Automated Customer Consultation System For
Pastry Shops

Trung Quoc Nguyen
Department of Information Technology
FPT University
Ho Chi Minh City, Vietnam
trungng46 @fpt.edu.vn

Vinh Truong Hoang
Faculty of Information Technology
Ho Chi Minh City Open University,
Ho Chi Minh City, Vietnam
vinh.th@ou.edu.vn

Department of Cybernetics and Biomedical Engineering

VSB-Technical University of Ostrava

17. Listopadu 15, 708 33 Ostrava, Czech Republic

quoc.trung.nguyen.st@vsb.cz

Tuan Le-Viet
Faculty of Information Technology
Ho Chi Minh City Open University
Ho Chi Minh City, VietNam
tuan.lv@ou.edu.vn

Abstract—Automated customer consulting is a form of au-
tomatic customer care and consulting through texting and
chat functions to replace human presence. This research im-
proves the Bi-LSTM language model. We want to increase
an automated customer consultation system’s accuracy and
applicability, which might affect enterprises and traders. Our
question-answer system uses querying the entity and model
textual similarity to match models. Automated customer care
systems use computers or other technology to help customers. It
empowers clients to address problems without human assistance
in customer care. Human resources can address complex
requests or high-value consumers since automation handles
many simple and repetitive activities. Many firms utilize it,
especially fast-growing ones that need to arrange support.

Index Terms—LSTM, Bleu Core, Q-A systems

I. INTRODUCTION

In certain cases, the sales staff at the pastry shops cannot
respond quickly to a large number of customers at the same
time; in other cases, customers need advice but do not have
time to go to the bakery to learn about the types of cakes;
and in other cases, when the sales team at the bakery cannot
satisfy many customers at once. Our team felt the need to
come up with a solution to the problem described above,
hence we came up with the idea of a Question Answering
System (QAS) technique that can be used in pastry shops.
Question-answering systems (QAS) are extremely beneficial
because most deep-learning problems can be thought of
as question-answering problems. As a result, this topic is
now one of the most researched in computer science. The
system can also be taught to understand many different
languages, allowing it to reach a larger audience. One of
the most difficult aspects of designing a QA system is
accurately understanding user queries or questions. Users

can ask questions in a number of ways and use informal
language that may or may not follow conventional grammar
rules. The system must be able to determine the underlying
intent of the question and receive appropriate responses from
the knowledge base. NLP algorithms are used to analyze the
user’s words and determine the main topic of the question.
The algorithm will then use this data to provide appropriate
and accurate answers. Three steps make up the QAS process:
1) Question analysis: analyze questions, classify and refine
questions

2) Data analysis: extract potential data and identify potential
answers

3) Answer analysis: extracting potential answers and ranking
the best answers.

Together, these elements process queries and documents
at multiple levels until the correct response is found. For
example, if the results of analyzing the questions are poor,
then analyzing the answers will certainly yield poor results.
Similarly, a good question analysis result does not guarantee
a good answer analysis result, and vice versa. As a result,
many scientists only pay attention to one QAS component.

We used a hybrid quality assurance technique that com-
bines Query the entity [1] with an NLP model, which was
novel. The entity will be queried in response to a user query.
If it fails, a text similarity model will be used to discover
answers from a large pastry shop QA dataset. Deep learning
and similarity comparison are used to represent the text in
this article, which is its best work. The model is HBAM.
HBAM has two layers: Bi-LSTM and word attention. The
Bi-LSTM layer collects sentence forward and backward
orientation data. The attention layer identifies keywords in



a phrase.

In business pastry consulting, the Siamese frame and
Manhattan distance are used to calculate semantic similarity.
The Siamese framework is popular in metric learning [2],
[3]. Comparing text cosine similarity index [2] to Manhattan
city distance. Our HBAM outperformed MaLSTM [4] and
Bi-LSTM [5] in various testing methods and data sets.

II. RELATED WORKS

In the following, we define two problems that are at the
center of the chatbot system. Realizing the capacity to under-
stand natural language, or creating the required mechanisms
to enable a software system to comprehend natural language
queries in the same way that a person would, is the first
challenge. The second challenge seeks to get pertinent data
from a domain-specific database in order to provide solutions
that may be returned to the user:

o Understanding user questions (Intent Detection): To
comprehend and handle a user’s inquiry, natural lan-
guage processing (NLP) and natural language under-
standing (NLU) are used.

