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ABSTRACT

With the rapid development of science and technology, the traditional mode of teaching is inefficient
and difficult to flexibly respond to the needs of knowledge updating, and generating content and
applications based on Al has become an important way to solve this problem. According to the form of
interaction in the digital exhibition hall, the article proposes SinGAN model and uses the multi-head
self-attention mechanism to coordinate the overall features and detailed features in the generated
adversarial network image, and to deal with the large range of dependencies in the image. The
proposed Al-generated content and SinGAN image processing method are applied in the teaching of
practical courses using the course “Digital Electronics Technology and Application” of a university in
Guangdong Province, which specializes in electronic information and engineering, as an experimental
object. The experiment shows that the percentage of content with a content quality score of 0.6 to 1.0
reaches 75.7%. As the course progresses, the keyword coverage rate reaches 0.996, and Al-generated
content is efficiently applied in the course. The student performance of the experimental class with Al-
generated content and image processing method teaching mode and the regular class with traditional
teaching mode were 80.75 and 67.91 respectively, and the sample t-test for the significance of the
student performance of the two classes was P=0.006, which showed a significant difference in the
students' performance between the two teaching modes. Students' satisfaction with the new teaching
mode is high, indicating that the Al-generated content and image processing methods proposed in the
article have been well applied in education reform.

Keywords: digital exhibition hall, Al generated content, SinGAN, image processing

1. Introduction

In recent years, the rapid development of artificial intelligence (Al) technology has demonstrated great
potential in different fields. Among them, the application of Al in the field of education has attracted
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widespread attention [1-2]. The combination of Al and education is regarded as an important way to
promote educational reform and innovation, and it brings great changes and challenges to teaching
and learning [3-5]. The traditional teaching mode is led by teachers and passively accepted by students.
In the new era, the integration of Al and education will have a profound impact on the way, content
and assessment of education [6-8].

Artificial intelligence can provide support for education in many aspects, personalized learning
experience is an important performance of Al education, through the analysis of students' learning
behavior and performance, Al systems can design personalized learning plans and teaching resources
for students according to their interests, abilities and learning styles and other individual differences
[9-12]. This means that each student can learn according to his/her own needs and level, which can
improve the learning effect and satisfy individual needs. At the same time, Al also provides teachers
with effective teaching aids [13-15]. Teachers can obtain students' learning data and feedback
information through Al systems, quickly understand students' learning status and provide
individualized guidance. Although Al technology has many beneficial applications in education and
learning, we also need to be vigilant about the problems [16-19]. Al technology does not replace the
role of teachers, teachers are still the main force of education and teaching, and the application of Al
technology needs to ensure that no harmful information is transmitted to the direction of students
[20-22].

The SinGAN network proposed in this paper consists of a fully convolved GAN pyramid, where each
layer is responsible for learning the patch distribution of an image at different scales. And the practice
of self-attention mechanism is used to perform attention operations on multiple sets of different
features of the same dimension. The self-attention mechanism is fused with the multi-attention
mechanism. Residual normalization is performed on this basis, which consists of a residual layer and
a normalization layer. The role of the residual layer is to add the original inputs with the inputs
processed by the multi-head self-attention mechanism to avoid problems such as gradient vanishing,
gradient explosion, and network degradation; the layer normalization replaces the defects of
BatchNorm with LayerNorm. LayerNorm avoids the defects of BatchNorm by calculating the mean and
variance for individual samples in each batch, which allows the model to be extraction of features from
other samples in a batch.

2. Al-generated content and image generation methods for digital exhibition
halls

2.1. Interactive forms in digital exhibition halls

The form of information exchange with image, text, and numerical value transmitted between the
exhibits and the experiencer is the so-called data interaction form, and there are three kinds of input
methods: direct input, selective input, and information reading. Direct input is the most common, is
the use of human direct information through the key or touch screen version of the input to the device,
due to manual input, error is higher, so for the accuracy of the input information requires the
experience of the second confirmation; selective input generally refers to the interactive process to
provide the experience of the menu options, through the menu options for the form of choice;
information reading is mainly through the professional equipment on the barcode or two-dimensional
code that has been pre-set information. The information reading is mainly done by scanning the
barcode or two-dimensional code that has been preset with good information by professional
equipment.

