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ABSTRACT

How to communicate with users in a timely and effective manner and determine the intentional
purpose of customers plays an important role in promoting continuous user interaction and improving
service efficiency in the power marketing industry. The article firstly researches on a single-round
natural language understanding algorithm based on intent-slot bi-directional interaction, which
adopts a bi-directional information flow to realize the bi-directional information interaction between
intent and slot. In the intention recognition layer, the interaction attention mechanism is utilized to
introduce slot context information. Then the overall design scheme for the construction of an
intelligent customer service system for power marketing from dialogue state keeping, multi-round
question and answer, model storage to answer visualization is proposed, and the potential functional
requirements are analyzed exhaustively. Finally, experiments from various aspects prove the
effectiveness of the proposal in this paper. In the comparison experiments on MixATIS with MixSNIPS
dataset and DSTC4 dataset, the metrics are improved by 0.3%, 1.5% and 0.5% respectively when
comparing GL-GIN model on MixATIS dataset. This leads to the feasibility of the intelligent customer
service system for power marketing constructed in this paper.

Keywords: intent recognition, natural language understanding, intelligent customer service system,
power marketing

1. Introduction

With the continuous development of social economy, the electric power industry is also growing
rapidly, becoming an important support for national economic development. As an important part of
supporting the development of the power industry, power marketing is also an indispensable part of
the industry [1-3]. Power marketing is an important way for enterprises to understand the actual
needs of users, and can communicate effectively with users to improve the economic benefits of
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enterprises, which is related to the daily life of residents, and in the process of power marketing, the
use of power marketing customer service system is particularly important [4-7].

In the context of the new era, China's Internet technology has been further developed, and the
problems existing in the traditional power marketing model have gradually come to the fore, unable
to meet the business needs of power enterprises [8-9]. Based on this, intelligent electricity service
gradually comes into people's daily life, it is in addition to the application of high technology, but also
to match more quality customer service, so that customers get a new user experience [ 10-12]. Through
the use of intelligent power marketing system, the service is more three-dimensional, but also a great
degree of savings in the cost of operation, for electric energy is a great limit of the use of power, but
also reduce the pressure of the staff, thus improving the economic efficiency of the power enterprises,
electric power enterprises in order to better development, in order to find the root point in today's
society, based on the fierce competition in this era [13-16]. The introduction of user intent recognition
technology in the power marketing intelligent customer service system is conducive to helping the
system to accurately understand the user's needs and realize the accurate identification of the user's
intent, so as to improve the service level of the system and the user's satisfaction [17-19].

The article firstly proposes a method based on the joint modeling of intent recognition and slot
filling tasks to realize explicit two-way interaction of information between intent recognition and slot
filling in a single-round task-based customer service system, to improve the accuracy rate of the intent
recognition and slot filling tasks, and improves the intent recognition task into a multi-intent
recognition task, introduces the mechanism of graph attention, and uses the intent labels outputted
by the intent recognition task to guide the slot filling The results of the slot filling task are guided by
the intent labels output from the intent recognition task. Then the overall requirements of the power
marketing intelligent customer service system are analyzed, starting from two perspectives: functional
requirements and non-functional requirements for a comprehensive introduction, and overall
grasping the two main roles built into the system platform, ordinary users and platform administrators
of each core operation and the corresponding key functions. In the experimental part, suitable dialog
datasets MixATIS and MixSNIPS are selected for experiments. After verifying the model performance
on the datasets, comparative experiments are conducted on single-intent as well as multi-intent
datasets. Finally, an overall review of the power marketing intelligent customer service system is
conducted.

2. Research on user intention recognition algorithm based on graph neural
network

2.1. Overall design idea of the model

In this section, a single-round multi-intent dialog natural language understanding model based on
intent-slot bi-directional interaction is proposed and utilized for intent recognition to improve the
overall performance of the customer service system and reduce the labor cost. Based on the intent
recognition to categorize the intent of the customer's question, the main purpose is to identify the
business contained in the question, including complaint and suggestion, business consulting, fault
report and repair, and business expansion. According to the identified business categories, the
business processing module is substituted into the corresponding words to guide the customer
through multiple rounds of dialog to complete the final business processing. The model mainly
consists of word embedding coding layer, intent recognition layer based on slot-intent interaction and
slot filling layer based on intent-slot interaction [20]. The model in this section is named as RCGT.The
RCGT model architecture is shown in Fig. 1.
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Fig. 1. Architecture of the RCGT model
2.2. Construction of the RCGT model
2.2.1. Word Embedding Coding Layer:

