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Abstract—This paper reports our improvement over the previous benchmark of the task of answering poetic verses'
thematic similarity multiple-choice questions (MCQs). In this experiment, we have trained a Doc2Vec model on a corpus
of Persian poems and proceeded to use the trained model to get the vector representations of the poetic verses.
Subsequently, the poetic verse among the options with the highest cosine similarity to the stem verse was selected as the
correct answer by the model. This model managed to answer 38% of the questions correctly, which was an improvement
of 6% over the previous benchmark. Provided that a large-scale thematic similarity MCQ dataset is developed, the
performance of a language representation model on this task could be considered as a novel benchmark to measure the
capacity of a model to understand metaphorical language.
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a prohibitively laborsome and time-consuming task,
L. INTRODUCTION which is traditionally achieved by piloting the test
The last few years have seen rapid progress in the item on a small sample of students.

development of educational applications and
websites. While significant work has been done with
regard to utilizing artificial intelligence (AI) in
education, taking advantage of Al to aid the process

of educational material creation is rarely explored.

As a result, developing an intelligent system which
estimates the difficulty of a question for an educator or
test creator goes a long way in making future tests
fairer. While numerous approaches may be adopted and
a variety of features could be exploited in order to

One of the most important matters in educationis ~ design an Al-driven system capable of determining the
testing, as high-stakes tests can often shape the future ~ difficulty of a question, previous research has shown
of a student. Test dlfﬁCU.lty, in particular’ is one of that there could be a correlation between the ab111ty of
the deciding factors in test validity and reliability. an intelligent system and that of a student to answer a
However, detennining the dlfﬁculty of a test item 18 question [1] It is for this reason that the current work
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has focused on designing an intelligent system which is
capable of answering the type of questions whose
difficulty we intend to measure.

Considering that the university entrance exam in
Iran is the most high-stakes exam in this country, we
have focused our attention on one type of question
which constitutes a significant portion of the Persian
Literature section of this exam. With approximately 9
of the 25 Persian Literature questions being poetic
verses' thematic similarity multiple-choice questions
(MCQs), these questions are popular among
educational material creators.

The significance of these questions, however, goes
beyond their prevalence in the Iranian university
entrance exam. The benchmark used to evaluate
language representation models is usually those models'
performance on downstream tasks, such as the question
answering task introduced by [2]. However, this
question answering task is merely a reading
comprehension task, which challenges a model to find
the answer to a given question in a given text or refrain
from answering if the answer cannot be found within
that text. As the most recent language representation
models have achieved above-human and near-perfect
performance results on this task, a trend has begun to
emerge to create more challenging question answering
datasets, such as [3], which contains questions that
require an understanding of social relations. As current
language representation models lack the ability to
understand metaphorical language, the performance of
a language representation model on the task of poetic
verses MCQ answering could be considered as a
benchmark for that model's ability to understand
metaphorical language. Despite the current models'
inability to interpret metaphorical language, it has been
shown that with the help of sentence embeddings
generated using the pre-trained multilingual BERT
model, an intelligent system would be able to attain an
accuracy of 32%, which was a 7% improvement over
the random guess baseline [4]. In the present work, we
have attempted to improve on that performance by
training a Doc2Vec model on a corpus of Persian
poems.

The challenges of the current task are twofold:
answering MCQs and processing Persian poems. While
the task of question answering by itself poses certain
challenges, MCQ answering could be considered an
even more challenging task, as the correct answer must
be selected relative to the other options. Provided that
the options of a particular question are similar, the
ability to distinguish the preferable answer could be a
nuanced task for an intelligent system whereas a range
of answers could be deemed acceptable for the task of
question answering.

To add further complications to the natural language
processing (NLP) aspect of this experiment, the current
task does not deal with questions containing everyday
language but rather questions containing poetic verses.
Due to the lax rules of syntax in poetry as opposed to
prose, the use of infrequent words or different
connotations of words, and lack of open-source
preprocessing tools for Persian poems; processing
Persian poems is a much more challenging task than
processing Persian prose.
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In the subsequent sections, previous efforts
concerning MCQ answering and Persian poem
processing are discussed, the data used for the current
experiment are described, and the experiment itself is
further explained. In the final sections, the results
obtained from the experiment and their implications are
discussed, and some ideas for future research are
presented.

II. RELATED WORK

MCQ Answering

The task of automatically answering MCQs has
been receiving increasing attention in recent years. It
has been argued that the ability to answer questions
which require general knowledge about the world
would be an indicator of the sophistication of an Al
system, as current Al systems are often domain-specific

[5].

