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ABSTRACT: This research endeavors to construct a mechanism, blending text mining and natural
language processing, to apply a deep learning dialogue and deep reasoning approach to “Puppet robot.”
Historically, tent dolls have been an ancient method of interacting with audiences, being directly managed
by an operator. With breakthroughs in artificial intelligence and deep learning, it is now possible to
reduce the dependence of tent dolls on operators, thereby enabling them to communicate intelligently
with audiences. The robot, by identifying the audience’s Persian speech, ascertains a fitting answer

to their inquiries and broadcasts it in audible Persian. The dialogue mechanism, deeply ingrained ina  Keywords:

deep learning algorithm, identifies the user’s question and proffers a range of possible answers from the | ppet robot
robot’s dataset categories. Utilizing the highest probability, the category containing the user’s question is L
identified, and responses to those questions are selected at random. Additionally, the Robo Tent Dialogue artficial H?telhgence
mechanism comprises several uncomplicated conditional sections that can furnish suitable responses to deep learning

repetitive or inappropriate questions. Through diverse training and by altering parameters in the robot’s ~ neural network
deep learning model, using a 64-class dataset, results reveal that the application of technologically intelligent response

advanced, high-neuron layers outperforms multi-layers without detrimentally impacting the model’s

final accuracy.

1- Introduction

Lee et al. emphasized the importance of semantic analysis
in English question classification [1]. Xiong et al. proposed
DMN-+, a model for question answering without fact labels
[2]. Chang et al. discussed issues in voice-controlled robot
development and introduced a new model [3]. A study [4]
described a robot that can engage in natural conversations and
was perceived as human-like. Another research [5] presented
a superior multilingual ASR model supporting 53 languages.
Lastly, [6] delved into the possibilities of BCI technology in
the Metaverse, suggesting a brain-to-speech system using
imaginary speech.

Inthe study, a human-robot dialogue interaction is designed
using a fabric doll as shown in Figurel. The robot picks up
human speech via its microphone and sends the audio to a
computer through Bluetooth. This audio is converted into text
by a conversational model which then determines the robot’s
audible response. This system promotes fluent two-way
communication, leveraging the latest in machine dialogue
technology. The robot’s interaction is further enriched with
features like servo motors for movement, a camera for the
operator to view the user, and an ESP32 processor to manage
these functions.

*Corresponding author’s email: shahbazi@eng.ui.ac.ir

This article outlines various dialogue mechanism methods
and then selects the most suitable method for tent placement
based on the pros and cons of each. By adjusting parameters
in the deep learning network model, like the number of layers,
neural neurons, and activation functions, the most optimized
model is developed and its results are showcased.

2- Methodology

This model has 64 different classes and can answer 64
different questions. The model architecture consists of two
compressed layers and a Dropout with the random deletion
rate of the first Dense layer neurons of 0.4.

Experiments with labeled questions identified an
overfitting problem, causing the model to require exact
matches and struggle with minor variations. Increasing
question quantity under labels allows the model to focus on
key sentence terms, enhancing label identification. Shuffling
words within sentences didn’t significantly boost learning.
A method for question answering uses auxiliary text from
which relevant questions and answers are derived, helping
the model identify patterns between text and answers. Sajjad
Ayoubi introduced a Persian-specific model, PersianQA,
containing around 9,000 titles, each with 5 to 10 questions.
A drawback is its 500-word text limit. For robot integration,
shorter texts are stored in its memory. When queried, the
robot seeks answers internally or, if needed, uses PersianQA.

Copyrights for this article are retained by the author(s) with publishing rights granted to Amirkabir University Press. The content of this article
o NG is subject to the terms and conditions of the Creative Commons Attribution 4.0 International (CC-BY-NC 4.0) License. For more information,
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Fig. 1. The robot was designed and built to implement
the research question and answer mechanism

3- Discussion and Results

The random Q&A approach was selected for the tent’s
Q&A system, enhancing the robot’s conversational ability.
The neural network uses Fully Connected and Dropout
layers to prevent data overlap. The SGD algorithm, aimed
at minimizing the cost function reflecting the difference
between predicted and actual labels, is employed. The
optimizer’s primary parameters include a learning rate of
0.01, a factor of , and momentum of 0.9. The cost function,
cross-entropy, targets categorization tasks. The objective
is to minimize this function to better match predictions to
actual labels. The network’s effectiveness was assessed
through 10 tests over 100 training sessions across 64 to 78
categories. Figure 2 showcases error rates and the effect of
layer increases, respectively. Training sessions took between
80 to 1200 milliseconds each.

