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In the context of information big data, breakthroughs have been made in artificial intelligence, natural machine
language and other technologies, and robot interactive dialogue has become a reality. Seq2seq is a common
natural machine language processing technology, but the traditional Seq2seq dialogue model faces the problem
of lack of semantic information and long-distance dependence. Therefore, the traditional Seq2seq technology
is studied, and BiLSTM and attention mechanism are used to optimize the Seq2seq dialogue model. The
simulation experiment test shows that in the iterative loss performance test of the dialogue model with an
increased attention mechanism, the overall curve of the BILSTM model has a gentle trend, and the loss is lower
than that of the LSTM model. At 100 iterations, the loss value of the LSTM model is 0.36 and the loss value of
the BILSTM model is 0.17 . In the music scene dialogue test, the LSTM model could not accurately understand
the meaning of the dialogue, and the satisfaction rate was 45%. The BiLSTM model accurately recognized the
meaning of the dialogue and responded correctly, with a satisfaction rating of 69%. The innovation of research
content adopts BiLSTM and attention mechanism to optimize the traditional Seq2seq dialogue model, improve
the language analysis ability of robots, and provide important reference significance for the development of

robot intelligence.
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1. Introduction

Natural language science is an important research direc-
tion in the field of modern artificial intelligence. Relying
on big data, information science, probability, and other dis-
ciplines, it has promoted the transformation of intelligent
robot language processing technology. At present, major
technology companies are investing heavily in artificial in-
telligence technology, the core of which lies in the voice
interaction between robots and humans. Major Internet
companies have launched their own robot voice systems,
such as Microsoft’s Xiaobing, Apple’s Siri, Baidu’s Xiaodu,
etc., all of which are intelligent dialogue robots. However,
the current level of intelligence of dialogue technology is

not high, mainly in the problems of low language recogni-
tion rate, lack of semantic information, and low dialogue
intelligence. In the future, chatbots will still be an impor-
tant battlefield for the development of major technology
companies. There are four main types of mainstream in-
telligent chatbot technologies, including retrieval robots,
artificial template robots, translation robots, and deep learn-
ing robots. The first three are less intelligent, mainly rely
on the set dialogue template or language database, and
lack effective dialogue scenes. Deep learning technology
simulates human dialogue scenes in the form of bionics
and could analyze language and characters, learn abilities,
and solve problems. The advantage of deep learning robots
is that they do not limit dialogue scenarios and have strong
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language scalability. The disadvantage is that they cannot
be separated from supervised learning and rely on many
corpus templates in the early stage. In the future, deep
learning needs to be improved on corpus databases and
deep machine learning. The upgrade of software and hard-
ware will improve the limitations of current deep language
technology. Therefore, based on deep learning technol-
ogy, the problems faced by chatbots are analyzed, and the
improved Seq2seq model is used for experimental tests
to improve the dialogue performance of current chatbots.
Adopting intelligent machine learning technology to im-
prove dialogue models provides important reference opin-
ions for the intelligent development of dialogue robots.

2. Related work

Natural language technology is the key direction of arti-
ficial intelligence innovation and development and has
been applied in many industries. Scholars at home and
abroad have done a lot of data research on this. Russo
A et al. studied the characteristics of the robot dialogue
system to achieve the effect of communication and interac-
tion between the machine and the patient. It starts with a
discussion of potential techniques, methods, and related
issues, and provides a spoken dialogue model. The analy-
sis of systems and methods is concentrated. According to
qualitative experiments, 12 items were determined to meet
the inclusion criteria. This study assessed the mental status
of patients with dementia [1]. Hedges and Sadrzadeh [2]
analyzed the distributional semantic model of categorical
composition and presented abstract setting instances as the
representations of sets and spatial mappings. The equiva-
lence of relation instantiation and truth-theoretic semantics
of generalized quantifiers is proved by experiments. A sur-
vey by Parr and Gobbel [3] found that much medical data
are recorded in free text, not obtained through structured
data. On the other hand, unstructured free-text information
can be used based on natural language processing. It is
confirmed by experimental design that natural language
has a prominent effect in dealing with nephrology. Li and
Mao [4] found that natural language faces a huge problem
in the process of causality, and the process of using the rule
method to deal with this problem is huge. Considering
the complexity of its causal relationship expression, the
convolutional network is used to complete the collection
of data relationships, and the pre-knowledge is fused to
obtain the causal relationship. The results confirmed that
the scheme has a reliable causal extraction effect. Schol-
ars such as Plab found that the non-parametric attention
machine strategy used in natural language reasoning lacks
effective supervision. Therefore, a language model with

