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Abstract. Multiple choice question (MCQ) system, which is a form
of question answering system, includes a question, a set of choices and
the correct answers from these choices. The rapidly growth of linguis-
tics models improves natural language understanding and motivates the
automatic systems in natural language processing. This paper proposes
an approach based on the Language Model for MCQ system as incom-
plete questions in English tests. This not only reduces the burden of
human experts to teach their students, but also is useful for self-studying
the students. We perform many experiments to evaluate the effectiveness
and achieve 85.45% accuracy for our proposal.
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1 Introduction

Question answering (QA), which is an essential task in natural language process-
ing (NLP), gives the succinct and short answers for the user’s query in natural
language, MCQ system is a subdomain of QA system where a question and the
limited multiple choices are given and we need to choose the correct answers
among these choices in particular context without user intervention.

MCQ plays a major role in educational assessment. With abundant resources
and rapid growth of the pre-trained models in English, the machine totally
answers automatically the multiple choice questions in the specific context. Using
the automatic system not only reduces the burden of human experts to teach
and evaluate their students, but also is useful for self-studying. In this paper, we
develop the MCQ system for the forms of incomplete questions in English exams
in any subjects such as grammar, nouns, pronouns, vocabularies, verb tenses
based on our training corpus which is collected from the well-known websites.
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Our main contribution has performed the existing methods for multiple
choice question problems such as Language Model (unigram, bigram) and
Masked Language Model (MLM), proposed and evaluated an approach as an
ensemble of above methods to improve the accuracies of multiple choice ques-
tion problems.

The rest of this paper is organized as follows. Section 2 presents the related
works. Section 3 presents methods that are used for the automated English
multiple-choice test system. Next, Sect. 4 shows the experimental results. Finally,
the conclusion and our future direction of system development will be presented
in Sect. 5.

2 Related Works

QA systems have been concerned and has many proposals for it such as Duong
and Ho [1] used Language Model for QA system in legal documents, Duong
and Hoang [2] combined of machine learning classifiers in news classification, Y.
Sharma et al. [3] applied the deep learning approaches for QA system, W. Yu
et al. [4] used transfer learning with ALBERT to build QA system in technical
domains.

As a form of QA system, MCQ has emerged and attracted many research
teams to resolve the multiple choice questions in recent years. A. Chaturvedi
et al. [5] proposed to use CNN model to answer the multiple choice questions
in particular domains. The accuracies are better than the baseline results as
LSTM model in two datasets as Textbook question answering (TQA) and SciQ
datasets. K. Moholkar et al. [6] proposed an ensemble of models approach, includ-
ing LSTM, hybrid LSTM-CNN and multiplayer perceptron models to predict
the correct answer. LSTM and hybrid LSTM-CNN models are firstly trained
parallelly, then the multilayer perceptron model predicts the correct answer.
This approach obtains higher accuracies than using the models separately. R.
Chitta and A.K. Hudek [7] developed the question answering system for multi-
ple choice questions in legal contracts. They have extracted the relevance text
in contracts and used a multi-class classifier to choose the correct answer based
on the extracted text.

Language Model (LM) is a statistical approach learning the probability dis-
tribution over a sequence of words based on the existing corpus. This model is
widely used in information retrieval. This refers to an effective solution to pre-
dict the correct choice of the multiple choice question in incomplete form based
on its probability distribution.

J. Devlin et al. at Google API Language published BERT (Bidirectional
Encoder Representations from Transformers) in [8], this applies the bidirectional
training of a transformer instead of only looking at the single directional training
like the previous efforts. In this paper, they also introduced a novel technique
named Masked Language Model (MLM). MLM is an important model of BERT,
here we give a sentence to which some words are attached [MASK] and then
predict these words. The benefit of BERT is that it predicts the hidden word
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through the context of words on the right and left so when we cover a word, it
can predict the hidden word effectively because based on the context of the whole
question. Thus, MLM is a suitable method to resolve multiple choice questions
in incomplete form.

3 The Approach

We use a statistical approach including LM (unigram and bigram) and MLM.
These models are conducted separately to evaluate the effectiveness. Then we
propose an ensemble of two models to improve the performances of MCQ prob-
lems. The experiments present this approach achieves better accuracy signifi-
cantly than applying the models separately.

3.1 Language Model

The main purpose of LM is to calculate probability distribution over a sequence
of words: w1, w2, w3, . . .wn based on the Näıve Bayes formula:

P (w1w2. . .wn) = P (w1) × P (w2|w1) × . . . × P (wn|w1w2. . .wn−1) (1)

According to this formula, LM needs to use a large amount of memory to
store the results of the string. This would be impossible if the length of the string
is a paragraph or even more because the length of a natural text is infinite. The
n-gram models (or n-level Markov Models) will solve this problem by calculating
the probability of the sequence with lower memory. The occurrence probability
of (wm) will depend on n consecutive words preceding it, not on the entire
sequence. Thus we have the probability of word (wm) calculated as follows:

P (w1w2. . .wm) = P (w1)×P (w2|w1)× . . .×P (wm|wm−n−1wm−n. . .wm−1) (2)

For n = 1 calls unigram which is the simplest model in n-gram. It evaluates
the probability of each word in a sentence independently as below formula.