1) TOD-BERT pre-training layer. The structure of TOD-BERT is shown in Fig. 2.TOD-BERT is a variant
of BERT designed specifically for task-oriented customer service systems. The powerful language
comprehension capabilities of BERT are utilized and adapted and optimized to better handle the tasks
of interacting with users, understanding their intentions, and generating appropriate responses.

For a sentence U ={u,,u,,...,u,}, where, n denotes the number of words after the sentence has
been split. Since TOD-BERT adds [CLS] to the beginning of the sentence and [SEP] tags to the end of
the sentence at the encoding stage, and [USR] and [SYS] tags are also added in multiple rounds of the
dialog, the resulting sequence is X ={x,,Xx,,...,x } after TOD-BERT encoding.

RCL MLM MLM
[CLS] [SYS] What Rest# oo [USR] Prefer cheap e [SEP]

[cLS] || [SYS] || What ||[MASK]| -+ | [USR] || Prefer ||[MASK]| -+ | [SEP]

Fig. 2. TOD-BERT structure

2) Bi-LSTM coding layer. After pre-training coding, this subsection introduces the Bi-LSTM coding
module, which serves to make full use of the temporal features in the sentence to capture the
dependencies over longer distances in the sentence and model the contextual information of the
sentence.The schematic diagram of Bi-LSTM is shown in Fig. 3.
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Since the LSTM module itself is unidirectional, it can only model the contextual relationship from
left to right but cannot encode the information from right to left, when encountering sentences with
inverted structure, the modifying components often appear after the modified words, the problem of
dependency between the front and back of words can be solved by adopting the Bi-LSTM.The Bi-LSTM

consists of two LSTM layers, for a sequence X ={x,,x,,...,x,}. Bi-LSTM is capable of bi-directional

encoding from left to right and from right to left, and finally the hidden states in both directions are
spliced together to get the hidden state H ={A,,h,,....,h,} which contains the context information.

LST™ LST™M LST™M LST™

LST™M LST™M LST™ LST™M

Fig. 3. Schematic diagram of the Bi-LSTM

The hidden state 4, and cell state ¢, of the LSTM model at moment i are determined by the
input gate input,, forgetting gate forget, and output gate output, computed from the current word
embedding x, € X, the cell's previous moment state c, ,, the hidden state 4 _, of the previous

moment, and the cell's temporary state femp,. The computational procedure of the LSTM is shown in
Egs. (1) to (6).

Jorget, = sigmoid(W [h,_,,x,]+b,) (D
input, = sigmoid(W[h_,,x.]1+Db.) (2)
output, = sigmoid (W, [h,_,,x,]+b,) (3)
temp, = tanh(W,[h_,,x,]+Db,) (4)

¢, = forget,[| c, | +input,[] temp, (5)
h, = output,[] tanh(c,) (6)

2.2.2. Intent Recognition Layer Based on Slot-Intent Interaction:

1) Full Attention Layer. The full attention layer in this subsection employs an improved attention
mechanism that allows the model to more accurately focus on words that are closely related to a
specific label by incorporating label information directly into the attention computation process, while
performing intent recognition and slot filling tasks. The implementation of the full attention
mechanism is shown in Egs. (7) to (8).

Oy = softmax(H BiLSTMWﬁ?l) (7)
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A, = softmax(H ¢, W ) (8)

fa

where «,, and «a, denote the attention coefficients of the two tasks of intent recognition and slot
filling, respectively, reflecting the degree of relevance of the intent and slot labels to the hidden state
Hyy oy =00y, sk}, and W el SRS e[S TF and S* denote the number of labels for

the intent recognition and slot filling tasks, respectively.
Contextual representations H, and H, containingthe intentand slotlabeling information are

finally obtained, as shown in Equations (9) to (10).