The task of multiple-choice question answering has
seen impressive results on reading comprehension
questions with the best systems attempting the task of
answering reading comprehension MCQs having
attained above-human performance results. For
instance, The Stanford Question Answering Dataset
(SQuAD?2.0) requires a model to find the answer to a
reading comprehension question in a text and abstain
from answering when the answer is not found in the
text. The human performance for this task has an F1
score of 89.452 [2], while the best current model has
achieved an F1 score of over 0.93.

Such success, however, has been elusive in MCQ
answering tasks which require general world
knowledge. The Allen Al Science Challenge required
an intelligent system to answer science questions
typically given to an eighth-grader. The best models
scored just under 60% and heavily depended on
information retrieval (IR) [5].

As a result of the increased interest in question
answering tasks requiring commonsense knowledge, a
dataset containing more than 12000 questions which
required commonsense knowledge was created by [6]
through crowdsourcing. Fine-tuning the state-of-the-art
language representation BERT-Large on this dataset
yielded an accuracy of 56%, which is considerably
lower than the human performance of 89%.

Moreover, attempts have been made to answer
medical exam MCQs without the aid of any MCQ
training data. In order to tackle this challenge, an
artificial neural network was trained on a dataset of
medical papers, with the abstract as the input and the
title of the paper as the target value. Subsequently, in
order to answer the questions, the question stem was fed
to the model as input in place of the abstract, and the
title received as the output was regarded as the correct
answer. An accuracy of 39.6% was obtained on a
dataset of six-option MCQs. by combining the neural
network approach with information retrieval [1].

In order to develop a language representation model
capable of understanding commonsense knowledge, [7]
has taken advantage of knowledge bases to fine-tune
BERT. They proceeded to evaluate their model on four
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question answering datasets containing questions
which required commonsense knowledge and obtained
the best results on three of these four datasets.

Nonetheless, a model that can answer some
commonsense questions does not necessarily perform
well on all kinds of commonsense questions. For
instance, [3] created a dataset containing 38000 three-
option MCQs which required an understanding of
social relations among humans in order to answer.
These questions described a social situation and
prompted the test-taker to answer questions with regard
to the motivation behind actions, possible future events,
and emotional reactions by people. Initial results
demonstrated a gap of 20% between human
performance and machine performance on these
questions.

A need for novel and more challenging datasets is
also felt in areas other than question answering. For
instance, [8] argues that current neural network models
have attained an accuracy of 90% on a pronoun
resolution dataset, which was previously considered
impossible to answer for statistical models and has
therefore created a pronoun resolution dataset which
would require commonsense knowledge in order to
answer.

Extending the results of [9], the current paper is an
improvement over [4], which attempted to answer
Persian poetic verses' thematic similarity MCQs simply
with the help of embeddings obtained from the pre-
trained multilingual BERT model. The accuracy of that
model answering 100 four-option MCQs was 32%, and
the model displayed an inability to answer questions
when the verses lacked semantic hints which the model
could exploit.

Persian Poem Processing

Another aspect of the current task is applying NLP
techniques to Persian poems, which is an area that has
room for further exploration. In this section, previous
research conducted on Persian poem processing is
discussed.

The first major attempt to take advantage of NLP
techniques to analyze Persian poems was [10]. This
work attempted to cluster approximately 18,000 Persian
ghazals by 30 different poets using probabilistic topic
modeling and concluded that a latent Dirichlet
allocation (LDA) model achieved the best result with
approximately 500 topics.

Stem Option 1
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Furthermore, [11] has used the results of [10] to
make conclusions about the interpretive unity of ghazal
poetry, which has been the topic of some debate among
literary scholars.

In another work, which also utilized probabilistic
topic modeling, Hafez's ghazals were classified
chronologically using a support vector machine (SVM)
classifier [12]. Subsequently, the features used in this
work were expanded by introducing word embeddings
and other innovative features in order to cluster Hafez's
ghazals [13].

III. DATA

As thematic similarity MCQs are among the most
challenging questions for students, there are numerous
supplementary materials available which contain
MCQs for students to practice. In this experiment, we
have used two distinct thematic similarity MCQ
datasets. The first dataset is referred to as the Gaj
dataset, as it was manually extracted from one of Gaj
Publication's supplementary books. This is the same
dataset used in [4], and using this dataset makes a
comparison between the results possible. The second
dataset used in this experiment is referred to as the
Ghalamchi dataset, as it was gathered from Ghalamchi
Organization's mock tests. Each of these datasets, as
well as the Persian poems corpus used to train the
Doc2Vec model, is described in detail in the following
sections.

