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Virtual reality and the Internet of Things have shown their capability in a variety of tasks. However, their availability in online
learning remains an unresolved issue. To bridge this gap, we propose a virtual reality and Internet of Things-based pipeline for
online music learning. The one graph network is used to generate an automated evaluation of learning performance which
traditionally was given by the teachers. To be specific, a graph neural network-based algorithm is employed to identify the real-
time status of each student within an online class. In the proposed algorithm, the characteristics of each student collected from the
multisensors deployed on their bodies are taken as the input feature for each node in the presented graph neural network. With the
adoption of convolutional layers and dense layers as well as the similarity between each pair of students, the proposed approach
can predict the future circumstance of the entire class. To evaluate the performance of our work, comparison experiments between
several state-of-the-art algorithms and the proposed algorithm were conducted. The result from the experiments demonstrated
that the graph neural network-based algorithm achieved competitive performance (sensitivity 91.24%, specificity 93.58%, and

accuracy 89.79%) over the state-of-the-art.

1. Introduction

Due to the global pandemic novel coronavirus [1], most of
the pedagogical practices in all countries have to be carried
out online, which significantly impacts or even hampers the
expansion of teaching and learning activities [2]. Therefore,
it is necessary to ensure the students concentrate on the
content of courses during the process of learning. Mean-
while, the teachers also need to comprehend the dynamic
changes of the entire online class. Both requirements have
rendered the automatic identification of the status of the
students become a thorny task.

In recent decades, virtual reality (VR) related techniques
[3, 4] have been extensively exploited in a plethora of ap-
plications [5] ranging from industrial manufacturing [6],
healthcare [7], entertainment [8, 9], and education [10, 11].
Meanwhile, different types of Internet of things (IoT) have
also been deployed in practice [12], e.g., commercial and
industrial scenarios [13, 14], medical assistance [15], and

smart cities [16]. Both of them have shown their capacity and
potential value in multidisciplinary tasks. However, online
education especially music teaching remains a frontier
domain that needs to be developed. Meanwhile, it requires
an effective mechanism for measuring the students’ aca-
demic performance since the adoption of the current
evaluating manner might not be advisable.

Meanwhile, the deep learning-based models that
emerged in the last years have been widely accepted as a
powerful instrument in a plethora of domains and appli-
cations including but not limited to computer vision [17, 18],
natural language processing [19], data mining [20], com-
puter-aided diagnosis [21], recommendation system [22],
and forecasting [23-26]. A variety of architectures were
proposed in deep learning orientation, including the con-
volutional neural network (CNN) [27], recurrent neural
network (RNN) [28], autoencoder [29], and generative
adversarial network (GAN) [30]. It is worth noting that the
deep learning-based algorithms focus on unveiling the inner
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patterns hidden in Euclidean samples and they usually
neglect the non-Euclidean data with complicated associa-
tions and interdependency, e.g., social networks. Therefore,
these deep models suffer from applying the common
computational operators used in the CNN, RNN, autoen-
coder, and GAN to the graph domain.

On the other hand, to cope with the non-Euclidean data,
numerous graph neural networks (GNNs) were put forward
with different patterns and have shown their satisfactory
performance in the recent period. As the work of Good-
fellow et al. [30] is taken as an early work of GNN, the
recently emerged GNNs can be roughly divided into four
categories, including convolutional GNNs [31, 32], recurrent
GNNs [33, 34], graph autoencoders (GAEs) [35, 36], and
spatial-temporal GNNs [37, 38].

Although, plenty of GNN-based algorithms have been
presented to cope with various machine learning tasks, e.g.,
handwritten signature recognition [31, 37], document dis-
crimination [32, 35], ranking [33], program verification [34],
and human activity detection [38]. In recent 5 years, for
instance, Zhang et al. [39], proposed a deep graph clustering
framework. First, a feature transformation module is built
up of both the node and graph topology. Second, a graph
embedding and a self-supervised learning mechanism are
introduced to constrain graph embedding by using the graph
similarity and self-learning loss. To deal with the molecular
graph generation issue for drug discovery, Shi et al. [40]
presented a flow-based autoregressive model, which com-
bines both the autoregressive and flow-based approaches.
Zheng et al. [41] proposed a graph multiattention network to
predict traffic conditions for temporal phases ahead at
differentiated positions within a traffic network graph.
Aiming at addressing the fact-checking problem in the text,
Zhong et al. [42] proposed a method for reasoning about the
semantic level structure of evidence by using semantic role
labeling. These algorithms have shown their performance in
various scenarios. However, most of the GNN-based
methods ignore feature information for each node in the
graph.