H, =Hp oy + aw ™! 9)
H fas — Hypomy + aw’® (10)

2) Slot-intention interaction layer. This subsection adopts an improved slot-intention interaction
attention mechanism. Firstly, the hidden states are mapped to three different spaces through a linear

transformation to obtain the query vector (Q,, key vector K, and value vector V; needed for slot-
intention interaction attention, which are realized as shown in Egs. (11) to (13).

Q1 = VVqIHfaI (11)
K, = WkSHfaS (12)
I/s = I/kSHfaS (13)

where W, 0™ W, el P W el ™" denotes the trainable weight matrix

After that, O, is used as the query vector, and K, and V; are used as the key vector and value
vector to do the attention operation, as shown in Equation (14).
O,Ks

A W, (14)

H,, = softmax(

where d, isthe vector dimension of the K; matrix.

Up to this point, the model explicitly obtains a contextual representation of the degree of association
of the slot representation to the intent, similar to the native Transformer, and performs residual
concatenation and layer normalization on the output, which ultimately yields a contextual
representation of the intent after incorporating semantic information about the slots. As shown in
equation (15).

Hg,,ym = LayerNorm(H,, + H_fas) (15)

3) Feedforward layer. The feedforward layer (FFN) generally consists of two fully connected layers and
an activation function. The working principle of the feedforward layer is shown in Equation (16).

FFN(x)=W,(LeakyReLU(W,x+b,))+b, (16)

where W, W, isthe learnable weight matrix, b,,b, isthe learnable bias,and x denotes the input to

the FFN.
The hidden representation is then normalized by one more residual join and layer normalization,
which further makes LeakyReLU work better, and the process is shown in Equation (17).

H . = LayerNorm(FFN(Hy,, )+ Hgy 1 4,) (17)
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4) Intention decoding layer. The intention recognition module based on slot-intention interaction
firstly goes through TOD-BERT+BiLSTM encoding to get the hidden state H,;,,, = {4.h,,....h,} of
the sentence, and after fusion and enhancement of the intention and slot information through the full-
attention layer, slot-intention interaction layer, and feed-forward layer, it gets the contextual
representation ., , and finally, in this subsection, it realizes the intention decoding.

For the multi-intent recognition task, Sigmoid is used as the activation function, and the hidden state

is passed through the Sigmoid function to get the probability of each intent label after the fully
connected layer. The specific methods are shown in Egs. (18) to (20).

Y =Sigm0id(Vere1HFFN+bfd) (18)
Vo= {0y} (19)
0" ={0/,0,...0,} ={¥" | y/ >1"} (20)

2.2.3. Slot Filling Layer Based on Intent-Slot Interaction:

1) Multi-Intent-Slot Bitmap Interaction Layer. GAT is a graph neural network based on the attention
mechanism, which achieves the learning of node representations and relationships between nodes by
assigning different weights to the neighboring nodes of each node. First, for intent label encoding, this
subsection employs GloVe as an external knowledge base for initializing intent label embeddings [21].

The intention label embedding E’ and the hidden state H,,,, obtained from the word embedding
encoding layer are spliced to obtain the input H, ={h ,h,,...h,} ={h,h,,....}h e e,...e } of GAT,
where h,el”.

The specific process of GAT adopted in this subsection is described next. Similar to the attention
mechanism, GAT does the computation of the attention coefficients for each neighbor node N, of

node i on itself, as shown in Equation (21).

e; = Lealg/ReLU([Vthvi,Wghy,]aT) (21)

where LeakyReLU is the nonlinear activation function. a el > and W, el xr

are trainable weight
matrices, and [] denotes the splicing operation. Next, after the activation function Softmax, the
attention value ¢, ofeachneighbornode N, of v, isnormalized to obtain the attention weight «;

as shown in Equation (22).
a; = softmax(e;) (22)

After that, the aggregation of the features of each neighboring node is achieved through the attention
weights and the attention coefficients are obtained as shown in Equation (23).
h = elu(;\;v a,W,h,) (23)
where elu is the nonlinear activation function. The computational flow of the multiple attention
mechanism is shown in Equation (24).

h. = concat, (elu( z o, Wih,)

JEN;

(24)

Exceptionally, for the last layer, the mean value operation is used instead of the splicing operation,
as shown in Eq. (25).
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-—elu(—ZZ a;W'h,) (25)

kl/eN

After [ layer of graph attention layer computation, the output /., of the last layer of graph
attention is obtained as shown in Equation (26).