supervised attention is adopted to deal with the current
problem. Relevant syntactic labeling of attention modules
will be carried out within this framework while ensuring
the unification of the training part of internal supervision.
And use multiple datasets to verify the method, the results
show that the adopted supervised attention scheme is effi-
cient and worthy of promotion [5]. Sorin discovered that
natural language technology can represent free text as struc-
tured data. And the latest deep technology can improve its
learning effect. Therefore, the relevant radiology content
over the years was studied, and the effect of the deep learn-
ing model in the natural language processing process was
verified through the relevant database. The verification
results show that the natural language technology based
on deep learning technology has important application
value in the field of radiology [6]. Otles et al. found that
high-quality feedback can improve the learning effect. It
is not clear whether large-scale feedback quality can be
achieved using natural language technology. Therefore, a
variety of natural language technologies were evaluated,
and 5 postgraduate-related surgical feedback was collected.
Training and evaluating the natural language model, the
results show that the average maximum accuracy of SVM
technology is 0.64 , and the maximum average accuracy is
0.83 when modified to distinguish high-quality feedback
from low-quality feedback, indicating the feasibility of nat-
ural language technology [7].

The innovation of natural language technology has pro-
moted the development of related technologies of intelli-
gent dialogue robots. Zhu et al. found that the current
computer has a limited ability to generate humor, and the
corresponding humor language processing is still at the
primary level. Humor computing ability is widely used in
the field of machine dialogue and has important value in
the treatment of patients with mental diseases. Therefore,
a humor mechanism is proposed, and relevant humor re-
sources are obtained with the help of big data to deal with
the lack of humorous scenes in robot dialogue. The appli-
cation results show that the scheme is practical and can
make up for the defects of the existing machine dialogue
[8]. Sono and other teams found that intelligent robots have
been used in many scenarios and can communicate with
people. However, the overall communication effect is not
ideal, so the Google Cloud Vision library is used to obtain
the word list and generate the corresponding topic vector,
thus effectively making up for the lack of robot dialogue.
The experimental results show that this scheme has a better
dialogue effect than the machine dialogue which randomly
selects utterances [9]. Experts such as Heath found that
robots can accomplish simple human interaction effects.



Journal of Applied Science and Engineering, Vol. 27, No 12, Page 3677-3686 3679

However, due to technical factors, there are differences in
the effect of interaction with people. Therefore, the social
robot is optimized and has a dialogue window to realize the
survey of satisfaction. Interact through volunteer games
to answer the robot’s questions. Experiments show that
the participants can effectively reply to the relevant ques-
tions, but the robot cannot deal with the relevant questions
[10]. Chiou et al. found that existing robots have inherent
advantages in some special fields, especially in high-risk
rescue and character search. However, existing robots still
have major problems in communication and interaction
with humans and cannot effectively respond to some com-
plex scenarios. Therefore, a virtual robot task experiment
was carried out to optimize the human interaction effect of
the robot through experiments. The results show that the
effective interpretation of the information pushed by the
robot will greatly help the application of the robot, reduce
unnecessary time consumption in the task process, and
improve the task effect [11].

It can be seen from the above research data that natu-
ral language technology has a wide range of applications
and effectively promotes the development of artificial in-
telligence technology. Chatbots that combine big data and
natural language technologies have made breakthroughs
in recent years. Therefore, combining the big data tech-
nology and the current mainstream Seq2seq technology to
conduct research, improve the recognition performance of
the existing dialogue robots, and improve the practicability
of dialogue robots.