Gaj Dataset

The Gaj dataset contains 100 thematic similarity
MCQs stored in a tabular format with the first column
containing the stem verse and the second to fifth
columns containing option verses. The correct answer
to each question is stored in a separate column.

In an actual exam, thematic similarity questions are
of various types and may ask a test-taker to select the
option which is different from the stem. However, in
order to keep the dataset homogeneous, only the so-
called type-one questions, which require a test-taker to
select the option most similar to the stem, were included
in this dataset. A sample of the dataset is presented in
Fig. 1.

By analyzing the questions, it was observed that
32% of the questions in this dataset lacked semantic
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hints and constituted abstract verses. These questions
contained highly metaphorical language, which current
language representation models are not expected to
understand.

In the other 68% of the questions, semantically
similar words could be observed between the stem
verse and the option verses. However, it is worth noting
that semantic similarity by itself is not enough to
answer these questions, as many incorrect options
contain semantically similar words to the stem in order
to distract the test-taker and make the question more
challenging.

The word cloud of the stem and option verses in this
dataset is presented in Fig. 2.

Ghalamchi Dataset

The Ghalamchi dataset is different from the Gaj
dataset, inasmuch as it contains not only type-one
questions, in which a student must select the option
containing the verse most similar to the stem but also
type-two thematic similarity MCQs, which prompt the
test-taker to select the option which is thematically most
different from the stem verse.

Moreover, as these questions were designed by
different exam creators than the questions in the Gaj
dataset, some variation between the performance of the
model on the two datasets is expected.

This dataset contains a total of 79 questions,
including 42 type-one and 37 type-two questions.
Furthermore, in 45 questions (i.e., in approximately
57% of the questions), semantic similarity was
observed between the verses while 34 questions lacked
semantic similarity and contained more abstract poetic
verses. The higher percentage of questions containing
abstract verses could potentially make the Ghalamchi
dataset more challenging for a language representation
model than the Gaj dataset.

Out of the 42 type-one questions, 28 questions (i.e.,
approximately 67% of type-one questions) contain
semantic similarity while only 14 questions are more
abstract. Nonetheless, out of the 37 type-two questions,
only 17 questions (i.e., approximately 46% of type-two
questions) contain semantic similarity while 20
questions are more abstract. The distribution of the
questions in the Ghalamchi dataset with regard to type
and semantic similarity is presented in Table 1.

N ~ |

The word cloud of the verses in this dataset is also
presented in Fig. 3.

In both datasets, the poetic verses used in the stem
are often different from the verses used in the options,
inasmuch as the verses used in the stem are usually
selected from materials students are already familiar
with while options' verses may be selected from
unknown sources. Moreover, the stem may contain
prose or Quranic verses at times while the options
almost always contain a poetic verse.

TABLEI. GHALAMCHI DATASET QUESTION
DISTRIBUTION
Type 1 Type 2 Total
Abstract 14 20 34
Semantically 28 17 45
Similar
Total 42 37 79

Persian Poems Corpus

The fact that the multilingual BERT model was
trained on a corpus containing texts from Wikipedia
means that the poetic language used in these MCQs is
quite different from BERT's training corpus, and as a
result, a model trained specifically on a corpus of
Persian poems would, in theory, yield better results.

The Persian poems corpus used in this experiment
is a Persian poems corpus crawled from the Ganjoor
website and published on Github. This corpus contains
poems by 48 stylistically diverse Persian poets who
lived in different eras. Three versions of this corpus
have been published: the original version, the
normalized version, and the version without stop words.

This corpus contains a total of 1211277 hemistichs
and a total of 7888045 tokens, 14996 of which are
unique words. The word cloud of this corpus is
presented in Fig. 4.

IV.  METHOD

In order to answer thematic similarity MCQs, we
first trained a Doc2Vec model on a corpus of Persian
poems. The Doc2Vec language representation model

Figure 2.
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Figure 3.

Word cloud of poems in Ghalamchi dataset.

Figure 4. Word cloud of Persian poems corpus

was introduced by [14] and was based on the previous
Word2Vec model [15]. The objective of the Word2Vec
model was to represent words in a vector space in which
semantically similar words are close to each other.
Moreover, relationships between words are also
captured in this representation model, with for instance
Iran and Tehran having the same relationship as France
and Paris. Doc2Vec is an improvement over
Word2Vec, inasmuch as it allows documents to be
represented as vectors.