He,r {h hé»---:h,lz} (26)

2) Slot Decoding Layer. This subsection employs the Conditional Random Field (CRF) model to model
the correlation between adjacent lexical labels. The output H,; of the intent-slot interaction layer

is mapped to the label space by a linear transformation, as shown in Equation (27).

H s =WisHeur + b_/bS (27)

where H, ell "%, k denotes the number of slot labels. The weight matrix W, andbias b,  are

trainable parameters.
The conditional probability distribution of CRF is shown in Eq. (28) using maximum group
factorization.

exp(> F(y, .y H 1) 28)

1
P(Y,|H )=
B Z(H ) 5

where Y; denotes the slot label prediction result, Z(H ) denotes the normalization factor, and

F(y,,y:,H s) s the scoring function, which denotes a score from y,, to ,. The scoring function

is calculated as shown in Equation (29).
K L
F(y_,y,Hs)= zﬂ’ktk(yi—lﬂyiﬂerS) +Zﬂ151 (Vs H 45) (29)
k=1 =1

The sum of all possible paths is calculated by the normalization factor, which is shown in Equation
(30).

cs) Zexp(Zﬂt(yl 1> Vi feS)+Z/’llsl(yz’ fés)) (30)

Finally, the Viterbi algorithm is used to efficiently find the most probable labeling sequence Y, as
shown in Equation (31).

O, = argmax, P(Y, | H ;) (31)

2.2.4. Loss function. In this paper, the ASL loss function is used as the loss function for the intention
recognition task, and ASL mainly realizes the downweighting of negative simple samples in the
following two ways.

1) For the negative simple samples with very low prediction probability, a threshold " is
introduced, which will be overall, and the negative simple samples with probability less than ¢” are
directly discarded, thus further reducing the weight of the simple negative samples. As shown in
equation (32).

m

Othlﬁl

1

=max(o] —1",0) (32)

where the threshold " is a hyperparameter, and " is setto 0.2 in this paper.
2) Asymmetric attention is applied to the samples, learning weight parameter p, is applied to the

positive samples, and learning weight parameter y_ isapplied to the negative samples, by decoupling
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the learning weight parameter and setting the learning weight parameter y_ >y, so as to realize the

question of downweighting the negative simple samples, and maintain the attention to the positive
samples. The calculation of loss function for positive and negative samples is shown in equations (33)
and (34).

L. =(-0/)" log(o;) (33)

L = (ofh'ﬁl )~ log(1— thW) (34)

where y, and y_ are hyperparameters greater than or equal to 0. In this subsection, y, issetto0
and y_ issetto 4.

The loss function for the intention recognition task is shown in Equation (35).
N,
L =2 (=FL ~(1-3)L) (35)
i=1

For the slot filling task, the negative log likelihood (NLL) is used as the loss function as shown in
Equation (36).

L, =-log P(Y, |H_fL-S) (36)

In order to achieve the joint optimization of the two tasks, the loss functions of the two tasks are
weighted and summed to obtain the final loss function as shown in Equation (37).

L=L,+/pLg (37)
3. Demand analysis of intelligent customer service system for power marketing

The main work of this paper is to design and implement an intelligent customer service system for
power marketing, which requires the system to first accept the user's question text, analyze the intent
and slot information related to the question and answer in the sentence using a graph neural network
based user intent recognition algorithm, and integrate it into the user's conversation state object. Each
user's conversation state object is unique and stored in the cache Redis, with a fixed duration renewal
period for conversation retention and conversation state update. Using the intent slots of the model,
the system can answer questions by querying the already pre-built knowledge graph of the power
domain, and the system embellishes the answers and returns them to the user side. The process
knowledge graph is stored in the graph database Neo4j, while the relational data is stored in Mysql
[22]. The Q&A history of the user and the system in the process of Q&A is stored in a fixed directory
on the server and is done at regular daily intervals using a timed task configuration module developed
by the system and is archived using an object storage service, which is chosen to be stored in Minio in
the current version. This section focuses on the functional and non-functional requirements involved
in the platform of the power marketing intelligent customer service system, and will divide the users
while giving the roles of the platform and show the corresponding use cases under different user
perspectives. The system use case diagram is shown in Figure 4.
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Fig. 4. System use case diagram

3.1. Analysis of platform user roles

Since the creation of this electric power marketing intelligent customer service system platform, it has
two built-in roles, which are the ordinary user of the platform and the corresponding administrator of
the platform. The administrator has the authority to create and assign roles, and the platform allows
the administrator to make further fine-grained division of roles according to the needs, and the roles
with different permissions can be found and blocked directly through the display and hiding of the
browser menu interface. These roles are customized roles for easy expansion, and the use cases
discussed after this section are based on the user built-in roles as an example.