According to this form, increasing the number of layers in
the number of neurons above 128 has no effect on educational
accuracy. This can be due to the small number of Q&A
classes. Also, with the increase in the number of educational
neurons, accuracy increases. In network architecture with the
low number of neurons, increasing layers do not necessarily
increase accuracy. According to the results, the random Q&A
network architecture, with the number of neurons 4096 and a
dense training layer, reached 0.042 and 0.98.

To improve this model, well-regarded evaluation metrics
like Precision, Recall, and F1 -Measure are employed. Table
1 compares the evaluation of a random Q&A mechanism with
other models from the literature. Analysis indicates that the
unique feature of the random Q&A mechanism in Robo Tent
is its support for Persian, unlike other models that focus on
English. This specific focus on Persian enhances its capability
to process and comprehend the language semantically. Tablel.
Comparing evaluation criteria of random question and answer
dialogue mechanism

Experiments adjusted the question-answer mechanism
for 64 classes in audio mode, aiming to reduce unanswered
questions. The strategy allows the robot to respond even if
uncertain, enhancing user interaction, as continuous answers,
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Fig. 2. Error diagram according to the number of lay-
ers in three values of 128, 256, and 4096 Dense network
neurons

even if potentially erroneous, boost user engagement. Table
1 reveals significant results for the Dialogue and Random
Q&A mechanism. The model excelled in Precision at 85%,
confirming its accuracy, and in Recall at 90.65%, indicating
its capacity to address a vast array of questions. The Robo
Tent model scored 87.73% in the F1-Measure, representing
a balance between Precision and Recall. The survey suggests
the Robo Tent model’s efficacy in providing accurate answers
and covering numerous questions. The F1-Measure affirms its
balanced performance. The model processes a sentence input,
outputting a numerical value between 0 and 5, indicating the
detected emotion.

Table 1. Comparing evaluation criteria of random
question and answer dialogue mechanism

Evaluation Precision Recall Fl-
models/criteria % % mef)i/iure
Ref[7] 51.50 80.41 55.9
Ref [8] no T5 62.62 72 50 70.75
method
Ref [8] with T5 77.78 7775 7778
method
Ref[1] 78
MultinomialNB 71 74
method
Ref[1] 73
BernoulliNB 75 74
method
Ref[21] 83
Logls‘glc %2 %2
regression
method
Ref[21] 80
LinearSVC 80 80
method
Ref[21] The 83
hybrid model 83 83
method
This article 85 90.65 87.73
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4- Conclusions

In this article, the mechanism of dialogue mechanisms
was designed and implemented for a tental robot. Among
these mechanisms, the question diagnosis method was
examined by random answers and the feelings of emotions.
All questions and answers have been implemented in Farsi
and the user can communicate with the Robo Tent. The error
is 0.998 and the error is 0.042. Therefore, by identifying the
user’s question, the class is selected by the deep learning
model and the random response from the set of answers
intended for that class is shown as an output.
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ft.get_nearest_neighbors('200, ’s..)
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Fig. 5. The results of the neighborhood of the word "Hello" in FastText according to the accuracy of its
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Model: "seguential"

dense (Dense)

dropout (Dropout)

dense_1 (Dense)

Total params: 5,070,912

Trainable params: 5,078,912
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Fig. 7. Summary of random question and answer model

o Jgm s gy =X

S8 e Sl ealisl o 4 sl g Jlsw pasels sl o,
g a8 S 4lai )y dles SO WL dodly degazme (0 &S Cjao pl 4 Ll
ol b osd gl l oo 5l o sl g 35 golas lges ol b ceslizo
2 S gl g Jlsw e o SlaSh @il bSOk 0 iy
e o s Sygo 40 45 35 o0l Jie camlons e3> )] 4 gl
sl e dasy (298 ol 4 ol a0l ) Jlgw oy 5 52909
b Jae B 53 g cuslod)S gl sl 1) (Jae gz ()l soosls (s
[V#] culonss «6l,) PersianQA b

3 85 ol ailgs Sy claodls asgeme PerisanQA (claosls
oS ol (63959 A+ ghyls Wodls ol .cawlonds (¢yglaes (o) Ly SO
Sglite gy > U S b S pud (Sl b Slgsoo 93959 2
Clges A S5 3 aelod S sloiutin 1y o ¢ Jlgur 4 oaimagewly a5 sl
Caolodds 031> L Woaly oyl