Image interaction is the interaction with visual display as the ultimate purpose, and the interaction
form of presenting the preset information through professional display equipment. Image interaction
can input and analyze images through PC, and decide different interaction modes through different
image displays, so as to produce different preset effects according to the specific interaction modes
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between the experiencer and the display device. With the increasing sophistication of hardware in
recent years, the computational methods of image interaction are also constantly updated, ensuring
the accurate recognition of images while also exploring and innovating in display design. Voice
interaction is to make the experiencer interact with the exhibits through the propagation of voice, and
the interaction between the experiencer and the exhibits is carried out through the cooperation of
voice recognition mechanism and voice feedback mechanism. On the one hand, this form of interaction
design has higher requirements for the exhibits themselves, and on the other hand, the words of the
experiencer are random and unpredictable, which leads to the extremely high requirements for the
ability of voice interaction equipment, and even requires the intervention of Al function. At present,
the form of voice recognition is not able to fully meet the requirements, the support for the technology
is not yet fully mature, is still limited to the application of the specified voice for exhibit interaction,
but the future of the voice interaction exhibition form can be expected.

The form of interaction with exhibits through the body movements of the experiencer to realize the
form of outputting specific commands is called action interaction. In the design process of action
interaction, designers use specific equipment to mobilize the means of science and technology, so as
to realize the interaction between the exhibits or display scenes, which can fully mobilize the interest
of the audience, and then achieve better display results. Such as interactive puzzle is through the real
shooting action, induction to the wall with gravity capture to realize the product interaction puzzle.

In the design of automobile exhibition hall, through the motion capture technology, let the
experience stand in front of the interactive screen, through the simulation of driving to control the
direction of the car corresponding to the screen to move and speed changes. In the motion interaction
design, the fun research is the focus of the designer to consider, so that the experience in the process
of visiting not only satisfied with the visual experience, but more importantly, fully understand and
feel the experience of the display products.

2.2. Single Graph Generation Networks

2.2.1. Single Graph Generation Networks . The goal of Single Image Generative Networks is to learn
an unconditional generative model that captures the internal statistical information of a single training
image. This task is structurally similar to a traditional GAN setup, with the difference that here the
training samples are patches of individual images rather than entire image samples from a
database.SinGAN is one such model, which is a model that can learn enough information from
individual images and then use this information to generate new high-quality, diverse new samples
similar to, but not identical to, the original image. The network structure of SinGAN consists of a set of
convolutional pyramids containing GANs, each layer of which is responsible for learning the
distribution of patches at different scales of the image. Such a structure allows the generation of new
samples of arbitrary size and different vertical to horizontal scales, which are not only variable but will
maintain the global structure of the input sample and the detailed texture in the sample, etc. In SinGAN
the statistics of complex image structures are captured at many different scales.SinGAN is able to do
the internal learning of a single image from a single image and performs the unconditional generation.
[t is the first network that learns internally from a single image and generates images that are difficult
to distinguish by human detection methods, and it also has the ability to be used in a wide range of
image processing tasks, such as super-resolution, painting image generation, image rationalization,
and so on.

2.2.2.  Network training process. The generation of new sample images starts at the coarsest scale
and then passes sequentially through all the generators up to the finest scale, with the models in this
chapter inputting new random noise at each scale. All generators and discriminators feel the same way,
so structures of decreasing size are captured as the generation process proceeds. At the coarsest scale,
the only input to the generative network is random noise, and the generation of new samples has no



2654 S.REN

dependence on other inputs at this level, i.e., it can be shown that the model is indeed an unconditional
generative network, as expressed by the formula, i.e, G, maps the spatial Gaussian white noise Z,
to the image samples X .