3. Building a robot dialogue model for natural lan-
guage processing

3.1. Construction of Robot Dialogue Generation Model

Robot dialogue is an extension of modern artificial intelli-
gence technology. With the application of big data mining
in machine language processing, more intelligent robot
voice interaction has entered people’s daily life. The robot
dialogue system based on big data technology includes a
speech recognition section, natural language processing
section, dialogue management section, etc. Fig. 1 is the
dialogue robot language processing framework [12].

In the robot dialogue system, the language informa-
tion data is collected through the speech recognition sec-
tion, and the language expression information is identified
through natural language processing (NLP) technology
and converted into specific semantic data, and the dialogue
management section is used to process and generate natu-
ral language. The section realizes the function of dialogue
interaction [13]. Among them, the natural language gener-

ation part is the key to the robot dialogue system, and its
main function is to generate the reply language. There are
two types of existing dialogue generation, which are based
on retrieval to generate preset responses, which mainly
rely on a huge language database and avoid the problem
of grammatical errors [14]. The other is based on big data
deep learning technology, which is more intelligent. The lat-
ter is used here, and a robot dialogue system is built based
on deep dialogue (Sequence to sequence, seq2seq) technol-
ogy. seq2seq dialogue generation adopts Long Short-Term
Memory (LSTM) network, which has an excellent ability
to deal with time series. The schematic diagram of the
structure of the LSTM network is shown in Fig. 2 [15].
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Fig. 2. The schematic diagram of the structure of the LSTM
network

In LSTM, the LSTM network is divided into three parts:
output, input and forget gate, and the choice of information
is realized through three parts [16]. The forgetting gate is
mainly responsible for the control of the forgetting degree
of the unit information. The output information of the
previous unit is defined as h;_1, the input of this unit is,
x;—1 and all elements in the output matrix are mapped to
the interval [0, 1] by the activation function processing c;_1,
then the output expression of the forgetting gate is as Eq. (1)

seen.
fe=o (W~ Iheoy, ] + by) M

In Eq. 1), Urepresents the activation function, b f represents the
forgetting gate bias term, and Wy represents the forgetting
gate weight matrix. In the output gate, tanh the filtering of
the added information will be realized through the function
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[17]. Among them, the information data tanh will generate
a new vector after passing through the function &, and the
output gate will be mainly responsible for mapping the
vector information to the [0, 1] interval. After such a screen-
ing operation, the in and out of the information can be
controlled. The fixed input gate input is i, its mathematical
expression is as shown in Eq. (2).

ir =0 (Wi [hi—1,x:] +b;) )

In Eq. (2), it b; represents the input gate bias term and
Wi; represents the input gate weight matrix. The expression
of the vector generated by the function is & as shown in
Eq. (3).

= tanh (WC . [ht,l,xt] =+ bc) (3)

In Eq. (3), it b, represents the bias term of W; this process,
which represents the weight matrix of this process, W, rep-
resents input and unit layer weights. Then the expression
of the input gate is as shown in Eq. (4).

ot = frx i1 +ip 4)

The output gate is mainly responsible for screening the

current neural unit information, and its structure is shown

in Fig. 3.

Fig. 3. Schematic diagram of output door

The output gate maps the information of each element of
the matrix to the [0, 1]ipterval - and finally outputs the final
language information required by filtering. The output
expression of the output gate is shown in Eq. (5).

ot = 0 (Wo - [hy—1,x¢] +bo) )

In Eq. (5), it b represents the output gate bias term and
W; represents the output gate weight matrix, Wo represents
the weight of the output layer. Then the new vector expres-
sion of the output gate is as shown in Eq. (6).

hy = of tan (c) (6)

