.

Additionally, we excluded the “other” clusters when calculating the
coherence scores for each of the four domains. We chose to do this
because the extracted words from those “other” clusters would not be
coherent due to their reference to a wider variety of less common
justifications.

5.3.2. User Evaluation

We calculated the average of p@n for the gold clusters, excluding the
two “other” clusters, “p—other” and “‘c—other,” for each domain. Here we
set the n as 20, considering the minimum length of facet word lists of
all clusters of all domains.

Table 7 shows the number of coherent clusters. The cluster is coherent
when the majority, 10, of 20 facet words are judged as relevant to the
cluster by a human annotator. Overall, the method of extracting argument
facets based on the attention weights seems to have more coherent
clusters than the method which did not use attention weights.
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Figure 2. P@n values for the argument facet words.

Table 7. The number of coherent clusters.

. . total number
domain attention all words
of clusters
“abortion” 6 2 13
“gay rights’ 1 0 9
“marijuana’ 2 0 10
“obama” 2 0 16

Figure 2 shows the p@n values for the facet words checked by the

annotator. The figure represents the number of facet words that were
judged to be relevant over the total number of facet words (20). As we
can observe from the number of coherent clusters seen in Table 7, the

precision values of clusters are higher when attention weights were
utilized (darker part in the figure) compared to when only frequencies
were used (brighter part in the figure).
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Generally, the number (or proportion) of coherent clusters is very
small. This may be because people use various words and phrases,
including very implicit expressions, to justify their opinions. This may
include words which are not directly relevant to the subtopic, or
justification of the argument. Similarly, facet word lists for some clusters
contained various words which only appeared with a frequency of 1.

Additionally, we observed that some words are not unrelated to the
clusters but make distinguishing between clusters difficult. For example,
in the ‘obama” domain, there are both pro and con clusters for the
subtopics “foreign policies” and “health care” (“p—foreign_policies,”
“c—foreign_policies,” “p—health,” “c—health”). This is because people may
hold different opinions on whether such subtopics are good or bad. To
complicate this further, most of the arguments in such domains mention
the policies of several specific fields, which results in the appearance of
words such as ‘reform,” “bill,” “pass,” and “regulation” commonly in many
different clusters. We didn’t consider such words as the gold—standard
representative words for the clusters as they would dilute the coherent
cluster.

5.3.3. Aspect Identification

Table 8. Accuracies of facet words from each cluster.

cluster -using . Withom.
attention weights attention weights

“p—not_murder” 0.765 0.471
“p—rape’ 0.667 0.455
“p—birth_ctrl” 0.636 0.455
“c—adopt” 0.718 0.385
“c—kill’ 0.683 0.443
“c—bad_4_mom” 0.667 0.333

Table 8 shows the accuracy of the top six clusters from the “abortion”
domain for the purpose of comparing the effectiveness of attention
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weights. We chose to focus on this domain because it showed the best
clustering performance.

According to the table, the accuracy is much higher when attention
weights from the transformer model were used to decide the most
representative facet word for each sentence.

In contrast, using the word embeddings and the average of sentence
embedding, the words that were extracted were not as relevant as the
words chosen with attention weights. For example, the justification, “Put
the baby up for adoption,” from the “c—adopt” cluster, collects “babies,”
“child,” etc. as its facet words. Similarly, the justification from the
opposition, “Abortion is not murder,” from the “p—not_murder” cluster
selects “fetus” for their top ranked word. In some cases, words such as
“also,” “never,” and “well” are extracted as important words from the
clusters, despite that they are not helpful when distinguishing clusters and
their justifications.

On the other hand, the method using attention weights collects
different words than the examples above. The “c—adopt” cluster shows
words such as “adopt,” “adoption,” and “give,” while the “p—not_murder”
cluster shows words such as “killing” and “murder” as the words with
highest attention weight in the sentence. This evidence supports the
method of using attention weights because we were able to obtain the
expected words without being given any additional information about the
reasons or justifications for each sentence.

Extracting facet words using attention weights performed better than
using only frequencies or average of all sentence embeddings in a cluster
instead of attention weights. The results above show that the extracted
words based on the attention weights are proper to represent the
justifications involved in sentential arguments. In other words, the usage
of a large—scale pretrained Transformer model based on various linguistic
knowledge could help to capture semantically important words as
argument facet.
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6. Conclusion

In this work, we proposed a model which clustered topic—relevant
(pre—identified) arguments according to their subtopic or justification of
specific stances for a domain, and extracted argument facets in the form
of a word list representing each cluster.

We used the combination of customized similarity matrices for Spectral
Clustering to improve performance. These similarity matrices consisted
of cosine similarity of BERT embeddings, Semantic Textual Similarity, and
similarity between LDA—based topic model probability distributions. Our
experiments provided results better than or close to the results of
previous work. Additionally, we used attention weights calculated by the
Transformer model to discover argument facets, and observed better
performance than when facet words were extracted without attention
weights.

In the future, we can improve the performance of clustering by taking
into account the various problems and difficulties associated with
clustering methods, including the way of deciding the number of clusters
in an unsupervised manner. We may also work to improve the method
of discovering argument facets by exploring facets on the phrase—level
as opposed to only the word—level. By constructing higher—level units of
argument facets such as phrases, we would more effectively be able to
represent their meanings.
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