« Knowledge base retrieval and storage: the ability to store
and query medical queries and answers using a domain
knowledge database.

We examine previous research that addresses the two
issues mentioned above. Chatbots. Joseph Weizenbaum cre-
ated Eliza, the world’s first chatbot, at the MIT Artificial
Intelligence Laboratory in 1966 [6]. But Eliza doesn’t grasp
the user’s inquiry. Psychiatry professor Kenneth Colby’s
Turing Test was first successfully completed by Parry in 1972
[7]. However, just 48% of psychiatrists are able to accurately
identify the true patient based only on their discussion. The
multiple-turn dialog decision tree was attempted to be used
by Ni et al. [8], [9] to reach a decision on behalf of a patient.
According to Helen et al. [10], the accuracy of the model on
shorter context talks may be successfully increased by using
transfer learning to transfer typical cases from SQuAD to
Bible QA. Using N-gram approaches, which effectively min-
imize the data noise, Dai, Z., et al. [11] developed a "focused
pruning method” to limit the candidate result space and make
some improvements. "APVA” was introduced by Wang, Y., et
al. [12] in order to precisely forecast the relationship between
the question and response entities. A novel framework for
semantic analysis was suggested by Yih, S., et al. [13];
after the question has been translated and examined in query
language, the new inquiry will be connected to the knowledge
base. In order to increase performance in 2017, Yu, M.,
et al. [14] created a hierarchical RNN network employing
residual learning. It is able to identify the relationship inside
the knowledge base when an input query is present. In
addition, they created a straightforward KBQS system that
incorporates connection detection and entity linking.

A. Siamese based Semantic sentence similarity

A Siamese Long Short-Term Memory (LSTM) network
has been suggested by Mueller et al. [4] to calculate the

semantic similarity between two variable-length phrases.
LSTM, however, is unable to identify keywords inside a
phrase. A Siamese design with bidirectional long short-term
memory (LSTM) networks and an attention mechanism was
suggested by Baziotis et al. [15]. To capture both two-
direction contexts, the model makes use of bidirectional
long short-term memory (LSTM).To classify, they take into
account the fully connected (tanh) in the last layer, which
may lead to overfitting.

B. Word Embedding

One-hot encoding [16] encodes categorical data for ma-
chine learning algorithms, boosting model predictiveness.
Categorical values are numerical representations of dataset
categories. The one-hot encoder displays categories as binary,
with O indicating no feature and 1 indicating its presence.
The model is trained using this binary feature vector. A
machine situation is often represented by a one-hot encoding.
A decoder determines the machine’s binary or gray code
status. One-hot machines don’t need a decoder to identify
their state; hence, this doesn’t apply. A bit set to a high
value defines the n-th state of an element.

A one-hot vector in the corpus or dictionary is comparable
to a feature vector where each feature is assigned a value of
0 or 1, indicating the presence or absence of a word based
on its dictionary word number. The feature vector contains
all dictionary terms and their indexes. Words and indexes
are retained at the same feature vector index. Dictionary
embedding of feature vector yields a binary vector.

This project uses the skip-gram model [17] from the
word2vec method. Data was used to train Gensim’s
word2vec Python package. Specific hyperparameters were
focused on to improve word embeddings. The parameters
include training method, dimensionality, context window, and
subsampling. Negative sampling was used for this project
since it is more computing efficient than hierarchical soft-
max. The hidden layer of the neural network was expanded
to 300, improving word embeddings. A sub-sampling rate
of le-3 was used to balance the sample’s uncommon and
common words.

Given a large amount of data, a minimum count of 1
was established to ensure that every word in the corpus
was taken into account throughout the training process. The
word2vec model underwent training using the processed data,
employing the hyper-parameter values indicated earlier. The
resulting model was then stored in a file format. The word
vectors generated by the word embedding model possess
a dimension of m*n, where m represents the size of the
dictionary and n represents the size of the hidden layer.

III. AUTOMATED CUSTOMER CONSULTATION SYSTEM
FOR PASTRY SHOPS
A. Material

Virtual Sales-Assistant Systems In general, a virtual sales
assistant system (Figure 3) is a way to act as a guide when
navigating many online resources. The content of the current



website or catalog is presented in response to the input
sample.