P (wi) =
C(wi)

N
(3)

Where P (wi) is the probability of the word wi, C(wi) is the number of
occurrences of wi, N is the total number of words in the training corpus.

For n = 2 calls bigram, this will consider the probability of occurrence of two
consecutive words in a sentence according to the formula:

P (wi|wi−1) =
C(wi−1wi)
C(wi−1)

(4)
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3.2 Masked Language Model

Masked Language Model is the most important model structure of BERT. MLM
combines Transformer encoder and masked tokens can predict a missing token
in a sentence. The output of MLM is the word embeddings of corresponding
tokens which feed to a simple softmax classifier to get the final prediction.

The missing token is represented by the [MASK] symbol in a sentence and
MLM predicts the suitable tokens for replacement. BERT can predict through
the context of words in its right and left directions. It assumes the missing token
is at position t (wt) , the context tokens to predict includes w1, w2, ..., wt−1,
wt + 1, ..., wn (n is the number of tokens in a sentence). This considers the
context of the whole sentence, so this can predict the missing token.

3.3 Our Proposal

MLM uses bidirectional context words of the hidden word and considers the
context of the whole sentence, so this is a good approach for incomplete forms.
However, for multiple choice questions, the correct answer only limits specific
choices. As a result, MLM cannot sometimes give the final answer since the
predicted words do not match any choices. Otherwise, n-gram models always
obtain the final answer, but they only consider the previous words of the hidden
word. Thus, our proposal gives the combination of n-gram (unigram and bigram)
models and MLM. In order to determine the correct answer, we use a formula
based on a linear equation:

f(x, y) = λx + (1 − λ)y (5)

Where λ is a coefficient between [0–1], x is the score of choosing the answer
by MLM, y is the score of choosing the answer of the unigram or bigram.

4 The Experiments

For the training corpus, we have extracted 207,319 documents (magazines, arti-
cles, etc.) from the well-known websites in English and prepared 502 multiple
choice questions with answers for testing to evaluate our approach (Table 1 shows
some samples of testing data). The experiments are firstly conducted on unigram,
bigram, MLM separately, the selected answer has the highest score from these
models. Afterward, we combine these models, including (unigram and MLM)
and (bigram and MLM), the scores are determined by formula (5).

Table 2 presents the accuracies of various experiments, where unigram and
bigram always give the answer and obtain 29.48% and 57.37% accuracies respec-
tively. The multiple choice questions demand the formal structures and gram-
mars, so the order of words is essential in text. The unigram does not concern
this, leading to this model obtaining a low accuracy in this problem. The bigram
model calculates the probability of a word based on the context of its previous
word, it improves accuracy significantly compared to the unigram model.
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For MLM, the selected answer is suggested by MLM and matches one of the
choices of the question, its accuracy is 44.02%. This model predicts the hidden
word based on its bidirectional words. However, there are many cases in which
it is impossible to produce the results since some suggested words of MLM not
matching any choices of the question.

The combination of unigram and MLM obtains 82.86% accuracy with λ in
(0.2, 0.3, 0.4, 0.5). The highest result, which is the combination of bigram and
MLM, is 85.45 % accuracy with λ as 0.99. In order to select a good λ value, we
perform many experiments with various λ values, the Fig. 1 and Fig. 2 show the
results.

Table 1. The samples of testing data.

Question A B C D Answer

The simplest way to reduce your ...
footprint is to cycle to school

Carbon Chemical Chemistry Dioxide Carbon

My brother has to work ... a night
shift once a week

In On At By On

It is hardly possible to ... the right
decision all the time

Do Arrive Make Take Make

Buying organic food is better for the
environment because it uses less ...

Fertilizer Fertilize Fertilizes Fertilized Fertilizer

No one on the plane was alive in the
accident last night, ... they?

Wasn’t Weren’t Were Was Were

The movie is ... on a true story Based Keen Hang Let Based

My father learned to play ... piano
when he was five years old

A An The Was The

The dog was frightened by the sound
of the thunder

Belt Bolt Bell Bull Bolt

It turned out that i ... have bought
frank a present after all

Oughtn’t Mustn’t Needn’t Mightn’t Needn’t

Table 2. The accuracies of various experiments.

Unigram Bigram MLM Unigram + MLM (λ = 0.50) Bigram + MLM (λ = 0.99)

29.48% 57.37% 44.02% 82.86% 85.45%
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Fig. 1. Unigram combined with
MLM with various λ values.

Fig. 2. Bigram combined with MLM
with various λ values.

5 Conclusions and Future Works

In this paper, we have built an effective MCQ system for multiple choice ques-
tions in incomplete form for the English test. The experimental section conducts
several experiments based on LM (unigram, bigram) and MLM. Moreover, we
combine the LM and MLM and achieve promising accuracy.

In future works, we will broaden the system with more forms of multiple
choice questions, resolve multiple choice questions of reading comprehension form
based on the context of a defined paragraph or answer many multiple choice
questions depending on an incomplete paragraph (such as incomplete part of
the TOEIC test).
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