There are two algorithms used in the training
process of the Word2Vec representation: the
continuous bag-of-words model (CBOW) and the skip-
gram model. In the CBOW model, using the
surrounding words of a masked word, the model
attempts to predict the masked word. The skip-gram
model works in reverse, as it attempts to predict the
surrounding words using only one word.

The innovation of Doc2Vec was adding another
vector representing a document to the word vectors of
that document. This vector would represent that
document after training and would have all the qualities
of word embeddings generated using Word2Vec, i.e.,
the vectors of similar documents would be closer to
each other according to distance metrics as well.

In this experiment, each hemistich in the Persian
poems corpus is considered a document, and therefore
by training the Doc2Vec model on this corpus, we
attempted to create a representation model in which
thematically similar verses might also have similar
sentence embeddings. Subsequently, the trained model

was used to obtain vector representations, (commonly
referred to as embeddings) for the verses of the stems
and the options respectively. In the final stage, these
embeddings were compared using cosine similarity in
order to determine the correct answer.

It must be noted that Doc2Vec by itself is not
designed for the task of MCQ answering. However, as
our current task deals with questions that require a test-
taker to discern the thematic similarity between verses,
sentence embeddings generated by Doc2Vec are
believed to acceptably represent the meaning of
documents, and documents dealing with the same topic
frequently have similar embeddings. It is for this reason
that we believe sentence embeddings generated by
feeding each verse into a trained Doc2Vec model can
be utilized in order to answer these specific questions.

In order to obtain accurate vector representations,
we trained a Doc2Vec model on the normalized version
of the Persian poems corpus. Admittedly, the size of the
corpus limits the model's capability to produce
representative sentence embeddings and expanding the
size of the corpus could yield better results.

The model was trained using the library provided by
Genism [16]. The model was trained in 40 epochs with
the vector size of the embeddings set to 50.
Subsequently, the trained model was used to obtain
vector representations from the verses of the stem and
the options. These vectors were then compared based
on cosine similarity, and the option verse with the
highest similarity to the stem verse for type-one
questions, and the option verse with the lowest

International Journal of Information & Communication Technology Research
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similarity to the stem verse for type-two questions, was
selected as the correct answer by the model. Finally,
answers were compared to the answer key to determine
the accuracy of the model. A flowchart describing the
steps taken in this experiment is presented in Fig. 5.

V. RESULTS AND DISCUSSION

The model managed to attain an accuracy of 38%
on Gaj questions, which is a 6% improvement over the
previous benchmark, but an accuracy of 25% on
Ghalamchi questions, which despite being a poor result,
performed better than BERT, which had an accuracy of
%22 on the same dataset. By comparing the results
obtained from this experiment with that of [4], it can be
observed that out of all the Gaj questions which the two
models answered correctly, only 12 questions were
answered correctly by both models. This difference can
be noteworthy, as the ultimate task is to find a model
whose performance best correlates with that of
students, not necessarily obtain better results.

By comparing the Gaj questions which both BERT
and Doc2Vec answered incorrectly, we can observe
that out of 43 such questions, only in 14 instances
(32.5%) have the models selected the same answer.
Considering that there are three incorrect options for
each question, no meaningful behavior while answering
questions incorrectly can be discerned for either of the
models.

One of the important advantages of the Doc2Vec
model is its performance on Gaj questions which
required an interpretation of the verses and could not be
answered based on semantic similarity. While the pre-
trained multilingual BERT model had answered these
questions randomly (25%), the Doc2Vec model has
managed to correctly answer 46% of such questions.

Despite this improvement, the model's performance
when facing questions that involved semantic similarity
is slightly poorer. These questions usually contained
incorrect options which were semantically similar to the
stem and were intended to distract test-takers. The
Doc2Vec model's performance on these questions was
27.27%, which was slightly lower than the 30.3%
performance of BERT on such questions.

When answering Ghalamchi questions, Doc2Vec
has answered 12 out of 45 questions with semantic
similarity, while BERT only answered 7 of such

Persian Poems Doc2Vee
Corpus Algorithm

Figure 5.
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questions correctly. However, Doc2Vec performed
more poorly on abstract questions of this dataset by
answering only 7 out of 34 of such questions. BERT
managed to answer 10 of such questions correctly.
Moreover, Doc2Vec had a much better performance on
type-two questions than BERT. By answering 11 out of
the 37 type-two questions and only 8 out of the 42 type-
one questions, Doc2Vec demonstrated a totally
different approach, as BERT had answered only 5 out
of the 37 type-two questions and 12 out of the 42 type-
one questions. An overview of the performance of the
two models on different questions of the two datasets is
provided in Table II.