Question | similarity

Udating New Product Information Data

Top K highest
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Figure 1. Virtual Assistant Bakery Architecture

Customer input is a customer inquiry. The semantic
similarity computation uses the word embedding from the
consumer’s inquiry. It will discover the highest K rating
index and deliver the results. No results will be returned if
the customer’s question cannot be determined or the rating
index is too low. New product data will be updated via
inquiries. It allows customers to retrieve bakery product data
using short queries concerning pricing, pictures, and key
information. The customer will be routed back to the original
site to re-enter the search query if it cannot be resolved.
Catalog extensions provide extra product information and
recommendations to help buyers decide.

Automated customer consulting for pastry shops is an
attempt to help human involvement in customer service and
consultation by means of automated texting and chatting
services. This project will use the Bi-LSTM language model
to improve word production with accurate contextual mean-
ings. We want to improve the precision and application of
an effective automated customer consultation system, which
might impact commercial organizations and trade firms. Our
chatbot system uses Query the entity and model textual
similarity to match models. We also used F1 Score, Bleu
Score, Precision, and Recall to evaluate our technique. The
Question_Duplicated data collection contains almost 337,103
similar questions collected via data augmentation.

B. Methods

Processing data: we created our own dataset because we
couldn’t find one for a pastry business, and then utilized data
augmentation to boost density. data for model training. First,
we manually produced 5230 question-and-answer combina-
tions for Cake Question and Answer. Customers ask store
personnel questions about buying, selling, and consulting
cakes. The replies are in Vietnamese. We carefully pick
and evaluate question-answer pairings to ensure they meet
Vietnamese demands and have the best semantics. We used
data augmentation to enhance data density to the greatest

achievable level for model training because this data set is
too tiny and may not be able to make the model clever after
training. We employ Data Augmentation to boost density
from the original Question and Answer Cake dataset to
create Question Duplicate Data, which our team uses to
train models using 337103 question and answer pairings.
Using the Data Argument approach, we will build 5 questions
with comparable meanings to a question in the original Cake
Question Answer data collection and utilize concordance to
enhance the data.

We crawled data from the bakery’s website; this dataset
comprises 17 cake kinds, including their names, prices,
images, descriptions, etc. A store-specific cake and sales con-
versation data collection was built using pastry data. Our data
collection is carefully selected to meet client cake consulting
needs and accurately reflect the Vietnamese setting.

Data Augmentation (DA) generates several copies of
current datasets to increase training data size without further
data collection. To improve classification performance, the
data must be modified to preserve class categories. Com-
puter vision and natural language processing (NLP) use data
augmentation technologies to overcome data availability and
diversity issues. Augmented photos are easy to make, but
Natural Language Processing (NLP) is challenging because
of language. Since it would change context, replacing every
word with its synonym is not an option. Data augmentation
increases the training dataset, improving the model’s perfor-
mance. An enhanced data distribution should balance similar-
ity and dissimilarity to the original data. Data augmentation
methods should strike a balance to avoid overfitting and poor
performance.

Manhattan LSTM Model The structure of the proposed
Manhattan LSTM (MaLSTM) model is depicted in Figure 5.
In this study, we only concentrate on Siamese architectures
with linked weights, namely LSTMa and LSTMb. These two
networks individually analyze one phrase from a given pair.
It is important to note that LSTMa and LSTMb are identical
in this context, meaning that they have the same weights.
However, the overall unbound version of this paradigm may
be more advantageous for applications with asymmetrical
domains, such as information retrieval, where search queries
have distinct stylistic differences from stored texts.
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Figure 2. Manhattan LSTM (MaLSTM) model
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illustrating our newly suggested hierarchical Bi-LSTM At-
tention model [18] is presented in Figure 6. Its purpose is to
facilitate the comparison of semantic similarities. The entire
architecture is built upon a Siamese LSTM framework [4].
The entire architecture is built upon a Siamese LSTM frame-
work [4]. The Siamese structure incorporates a single Bi-
LSTM layer and a single word attention layer. The sentences
on the bottom left and right show the user’s input query
and the question from the QA dataset. The two inquiries
will be shown by employing word embedding first, followed
by utilizing Bi-LSTM [19] to construct the whole phrase
embedding, taking into account the surrounding context.
Subsequently, each Bi-LSTM encoder will be multiplied by
a word attention value, which may be regarded as a weight to
emphasize the crucial aspect of a phrase. The context vector
will be merged with attention to comprehend the sentence
representation u,, [20]. Finally, the similarity value will be
calculated by taking the weighted total of each hidden state
value h;) and multiplying it by its corresponding attention
value. The specific information will be displayed in the
subsequent subsections.