In the LSTM model, if the robot wants to form a sentence
expression, it usually adopts a simple addition method,
that is, adding multiple words. It can also take the form
of the average equal method, but the latter cannot take
into account the sequential expression of sentences. For
example, if the sentence is expressed as "I don’t like him",
the emotion expressed is derogatory. The use of LSTM
can well describe the relationship between long distances.
Dependency, taking LSTM can learn and memorize the
corresponding information. However, simply using LSTM
still faces problems in sentence construction, and it is im-
possible to encode the information from front to back. Es-
pecially in more delicate classification scenes, some words
and sentences expressing praise, derogation or neutral-
ity cannot effectively express the emotional intensity of
sentences [18]. Then, the forward LSTM and the back-
ward LSTM can be combined to build a long and short-
term memory model (Bi-directional Long Short-Term Mem-
ory, BiILSTM). For example, the former LSTM inputs three
vectors as (M,1,h,hy3), and the latter LSTM inputs as
(hj1, hip, hiz). Combining the front LSTM with the post
LSTM, and splicing the front and back hidden vectors,
we get [(hy1,h3), (he2, hi2) , (hy3, huz)l, de (ha, ha, h3). Bil-
STM is used to better capture semantic dependencies and
improve the accuracy of robot language expression. The

model diagram of the BILSTM model is shown in Fig. 4.

Fig. 4. Model diagram of BILSTM model

3.2. Construction of Robot Dialogue Generation Model
The seq2seq technology is used to build a conversational
chatbot, and the translation model is based on seq2seq to
realize the translation of language sequences. Map one se-
quence to another output sequence through BiSTLM to cap-
ture bidirectional semantic dependencies. The schematic
diagram of the seq2seq model is shown in Fig. 5 [19].

The seq2seq model is mainly composed of two parts:
Decoder and Encoder. It can be seen from the model struc-
ture in Figure 5 that the seq2seq model has a large degree
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Decoder

Encoder

Fig. 5. Schematic diagram of seq2seq model principle

of freedom and can be combined with a variety of neural
networks. BiSTLM is mainly used here. The current state
input information and output information X are calculated
to calculate, and the expression is as shown in Eq. (7) [20].

bt = f (he—1,xt) )

In Eq. (7), it hy_1 represents the output information of
the previous unit, and x; represents the input information
of the unit, which is the input f(-) of the forget gate. The
encoding process is mainly to convert the sequence into a
fixed-length vector through the Encoder, and obtain the se-
mantic vector through nonlinear transformation as shown
in Eq. (8) [21].

C:q(l’l1,h2,h3,...,ht) (8)

In Eq. (8), I is the output of the hidden layer, ! the num-
ber of words in the sequence, and the g parameter value.
During the decoding process, the Decoder gets the output
series y1,...,Y;—1 and predicts the next output word, as
shown in Eq. (9).

vt =g{v1y2,---,y1-1},C) )

In Eq. (9), it g() represents the nonlinear activation
function. During the decoding process, the end character
and length of the text will be specified in the Decoder, and
the encoding will be terminated when both requirements
are met. However, in the traditional seq2seq model, fixed-
length vectors C cannot effectively represent all sequence
information, and text front-end information is easily cov-
ered by back-end information. In order to solve this prob-
lem, the attention mechanism Attention is introduced, and
the input data is carefully allocated to improve the train-
ing effect of seq2seq [22]. The schematic diagram of the
attention mechanism based on seq2seq is shown in Figure
6. The decoder X obtains the word prediction probability
according to the input as shown in Eq. (10).

p (yl | yll--/yt—lrx) = g(yifllsircl’) (10)

In Eq. (10), p? is the prediction probability, s; which
refers to the network ! moment state, and ¢; is a i moment
vector, then the s; expression is as shown in Eq. (11) [23].

si = f(si-1,Yi-1,¢i) (11)

To obtain better results, each output ; will introduce
different weights, as shown in Eq. (12).

T\’
C;i = Z Lli]‘hj (12)
j=1

In Eq. (12), Ty is the matrix parameter, which }; repre-
sents the hidden layer, and 4;; the calculation is shown in
Eq. (13) [24].

exp (e,-]-)
M= < (13)
Zkzl exp (eik)
In Eq. (13), the e;; expression is as seen in Eq. (14).