3.1.1. General user roles. Ordinary users are the users who access the basic Q&A function of the
power marketing intelligent customer service system platform, the user directly inputs the text of the
question in the browser, and according to the answer displayed in the output box system can be
continued to pursue the question and the question can be changed [23]. The process of using the Q&A
service, the service provided by the system to the user involves the cooperation between multiple
module microservices, while it is transparent and senseless to the user.

3.1.2. Platform administrator role. In the power marketing intelligent customer service system, the
platform administrator has the ability to be responsible for the operation of the system, in addition to
the ability to use ordinary user roles in the system. Administrators can customize the creation of role
types to fulfill the needs of more customers, and divide the authority granularity more finely. In terms
of monitoring system performance, administrators have access to system logs in a way that matches
the concepts often described in monitoring and link tracing in distributed systems.

3.2. System requirements analysis
3.2.1. Functional requirements:

1) User login and logout. According to the previous analysis of the platform user roles, it can be seen
that the platform provides two built-in user roles, corresponding to ordinary users and platform



3612 F.LU

administrators. The platform needs to differentiate authentication according to the different roles that
users belong to, and the function entrances displayed on the interface will also be different at that time.
Meanwhile, in order to provide higher security during the login process, the back-end user service
introduces a randomly generated dynamic verification code, which needs to be provided together.

2) Management of multiple rounds of user questions and answers. Functional users submit their
questions to the system backend through the question input box provided in the front-end of the home
browser. The system then tries to take out the user's dialog state from the cache, and re-create a blank
state for the user if it has expired, after which a remote call is made to the packaged model algorithm
service, and the model recognizes the semantics embedded in the user's text. Subsequently, after
returning the results, the mainstream process in the system backend needs to complete the tracking
of the current dialog state, querying the knowledge graph stored in the graph database for the dialog
task that meets the conditions, and then obtaining the results also needs to complete the updating of
the dialog state, the storage keeping of the dialog state, and the document recording of the current
dialog, in order to wait for the execution of the archiving task configured in the timed task.

3) Platform administrator timed task management. Multi-round Q&A module needs to rely on timed
tasks to archive the information of Q&A records. Timed task management belongs to the indispensable
basic services of multi-round Q&A service, and it can also be extended by the administrator to
configure timed tasks for the platform. At present, the timed task management function belongs to the
scope of system administrator's authority, and only the platform administrator has the authority to
operate this function. In this function, the role of the operation is allowed to query the timed tasks that
have been run in the current platform, and it supports locking according to multiple combination
conditions.

4) System management function of platform administrator. The current system management function
involves the addition, editing, deactivation and deletion of users, roles, departments, positions and
other functional modules, which belongs to the scope of the system administrator's authority, and only
the platform administrator and the customized roles may have the authority to operate such functions.
In this function, the role of operation is allowed to query the data of each module in the current
platform, and it supports locking according to multiple combination conditions.

5) Platform administrator system monitoring function. The log management function belongs to the
scope of authority of the system administrator, and only the platform administrator and the
customized roles may have the operation authority of this function. The operation log plays an
important role in checking the operation status of the system and dealing with system service
exceptions. At present, the platform already supports the export of operation logs to Excel table files.

3.2.2.  Non-functional requirements:

1) Platform system operation easy to use. Power marketing intelligent customer service system
platform to be user-oriented simple and easy to use, interface function operability to ensure a good
user experience.

2) Get the platform response in real time. In the process of users using the platform for multiple rounds
of questions and answers, the design of multiple micro-service modules and algorithmic modeling
services, knowledge map access to cooperate with each other, a question and answer delay needs to
be controlled in the user experience can be accepted within the scope.