Xy =G, (Zy) (1)

The effective feeler field for each layer of the scale is typically half the height of the sample image
input to that layer, and for each layer of G, it generates an image whose general layout is similar to
the global structure of the original sample. The generator G, for (#<N) in each finer scale adds
details to the input image of the previous layer that were not generated by the generator of the
previous size. With the exception of the bottom layer, which has only noise Z, input, the input data
for the generators G, in each layer consists of the generated image from the previous layer at the
coarser scale after upsampling:

X,=G,(Z,.(X,,)T)n<N (2)

All generators in the network have a similar architecture, the Resnet network structure, where
random noise Z, is added to the image (XN+1) ™ and then fed into the convolutional layers. This
ensures that the samples fed into the generator network have random noise in them, so that the
network does not ignore the condition of random inputs, and the samples generated by this method
will remain random. This method of generation involving randomness is often used. The role of the
convolutional layers in this network is to generate missing details in (X N+1)Tr that were not
generated on the previous scales. The operations performed in G, for each layer can be viewed in
equation (3).

X, =X, (v (2, +(x,.) ) 3)

Equation (3) ¥, is a fully convolutional network consisting of five 3x3 -size Conv layers, a single
BatchNorm layer, and a single LeakyReLU layer. The BatchNorm layer changes the distribution of
values passing through the layer to a standard normal distribution with mean 0 and variance 1 by
means of normalization, which essentially changes the increasingly skewed distribution of the data
passing through the network to a more standard distribution. In essence, it is to change the
distribution of the data after the neural network is more and more skewed into a more standard
distribution, through this operation can make the input value distribution in the nonlinear function of
the more sensitive intervals, the use of normalized input values can be better activation of the function,
so that a slight change in the value of the input will make the loss function will change greatly, in other
words, such an operation can make the gradient value becomes larger, to avoid the occurrence of the
gradient disappearance, at the same time, the gradient value becomes larger is equivalent to the
network learning. How to converge faster, that is, through the BatchNorm layer can make the network
training faster. The activation function Leaky ReLU is very similar to ReLU, Leaky ReLU performs better
in solving the neuron death problem, for ReLU, the value of the part of it that is less than 0 is set to 0,
while the value of the input in Leaky ReLU that is negative is still set to negative after it and still has a
gradient, although the gradient value is small, the ReLU function and the LeakyReLU function are
shown in Figure 1.

In practice, the @ in Leaky ReLU is usually taken as 0.01, the advantage of Leaky ReLU is that in
back propagation, when using Leaky ReLU activation function, the gradient can still be computed for
values less than zero, but when using ReLU activation function, these values are all zero and the
gradient can not be computed, which can make the negative part of the information will not be lost.
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Fig. 1. ReLU function and LeakyReLU function

Since the generator in this paper is fully convolutional, it is possible in this paper to generate images
of arbitrary size and aspect ratio by varying the size of the noisy map in the input network when
generating test samples.

2.3. Image generation method based on Transformer encoder architecture

2.3.1. Multi-pronged self-attention mechanisms. In order to make the generative adversarial
network can coordinate the overall features and detailed features in the image and deal with the large
range of dependencies in the image, this paper uses the multi-head self-attention mechanism to solve
this problem. The attention mechanism can be described as a function mapping from a query to a set
of key-value pairs, where query Q,key K andvalue ¥ arevectors, d, isthe dimension ofkey K,
and the output of the attention mechanism is a weighted sum of different values ¥, and the weights
are obtained by dot-multiplying between query Q andkey K, dividing it by a scale factor @, and
finally connecting to the softmax function. The specific expression formula for the ordinary attention
mechanism is shown in equation (4).

oK’
Attention(Q, K, V) = soft max[ \/d_ jV (4)
k

In this paper, we adopt the approach of self-attention mechanism. The core idea of the self-attention
mechanism is that it does the attention mechanism to itself, i.e, O =K =V . The use of the self-
attention mechanism to the output 0<’> of the convolutional layer in the ?nd moment enables the
model output to also take into account the other contents in the image at low resolution at the same
time in the case of possessing a restricted range of sensory fields, and handles the large range of
dependencies very well. After using the self-attention mechanism, Eq. (4) is updated to Eq. (5), where
d0<,> is the dimension of vector 0<f>.

self _ Aﬂ(0<t>) = Attention(o<t>,o<t>,o<[>)

0T | 1 (5)