61‘]‘ = VT tanh (WSS,',1 —+ Whht) (14)

In Eq. (14), it V represents the network weight, W; rep-
resents the offset vector, and Wj, represents the parameters
of the embedding layer.

eij = VT tanh (Wig, | + Wyly) (15)

The traditional seq2seq selects the maximum probability
as the output value, but some words in the corpus have a
high probability and are often defined as safe responses. To
avoid the problem of safe reply output, use beam search,
use pruning operation, and multi-layer space search to im-
prove model performance. The pruning process will filter
low-probability nodes in each search, reduce the number of
searches to enhance the model search efficiency, and then
build a dialogue robot model. The overall process of the
robot dialogue model is shown in Fig. 6 [25].
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Fig. 6. Overall process of the robot dialogue model
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4. Chatbot dialogue simulation test

In the experimental test of the dialogue robot, TensorFlow
developed by Google will be selected as the model train-
ing and learning platform. The test system is Win7 plat-
form, the running memory is 16G, the processor is 16 -core
3.5Ghz, and the graphics card used in the test is NVIDIA
GTX2070. To test the performance of the constructed chat-
bot model, a large amount of corpus test data is needed
in the experimental test. Considering that the robot needs
to be more colloquial to simulate human dialogue scenes,
choosing movie dialogue scenes as the experimental test
data meets the requirements of robot learning and training.
Considering that there is a large amount of dialogue data
from movies and TV series abroad, the open subtitles cor-
pus is selected as the robot text. Converted into Chinese
dialogue corpus through translation tools. The corpus is
divided into topics, including music, games, war, news,
and more. The size of the test corpus is shown in Table 1.

In the experimental test, it is necessary to verify the
language generation effect of LSTM and BiLSTM in the dia-
logue robot, and the performance effect of the two models
based on seq2seq technology will be compared. The num-
ber of hidden layer nodes is set to 512 , the word vector
dimension is set to 64 , and the batch size is set to 128 . The
iterative loss results of the robot dialogue model are shown
in Fig. 7.

Fig. 7 is the iterative loss result of the robot dialogue
model, and Fig. 7(a) is the test result of the dialogue robot
model without adding the attention mechanism. As can be
seen from the data in the figure, without adding the atten-
tion mechanism, as the number of Epoch training iterations
increases, the value of the Loss function of the two models
shows a downward trend. The yellow curve represents
the trend of the LSTM model, and the purple curve repre-
sents the trend of the BiLSTM curve. Overall, both models
have fluctuations, but the BILSTM fluctuation is small, and
the loss is smaller. Fig. 7(b) is the test result of the dia-
logue robot model with the added attention mechanism.
Compared with Fig. 7(a) without the attention mechanism,
the loss of both models is smaller. The black curve repre-
sents LSTM, and the red curve represents BILSTM. It can
be seen from the image data that after adding the atten-
tion mechanism, the overall curve of the BILSTM model
changes smoothly, and the loss is lower than that of the
LSTM model. At 100 iterations, the loss value of the LSTM
model is 0.36 and the loss value of the BiLSTM model is
0.17 . Adding an attention mechanism to the model can ef-
fectively improve its performance of the model and reduce
the loss of model performance. At the same time, in corpus
training, BILSTM has better performance and lower loss

than the LSTM model. To further verify the performance
of the BILSTM model in the robot dialogue, the accuracy
of the model will be tested in two scenarios of music and
games. The test results are shown in Fig. 8.

Figure 8 shows the results of the dialogue test accuracy
of the robot dialogue model. Taking the music dialogue
scene and the game dialogue scene as the test background,
the corpus accuracy of the two models was tested under
100 loop iterations. Fig. 8(a) is the test result of the music
corpus scene. It can be seen from the fluctuation of the
curve in the figure that with the gradual increase in the
number of model test iterations, the accuracy of the two di-
alogue models gradually increases. The LSTM model tends
to converge at 52 iterations, and the model semantic test
accuracy at this moment is 0.81 ., while the BiLSTM model
tends to converge at 44 iterations, and the model semantic
test accuracy at this moment is 0.93 . The BiLSTM model
has better convergence performance and higher test accu-
racy. Fig. 8(b) is the test result of the game corpus scene.
Compared with the music corpus scene, the game scene
is more complex and more professional. Compared with
the music corpus scene, the dialogue accuracy of the two
models in the game scene has decreased, but the BiILSTM
model has less impact, and tends to converge after 44 itera-
tions. At this moment, the corpus test accuracy rate is 0.89
. In the game scene, it has a great influence on the LSTM
model, which tends to converge after 61 iterations, and
the accuracy rate of the corpus test at this moment is 0.58.
In the conventional dialogue environment, both dialogue
models have higher dialogue accuracy, but in complex and
professional dialogue scenarios, the BILSTM model has
a higher overall dialogue accuracy. Compared with the
LSTM model, the BiLSTM model has a higher dialogue ac-
curacy. The dialogue accuracy rate has increased by 46.65%.
As shown in Table 2, the experimental results of the two
dialogue models are shown.

