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Introduction
Arguing is a daily activity carried out both in speaking and thinking. Arguments are 
made to increase or decrease the level of acceptance of a controversial idea [1]. They 
emphasize one’s opinions as well by showing their point of view on certain discussions. 
Good arguments can support the decision-making process and reach a conclusion that 
can be accepted by many people. Arguments can appear in everyday conversation or 
in written form. In order to strengthen the validity of an argument, several premises or 
supporting sentences in form of facts must support the argument. In certain literatures, 
they can be called as claims and premises [2], fact, value [3], policy [4] and many other 
proposed argument schemes.
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By understanding the structure of an argument, it can help us improve the quality of 
an argument even to the point of being able to test the validity of the argument itself. 
This process is called as argumentation mining. It aims to provide machines with the 
capability to decompose a text and retrieve its main argument and point of view by 
performing sentiment analysis. With the help of machines, students and authors can 
be assisted in real time to structure their writing that can strengthen their argumen-
tation position in their texts. There are several steps that must be taken to arrive at 
a more practical job and to be able to provide direct insight into an argument. Cur-
rently, several techniques have been developed to carry out the argumentation min-
ing process.

According to previous research, there are several examples of tasks performed in 
argumentation mining. Among them are identifying arguments that do not have suf-
ficient support [5], classifying argument component [6], identifying whether an argu-
ment is present or not [7], identifying argumentative relations [8], making argument 
graph [9], and automatic annotator for text containing argument [10].

The majority of argument mining research starts with an argument component clas-
sification. Currently, several approaches are available to perform the classification 
process which depends on the goal of the task. In general, an argument can be divided 
into 2 main components, namely claim and premise.

In the argumentation mining process, there are several mandatory steps. Initially, 
sentences must be categorized into claim and non-claim. Afterwards, sentences in the 
claim category are further classified into the multiple types of claim (11). Another 
approach would be by classifying sentences directly into claim, premise and non-
argumentative (12). Other research grouped sentences into claim and premise types 
(13). Lastly, sentences can also be classified into major claim, claim, premise, and 
non-argumentative categories (14).

In terms of the techniques used to perform argument component classification, two 
approaches are commonly applied, handcrafted features and deep learning. For this 
research, the deep learning approach is taken as it is proven in the literature that it 
achieves better results compared to the machine learning approach as it has the abil-
ity to learn high-level features from the input data. For techniques that utilize deep 
learning, two types language models can be used for feature extraction process which 
are context-free models, such as the Global Vector (GloVe) [11], Word2Vec [12] and 
FastText [13] and contextual models such as the Bidirectional Encoder Representa-
tions from Transformers (BERT) [14] and the Embeddings from Language Models 
(ELMo) [15].

In argumentation mining, context has an important role to provide additional infor-
mation, especially to classify argumentation components. This paper will show how a 
context-sensitive language model can outperform a context-free language model. This 
paper will also show how a context-sensitive language model trained in a bidirectional 
manner (e.g. BERT) performs better than a shallow bidirectional model (e.g. ELMo). 
In order to make the comparison is apple to apple, the experiment is only make use of 
language model itself then classify the word vector directly using perceptron. Since the 
model is the only independent variable, time cost will be considered to measure the per-
formance of language models.
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Related work
Argumentation mining

Argumentation is a type of discourse where speakers try to persuade their audience 
about the reasonableness of a claim by presenting supportive arguments. Argumenta-
tion mining usually aims to identify argument components contained in the text and 
then predict the relations between them.

Argumentation mining has been performed using data in the form of an abstract Ran-
domized Controlled Trial (RCT) from the MEDLINE database which is self-annotated. 
The dataset used in this study has 4,198 argument components and 2,601 argument 
relations retrieved from several types of diseases (i.e., neoplasm, glaucoma, hepatitis, 
diabetes, hypertension). In this study, a pipeline is proposed in which argument com-
ponents are classified into evidence or claim, then predicting the relationship as support 
or attack. Experiments were performed using bidirectional transformers in combination 
with various neural architectures, such as the Long Short Term Memory (LSTM), the 
Gated Recurrent Units (GRU), and the Conditional Random Field (CRF). The result of 
this experiment show an F1-score of 0.87 for component detection and 0.68 for relation 
prediction [16].