= soft max

The single attention mechanism only needs to do one attention operation on query @,key K and
value 7 ; the specific operation of the multi-attention mechanism is to do multiple linear mappings
on query O,key K andvalue V to get multiple groups OW, OK and QV, which are regarded
as the updated query O, key K and value ¥, and the attention mechanism is used on each group
OW, OK, OV and finally the merged result is linearly mapped to to get the final update result. The
architecture of the multi-head attention mechanism is shown in Fig. 2, and the specific formulas are
shown in Eq. (6) and Eq. (7).
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MultiHead (Q,K,V') = Concat ( head,,... head ) we (6)

head, = Attention(QW,2, KW, .y W) 7)
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Fig. 2. Multi-head attention mechanism
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WO el " d  are the dimensions of key k, d, is the dimension of value Vv, % isthe number
of attention operations, and d,,4, is the dimension of the merged operant object. Multiple linear
mapping of O, K and ¥V can get multiple sets of features obtained from different angles in the
same dimension, compared with the operation of attention operation on only one set of features alone,
attention operation on multiple sets of different features in the same dimension makes the model more
well-considered and robust in performance. After fusing the self-attention mechanism with the multi-
attention mechanism, Egs. (4) and (5) are updated to Egs. (8) and (9).

self  MultiAtt (0<t>) = MultiHead (0<l>, o', 0<t>)

(8)
= Concat (head,,...,head, )W°

head, = Attention (0<’>W1Q , 0<’>VKK , 0<’>WiV ) 9)

2.3.2.  Normalization of residuals. The residual normalization layer is composed of a residual layer
and a normalization layer. The role of the residual layer is to add the original inputs with the inputs
processed by the multi-head self-attention mechanism to avoid problems such as gradient vanishing,
gradient explosion, and network degradation; the layer normalization avoids the defects of the
ordinary BatchNorm. Although BatchNorm is a very effective tool in training neural networks, its
defect is that the calculation of BatchNorm needs to rely on the data in the batch, and different batches
will calculate different mean and variance, which leads to the model to have a lower bound on the size
of the data batch, stipulating that the size of the data batch used in the model must be large enough so
that the batch samples can be sufficiently representative of the overall characteristics of the samples.
The LayerNorm avoids the shortcomings of the BatchNorm by calculating the mean and variance for
individual samples in each batch, allowing the model to extract features while being free from the
interference of other samples in a batch.The formulas for the LayerNorm are shown in Equation (10)-
Equation (12), and the difference between the LayerNorm and the BatchNorm is illustrated in Figure
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1. BatchNorm is shown in Fig. 3. Where X istheinput, i denotes the dimension of the batch,and J
denotes the dimension of the features, which are very small values.

1 m
H; :_ijlxij (10)
m
0'2=LZ’" (x - )2 (11)
i J=t \ Xy T H;
m
£ = (12)
i N
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Fig. 3. Difference between BatchNorm and LayerNorm

3. Practical application of Al-generated content and image processing methods
in teaching and learning

3.1. Experiments with Al-generated content in the curriculum

In order to verify the quality and effectiveness of Al-generated content in teaching practice, actual
teaching experiments can be conducted. For the assessment of teaching effectiveness, the following
assessment indicators can be selected. First, the content quality score is evaluated using the open-
source tool Natural Language Data Package, which evaluates the generation quality score of a single
sentence or multiple sentences (e.g., whole documents and paragraphs) by the function that comes
with the tool. Second, keyword coverage is used using the TF-IDF method. Firstly, the frequency of
occurrence of each word in the content (TF) is calculated, after that the inverse frequency of the word
in the content set (IDF) is calculated, and finally the two are multiplied to get the weight of the word,
and the word with higher weight is the keyword, and the algorithm tends to filter out the common
words and keep the important words. The keyword coverage can be derived from the occurrence of
the keyword in the content.

3.1.1. Content quality and score. In order to assess the quality of Al-generated content in the digital
showroom, the percentage of the number of generated content quality scores using the proposed in
this paper is shown in Figure 4.
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As can be seen from Figure 4, the content with higher quality score is extracted in a higher
proportion, it is the content with 0.6 to 1.0 quality score that accounts for 75.7%, more than half of the
content, to realize the efficient generation of content.

