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ABSTRACT

The development of vocational education in the information age requires us to think
about the path and strategy of active change. Course teaching quality evaluation
should also shift from passive evaluation of online teaching development to active
construction of a mixed teaching quality evaluation system. In the information age, the
development of teaching resources is dizzying. From paper to digital, from single to
diverse, from offline to online, from scarcity to mass—various changes impact the
traditional teaching model. Aiming at the online teaching quality evaluation of
international Chinese education on the Internet, this paper proposes a method based
on deep learning. Firstly, this paper proposes an index system construction and
evaluation index weighting for online teaching of international Chinese education, and
collects online data as a corpus at the same time. Then construct the
CNN_BILSTM_Att model, which is composed of the CNN module, the BIiLSTM
module and the Att module. Finally, compare with other model experiments. The
experimental results show that CNN_BIiLSTM_Att has achieved the best results in the
evaluation index results, with P and F1 reaching 97.89% and 97.85%. Compared with
other models, the overall effect is improved by 2%~5%. From this, the superiority of
the model in the online teaching quality evaluation standard task of this paper can be
obtained.
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1. INTRODUCTION

Data in the teaching and learning process, deep learning technology has an impact
on various elements of the education system in the analysis stage, strategy selection
stage and evaluation stage of instructional design. Meet the teaching needs of
teachers who need a lot of investigation and not enough experience guidance, and
provide guidance for "learner-centered" instructional design [1-3].

(1) The analysis phase of instructional design: Conduct a learning needs analysis.
Through the deep learning technology to analyze the student's online learning
behavior, it is possible to accurately grasp the students' mastery of knowledge.
Learner characteristic analysis, the application of deep learning can help teachers
determine the cognitive development level of learners and analyze the starting ability
of learners[4].

(2) Strategy selection phase: Deep learning technology has changed the traditional
teaching environment of teachers and courseware, and formed an intelligent teaching
and learning environment that can analyze intelligently and assist students’
personalized learning [5-7].

(3) Teaching evaluation stage: Teacher and student evaluation, based on deep
learning data analysis technology, makes the evaluation of students' learning results
more scientific and accurate, reduces the difficulty of analysis, shortens the feedback
cycle, and enables teachers to have a more accurate grasp of students' learning
status. The artificial intelligence technology based on deep learning assists teachers
in supervising and evaluating students' learning behavior, reducing the burden of
teachers' teaching management, and the intelligent marking system helps teachers
reduce repetitive work [8].

International Chinese education is not only a discipline, but also a "national and
national cause", with the dual attributes of discipline and career. As a discipline, since
its inception, international Chinese education has been "growing up with the progress
of the Republic" [9]. Encourage teaching institutions, teachers, students and resource
builders to adjust, change and innovate accordingly. Especially the sudden epidemic
has exacerbated this change. How to effectively construct resources to deal with the
new online teaching quality evaluation method is a problem we need to solve.

Online Chinese teaching for international students provides conditions for liberating
teachers, innovating the research of international Chinese education, solving old
problems, discovering new problems, exploring new laws, and enriching the content of
subject research. It is necessary to make full use of the opportunity of international
Chinese online teaching, data, and teachers’ division of labor and cooperation models
brought by online teaching. On the other hand, it is necessary to start from promoting
the upgrading of international Chinese education and international Chinese education,
improve online Chinese teaching from the aspects of system, model, platform
construction, etc., and lead the development of online Chinese teaching [10-11].

Under traditional conditions [12], the evaluation data is obtained by means of a
questionnaire survey, and then the results are finally obtained through tedious sorting
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work. This method requires a lot of time and material resources, and there are
problems such as inaccurate data collected in special questionnaires. Using intelligent
technical means to obtain real-time online course evaluation data and analyze it, the
results obtained by using deep neural network learning technology have high
accuracy, and the feedback results are used as the basis for teachers to change their
learning methods.

Therefore, this paper proposes a method based on deep learning. The main work
is highlighted as follows:

(1) The evaluation standard system is constructed for the online teaching quality
evaluation method of international Chinese education on the Internet.

(2) Design a set of analytical methods to weight the evaluation indicators.

(3) The CNN_BILSTM_Att network framework is built to realize the online teaching
quality evaluation of international Chinese education [13-14].