Table 2 shows the actual dialogue test results of the two
models and evaluates the dialogue effects of the two di-
alogue models through satisfaction. In dialogue sample
1, the music dialogue scene is selected, the LSTM model
cannot accurately understand the meaning of the dialogue,
and the satisfaction rate is 45%, which is unqualified. In
the same scene, the BILSTM model accurately identified
the meaning of the dialogue and replied, "I especially like
listening to music", with a satisfaction rating of 69%. In a
simple dialogue scenario, such as dialogue sample 6 asking
"Is today the weekend?", both models can reply, but the
BiLSTM model’s dialogue reply is more accurate, and spe-
cific to a certain day, and the satisfaction rate is 92%, 69%
higher than the LSTM model. In actual dialogue scenarios,
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Table 1. Scale of test corpus
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Fig. 8. Results of dialog test accuracy of robot dialog model

there are differences in the responses of dialogue models
in different scenarios, and both models can respond simply
by replying. However, in complex scenarios, the BILSTM
model has more accurate and standard answers than the
LSTM model. To effectively improve the dialogue ability
of the model and avoid the appearance of model security
response, the cluster search parameters are set to 9 in the
experimental experiment, and the experimental dialogue
experiment test is carried out, as shown in Table 3.

Table 3 is the test results of the experimental dialogue
part under the BiLSTM model. During the experiment,
to avoid the generation of safe replies, the cluster search
parameters are set to 9, so that the robot will search for
more information when answering questions and avoid
safe replies from appearing. From the reply to informa-
tion in Table 3, in the case of not setting the cluster search,
among the 9 replies given by the BILSTM model, the se-

curity reply set by the system appears at most 4 times,
which is "I'm sorry", and the security reply "I don’t know".
appeared twice. After the cluster search is set, the data
sources that can be obtained by the model are more abun-
dant, the repetition rate of safe responses is significantly
reduced, and the language responses generated are more
accurate and richer. Finally, the emotion recognition rates
of different models are tested, and the results are shown in
Table 4.

Table 4 shows the recognition rate of the model in differ-
ent emotional scenarios. From the data in Table 4, under the
separate LSTM and BiLSTM models, the accuracy of emo-
tional attitude recognition in the dialogue of the two mod-
els is not high, and the recognition rate of the LSTM model
in multiple emotional scenes is less than 60%, which is an
unqualified realization. Compared with the LSTM model,
the emotion recognition rate of the BILSTMM model is bet-
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Table 2. Shows the experimental results of two dialogue models

Interactive object LSTM model reply re- | Reply result of BiL- | LSTM model satisfac- | BILSTM model satis-
sult STM model tion/% faction/%

1. What kind of musicdo | Thank you very | Iespecially like listen- | 45 69

you like best? much. ing to music.

2. What game are you | Idon’t know. Sorry, I don’t like | 35 75

playing recently? games very much.

3. Which city do you | Ilike it very much. I prefer Asian cities. 36 75

think you like best?

4. What did you have for | Ionly like sweet food. | Ihad pizza for break- | 65 90

breakfast today? fast.

5. Do you like going to | Sorry, I understand. Yes, I like the sun- | 56 91

the beach to bask in the shine on the beach

sun very much

6. Is today a weekend? yes. Yes, today is Sunday 69 92

7.Let’s go for an outing | I don’t know. I'd love to join you. 60 92

Are you going?