3) Sustainable expansion of platform functions. When the demand side of the platform has new
functional requirements for integration and access, the system expansion should be simple and
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convenient enough. Since the Spring Cloud Alibaba microservice architecture has been adopted, the
modularized development of the back-end interfaces follows the corresponding Controller, Service,
Dao, and Bean layers, and follows the high cohesion and low-coupling design principle of software
development. The design principles of software development are followed.

4) Sustainable maintenance of platform system. During the development of the system platform, all
mainstream frameworks are used in maintenance. The model algorithm service is packaged in Django
as an HTTP service for network invocation, and the front-end uses Vue 2 with Element-Ui component
library for page development.

4. Experimental results and analysis

4.1. Data preparation

In this paper, the effectiveness of the system is verified using the power marketing intelligent customer
service system dialog datasets MixATIS and MixSNIPS, which mainly have about one million multi-
round dialogs as well as more than twenty million single sentences. In addition, the number of rounds
per conversation ranges from 3 to 85, with an average of 20 rounds, and each single sentence has an
average of 7.6 words. The main statistical features of the dataset are shown in Table 1.
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Table 1. Statistical characteristics of data collectors

Attribute Numerical value
Total dialogue 1,023,251

Total number of sentences 20,443,329

Total word 150,715,202
Mean word 7.6
The average number of rounds 23
Maximum wheel number 85

Minimum wheel number 3

The number of samples corresponding to different number of dialog rounds is shown in Figure 5.
Due to space limitation, this paper only shows conversations with less than 50 rounds. We can see that
most of the rounds are between 9 and 30, while the largest proportion of rounds is 14 rounds. This
suggests that long-term dependency between contexts is a distinctive feature of the MixATIS and
MixSNIPS datasets.

50+
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; ﬂ.'I
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Fig. 5. The number of different dialog wheel Numbers corresponds to the sample number

4.2. Comparison of Algorithms

In order to better evaluate the RCGT, the experiments compare the Baseline model with the state-of-
the-art model, and in the subsequent experiments, the experimental parameters of the comparison
model as well as the final modelability are taken from the best experimental results in the original
paper of the Baseline model. A brief description of the models used for comparison is given below:

Attention BiRNN: A network model for the joint task of intent recognition and slot filling is proposed,
which is an alignment model based on the Attention mechanism.

Slot-Gated: Adopts a “gate” mechanism to control the preservation of feature information during the
model iteration. The model focuses on learning the feature information relationship between the two
tasks and obtaining better feature information through global optimization.

Bi-Model: A bimodel-based recurrent neural network parsing network structure is proposed, and
two bi-directional long and short-term memory network pieces are utilized to compute the interaction
between two tasks.

SF-ID: An introduction of SF-ID network is proposed to enhance the two-task bi-directional
interactions to achieve mutual learning between the two tasks and improve the performance.
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Stack-Propagation: In order to better integrate the intent information and then further guide the
slot-filling task, the model can directly use the intent feature information as the input to the slot-filling
task, which ultimately realizes capturing the intent semantic feature information.

Joint Multiple ID-SF: A multitasking framework utilizing the Slot-Gate mechanism is proposed for
solving the joint modeling problem.

AGIF: A word-level Adaptive Graph Interaction Network is proposed, which is used to establish
word-to-word intent interactions, thus providing fine-grained intent information to guide the slot-
filling task.

GL-GIN: This model is a fast unnatural regression model that utilizes a graph attention network to
coordinate feature information for both tasks and has a respectable slot decoding speed.

The results of the comparison experiments on the MixATIS vs. MixSNIPS dataset and the DSTC4
dataset are shown in Tables 2 and 3. In this paper, we use F1 score to evaluate the performance of slot
filling task, accuracy to evaluate the intention recognition task, and use overall accuracy to evaluate
the performance of utterance-level semantic parsing, and these metrics are improved by 0.3%, 1.5%
& 0.5% respectively when comparing the GL-GIN model on the MixATIS dataset.