2. METHODOLOGY

2.1. CONSTRUCTION OF ONLINE TEACHING QUALITY
EVALUATION INDEX SYSTEM

Online teaching quality evaluation system is an important foundation and guarantee
for online teaching quality, is shown in Fig 1. In order to ensure that the online
teaching quality evaluation index system plays the functions of supervision and
incentives, it is required to follow the objectivity, purpose, consistency,
comprehensiveness and operability of the indicators [15].

(1) The principle of objectivity is important guarantee for the effectiveness and
credibility of online teaching quality evaluation results, and requires scientific
formulation. The process of evaluation criteria should be open and transparent, and
the evaluation results should be collected to ensure the reliability of online teaching
quality evaluation data.

(2) This paper is to improve the level of teaching evaluation quality, stimulate
teachers' enthusiasm for teaching.
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Figure 1. Online teaching quality evaluation index system

(3) The principle of consistency refers to scientific, standardized and systematic
selection of online quality evaluation indicators, requires evaluation indicators to be
based on the laws of online teaching at different ages.

(4) The principle of comprehensiveness requires that online teaching quality
evaluation indicators should cover various cannot be limited to certain aspects and
certain indicators.

(5) The principle of operability requires system is practical and feasible, and can be
carried out continuously and effectively on a large scale.

2.2. WEIGHTING OF EVALUATION INDICATORS BASED ON
ANALYTIC HIERARCHY PROCESS

Online teaching quality evaluation index system based on the questionnaire survey
method and the expert online consultation method based on the analytic hierarchy
process. Colleges and universities at different levels need to consider many factors
such as online course settings, teaching methods, and student source quality when
building an online teaching quality evaluation system [16-18].
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Table 1. Weights of online teaching quality evaluation indicators

Evaluation subject Weights Evaluation indicators Weights Weights ratio
Teaching teacher behavior 50% 10. 805%
management 21.61%
department student behavior 50% 10. 805%
teaching process 48. 5% 8. 88%
Teaching 18 319% teaching effect 26.67% 4.88%
supervision instructional Design 15.27% 2.8%
education resources 9. 56% 1.75%
teaching method 45. 35% 15.79%
teaching content 24. 2% 8.43%
Student 34.82%
teaching effect 19.72% 6.87%
teaching attitude 10. 72% 3.73%
. teaching materials 61.44% 8. 88%
Ministry of
international 14. 32% assessment link 26. 84% 3. 84%
Chinese education . .
teaching routine 11. 72% 1. 68%
teaching readiness 60% 6.57%
Chinese teacher 10. 95% teaching implementation 20% 2.19%
teaching feedback 20% 2.19%

(1) According to the index system of online quality evaluation, target evaluation
layer online teaching quality evaluation, and the criterion evaluation layer includes the
teaching management department, the evaluation of teaching supervision, and
students, the evaluation of the ministry of international Chinese education and the
self-evaluation of Chinese teachers. The scheme evaluation layer is the evaluation
index of each evaluation subject, and a hierarchical structure evaluation model is
constructed.

(2) Constructing a comparative judgment matrix by conducting online special
consultation and analysis on the relative importance of the pairwise comparison
between the evaluation subjects and the evaluation indicators to 10 experts;

(3) Carry out the consistency test, the results show that each judgment matrix CR <
0.1, all passed the test;

(4) The weight of the quality evaluation index, calculation results is shown in Table

2.3. CNN_BILSTM MODEL

Online teaching quality evaluation model for international Chinese education is
constructed convolutional neural network (CNN) and bidirectional long short-term
memory network (BiLSTM)-based. The attention mechanism is introduced on the
basis of BILSTM and CNN, and structure is shown in Fig 2.
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Figure 2. CNN_BILSTM model

2.4.WORD VECTOR REPRESENTATION LAYER

After the text data is preprocessed, it is vectorized and then input into the online
teaching quality evaluation model for the next step [19]. The corpus data size is about
6.3GB, and the Word2Vec tool is used for large-scale text training to convert the text
into a low-density vector space. This paper selects the Word2Vec tool skip-gram
model to training word-vectors. The skip-gram model takes all the words in the corpus
as the central word, and predicts the lexical information of its context through the
conditional probability distribution of the correspondence between the central word
and the context. The expression formula is as follows:

pawiwy = DWW by ()
P(W,)

wherei =t — 1,t — 2t + 1t + 2, W, is the context, that is, the representation
vector of the surrounding words; W, is the center word; word-vectors obtained by
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training as [W,W,,...,W,], where n is the total number of text words. The word

embedding layer converts words into[x,, x,,...,x,]. The training parameters of the
Word2Vec is shown in Table 2.