P &S Cowl bz lais A v dgds Jold 00 dsgazme (pl pe
85590 Olasuio ) Jgdo 53 Cuwlodds zilas Jlgw Ve B oo plaS ya

o g gl «Ylgw Job buwgie wud slrodly (slalsis dlas Jio

are

gl bz Jlgw ¥ 4 Llg5 oo g Canl caliseo S FF (gl Jio oyl
Canl T Bolas Gls Y S g ST Y 93 Jols Jso (gyleme Lamd
sl 0ud oo Jol (ST @Y (glagygys sl /Y Sl gL oS

b plgl Jlgs S b plocanz 2 59y 2 oS Slaphlojl 4 @l
Jde s cpl )3 canlod ST 53 i g Masl 4 e 4505 sanlie
@ oy ol ipasds gl aSh 098 e [Sen g (59
o ol bt o |y 290l slmodls Jlgus b iy Jlges Cgplia
Slgises Jio 9 033 )8 Jlgw bl )3 €D Jro Bpp S ST o>
MUSIPVIC Sty

gty Jho &S 395 0 el camy yi ¥gus 315 yial il >
stz alex 53 STl ol 252,00 alex 2 S SllS (g, 52
B> S 00 3l Gy (B ) (o> el D5 04> el ]
B 5 ales S SlalS s o]y Sy (o S5 s g
S b ol @l Ll sg cup o alie slades lgie 4 o

285 i pbigel 0 (6,8 e LS o Soale

1 Dense
2 Dropout
3 overfit



"title": " fshoal 45 lae S¥ A S a"
"paragraphs”: [
{
"gas": [
{
"answers": [
{
"answer_start": 114,
"answer_end": 131,
pext™s " el .0 "
¥
1,
"guestion™: "ud ead a8y LS g0 af e YA CK O
"is_impossible”: false,

"id": 1
Fa
{
"answers": [
{
"answer_start": 263,
"answer_end": 264,
"text™: "F"
h
1.

"is_impossible”: false,
"id": 2

"queE‘tiGﬂ": " b2 S Lwef by s T8 pT o jils 028 g dim 48 gl _"‘E__éu"_

[Y] PersianQA ol> as gosxo diged A JSui

Fig. 8. Sample PersianQA dataset

Y] PersianQA ¢odly lasuin ) Jous
[ 92

Table 1. PersianQA data specification

Gty Job bsgia GBI Job busgio Jlgw Job busgio Bl g g (akigei ol sk
a5 YY¥/0A AIYQ Y- Qeee issel sbesls
/a4 YY-/\A A-Y YA AW Cewns slaools




PESPONSe = '..wiagiis gahe slaso 4S @LS st gts' \

28 O L Gwl 1pa) et o \

Tp2am S Lo Swla phiis Yy
while Trve:

question = input('You: ')
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Fig. 9. persianQA model test
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Fig. 10. Network architecture for text sentiment recognition
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Table 2. Comparing puppeteer robot dialogue mechanism methods
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Fig. 11. Error diagram according to the number of layers in three values of 128, 256 and 4096 Dense net-
work neurons
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Fig. 12. Accuracy graph according to the number of layers in three values of 128, 256 and 4096 Dense net-
work neurons

are



\ —— training set accuracy
4 \ —— training set loss
\
\
\I
34 l\'\
" \
8 \
s
g 21 \
g \
E \
1 -
\7-‘!—,
04 o —— —
0 20 40 60 80 100
Epochs

03 yuisd S 31 o 390] (395 FoAF U (ouijg0l 293 Voo 3 Lad g b Y JSS

Fig. 13. Accuracy and error in 100 training courses with 4096 training neurons from Dense network
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Table 3. Comparing evaluation criteria of random question and answer dialogue mechanism
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Fig. 14. Text Sentiment Test Dataset
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Model: "model"

Layer (type) Output Shape Param #
vt (oputiayvery  [oione, ) o
embedding (Embedding) (None, 8, 300) 90080808
1stm (LSTH) (None, 8, 128) 219648
dropout (Dropout) (None, 8, 128) 8

1stm_1 (LSTM) (None, 128) 131584
dropout_1 (Dropout) (None, 128) 8

dense (Dense) (None, 6) T74

Total params: 90,352,006
Trainable params: 352,086
Non-trainable params: 98,008,000
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Fig. 15. Network architecture of text sentiment analysis
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Fig. 16. Diagram of textual emotion model training

x_test = np.array(['s.as. . piaie p1% pde 45 a31aaa'])
X_test_indices = sentences_to_indices(x_test, word_to_index, maxLen)
print(np.argmax(model.predict(X_test_indices)))
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Fig. 17. Test the output of the text sentiment model

arq



networks for visual and textual question answering, in:
International conference on machine learning, PMLR,

2016, pp. 2397-2406.
[8] T. Minato, K. Sakai, T. Uchida, H. Ishiguro, A study

of interactive robot architecture through the practical
implementation of conversational android, Frontiers in

Robotics and Al 9, (2022)
[9] A. Conneau, A. Baevski, R. Collobert, A. Mohamed, M.

