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ABSTRACT

Sentiment analysis is a critical job in natural language
processing. Controlling and evaluating customer feedback on
their goods is a task that companies are especially interested in.
For reading comprehension problems including attention
processes, the BiDAF model is developed. Attention processes
have recently been expanded and effectively used for natural
language processing problems. In this study, we use the BiDAF
model to perform sentiment analysis on Amazon product
evaluations at the sentence level. The BiDAF model is a multi-
layered processing model that reflects context at multiple levels
and uses the BiLSTM model. Furthermore, we investigate the
sentence's attention weight distribution using the attention
mechanism. With a recall measure, the model achieves an
accuracy of up to 99.9%. We discovered that the attention
weights of important phrases are equivalent to, if not higher
than, the attention weights of sentiment words in the sentence.
Keywords: Natural language processing; LSTM; deep learning;
machine learning; BiDAF.

1. Introduction

E-commerce is quickly expanding these days. The fact that
more and more people are shifting their shopping habits to
online platforms via e-commerce is a prominent feature of
the Internet era. Shopping online is extremely efficient,
easy and thus is popular among individuals of various ages.
However, when clients purchase online, they can only see
virtual items rather than genuine goods. Customers
frequently examine product reviews as an essential
reference resource before making a purchase to confirm
that the product fits the description. As a result, product
reviews are an important indication for appraising items. As
a result, sentiment analysis is a problem that may be used
to evaluate products [1]. Such a quantitative analysis can
benefit both producers and buyers.

Currently, sentiment analysis is divided into numerous
classification strategies, including aspect-level sentiment
classification, sentence-level sentiment classification, and
text-level sentiment classification. Furthermore, sentiment
categorization is categorized according to a variety of
domains and approaches. [2]
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The document is the primary unit for text-level sentiment analysis. The paper is
regarded as a completed component on a certain subject. Onan [3], for example, suggested
a CNN-LSTM architecture with five layers for text-level sentiment analysis. Fauzi [4]
investigated the SVM model in conjunction with the TF-IDF.

Sentiment categorization at the sentence level entails extracting fundamental units
and recognizing individual terms such as nouns and adjectives. These adjectives and nouns
reflect a certain point of view. For example, “amazing” indicates a good attitude, but
“degrade” expresses a bad viewpoint. However, if the word “not” is introduced, the
perspective shifts. Smetanin [5] used CNN and pre-trained Word2Vec to do sentiment
analysis at the phrase level.

The basic purpose of aspect-level sentiment analysis is to find views and aspects in
a text. For example, “Excellent keyboard, long battery life, largest hard drive, and
Windows 7”. The aspect phrases in these statements are “keyboard”, “battery life”. “hard
drive”, and “Windows 7.” The emotion words recovered were “good”, “long”, and
“biggest” [6]. Aspect-level sentiment categorization is also commonly used.

Many research studies are now focusing on the three primary categories of
sentiment analysis difficulties stated above. These models' interpretability, however,
remains limited. In this study, we use the BiDAF model to solve the problem at the phrase
level. Attention processes are used in this model to make it more interpretable.

The (2) Relevant Work, (3) Suggested Model, (4) Results and Discussion, and (5)
Conclusion will all be covered in the next portion of our work.

2. Related work

In general, the proposed methodologies are lexicon-based, machine learning-based,
and deep learning-based. Many academics have improved traditional machine learning and
deep learning algorithms to better handle sentiment analysis tasks. The key adjustments
are based on sentiment lexicons and produce better outcomes [8].

The sentiment lexicon's structure is the most important modification. It determines
how emotionally charged specific words or phrases in a text are. Each word in this
technique must be assigned a sentiment value and be placed in a lexicon of positive and
negative terms. A text passage is fundamentally represented as a collection of words in the
lexicon-based method. In this bag of words, all positive and negative words or phrases in
the text have emotional values provided from the dictionary.