Another approach is proposed to analyse the support relation between two-argument 
sentences. In conducting this research, the presence or absence of support is empha-
sized on the similarity of the nuances in the two sentences. Experiments were carried 
out using a siamese network whose extractor feature was replaced with Long Short 
Term Memory and using the cosine distance as an energy function. This model accepts 
input in the form of a pair of sentences then tries to predict whether there is a support 
relation or not. The main objective of this research is to prove that the level of similarity 
between two sentences is related to the support relationship between sentences. In the 
experiment, an attention mechanism was also implemented. The accuracy value of this 
experiment is 67.33% [17].

The trend in classifying argument components is polarized into the use of statistical 
models with heavy feature-engineering or the use of direct deep neural-networks with-
out considering prior knowledge or another secondary feature. Therefore, this research 
proposes to add lightweight features to deep models to classify argument components. 
Experiments were carried out by comparing the performance of the proposed model 
with previous studies. It managed to outperform the others by achieving a macro 
F1-Score of 0.805. Based on these findings, it is concluded that adding prior knowledge, 
can help improve the performance of the model [7].

Argumentation mining is used to enhance a lot of activity such as peer review assis-
tance in research paper [18], mining argumentation on tweets in twitter [19] and other 
social media [20]. Multilingual argumentation mining has also been done in a research 
that is conducted by performing transfer learning and utilizing machine translation [21].

Language model

Since the deep learning trend has increased, many language models have been 
built using a deep learning approach in order to achieve a more promising result. 
From the perspective of the representation of a word in the language model, there 
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is a context-free model and a contextual model. In the context-free model the word 
"bank" in "deposit bank" and "river bank" have the same value. On the other hand, a 
contextual model will assign different values to the word “bank” in this scenario as it 
has different meanings. Examples of context-free models are Word2Vec [12], GloVe 
[11] and FastText [13]. Meanwhile, examples of contextual models are BERT [14] and 
ELMo [15].

Word2Vec is a language model that is trained using the skip-gram approach. The 
improvement made in this training model is by subsampling frequent words to make 
the training process faster and also learn more regular word representations. This 
technique is later known as negative sampling.

The GloVe is a language model that is created to produce a more explainable model. 
During the modeling process, its properties are given explicitly, such as regularities 
to emerge in word vectors. The resulting model is a global log-bilinear regression that 
combines a global matrix factorization and a local context window. This model can 
produce vector space with a meaningful substructure.

As for FastText, it is actually extended version of Word2Vec. The different is Fast-
Text optimize the use of subword to do skipgram training. It make FastText is more 
sensitive to rare world. In their research, it found that the time needed to do the tran-
ing is 1.5 × slower than the skipgram baseline.

Unlike recent language representation models, BERT is designed to pre-train deep 
bidirectional representations from an unlabeled text by jointly conditioning on both 
left and right context in all layers. BERT does not simply concatenate left-to-right and 
right-to-left contexts like in ELMo model. Concatenation is a weakness as it is unable to 
simultaneously consider left and right contexts. The transformer encoder in each layer 
reads the whole sequence of inputs all at once. This way, transformers can learn the con-
text of a specific word based on its neighboring words (both left and right). As a result, 
the pre-trained BERT model can be fine-tuned with just one additional output layer to 
create state-of-the-art model for a wide range of tasks, such as question answering and 
language inference, without substantial task-specific architecture modifications. At the 
time BERT was created, it was reported that this model obtained new state-of-the-art 
results on eleven natural language processing tasks, including pushing the General Lan-
guage Understanding Evaluation (GLUE) score to 80.5% (7.7% point absolute improve-
ment), the Multi-Genre Natural Language Inference (MultiNLI) accuracy to 86.7% (4.6% 
absolute improvement), the Stanford Question Answering Dataset (SQuAD) v1.1 ques-
tion answering Test F1 to 93.2% (1.5% points absolute improvement) and SQuAD v2.0 
Test F1 to 83.1% (5.1% points absolute improvement).