Auli, Unsupervised cross-lingual representation learning

for speech recognition, arXiv preprint arXiv:2006.13979,
(2020)

[10] S.-H. Lee, Y.-E. Lee, S.-W. Lee, Toward imagined
speech based smart communication system: potential
applications on metaverse conditions, in: 2022 10th

International Winter Conference on Brain-Computer

Interface (BCI), IEEE, 2022, pp. 1-4.
[I1] P. Chang, S. Liu, K.D. Campbell, Robot Sound

Interpretation: Learning Visual-Audio Representations

for Voice-Controlled Robots, CoRR, (2021)

[12] S. Hamed, puppeteer robot: Designing a construction
of a new interactive game based on imitative learning of
a humanoid robot from a human, in: The first national
conference of computer games; Opportunities and

challenges, 1394 (in Persian).

[13] fastText, fastText: Library for efficient text classification

and representation learning, in, Facebook.

[14] H. Hemati, fastText Word Embedding: The Persian
Approach to Text Embedding, (2018)

[15] H. Hemati, fastText-Persian, in, Github, 2019.

[16] S. Ayobi, PersianQA, in, Github, 2021.

[17] A. Akhavan, Text Classification Emojify, in, Github,
1399.

[18] J.C. Vasquez-Correa, J.C. Guerrero-Sierra, J.L.
Pemberty-Tamayo, J.E. Jaramillo, A.F. Tejada-Castro,
One system to rule them all: A universal intent recognition
system for customer service chatbots, arXiv preprint

arXiv:2112.08261, (2021)

g

& azi - ¥
by Sl FeedS pille slagty) pislle @lis cpl 5
oasuiS ey pislSe cnl g 5l b Silwedly 5 (A jlhcubaes
oy 45035 (g Ololual (8,5 )15 53 5 (Bolas gl b Jlgw
9295 b 0l Ao 4 WIgi o )l g Wload 12l ()b o5 4 lagusly
Gl b Jlpw paseis (he) ilwoslaniS L3y b jhoubass
S obul g )b Slagly g play I it (WS FY L (ol
Cawlodey [+ ¥Y gl g +[AAA Cds )] g9y p mes omas 45w
Gros 350k Je bawgi Jlaide (S )l Jlgw (aseds b nl plu
o154i8)S o )3 slagiuly dsgecme I (oLl Fwly 5 2980 S

g e 030> (LS (295 Olgie 4 oM o (sl

&bo
[1] [1] A. Chowanda, A.D. Chowanda, Recurrent neural
network to deep learn conversation in indonesian,

Procedia computer science, 116 (2017) 579-586.
[2] K. Karpagam, K. Madusudanan, A. Saradha, Deep

learning approaches for answer selection in question
answering system for conversation agents, ICTACT

Journal on Soft Computing, 10(2) (2020) 2040-2044.

[3] R. Yan, Y. Song, H. Wu, Learning to respond with deep
neural networks for retrieval-based human-computer
conversation system, in: Proceedings of the 39th

International ACM SIGIR conference on Research and

Development in Information Retrieval, 2016, pp. 55-64.

[4] A. Engineered, Ameca The future face of robotics, in,

Engineered Arts, (2022).

[5] Y. Sharma, S. Gupta, Deep learning approaches for

question answering system, Procedia computer science,
132 (2018) 785-794.

[6] M. Tan, C. Dos Santos, B. Xiang, B. Zhou, Improved
representation learning for question answer matching,
in: Proceedings of the 54th Annual Meeting of the

Association for Computational Linguistics (Volume 1:

Long Papers), 2016, pp. 464-473.

[7] C. Xiong, S. Merity, R. Socher, Dynamic memory



Humanized Computing, 14(4) (2023) 3129-3144. [19] J.J. Bird, A. Ekart, D.R. Faria, Chatbot Interaction
[20] E.H. Almansor, F.K. Hussain, O.K. Hussain, Supervised with Artificial Intelligence: human data augmentation
ensemble sentiment-based framework to measure chatbot with T5 and language transformer ensemble for text
quality of services, Computing, 103 (2021) 491-507. classification, Journal of Ambient Intelligence and

w23 gl | o opl 4 Lo
M. Amirkhani, H. Shahbazi, Designing and building a dialogue mechanism suitable for
RoboPuppet with using deep inference learning , Amirkabir J. Mech Eng., 55(8) (2023) 919-
942.

DOI: 10.22060/mej.2023.22001.7553

€y






	Blank Page - EN.pdf
	Blank Page - FA.pdf