Table 2. Word2Vec model parameters

parameter value Parameter meaning
sg 1 training model selection Skip-gram
window 5 window size
min count 3 Minimum number of occurrences of a
- word
vector_size 350 vector dimension
epoch 8 number of iterations
hs 0 negative sampling
negative 6 number of negative samples

2.5. CNN NETWORK

As a special type of forward neural network, CNN is used in the field of natural
language processing (NLP) in recent years [20]. The basic structure is divided into
three parts, input layer, convolutional layer and pooling layer, and fully connected
layer, as shown in Fig 3. The features extracted by the convolution layer first
represent the text in the form of word vector matrix, and then scan the matrix through
convolution kernels of different sizes. During the scanning process, the parameter
values of the filters composed of the convolution kernels are fixed. After filtering new
feature map is mapped, and all elements on the feature map come from filters with
consistent parameters.

(1) Enter the evaluation index text input sequence § = {x, x,,...,x,}, the

pre-trained word vector is R?. The convolution formula for the number of words h in
each window is:

c; = ReLU(a)wl-:l-Jrh_l) +b Q)

where, ¢; is the convolution result; ReLU is the nonlinear activation function; i is the
number of words taken per convolution.

(2) The text sequence is n, and the window length is n-h+1. Result formula is:
C= [Cl’ C2, ceey Cn—h+1] (3)

(3) Then, the pooling operation is performed on the result of the convolutional
layer according to the pooling layer, and the output sequence features the parameters
and calculation next layer to prevent over-fitting.
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(4) Finally, the CNN model convolves the contextual semantic content of the
word window to better represent the local features of the text sequence.
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Figure 3. CNN network structure example

2.6. BILSTM NEURAL NETWORK LAYERS

LSTM is a special recurrent neural network (RNN) composed of one cell unit and
three gates, is shown in Fig 4. The cell unit is the core computing power and records
the current computing state. Forget gates, input gates, and output gates regulate the
flow of information to and from memory cells. The forget gate clears the memory cells
of useless information. The input gate selects the input information of the current
memory cell. The output gate determines the final output of the information, so that
the storage unit can effectively store the semantic information of a longer sequence.
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Figure 4. LSTM network structure example
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(1) The LSTM unit calculation process is as follows:

(4)
()
(6)

it == 5(‘%)@ + Uiht—l + bl)
0,= S(W,x,+ Uh,_, +b,)
f; = 5(‘/fot + Ufht—l + bf)

where x, is the input text vector; 6 is the sigmoid function and tanh is the activation
function; 7,, o,, f; are the input gate, output gate and forget gate, respectively.

(2) The information unit stored at time t is ¢,, where the input gate and forget
gate are not used to adjust the information unit.

¢, = tanh(W.x, + U,h,_; + b,) (7)

where, W, W,, W,and W, are the weights of different gate control mechanisms
on the input text vector x,; U;, U,, Urand U, are the weights of different gate

control mechanisms on the hidden layer vector h,_;; b;, b,, byandb, are bias

vectors.

(3) Then, the unit information input gate at the previous moment is stored in c,.
¢ = Jicm1 + iG (3)
9

h, = o,tanh(c,)

where, the hidden-layer £, is the output gate and the storage gate c,.
(4) Finally, the forward and backward outputs of the LSTM unit at time t are
concatenated by using and building the BILSTM network layer is shown in Fig 5.

- «
h,=[h,h]€ER" (10)

where n represents the vector set.
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Figure 5. BiLSTM network structure example

2.7. ATTENTION MECHANISM
Although BILSTM neural network can establish context-related semantic vector

information, it does not highlight the relevance of current semantic information and
context [21-22]. Introducing the attention mechanism at the output of the BiLSTM
layer can effectively emphasize the importance in the contextual information, and
enhance the feature expression of semantic information. The attention mechanism is

shown in Fig 6.