Table 2. Comparison results of MixATIS and MixSNIPS data sets

Model MixATIS(%) MixSNIPS(%)
Overall Slot F1 Intent Acc Overall Slot F1 Intent Acc
Attention BiRNN 37.7 87.2 74.2 58 90.4 95.1
Slot-Gate 36.6 86.8 63.2 56.8 87.9 93.8
Bi-Model 35.1 84.1 69.2 54.1 87.3 93.3
SF-ID 34.9 88.2 64.7 57.9 90.8 95.7
Stack-Propagation 422 87.8 72.7 72.6 92.8 96.3
Joint Multiple ID-SF 35.7 83.2 75 63.2 89.6 96.4
AGIF 39.7 86 72.9 75.8 93.6 97.5
GL-GIN 43.8 87 76.6 75.8 95.7 95.1
RCGT 44.1 88.5 77.1 75.5 93.6 95.5
Table 3. Compare experimental results on dstc4 data set
Model DSTC4
Overall Acc(%) Slot F1(%) Intent Acc(%)
Attention BiRNN 34.2 449 43.1
Slot-Gate 32.3 433 43.2
Bi-Model 32.3 441 41.4
SE-ID 329 52.9 41.4
Stack-Propagation(concatenation) 34.2 52.5 45.1
Stack-Propagation(sigmoid-decoder) 31.5 49.4 38.9
Joint Multiple ID-SF 30.4 48.8 37.6
AGIF 34.6 54.7 46.3
GL-GIN 34.4 50.7 44
RCGT 35.8 54.7 48.8

In addition to this, this section also explores the performance of RCGT on single-intent datasets, and
the results of comparison experiments on ATIS as well as SNIPS datasets are shown in Table 4. From
the results of the tables, it can be seen that the RCGT proposed in this section achieves the best F1
score, recall, and precision on single-intent as well as multi-intent datasets, which indicates that the
RCGT model achieves the state-of-the-art model performance.
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Table 4. The comparison of the results of the ATIS and SNIPS data sets
ATIS(%) SNIPS(%)
Model
Overall Slot F1 Intent Acc Overall Acc Slot F1 Intent Acc

SE-ID 86.2 97.7 95 79.2 93.4 97.7
Stack-Propagation 86.5 94.6 97.1 85 94.8 97.3
Joint Multiple ID-SF -- 93.7 95.7 - 88.4 96.8
AGIF 87.6 95.5 95.7 87.5 94.9 97.6
GL-GIN 86.2 98 95.3 86.7 95.2 98.9
RCGT 88 96.7 97.6 89.8 96.6 98.9

In terms of model training, this paper records the convergence of RCGT, GL-GIN, AGIF, and SF-ID in
the experiments, and the changes of slot-filling F1 and intent-recognition Acc for the four models on
the MixATIS dataset are shown in Figs. 6 and 7.The changes of slot-filling F1 and intent-recognition
Acc for the four models on the MixSNIPS dataset are shown in Figs. 8 and 9. From the figures, it can be
seen that the RCGT model proposed in this paper is able to reach convergence in fewer training batches
during the training process, which again proves the effectiveness of the model proposed in this paper
in terms of model convergence. From the comparative experimental results, it can be seen that using
the multi-task graphical attention network to draw the “intent-slot” interaction graph, and making the
two tasks guide each other, compared with the past studies that simply use the intent recognition
feature information to guide the slot filling task, the proposed way of utilizing the two types of
information to guide each other has a better effect, and also proves that the proposed RCGT model can
achieve convergence in fewer training batches during the training process. It also proves that the RCGT
proposed in this paper can sufficiently interact the information of the two tasks so that they can guide
each other and improve the classification accuracy.
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Fig. 6. In the MixATIS data set, the four model slots populate F1 changes
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4.3.  Ablation experiments

The comparison of inference rates is shown in Table 5. From the table, it can be seen that the RCGT
model proposed in this paper has relatively less inference delay time in the decoding slot when
reasoning on the test set of MixATIS using a batch size of 32. This is because the global pointer model
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decoding slot avoids the inference delay caused by the verbatim decoding of the regression model and
also avoids the time spent on the computation of the softmax function of the non-regression model. It
can be seen that the RCGT model proposed in this paper has improved performance and efficiency
with a decoding delay of 5.1s.