The LSTM-based sequence encoder, known as Long
Short Term Memory networks (LSTMs), was introduced
by Hochreiter and Schmidhuber [1]. The cell state is a
crucial component of LSTMs. The state of the cell may be
conceptualized as a type of conveyor belt. Through a series
of linear exchanges, it moves directly downward throughout
the whole chain. Information may flow seamlessly without
any alterations. The fundamental concept of LSTM may be
categorized into three sequential stages. The initial stage
reveals the specific information that will be disregarded by
the cellular state. The “forget gate layer” determines this
selection by combining the h;_; and z; representing the
hidden layer value at time ¢t — 1 and the input layer value at
time t, respectively. The weight matrix between the hidden
layer and output layer is denoted by W, while the bias vector
is represented by b,. The desired value, denoted as g;, may
be obtained using this formula, which effectively eliminates
irrelevant data.

The next stage is selecting the specific data that will
be stored within the cell’s state. The input gate layer is
responsible for determining the values that will be updated.
A tanh layer generates a vector that is used to determine if
the new candidate values C; should be updated in the state.
Subsequently, these two values will be combined to provide
a state update.

Je = o(Wj.lhi—1, 2] + bj) )]

Cy = tanh(We.[he—1, ] + be) )

The determination of whether the prior cell state Cy_; will
be updated by the new cell state C; is contingent upon the
preceding stages. The product of the previous state and the
time increment t, along with the selection of items to be
forgotten at an earlier time, will be performed. Subsequently,

the product of J; * C} will be included. Therefore, a new
candidate value will be determined based on the frequency
of selection for each state value to be updated. Finally, the
outcome will be determined. The result will be refined based
on the cell status. Next, a sigmoid layer will be used to
determine which components of the cell state will be output.
The cell state will undergo a hyperbolic tangent function,
which will limit its values between -1 and 1. This result will
then be multiplied by the output of the sigmoid gate. This
process determines the final output based on the selected
component.

gt = o(Wq.[hi—1, 2] + bg) 3)

hi = q¢ x tanh(C}) 4)

Word Attention Given a sentence w;: , t [0,T]. Firstly,
each word of the sentence will be embedded by using an
embedding matrix W,

zip = Wewye, t € [1,T] (&)

We use Bidirectional LSTM [21] to collect the information
of each word in both the forward and reverse directions. The
bidirectional LSTM consists of a forward LSTM f~> and a
reverse LSTM f<—.

Wi = LST M(zy),t € [L,T] ©6)
W= LST M(zy),t € [1,T] )

In order to represent those keywords in a sentence. We
strive to employ attention. Initially, we input the hit into the
tanh function to obtain u;; as a concealed representation of
hi:. Next, we compute the significance of each word u,;; and
get a normalized weight a;; by using a softmax function.
Next, we compute the sentence vector s; by summing the
weighted values of each word.

uie = tanh(W, hiy + by) )
exp(uit)
it = o 9
Gt Srexp(ugt) ©)
S; =¢ othiy (10)
f (sga)sgb)) = exp <_ ’ Zaga)hga) _ aEb)hgb) > € [0,1]
Z (11)

The calculation relies on the Manhattan distance. The
formula that allows for the expression of two sentences can
be represented by 5= %;a/”n{* and 5= 5,0 n{" .
agb) means the attention value is present in both directions.

hl(a) and hl(b) mean the hidden state value in both directions.



IV. EXPERIMENTS AND RESULTS
A. Dataset

Cake Question and Answer is the first dataset we
created manually with 5230 question and answer pairs. The
questions and answers are all in Vietnamese and revolve
around questions often asked by customers to store staff for
the purpose of buying, selling, and consulting cakes. The
question and answer pairs are carefully selected and tested by
us to help the answers have the most appropriate semantics
for Vietnamese people and to help the answers satisfy the
needs of Vietnamese clients. After processing and removing
duplicate words in sentences, we obtained 5230 pairs of
questions and answers of consulting data.