Bearing the abovementioned analysis in mind, this work
fills a gap in the literature by introducing VR integrated with
IoT into musical pedagogy. To the best of our knowledge,
this is also an early work for the employment of VR and IoT
in online education. First of all, the proposed music teaching
platform exploits the VR techniques to offer a uniquely
immersive service for each student to experience an actual
scenario without any hefty cost. For instance, the students
can virtually perform in front of a large audience without a
real stage. Second, it can collect the real-time status of the
students by using IoT sensors. Accordingly, the students’
physiological status including the heart rate, respiratory rate,
temperature, and facial appearance can be captured. Third,
the GNN model can then be introduced to represent the
integral circumstance of the students to form the whole
feature vector space of the online class. The personal in-
formation of all students captured from the IoT sensors is
denoted as the nodes in a graph. The subjective judgment of
the students’ performance (positive or negative) made by the
teachers is used as the ground truth in the training samples.
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Afterwards, a binary-class (positive and negative) graph
neural network is trained over the manually labeled data
samples. Accordingly, the subtle variation in this graph can
be identified and predicted with high accuracy. The pre-
sented GNNs are then tested on the input samples and the
practical condition of the students can be generated by
updating the features embedded in the graph nodes. In
general, the proposed network is supposed to alleviate the
workload of the teacher in an online music class, while the
network’s output can unveil the status of each student
revealed by the VR and IoT devices.

To evaluate the performance of the proposed framework,
we conducted comparison experiments between state-of-
the-art GNN models on the practical data samples collected
from an online music class. Accordingly, the experimental
results output from the proposed GNNs indicated that the
GNN-based pipeline can come up with the practical engi-
neering requirements.

In general, the contributions of this work consist of the
following:

(1) To our best knowledge, this is an early work for using
VR and IoT in an online music learning platform

(2) A semisupervised learning framework is proposed to
recognize the students’ status with GNNs. The sit-
uation of the entire class can be revealed
prominently.

(3) The experimental results demonstrate the effective-
ness and efficiency of the proposed framework

2. Materials and Methods

2.1. Online Music Learning Framework and Dataset. An
online music learning system (as shown in the left com-
ponent of Figure 1) was built upon VR integrated with IoT
sensors. This system consists of head-mounted VR display
devices (Skyworth S801) and IoT sensors. The VR apparatus
has 100° field of view and an optic lens. Before each class
started, the students were instructed to wear both the VR
apparatus and the wearable IoT sensors.

For each student, the data samples (heart rate, respi-
ratory rate, temperature, and facial appearance) were col-
lected and came into a feature vector at every 5 minutes.
Then, three teachers labeled each sample as positive or
negative separately by using a majority voting mechanism.
In total, 6,104 recordings (3,020 positives and 3,084 nega-
tives) from 16 students were collected in this study.

2.2. Graph Neural Network

2.2.1. Problem definition. It is supposed that n subjects (i.e.,
the students as input samples) are available, denoted by S=
[S1, Sz, ..., Sul. Each student then can be denoted by one
matrix Sie R™™, where m represents the total number of
IoT sensors mounted on each student, # is the length of the
feature derived from the corresponding IoT sensor, and
n; € {0, 1}. The weighted graph used in the proposed GNN is
denoted as a tuple G = (V, E, W), where V is the set of m
vertices, E represents the set of edges, and W e R™M ig the
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FiGgure 1: The pipeline from the online music learning platform
with VR and IoT sensors to the non-Euclidean data structure.

adjacency matrix of the graph. Meanwhile, W;; represents
the weight of the edge from v;€ V to vj€ V . In general, a
global threshold is employed in the adjacency matrix to
eliminate the irrelevant entries in the adjacent matrix or
nodes in the graph. The space complexity of the proposed
graph network is O(n?).

In general, the personal information of all students
captured from the IoT sensors is denoted as the nodes in an
undirected graph. Accordingly, the student’s heart rate,
respiratory rate, temperature, and facial appearance are
integrated as a feature vector to represent the integral cir-
cumstance of the students. Meanwhile, the similarity be-
tween each pair of students is taken as the value of the edge
between the two students denoted by two nodes. The edges
with values lower than 0.4, which is set by conducting
preliminary experiments, are eliminated from the graph.

In the proposed GNN model, the graph convolutional
operator used can be considered as the spectral multipli-
cation, which is equal to the convolution operator used in
the temporal domain. Accordingly, the corresponding
spectral filter can be realized by introducing the eigen-
functions of the normalized Laplacian into GNN.

L= Im _ D—I/ZWD— 1/2’ (1)

where D denotes the degree of the matrix and I, is an
identity matrix. Furthermore, the Laplacian matrix can be
implemented by using Chebyshev polynomials [43]:

Ty (L) = 2LTy_, (L) = Ty_, (L), (2)

where To(L)=1 and T,(L)=L.