Several preprocessing methods are required to fit data into the BERT model. Data 
should be initially tokenized using Bert Tokenizer as the model has its own fixed vocabu-
lary. In addition, data should be annotated using special tokens recognized by BERT. For 
instance, [CLS] token symbolizes the start of a sentence and [SEP] token separates one 
sentence from another. In addition, the [CLS] token signals a classification layer in order 
to perform classification tasks. Even though the input is a single sentence, [SEP] token is 
still required to be added before fitting inputs into the model. Another important token 
is [PAD]. This token is represented with value 0. Considering that BERT is an absolute 
positional embedding, padding tokens are preferably placed on the right of the inputs.
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An additional sequence of input is needed to annotate which tokens that the BERT 
model should pay attention to. This way the model can differentiate positions of a pad-
ded token with a tokenized input. In BERT, attention mask with value of 1 represents 
values that it should pay attention to and 0 represents a padded value.

DistilBERT is a smaller and lighter version of BERT. It is designed to be more effective 
in terms of speed as it is trained for a general-purpose language model. The main objec-
tive is to cut cost to make it more reliable for production. Other BERT models are too 
large for production, especially when there are certain constraints to be followed, such 
as latency and servers. This model mimics the BERT model with the addition of sev-
eral changes. Starting from cutting token-type embeddings and the pooler. This model 
is also trained using the same corpus used for training the BERT model (English Wiki-
pedia and Toronto Book Corpus). The technique used that can make DistilBERT much 
lighter compared to BERT model is distillation, a compression technique that helps a 
child model (DistilBERT) to be trained and show similar behavior with the parent model 
(BERT) [22] [23]

ELMo is also a contextual model. The word representation in ELMo is a combination 
of each existing layer to produce a deep representation. Also, the word representation 
in this model is character-based. If there is a word that is not densely populated in the 
corpus, the similarity will be sought. This model is trained using a bidirectional language 
model.

Methodology
Data

Argumentation dataset was gathered from an online forum and classified into 4 classes, 
namely: Major Claim, Claim, Premise and None. Data were gathered from a total of 90 
essays. The distribution of data is represented in Fig. 1. The dataset is dominated by the 
Premise class with 3,832 statements, followed by the None class which contains state-
ments that cannot be classified to neither Major Claim, Claim nor Premise with 1,610 
statements. Similarly to the None class, the claim class contains 1,506 statements. The 
class with the smallest data is Major Claim with only 751 sentences. [6]

Fig. 1  Dataset distribution
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After dividing data into each class, data was randomly separated for training and test-
ing by using a random seed. Random seeding is crucial to ensure that the training and 
testing dataset are the same for all models. The ratio between the 2 classes is 80% train-
ing and 20% testing.

Preprocessing

Contextual language model

Before fitting data into the model, raw text data were encoded based on the correspond-
ing tokenizer of each model. The example code below shows the encoding process for 
the BERT base cased model by using a BERT tokenizer. BERT tokenizer is required as it 

has its own fixed vocabulary.
From our data, the maximum statement length is 76, thus statements were padded to a 

single constant length of 80. Padding tokens are set to value of 0 as BERT will automati-

cally treat it as a padding token.

Finally, attention masks were added to differentiate tokens with padding tokens.
For comparison purposes, the dataset was tested using multiple BERT models 

(i.e. BERT Base Cased with 80 sequences, BERT Base Cased with 256 sequences, and 
BERT Base Uncased with 80 sequences). On BERT base cased, BERT model is trained 
using cased word data. It would be compared with the same BERT model but with a 
longer sequence length of 256. The difference between BERT Base Cased and BERT 
Base Uncased is the BERT base uncased is trained using uncased words. To compare 
these BERT models, the training time and final accuracy result from each model were 
compared.
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Finally, data were converted into PyTorch data types and fitted into a torch data 
loader for iterative sequence insertion so that the entire dataset is not required to be 
loaded into memory for training. Figure 2 represents the training pipeline for BERT 
models.

In this research, the ELMo embedding is added as a lambda layer in the deep neu-
ral network architecture as shown in Fig. 3. Therefore, the tokenization and embedding 
process are executed inside the training pipeline. As soon as the neural network accepts 
an input text, the input text is directly tokenized and embedded by the ELMo language 
model. Prior to passing the input text to the neural network model for training, the data-
set is initially preprocessed to convert label values into categorical values.