Adttention

Input > — > Output
L L L L
Figure 6. attention mechanism structure
(1) First, calculate the weight score ¢; as shown in the formula:
e; = tanh(W;h, + b;) (11)

where, Wl is the weight matrix; ht is the BiLSTM output vector; bl- is the bias vector.
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(2) Then, adopt the softmax function to calculate the attention mechanism
weight score.

o)
XL el .

(3) Finally, the point multiplication and accumulation operations are performed on

the output vector A, of the BiLSTM layer and the weight vector P, to obtain the output
Attention of the attention layer.

Attention = Z P:h, (13)

i=1

2.8. OUTPUT LAYER AND LOSS FUNCTION

A fully connected layer is introduced after the attention layer [23]. First, the
weighted vector of text features is mapped into the label space of evaluation
categories. Then the Dropout mechanism is introduced after the fully connected layer
to avoid the weight update only relying on some features and model overfitting.
Finally, the softmax classifier is evaluation category to which the text belongs, and the
model prediction result is directly output.

Among them, set the softmax classifier loss function as the overall training of the
model:

k
Loss(y,9> = - Zyiln)/z\i (12)
i=1

where, 9 is the label normalization probability; y is the true label probability; the
Adam optimizer is set to continuously update the model parameters and continuously
reduce the loss function value of the model.

3. ACTUAL CASE ANALYSIS AND VERIFICATION

3.1. DATA DESCRIPTION

In the 2019-2021 online storage data of International Chinese Education Online
Teaching Quality Evaluation, text is randomly selected as the corpus. The experiment
is carried out by means of cross-validation, and the training set 80%, validation set
10% and test set 10%.

The development environment is Linux system, GPU uses NVIDIA GeForce RTX
2080Ti (11GB), Python version 3.6.5, framework uses pytorch1.7 and tensorflow1.15
version, CUDA uses version 10.1.

https://doi.org/10.17993/3ctecno.2023.v12n1e43.87-106
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The experiment adopts a 3-layer CNN model architecture[24-25]. The word vector
convolution windows are set to 3, 4, and 5 respectively. After the pooling operation,
the outputs of each layer are fused to enrich the local features of the context. Set the
number of LSTM units to 128 and the dropout ratio to 0.5. A multi-class cross-entropy
loss function is used. Set the batch sample size to 32, the number of training rounds
to 20, optimizer Adam, and cross-validation to evaluate the prediction performance,
where models hyperparameter settings are shown in Table 3.

Table 3. Setting of experimental parameters

parameter value parameter value
vee_win 100 activation relu
vec_dim 4 Istm_untis 128
Ir 0.001 dropout 0.5
max_len 100 optimizer Adam
mum_filters 128 batch_size 32
kernel size 4. epochs 20

3.2. MODEL PREDICTION AND EVALUATION INDEX

The experimental evaluation system includes recall rate (R), precision rate (P) and
F+ (F-measure) as indicators for evaluating model performance. The specific formulas
of each standard are as follows:

o TP

TP+ FN (14
TP

P=—— (15)

TP + FP

2PR

= 16

'™ P+R (16)

where, TP is the correct number of correct text predictions; FP is the correct
number of incorrect text predictions; FN is the correct number of correct text
predictions; F1 is the harmonic mean of precision and recall.

3.3. COMPARISON OF PREDICTION RESULTS BETWEEN
DIFFERENT MODELS

Mechanism of CNN neural network, LSTM and Attention mechanism in model
fusion is also discussed. Ten groups of comparative experiments are set up, and the
input is word2vec pre-trained word vector. To verify the influence of various models on
the expression and extraction of text features when processing text sequences. The
comparative experiment is constructed as follows.

https://doi.org/10.17993/3ctecno.2023.v12n1e43.87-106
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(1) CNN model: CNN performs convolution, pooling, and Flatten operations on
word vectors. The input extracts the local features, and uses the fully connected layer
to reduce the dimension. Finally, the softmax classifier is used to output the prediction
result.

(2) TextCNN model: Set 3 convolution kernel windows of different sizes.
Convolutional layer and pooling layer with the same parameters, splicing the output
vector of the pooling layer by line, enriching the semantic expression of local features
of the text.

(3) LSTM model: The input sequence is used for backward semantic modeling, the
high-level features of the text are extracted, the two fully connected layers are
connected to reduce the dimension, and the prediction result is directly output.

(4) CNN_LSTM model: First use CNN to extract the local features, and then use
LSTM to extract the backward semantic information output by CNN.