3.1.2. Changes in coverage. The coverage of the generated content is measured using the keyword
coverage, and the change in coverage over time is shown in Figure 5, where 0 to 10 represents the
learning progress of the course, and a larger number represents more learning progress of the course.
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Fig. 5. Coverage area

As the course unfolds, the keyword coverage of the generated content is getting bigger and bigger,
and when the course progresses to 10, the keyword coverage reaches 0.996. It can be concluded that
after the steps of data collection and pre-processing, key information extraction, content generation
content embellishment and so on the content of the natural language processing technology can be
realized to generate quickly and efficiently, which provides a new solution for the application of course
content generation and automation.
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3.2. Comparative Analysis of Learning Achievement

In order to test the practicality of the Al-generated content and SinGAN model-based image generation
method proposed in this paper in education reform, it is applied in actual teaching. The students’
learning performance in the teaching mode of applying Al-generated content and image processing
method and the traditional teaching mode are selected for the comparative study, which are named as
the experimental group and the general group respectively. The course taught in this study is Digital
Electronic Technology and Application, and the teaching time is the second semester of the 2023-2024
academic year. Because of the slight difference in the way students are evaluated in the two teaching
modes, the results of the students in the experimental class and the ordinary class are selected as the
end-of-semester examination results. Other influencing factors such as: students' basic level, lecture
progress, course study content, reference materials, and final examination paper are all the same.

3.2.1. Objects of study. The research subjects in this chapter are the students of the class of 2023 in
the School of Electronic Information and Engineering of a university in Guangdong Province, because
the students admitted to our university are regulated by the score line and have strict score regulations,
so the students entering the same major do not have a large difference in their learning ability and
learning foundation. In order to ensure the scientific validity of the research results, the instructor of
the class issued test questions to give the class a pre-study pre-test before the lecture, and the results
of the pre-test showed that none of the research subjects had a foundation in the course. Using the Al-
generated content and image processing methods proposed in this paper, the selection of experimental
teaching mode courses is based on the voluntary choice of students, and the class size is determined
by integrating the students who choose the experimental teaching mode of instruction, and the
number of participants in the experimental class is finally determined to be 56 people. In order to
ensure that the number of students in the experimental class is similar to the number of students in
the ordinary class, therefore, the results of students in an ordinary class are randomly selected for
comparison, and the number of students is 55.

3.2.2. Research process. The study lasted one semester and two tests were administered to the
students in the experimental class and to the students in the regular class.

The first one was a pre-instructional test, in which the same test questions were issued by the
classroom teachers, and the 56 students in the experimental class and 55 students in the regular class
were given a pre-school test to determine the students' knowledge of the course content as well as
their basic level. The results of the tests showed that neither the students in the experimental class
nor the students in the regular class had a basic level of knowledge of the course, and there were no
cases where they had studied the relevant knowledge in advance.

The second test was conducted at the end of the semester to test the learning outcomes of the
students in order to understand the differences in learning outcomes and the impact of the two modes
of instruction on student learning.

3.2.3. Data analysis. Through one semester of overall learning, the total performance of the learners
in the teaching mode with Al-generated content and image processing methods and the traditional
teaching mode were analyzed descriptively, and the distribution of the final grades of the regular class
and the experimental class are shown in Fig. 6 and Fig. 7, respectively.
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The mean score of the students in the experimental class is 80.75, and the mean score of the students
in the general class is 67.91. The average score of the experimental class is 12.84 points more than that
of the general class, which is significantly higher than that of the general class, and thus it can be seen
to a certain extent that the average learning effect of the students in the experimental class is better
than that of the students in the general class. The standard deviation of the students in the
experimental class is 2.12, and that of the students in the general class is 2.96, which is slightly higher
than that of the students in the experimental class, indicating that the individual differences among
the students in the experimental class are slightly smaller.