Context free language model

Similar with another language model, context free language model has its own encoding 
for each token in its dictionary. So before doing the modeling process, all sentences in 
datasets are converted into tokens using its own dictionary.

For the FastText model, labels must be configured to meet the required format as 
shown below. It requires adding a “__label__” prefix before passing it into the supervised 

Fig. 2  BERT training pipeline
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training. This preprocessing is needed as the model will treat the label as the subword 

marker.

Modeling

For comparison purposes, all models were trained using 4 epochs and batch size of 32. 
All models were trained and tested in a Google Colab notebook with a Tesla T4 GPU.

Fig. 3  ELMo training pipeline

Table 1  BERT architectures

BERT model Encoders Attention heads Hidden layers

BERT Base 12 12 768

DistilBERT Base 6 12 768
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Context‑free

In this research, Word2Vec, GloVe and FastText are used as Context-Free Language 
Models. In context-free language models, each word has its own fixed embedding. Since 
these models share the same behavior, the modelling process is similar.

Word2Vec and GloVe models experienced similar preprocessing pipeline. First, the 
text that have been padded with length of 80 is transformed into their token. Then, these 
tokens are fed into the language models. In this modelling, a 100 dimension language 
model is used. This means that for each word, it will be translated into 100 array. After 
that, these sentences vector will be flattened by concatenating all of the word array. 
These vectors will go through 768 Dense layers before being classified into 4 different 
classes.

FastText model underwent a different pipeline as the model is already well encapsu-
lated and further data preprocessing occurred during training. After labels are added by 
the “__label__” prefix, it is directly passed onto training.

Contextual

The learning rate used is 2e-5 and the epsilon is 1e-8.
There are Two types of BERT model, DistilBERT and BERT were tested and compared. 

Details regarding the architecture of these models are shown in Table 1. The differences 
between cased and uncased models are not shown in the table as there is only a small 
difference in the number of parameters, while the other attributes are the same. Uncased 
BERT models are trained on text that are initially lower cased before it is passed into 
training, while cased BERT models are trained on case sensitive text. In other words, 
cased BERT models process input text as it is. Figure 4 shows how cased BERT models 
and uncased BERT models process the same input text differently.

Both BERT and DistilBERT follow the same training pipeline as DistilBERT is derived 
from the BERT model.

The training pipeline used for ELMo text classification is shown in Fig. 3. The train-
ing pipeline is similar to the context-free training pipeline shown in Fig. 5. However, the 
difference is that this model can take in sequences of various lengths. Therefore, it is 
unnecessary to pad to a fixed length of 80. The embedding is inserted as a lambda layer 
in the model architecture, followed by a fully connected layer to complete the neural 
network model.

Fig. 4  Cased BERT vs uncased BERT
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Results and discussion
Model performance

The difference between using a cased and uncased model does not produce a signifi-
cant difference on the result. For this specific task, letter casing can be ignored as it 
does not affect the accuracy of the model. It may be important to pick either cased or 
uncased model when working with other languages, where cased and uncased letters 
should be highlighted as it may have different context/meaning.

For context-free models, GloVe model and Word2Vec model share similar perfor-
mance in general regarding to argumentation classification task. However, for clas-
sifying Claim text, Word2Vec perform better than GloVe. In contrast, GloVe model is 
better on evaluating Major Claim class. For both Premise and None class, these two 
models performance is quite similar. The difference advantage of these two models is 
really affected by the corpus that used to train these models. Also Word2Vec model 
has disadvantages handling Out-of-Vocabulary (OOV) words while GloVe can handle 
it.On the other hand, the FastText model is the worst performing context-free model. 
However, it achieved best performance in the largest class dataset which is the Prem-
ise class.

Fig. 5  Context free training pipeline
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To measure the performance of each model, the F1 metric is used because it can 
fairly judge the performance of each model considering that there is an uneven class 
distribution in the dataset. In addition, the performance metric is also unbiased 
towards either false positives or false negatives as it is a weighted average of precision 
and recall. Based on Fig. 6, the accuracy of contextual models is significantly higher 
compared to context-free models.