Using approaches such as Word2Vec and FastText, word vector characteristics
may be retrieved from supplied texts. Because these algorithms cannot distinguish the
emotional components of words and phrases, emotion ratings must still be supplied
manually. Conditional Random Fields (CRFs), a type of probabilistic model, Naive Bayes,
Support Vector Machines, Maximum Entropy, Random Forests, and Conditional
Maximum Entropy are among the most prominent machine learning approaches [9-10].

Deep learning algorithms have recently gained popularity due to their high
performance in processing enormous bodies of data. There are more popular models than
CNN, RNN, bidirectional RNN, and, most recently, attention-based networks. Li et al. [11]
established a framework for studying emotions that includes multiple levels of prior
knowledge into embedding. To boost geographic structure embedding even further, Yu et
al. [12] used emotional vocabulary and deep learning techniques to create a model that
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embeds emotion intensity ratings, considerably enhancing spatial structure embedding.
RNN and its variants, particularly RNN and LSTM, are the most common deep-
learning models for processing sequential data [13-14].

Using biLSTM-CRF, Chen et al. [15] described a divide-and-conquer strategy for
sentence-level sentiment classification. Utilizing the attention mechanism, Yuan et al.
Jiang [16] suggested a method to classify emotions into a Question & Answer system using
an attention-based GRU network, combining the goals of models A and B.

3. Model

Output Layer

SOFTMAX

Modeling Layer

Attention Flow ATTENTION
Layer

Contextual
Embed Layer

Word Embed
Layer

Character
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Figure 1: The BiDAF model for sentiment classification [17]

The BiDAF model [17] utilized in the emotion classification challenge is depicted
in Figure 1. The BiLSTM model was initially designed for reading comprehension tests,
however we use it for sentiment categorization tasks as follows:

Class Character Embed Layer: The vector from the character level is represented
using the charCNN model.

Class Word Embed Layer: The Glove model is a popular method for learning
word embeddings. Each word in the text is mapped to a vector space using a pre-trained
embedding model.

The input of the next BiLSTM model combines the character-level vector and word
embedding vector from the two layers above.

Class Contextual Embed Layer: The two vectors from the aforementioned layer
serve as the input for the biLSTM (Bidirectional Long Short-Term Memory) model that
we employ. We apply LSTMs in both directions and combine the two LSTM models'
outputs. The LSTM model's formula is as follows:

ft == G(fot + Ufht—l + Vfct_l + bf) (1)

20



Vinh University Journal of Science Vol. 52, No. 2A/2023

The formula for the i-th input gate is calculated as follows:
it = O'(Wixt + Uiht—l + Vict—l + bi
c_iny = tanh (W.x; + U he—1 + V.ci—q + b, 2
Ct = [t -Coq + i .Ciny
The output gate is computed as follows:

{Ot =o(Wexe + Ughey + Voceq + by)

©)
h; = o .tanh (¢;)

In this paper, use of the Bi-LSTM model is made. Both forward and reverse-
directed bidirectional information can be produced. The input gate, forget gate, and output
gate, respectively, are represented by the symbols i f, and 0. The matrices W, U, V, and b
are the learning matrices.

Class Attention Layer: Each word in a text passage serves a certain purpose in the
phrase. Different words trigger different emotions, which alters the meaning of the
sentence. While certain words may have little effect on the meaning of the statement,
others may have a substantial impact on the polarity of that attitude. As a result, the method
necessitates a system that assigns a different weight to each word in a phrase. In this work,
we used a self-attention approach to compute the attention weights of each word. The
attention weight ai for the hidden state hi of the Bi-LSTM output is determined as follows:

u; =tan (W .h; + b) 4)
uT Uy
= T ®)

Afterward, the vector S=(si)=(ai.hi)

In which W is the weight matrix and uw is the global context vector.

Class Modeling Layer: The input to the modeling layer is S. This layer encodes
the sequence. The output of the modeling layer captures the interaction between contextual
words. This is different from the contextual embedding layer, which captures the
interaction between contextual words independently. We use a bidirectional LSTM with
output size d for each direction.