While BERT is generally considered a more
sophisticated language representation model than
Doc2Vec and has yielded better results on other
downstream tasks, a number of factors may have played
a role in Doc2Vec's better performance on this task.
Considering the fact that the multilingual BERT model
used in [4] was trained a corpus of Wikipedia articles,
the sentence embeddings generated using that model
could not accurately represent poetic verses, as the
syntactic structure of Persian poems and also the
meaning and connotation of some words in poems are
very different than those of everyday Persian. As a
result, embeddings generated using a Doc2Vec model
trained on an even small corpus of domain-specific text
have yielded better results than embeddings generated
using a more sophisticated model such as BERT trained
on an unrepresentative corpus.

Another factor which could have played a role in
Doc2Vec's better performance is the fact that
generating sentence embeddings using BERT without
fine-tuning is not a standard procedure, unlike using
models such as Doc2Vec or fastText. Considered as a
landmark in NLP, BERT's innovation was that it could
achieve a better understanding of context through its
unique training, which encoded sentences in a
bidirectional manner [17]. While BERT and its
variations have achieved state-of-the-art results on a
number of tasks, the application of BERT is usually
done through fine-tuning it on a labeled dataset.
Generating sentence embeddings using BERT is not as
straightforward as it is using the aforementioned
language representation models, and even then, there is
some debate about their effectiveness. In order to fully
unleash BERT's potential for this task, a large-scale
dataset of thematic similarity MCQs needs to be
developed, and by fine-tuning BERT on that MCQ
dataset, one can expect better results.

Sentence
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TABLEII. PERFORMANCE OF THE MODELS ON DIFFERENT QUESTIONS OF GAJ AND GHALAMCHI DATASETS
Abstract Semantic Ghalamchi Ghalamchi Abstract Semantic Ghalamchi Gaj
Ghalamchi Similarity Type 1 Type 2 Gaj Similarity Total Total
Ghalamchi Gaj
Doc2Vec 21% 27% 19% 30% 46% 27% 25% 38%
BERT 26% 16% 29% 14% 25% 34% 22% 32%

VI. CONCLUSION

This experiment was conducted to test the ability of
a Doc2Vec language representation model to answer
thematic similarity MCQs when trained on a corpus of
Persian poems. The model managed to attain a 6%
improvement over the previous benchmark, which had
used the pre-trained multilingual BERT model to
answer these questions.

As the ultimate goal of this task is to develop a
model whose performance would correlate with that of
actual students, the fact that Doc2Vec and BERT had
little in common in terms of how they had answered the
questions allows us to select the model that best
resembles the performance of a student in our future
work.

This paper has, for the first time, introduced a task
which could be used to evaluate a language
representation model's ability to understand and
interpret figurative or metaphorical language (i.e.,
language that intends to convey a different meaning
than the one denoted by the literal meaning of the
words). Ambitious as this feat may seem, the
development of a means to measure progress is often
the first step toward progress. Furthermore, considering
the fact that figurative language exists in virtually all
languages, the development of such a dataset is possible
for languages other than Persian. However, as thematic
similarity MCQs may not be as prevalent in other
educational systems as they are in Iranian education,
such datasets could be developed through
crowdsourcing.

The current paper has also introduced a novel way
of answering MCQs, which is utilizing the cosine
similarity between the embeddings of the options of an
MCQ.

Absent a large MCQ training dataset, the cosine
distance between the sentence embeddings generated
from the text of the question stem and the question
options may be used in order to answer MCQs. This
strategy, however, only works for questions where the
similarity between the options could be exploited in
order to answer the questions, and other strategies need
to be developed in order to answer other kinds of MCQs
where similarity is not a deciding factor.

This experiment has paved the way for the
development of a large-scale thematic similarity MCQ
dataset, which would serve as a benchmark for
evaluating the ability of a language representation
model to understand metaphorical speech and writing,
which is an extremely challenging task. Moreover,
determining which model's performance correlates
better with the performance of human test-takers could
be a worthwhile task.

Furthermore, we have demonstrated that despite the
relatively small size of the Persian poems corpus with
less than 8 million words, sentence embeddings
generated using this corpus are meaningful and can
therefore be used in future research involving Persian
poems.
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