The least accurate fine-tuned contextual model is ELMo. This model achieves an 
average F1 score of 0.62. However, this model still outperforms the best performing 
context free model that achieved an average F1 score of 0.38. Details of how each 
model performed in each class is shown in Table  2. Hence, it shows that context is 
critical for text classification as contextual models outperform context-free models. 

Since time is equally important to the performance of each model, the prediction 
time and training time of each model are compared and shown in Table 3. In order to 
keep this comparison fair, the training and testing dataset are kept constants for all 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Bert Base Cased (Seq. 80)

Bert Base Cased (Seq. 256)

Bert Base Uncased (Seq. 80)

Bert Base Cased without Fine Tuning

Elmo

Dis­lbert-base-cased (Seq. 80)

Dis­lbert-base-uncased (Seq. 80)

Word2Vec

GloVe

FastText

Average F1 Score

Performance

Context-Free Contextual

Fig. 6  Performance results

Table 2  F1 score

Bold emphasis data highlight the best performing model for each column

Language Model Class Average

Major Claim Claim Premise None

Bert Base Cased (Seq. 80) 0.54 0.50 0.80 1.00 0.71
Bert Base Cased (Seq. 256) 0.47 0.47 0.82 1.00 0.69

Bert Base Uncased (Seq. 80) 0.53 0.49 0.82 1.00 0.71
Bert Base Cased without Fine Tuning 0.00 0.31 0.00 0.00 0.08

Elmo 0.47 0.23 0.79 0.98 0.62

Distilbert-base-cased (Seq. 80) 0.44 0.44 0.79 1.00 0.67

Distilbert-base-uncased (Seq. 80) 0.44 0.43 0.80 1.00 0.67

Word2Vec 0.10 0.31 0.66 0.44 0.38

GloVe 0.21 0.21 0.67 0.43 0.38

FastText 0.10 0.00 0.72 0.44 0.32
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models by using a random seed. In addition, the environment that the training and 
testing took place is also the same for all models. The purpose of tracking the time is 
to compare the speed between models on the same device and dataset and to deter-
mine whether there is a tradeoff between time and performance. It is to answer the 
question “Does high performing models require high training time?”.

Elmo model takes the longest training time with 1 and a half hour training time from 
all models as shown in Fig. 7. This figure also proves that transformer-based contextual 
models succeed to achieve state-of-the-art results with minimum time.

The shortest processing time for the contextual model is in DistilBERT models taking 
only 3 min training time and 2 s prediction time. This shows that DistilBERT is lighter 
and faster compared to BERT models that approximately needs 5 min training time and 
4 s prediction time. The DistilBERT model takes only half of the prediction time taken 
in the BERT model. Compared to the context free model that took the longest time, the 
DistilBERT model still takes 30 times more training time and approximately 13 times 

Table 3  Modelling time

Time Training time Prediction time

Bert Base Cased (Seq. 80) 0:06:12 0:00:04

Bert Base Cased (Seq. 256) 0:17:50 0:00:08

Bert Base Uncased (Seq. 80) 0:05:47 0:00:04

Bert Base Cased without Fine tuning 0:00:00 0:00:03

Distilbert Base Cased (Seq. 80) 0:03:00 0:00:02

Distilbert Base Uncased (Seq. 80) 0:03:03 0:00:02

Elmo 1:33:28 0:04:55

Word2Vec 0:00:03.95 0:00:00.11

Glove 0:00:05.82 0:00:00.16

FastText 0:00:00.01 0:00:00.01
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Fig. 7  Time results
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more prediction time. This proves that even though DistilBERT is able to outrun BERT 
model by half the time, it is still much longer compared to context free models.

In contrast with the model’s accuracy, changes in sequence length affects the process-
ing time quite significantly. The same BERT model with sequence length of 256 needs 
an additional 11  min and 38  s training time compared to a sequence length of 80. In 
addition, prediction time in the 256-sequence model is almost twice of the 80-sequence 
model.

Cased and Uncased BERT model does not affect the processing time quite signifi-
cantly. For this task, the cased BERT model needs an additional 25 s compared to the 
uncased model. This is because more variations of embeddings are present in the cased 
model, as same words with the same context may have different word embeddings when 
there are differences in letter case.