Class Output Layer: We aggregate the hidden layers of the modeling layer and
use the softmax function to make predictions.

To train the model, we use the cross-entropy loss function:

Linoder = =< 2y 10g 9 + (1 — ) log(1 — 9)) + L W12 (6)

4. Results

We utilize the Amazon video game review dataset [18] with 497,577 reviews to
assess the suggested model. This dataset is divided into two halves, with 70% for training
and 30% for testing. To assess the model's performance, we employed accuracy, recall,
and f1 scores.

The following values are set as the model's parameters: Character-level word
vectors have a dimension of 100 dimensions; embedded word vectors employ the Glove
model, which has 300 dimensions; hidden layer word vectors in biLSTM models have a
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dimension of 100; learning rate is set to 0.5; epochs are 17; batch size is 38; and dropout
is 0.2.

Table 1: Comparison results of BiIDAF model with basic models

Model Precision Recall F1
SVM 48.0 50.0 49.0
Naive Bayes 87.9 84.7 83.6
LSTM 95.2 99.9 97.5
BiDAF 95.9 99.9 97.66

According to the findings (Table 1), the BIiDAF model surpasses the baseline
models LSM, SVM, and Naive Bayes in terms of accuracy and F1 score, with 95.2%
precision and 97.66% F1. This illustrates that the BIDAF model with attention mechanism
outperforms the LSTM model in terms of prediction outcomes. This is due to the fact that
the BIDAF model combines Glove word embeddings with character-level word
embeddings. The use of character-level word embeddings aids in dealing with out-of-
vocabulary and unusual terms in the test set.

5. Conclusion

With the growth of internet transactions, assessing product evaluations is becoming
more vital and visible. The vast majority of customers will read product reviews on online
shopping sites to form an accurate first impression. As a result, sentiment research is
becoming increasingly important in aiding both sellers and buyers in deciding if their items
meet their needs. In this research, we employed the BiDAF model to analyze sentiment.
The results demonstrated that the BIDAF model had a considerable impact and
outperformed earlier models. In the future, we will investigate the model's unique impact
and test it on more data domains in the Amazon product review dataset.
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TOM TAT
MO HINH BiDAF TRONG BAI TOAN PHAN TiCH CAM XUC

Lwong Thi Minh Hué
Trwong Pai hoc Cong nghé Thong tin va Truyén théng, Pai hoc Thai Nguyén, Viét Nam
Ngay nhan bai 10/02/2023, ngay nhan dang 21/3/2023

Phan tich cam xudc la moét trong cac bai toan quan trong trong xtr ly ngdn ngir tu
nhién. Phan tich cam xuc 1a bai toan dugc cac doanh nghiép rat quan tim dé kiém soat
danh gia cuia khach hang vé san pham cia minh. M6 hinh BiDAF dugc dé xuat st dung
cho mé hinh doc hiéu st dung cac co ché cha . Co ché chd ¥ gan day duoc mé rong va
ap dung thanh cdng trong cac bai toan trong xur ly ngdn ngir tw nhién. Trong bai bao nay,
ching tdi 4p dung mé hinh BiDAF vao bai toan phan tich cam xtc ¢ cap do cau danh gia
san pham tir Amazon. Mé hinh BiDAF la mé hinh véi nhiéu 16p xi ly. M&i 16p biéu dién
ngit canh ¢ cac muc do khac nhau két hop va st dung mé hinh BiLSTM dé thu duoc biéu
dién ngir canh. Dong thoi, chdng tdi xem xét su phan bé trong sé chli y cia cau qua co ché
chi y. M6 hinh c6 d9 chinh xac 1én dén 99,9% véi d6 do recall. Chung t6i nhan thay rang
cac trong sb chl y cua céc thuat ngir chinh bang hoic tham chi cao hon céac tir ngir chira
cam xUc trong cau.

Tur khoa: Xir ly ngbn ngir tw nhién; LSTM; hoc sau; hoc may; BiDAF.
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