Question Duplicate Data is a set of sentence pairs in the
open domain. It has 337103 pairs of sentences tagged with a
format like “textl text2 is_duplicate” which means whether
the two sentences are semantically similar. If they have equal
semantic meaning, then the tag will be ”1”; otherwise “0”.

The dataset was collected by us from the official website of
the bakery, https://thienthuanphatbakery.com/. The collected
data includes 17 types of cakes and all information about
each type of cake, such as cake name, cake price, cake
image, and cake description. We have consolidated a store-
specific cake and sales conversation data set. The data set
is carefully checked and selected by us to help customers
satisfy their cake consulting requests and is true to the
Vietnamese context.

B. Train HBAM, MalLSTM and Bi_LSTM model

a) Description of presentation: We run 3 models on
the Question_Duplicated data set containing 337,103 pairs
of questions labeled 1 (same), O (different). However, we
adjust batch-size, epoch, max_seq_length to be compatible
with Question_Duplicated dataset.
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Figure 3. Overview about HBAM Model
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Figure 5. Overview of Bi_LSTM Model

b) Setting parameters of training model: When setting
up the parameters to fine-tune the HBAM, MaLSTM, and
Bi_LSTM model, we choose Epochs of 20 for training
and set the batch size for both evaluation and n_hidden
to 50. Additionally, we set the parameter to increase the
batch size of the model to 1024 by setting the Gradient
Accumulation parameter. Instead, we increase the batch size
via Gradient Accumulation of Direct Increasing because
directly increasing the batch size will result in increased GPU
memory usage. In this training session, we used a GPU:T4
from Google Colab whose GPU memory ranges from around
13GB. This means we cannot increase the batch size further
without running into memory overflow problems. Therefore,
the Gradient Cumulative setting ensures that the batch size
can increase up to a maximum of 1024. Additionally, we
also want to ensure that the batch size is not too low, as too
low a batch size will lead to problems with loss of function
during training.

C. Final Results of the Similarity Comparison

BLEU Score: BLEU Score is an evaluation metric for
Machine Translation tasks. It is calculated by comparing the
n-grams of machine-translated sentences to the n-gram of
human-translated sentences. Usually, it has been observed
that the BLEU score decreases as the sentence length in-
creases. This, however, might vary depending on the model
used for translation. Here, we use BLEU Score to compare
the answer results between customers and actual question



sets. BP stands for Brevity Penalty, which penalizes the
score when the Machine Translation is too short compared
to the reference (correct) translations.

a) Comparison results between models:
Dataset_Test: We selected a totally separate testing data set
from the training data set in order to conduct an objective
model evaluation process. There are 2840 pairs of similar
and distinct texts in our test data set. Table 14 illustrates the
comparison results that we generated using the test data set.

Model Name Precision Recall F1- Scores Bleu Score
MaLSTM 0.88 0.87 0.86 0.85
BiLSTM 0.96 0.95 0.95 0.95
HBAM 0.97 0.97 0.97 0.96

Table 4: Evaluation result for the three model

The result: After testing three models, we discovered that
the HBAM model is97% more accurate than the other two
models and has nearly identical precision, recall, and F1-
Score. MaLLSTM, with an accuracy of 86%, is the least
accurate model. Based on the aforementioned findings, we
think that the HBAM model will assess data more accurately,
compare comparable words, and provide the most accurate
results for users.

V. CONCLUSIONS

We have achieved success in providing solutions with the
achievement of creating a consulting data set about project-
specific cakes with 337,103 question pairs, more than 5,230
question and answer data, and creating a Q&A system to help
advise on cakes for the Cake shop. From this project, our
team learned a lot of new knowledge and skills in this field,
through the difficulties of creating, selecting, and checking
each sentence in the data set for accuracy and precision.
Compatible with the Vietnamese language context, our team
has gained more knowledge in collecting data and building
a Q&A system. From this solution, cake shops can apply this
method to their stores to help customers consult cakes faster
and meet customers’ consulting needs. In the future, we will
try to develop projects that have higher accuracy and can be
applied to many other fields related to product consulting for
customers.
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