For context free models, the time taken for training and prediction varies between 
models. In general, they all took less than 6 s training time and less than a second predic-
tion time. The longest training time is with the GloVe model taking almost 6 s training 
time. On the other hand, the FastText model is the fastest context free model. It only 
took less than a second training time and prediction time. It probably happened because 
GloVe model deals with subwords.

Context free model takes significantly lesser time to train compared to contextual 
model. This is proven by the fastest contextual model is trained for 3 min, while the long-
est context free model is only trained for approximately 6 s. This is because a contextual 
model has a far larger vocabulary size compared to a context free model, as same words 
with different context will have different embeddings. As mentioned before, the word 
“bank” in a context free model only has 1 token, while it can potentially have multiple 
different tokens in a contextual model depending on the context of the word “bank” used 
in the statement. Hence, contextual models will have a far larger embed/token input size 
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which is why the time taken for contextual models is much longer compared to context 
free models.

Prediction time is more important to be taken into consideration for performance 
analysis compared to training time. Because training time can be handled using a high 
computing system, while the prediction process can take place in a variety of devices 
when deployed for commercial use. Figure 8 highlights the comparison of performance 
and prediction time for the BERT-based models. It shows that DistilBERT models are 
more efficient compared to BERT based models, as it achieves similar F1-Score but with 
lesser time.

Error analysis

For analysis, the BERT based cased model with sequence length of 80 is selected as it is 
the best performing model.

As shown in Table  4 a premise statement is falsely classified as a Major Claim. To 
get deeper insights towards the behavior of the model, frequencies of words appeared 

Table 4  Premise sentence prediction

Sentence True label Predicted label

There are several reasons why animal testing should be banned Claim Claim

Sentence True label Predicted label

From the health point of view, schools should not only deliver academic subjects Premise Major claim

a Predicted None Class 
Word Appearances

b Predicted Premise Class 
Word Appearances

c Predicted Claim Class 
Word Appearances

d Predicted Major Claim 
Class Word Appearances

Fig. 9  Claim sentence prediction
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in each predicted class were calculated. Figure  9a–d shows the visualization of word 
appearances.

Interestingly, a majority of 46% of statements that contain the word “should” in the 
testing dataset is predicted as a Major Claim. This is because the original dataset that 
is classified as a Major Claim has the word “should” as the 8th most frequent word in 
the dataset, while the words that appear more than “should” are articles and conjunc-
tions like “the”, “a”, “and”, “of” and more that have little meaning towards the class of the 
statement as shown in Fig. 9d. This can potentially show that the word “should” is biased 
towards the Major Claim class, hence it can be the reason why Table 4 exists.

The sentence in Fig. 9 contains the word “should”, but the model can accurately classify 
the sentence as a Claim instead of a Major Claim. The BERT model is able to identify the 
context of the word “should” used in the statement. Even though this statement uses the 
word “should”, but it does not emphasize any arguments that a major claim should has. 
The BERT model successfully identifies this problem.

Conclusion
In terms of classifying argument component, contextual language models outperform 
context-free models. This is shown by contextual models achieving a minimum F1 of 
0.69, while context free models achieve an average F1 of 0.38 each. However, context free 
models are significantly faster than contextual models as all context free models can pre-
dict in less than a second. The advantage of the performance still far outweighs the cost. 
Context is proven to have a critical role in an argument. Thus, it is a factor that must be 
included in performing context sensitive tasks such as argumentation mining with the 
help of contextual language models.

Context is proven to be able to boost classification accuracy by approximately 20%. 
Unfortunately, the highest F1 score obtained in this research is only 71%. This shows 
that there is still a lot of room for improvement. As shown in Table  4, some contex-
tual errors still exist. For future work, it is hypothesized that instead of considering only 
contextual individual words to classify the semantic label of the statement, contextual 
phrases can be considered which may have higher contribution towards the semantic 
label of the statement. For instance, instead of just using the context of individual words 
like “believe”, phrases like “we strongly believe that” may have a deeper meaning towards 
the semantic label of the statement.

In this work, the models used for classification is just a vanilla network. Since this 
work is about enhancing the performance of classification for argument component 
using contextual model, then vanilla network is apparently enough. For the future works, 
the similar testing scenario like what mayers had done [16] can be applied by using argu-
mentation data.
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