(5) LSTM_CNN model: first use LSTM for backward semantic modeling, and then
use CNN to extract local features from the output of LSTM.

(6) CNN-BILSTM model: First use CNN to extract the local features and then use
BILSTM to extract the forward and backward semantic information output by CNN,
and further construct the feature expression of the text.

(7) BILSTM model: Forward and backward semantic modeling is performed on the
input sequence, high-level features of the text are extracted, two fully connected
layers are connected to reduce the dimension, and the prediction result is directly
output.

(8) CNN_ALtt model: CNN extracts the local features of the input sequence, and the
Attention mechanism weights the text features to reduce the impact of noise features
on the classification effect.

(9) BILSTM_Att model: BILSTM constructs the contextual semantic information of
the input sequence, extracts the high-level features of the text, and the Attention
mechanism weights the text features to reduce the impact of noise features on the
classification effect.

(10) CNN_BILSTM_Att model: CNN extracts the local features of the input
sequence, and then uses BIiLSTM to extract the forward and backward semantic
information output by the CNN, and further constructs the feature expression of the
text. The Attention mechanism weights the text features to reduce the influence of
noise features on the classification effect.

https://doi.org/10.17993/3ctecno.2023.v12n1e43.87-106
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Table 4. Results of different models.

Model P/% R/% Fi/%
CNN 86.93 87.23 86.31
TextCNN 88.31 87.62 89.64
LSTM 89.20 90.31 91.24
CNN_LSTM 90.98 91.98 90.31
LSTM_CNN 92.35 93.09 93.02
CNN-BiLSTM 94.13 93.92 93.97
BiLSTM 93.16 94.36 92.49
CNN_Att 96.20 96.08 93.52
BiLSTM_Att 94.12 93.92 93.49
CNN_BIiLSTM_Att 97.89 97.76 97.85
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Figure 7. Execution time of models
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Figure 8. Precision trend of validation set of models

After multiple rounds of experiments and cross-validation of the experimental
results, the evaluation results of various baseline models and fusion models are
shown in Table 4, and the model execution time is shown in Fig 7. Visually
demonstrate the superiority of the CNN_BILSTM_Att model, the training process of
each model is analyzed, and the accuracy change process of the validation set for
each model training process is shown in Fig 8.

From the experimental results in Table 4, CNN_BILSTM_Att model proposed in this
paper has achieved the results in the evaluation index results, with F1 reaching
97.85%. Compared with other models, the overall effect is improved by 2%~5%. The
superiority of this model can be obtained. According to the change trend of the
accuracy rate of the validation set of various algorithm models during the training
process, due to the characteristics of the corpus, the various models with CNN as the
baseline basically reach the convergence state after 10 epochs, and the accuracy rate
is high. The model with LSTM as the baseline has a turbulent trend as a whole, and it
basically reaches convergence after 18 epochs. The variation trend of the accuracy
rate of the validation set of the model in this paper is the best, reaching a state of
convergence after 7 epochs, and the accuracy rate converges at 97.89%, which is
significantly higher than other models in the comparison experiments, which further
verifies the effectiveness and robustness of the model in this paper.

4. CONCLUSION

Aiming at the characteristics of online teaching quality evaluation of international
Chinese education on the Internet, this paper first proposes the online teaching quality
evaluation method of international Chinese education on the Internet to construct the
evaluation standard system and to give weights to the evaluation indicators. Then,
combined with the characteristics of CNN, LSTM and Attention mechanism,
CNN_BILSTM_Att-based Chinese education online teaching quality evaluation.
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(1) The model extracts text local features within word windows through a multi-layer
CNN structure. At the same time, the local feature representation of the concatenated
text is used as the input of BiLSTM.

(2) BILSTM performs forward and backward text semantic modeling to obtain high-
level feature representations of text sequences.

(3) The Attention mechanism performs feature weighting to reduce the influence of
noise features.

The experimental results show that the execution efficiency and accuracy of the
CNN_BILSTM_Att model have achieved excellent results in various model
comparison experiments, which are suitable for online teaching quality evaluation of
international Chinese education. In the following research, we will focus on further
analysis from the aspects of word vector encoding, attention mechanism algorithm,
overall model structure and model hyperparameter settings to improve the overall
efficiency of the model.
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