Table 5. Speedup Comparison

Model Decode Latency(s) Speedup
Stack-propagation 33 2.5x
Joint Multiple ID-SF 445 2.1x
AGIF 46.7 0.5x
GL-GIN 3 11.8x
Ours 5.1 14.2x

The ablation experiments are shown in Table 6. From the table, it can be seen that the RCGT model
proposed in this chapter outperforms the MSLN-GP model in several metrics, which is due to the fact
that the multidimensional type-slot labeling interaction network is capable of filtering out useful slot
information, which can help in the subsequent decoding of the intent, and at the same time, it is able
to enhance the implicit correlation between intents and slots, so that the information can be obtained
from each other to complement each other.

Table 6. Ablation experiment

MixATIS MixSNIPS

Model Slot Intent Overall Slot Intent Overall
F1 Acc Acc F1 Acc Acc
w/o TOD-BERT 85.6 86.6 42.6 93 97.6 82.6
w/o Bi-LSTM 87.4 75.6 46.7 94 97.4 83.1
w/o Full-Attn 89.1 78.9 47.6 97.2 97.4 82.5
w/o S21-CoAttn 88.6 79.4 48.9 98.1 97.7 83.9
w/o [2S-Inter 86.9 80.3 48.9 97.5 98.3 82.7
RCGT 88.5 78.3 49.5 98.7 99 83.5

In order to further analyze the effect of the proposed model under single and multiple intentions,
the test set is divided into single and multiple intentions based on the number of intentions in the
discourse.The experimental results for single and multiple intentions are shown in Figure 10 (Figure
a shows the experimental results on the MixATIS test set, and Figure b shows the experimental results
on MixSNIPS).The single and multiple intentions for MixATIS test set samples are 145 and 682,
respectively, and the single-intent and multi-intent samples are 455 and 1753 for the MixSNIPS test
set.From the results, it can be seen that:(1) the single-intent and multi-intent samples are basically the
same in slot F1, which indicates that the proposed model well utilizes global pointers to solve the slot
incoherence problem. (2) In terms of intent accuracy, compared with the MixSNIPS dataset, the gap
between the MixATIS dataset in the two samples is relatively large, which may be due to the
imbalanced distribution of intent labels in MixATIS, with only 17 intents in the training set and 18
intents in the test set. Overall, the proposed model can handle both single-intent and multi-intent
samples well. (3) As far as sentence accuracy is concerned, it can be seen that single-intent samples
work better than multi-intent samples, due to the fact that the single-intent task is simpler than the
multi-intent one, which is realistic. To summarize, the model proposed in this chapter can obtain good
results in both single-intention and multi-intention samples.
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4.4. Overall system evaluation

Accuracy rate(%)

(b) MixSNIPS

100

Five participants were recruited for the experiment and evaluated using the evaluation method. In the
experiment, participants were asked to score the fluency, information and system satisfaction of the
power marketing intelligent customer service system established in this paper, with the score ranging
from O to 5, and the larger the score, the better. In order to eliminate personal bias, each participant
was tested with 50 sets of conversations separately to ensure the accuracy of the evaluation. The
evaluation of the power marketing intelligent customer service system is shown in Table 7, and the
system scores high in both fluency and satisfaction, with scores of 8.48 and 8.8, respectively.lt shows
that the customer service system constructed in this paper makes full use of the domain data, and

provides users with rich information.
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Table 7. Evaluation of intelligent customer service system of electric power marketing

Fluency Information content Satisfaction
Participant 1 8.8 7.2 8.4
Participant 2 9.2 8.3 8.8
Participant 3 8.7 7.9 9.6
Participant 4 8.3 8.1 8.4
Participant 5 7.4 8.5 8.8
Average score 8.48 8 8.8

5. Conclusion

This paper mainly focuses on the in-depth analysis and research of natural language understanding
algorithms in the power marketing intelligent customer service system, and conducts role analysis as
well as system requirement analysis for platform users. The article draws the following conclusions:

The RCGT model is tested on MixATIS and MixSNIPS datasets, and the results show that in this
paper's model on MixATIS dataset compared with the GL-GIN model, the values of Slot F1 and Intent
Acc are improved by 1.5% and 0.5% respectively

In the reasoning rate comparison experiment, the RCGT model proposed in this paper is improved
in performance and efficiency with an acceleration of 14.2x, thus verifying the effectiveness of the
natural language understanding algorithm proposed in this paper in the power marketing intelligent
customer service system.
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