In order to more intuitively compare the data of students in the experimental class with those in the
general class, SPSS25.0 was used to draw box plots of the two groups of data, and Figure 8 shows the
box plots of students' performance in the general class and the experimental class. The top and bottom
of the box each has a line, representing the great value and the small value, the line in the middle of
the box represents the median of the students' performance, and the width of the box indicates to a
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certain extent the degree of fluctuation of the students' performance. It can be seen that the highest
score in the experimental class is 100, the lowest score is 49, and the students' scores are concentrated
between 69-91, while the highest score in the general class is only 92, the lowest score is 40, and the
scores are concentrated between 60-78. [t shows that the performance of students in the experimental
class has been significantly improved through the teaching reform of Al-generated content and image
processing methods.
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80 + "

70 4

Score
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40 1 =

30 T T
Experimental class Regular class

Fig. 8. Regular class and experimental class students results box plots

In order to further test the difference between the experimental teaching mode and the traditional
teaching mode to the students’ learning effect, the study used the method of independent samples t-
test to compare and analyze the data samples of the two groups of students, and the results of the
analysis are shown in Table 1.

Table 1. Results of independent sample t test of student learning achievement

Class N M SD T P F
Regular class 55 67.91 2.96
2.546 0.006 0.218
Experimental class 56 80.75 2.12

From the results of the independent samples t-test, the probability of significance of the students’
performance in the two classes P is 0.006<0.05, so it can be concluded that the difference in students'
performance between the two teaching modes is significant. It can be shown that the learning effect
of the teaching mode with Al generated content and image processing method is better than the
traditional teaching mode in the course “Digital Electronics and Applications”.

3.3.  Analysis of satisfaction surveys

For the actual teaching effect of the designed and developed course using Al to generate content and
image processing methods, this paper analyzes the questionnaires and interviews with the students
to investigate the students' recognition of the course model and the teaching effect, so as to validate
the effectiveness of the actual teaching of the course of applying Al to generate content and image
processing methods proposed in this paper. A satisfaction questionnaire about the course content and
teaching process was distributed to 56 students participating in the experimental class, and 56
questionnaires were recovered.
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3.3.1. Course content satisfaction survey. The course content survey focused on student satisfaction
with the Al-generated content and processed images covered in the course Digital Electronics and
Applications. The specific survey results are shown in Figure 9.

Al-generated content satisfaction
I Processed image satisfaction

Very dissatisfied

Dissatisfied

Normal

Satisfied

Very satisfied -

1 1 I 1 I I I I 1 1 I 1 1 I i 1
40 35 30 25 20 1510 5 0 5 10 15 20 25 30 35 40
Number of people

Fig. 9. Al generates content and processes image satisfaction

35 people were "very satisfied" with Al-generated content, accounting for 62.5% of the total, and 14
people were "satisfied", accounting for 25% of the total. The number of "very satisfied" and "satisfied"
images was 32 and 15 respectively, indicating that students were more satisfied with the course
content, and the Al-generated content was even more satisfied.

3.3.2. Satisfaction Survey on Teaching Effectiveness and Learning Achievement. The survey of the
teaching process focused on the students' satisfaction with the "teaching effect" and the three

knowledge review methods: "experimental knowledge summary"”, "mind map knowledge summary"
and "mini game knowledge summary". The results of the survey are shown in Figure 10.
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Fig. 10. Survey of teaching effect and learning achievement satisfaction

Overall student satisfaction with teaching effectiveness and learning achievement was high, for
teaching effectiveness, 37 out of 56 students were very satisfied, 14 were somewhat satisfied, 5 felt
average, and no one felt dissatisfied or very dissatisfied.

4. Conclusion

The article proposes an unconditional generative model SinGAN, which is trained for a single natural
image and optimizes the image generation method based on the Transformer encoder architecture.
The Al-generated content and image processing methods proposed in the article are applied in the
practical course teaching, and the conclusions are as follows.

1) The average Al generated content quality score in the course application is 0.704, and as the course
unfolds, the keyword coverage of the generated content becomes larger and larger, and the final
coverage reaches 0.996.

2) The mean values of the students' scores in the experimental class and the regular class are 80.75
and 67.91, respectively, and the standard deviations are 2.12 and 2.96, respectively, indicating that the
students’ scores in the experimental class have been significantly improved through the application of
the teaching mode of Al-generated content and image processing methods.

3) In the questionnaire survey, 59.82% and 66.07% of the students were “very satisfied” with the
course content and teaching effect respectively, indicating that the students were highly satisfied with
the teaching application of Al content generation and image processing methods.
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