Table 3. Test Results of Experimental Conversation under the BILSTM Model

Interactive object BiLSTM model BiLSTM model+beam search
1.What color do you like? | Ilike green clothes. | Ilike new clothes very much.
2.What color do you like? | Ilike new clothes. I'm very interested in green.
3.What color do you like? I'm sorry. I'haven’t thought about it yet.
4. What color do you like? I'm sorry. I don’t know.
5.What color do you like? I'don’t know. I'm sorry.
6.What color do you like? I'm sorry. Tell me again.
7.What color do you like? I'm sorry. thank you very much.
8.What color do you like? | Please say it again. Let me think again.
9.What color do you like? I don’t know.

Table 4. Test results of experimental dialogue part under the BILSTM model (unit/ %)

Conversation model type | Sadness | Fear | Uneasiness | Happy | Excitement | Angry | Melancholy | Impatience
LSTM 63.54 56.65 54.52 45.54 59.45 53.55 57.45 45.45
BiLSTM 66.45 64.54 67.45 63.45 64.45 67.45 69.45 60.45
LSTM + Attention 63.45 67.43 69.46 69.46 67.46 69.46 68.46 64.46
BiLSTM + Attention 78.54 77.45 73.45 76.45 76.48 76.45 74.45 73.45
LSTM + Attention + | 7045 72.43 69.45 67.45 70.45 71.45 69.45 67.45
beam search

BiLSTM + Attention + | 89.45 81.55 84.45 80.46 82.45 91.45 86.45 84.56
beam search

ter, but the recognition accuracy cannot meet the require-

ments. After adding the attention mechanism, the emotion

recognition rate of the two models has been improved to

a certain extent, but the overall effect is not outstanding.

Therefore, by adding a cluster search and attention mecha-

nism to the model, compared to the LSTM model in com-

plex emotional dialogue scenarios, the BILSTM model that

integrates attention and cluster search has better overall

emotional recognition performance. The recognition rates

for the four emotional scenarios of sadness, fear, unease,
and happiness are 89.45%, 81.55%, 84.45%, and 80.46%, re-

spectively. Compared to LSTM and BiLSTM, the recogni-
tion ability has increased by 35.66% and 21.36%, respec-
tively. From this, it can be seen that the BiLSTM dialogue
model has better dialogue performance in intelligent dia-

logue robots compared to traditional LSTM models, meet-

ing more stringent dialogue scenario requirements.

5. Conclusion

In the context of big data, artificial intelligence dialogue

robots will be an important exploration direction of mod-
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ern science and technology. Research on natural language-
oriented robot dialogue technology shows that the tradi-
tional seq2seq dialogue model cannot handle long dialogue
problems and cannot fully express semantic information.
Therefore, the BILSTM model is selected to fully represent
the semantic information and construct the Decoder and
Encoder spaces. Considering that the traditional seq2seq
model cannot represent all sequence information, an atten-
tion mechanism is introduced for optimization, and beam
search is used to overcome the problem of safe reply in
dialogue systems. The performance test results show that
in the dialogue accuracy test of the dialogue model, in the
music corpus scene, the LSTM model tends to converge
at 52 iterations, and the model semantic test accuracy at
this moment is 0.81 , while the BILSTM model tends to
converge at 44 iterations. Convergence, the model seman-
tic test accuracy at this moment is 0.93. In the different
emotional scene recognition rate tests (Attention plus beam
search), compared with the LSTM model, the proposed BiL-
STM has better emotional recognition performance. The
recognition rates of the four emotional scenes of sadness,
fear, anxiety, and happiness are 89.45%, 81.55%, 84.45%,
and 80.46%, while the LSTM model recognition rates are
70.45%, 72.43%, 69.45%, and 67.45%, respectively. At the
same time, the BILSTM model has an excellent performance
in the dialogue recognition effect and dialogue response
satisfaction test. However, there are still shortcomings in
the research. The collected dialogue material information
is mainly based on Chinese, with a small number and rela-
tively simple scenes. In the later stage, a foreign language
corpus database should be added, and the corpus resources
should be enriched.
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