The K-ordered polynomial then yields unbiased K filters.
Accordingly, the filtered outcome of the signal by K filters
can be formulated as

0=gg(L)xc=Y 06T (L), (3)
k

where ¢ denotes one IoT sensor mounted on a student,
L =2/)A,,L -1, and Amax is the maximal eigenvalue of the
normalized Laplacian L. The output of the I layer can then
be expressed as

Fin

o =Y gg(L)cs,s (4)
i=1

where F,,; and F;;, denote the output filter and input filter,
respectively. 6'e Ry is the Chebyshev coefficient and xL, is
the input graph at layer | for student s.

A pooling layer is located at the end of the proposed
GNN. In a fashion of semi-unsupervised learning, the fea-
ture map generated from the presented GNN can yield a
pairwise association between the subjects. The intact GNN
with the pooling operator is demonstrated in Figure 2.

2.2.2. Network Architecture. As described in Table 1, there
are 3 pairs of convolutional layers integrated with the rec-
tified linear unit (ReLU) as well as a pooling layer within the
proposed GNN architecture. To guarantee the invariant scale
for the graphs, the pooling is only incorporated at the end of
the convolution operations. The dropout rate of every
convolutional layer is 0.5.

In the initial stage, the training rate is set to 0.001 with
fixed 500 iterations. Once the decrease in validation accuracy
lasts for two consecutive iterations, then the learning rate is
multiplied by 0.5. During the training process, 80% of the
samples were used as the training set and the remaining 20%
were taken as the testing set, and 100 of the training samples
were used as the validation set. In total, there were less than
1,000 parameters in the proposed graph network. We
trained the whole model by leveraging a back-propagating
strategy and no overfitting was observed during training.
Furthermore, the expected outcome of the proposed net-
work is the binary status of each student (node in the graph)
that is positive or negative.

3. Results and Discussion

3.1. Performance Evaluation Metrics. In this work, we used
accuracy, sensitivity, and specificity in the experiments to
measure the performance of the comparing methods.

(1) Sensitivity: the ratio between the number of true
positives (TP, the samples are labeled as positive by
the teachers; meanwhile, the method generates the
correct result) and the number of all of the samples.

TP (5)

SensitiVity = m 5

where FN denotes the false negative (the outcome of
one sample labeled as positive is negative).

(2) Specificity: the ratio between the number of true
negatives (TN, the outcome of one sample labeled as
negative is negative) and the number of all of the
samples.

TN
Specificity = TN+ P’ (6)

where FP denotes the false positives (the outcome of
one sample labeled as negative is positive).

(3) Accuracy: the ratio between the number of correctly
identified subjects and the number of all of the
samples.

TP+TN

A = . 7
Y = T b Y FN + TN + FP @
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F1GURE 2: The structure of the proposed GNN.

TaBLE 1: Details of the proposed GNN architecture.

Layer
Channels 16 N/A 32 N/A 64
K-order 9 NA 9 NA 9
Stride 1 N/A 1 N/A 1

Conv ReLU Conv ReLU Conv ReLU Pooling Class
N/A  N/A 2

N/A  N/A N/A
N/A N/A N/A

3.2. Experimental Results. In this work, the proposed GNN
was implemented with the TensorFlow 2.0 deep learning
architecture with Python as the programming language.

The edge between each pair of students in the graph
would affect the whole structure of the graph. A global
threshold is expected to determine if one edge is preserved or
not. Thus, we tested the effects of various threshold values to
determine the optimal threshold. In the preliminary test,
only 9 different numbers were leveraged (0.1, 0.2, ..., 0.9).
Meanwhile, to decrease the computation complexity of
calculating the optimal threshold value, only the subsamples
were used during this stage. According to the outcome from
the subsamples in Figure 3, 0.4 is chosen as the threshold
value in the following experiments.
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FiGUure 3: The optimal threshold value set in the proposed GNN.

Second, we conducted the experiments on the 6,104
samples captured from 16 students by using the proposed
approach. For each student, the corresponding number of
samples ranged from 197 to 405. It is widely accepted that
the quantity and quality of the training samples significantly
relate to the performance of machine learning models, as
well as the deep learning models.

Learning-based algorithms: accordingly, the sensitivity,
specificity, and accuracy yielded from our model can rise or
fall for different students in an online class, as shown in
Figure 4.

As shown in Figure 4, the accuracy for all of the students
is greater than 80% by using the proposed approach, while
the accuracy of students 5, 12, and 13 is almost 100%.
Moreover, we also examined the samples collected from
student 6 whose accuracy is the lowest among the students.
We found that student 6 contains the fewest samples (197)
compared with the other students.

Generally, the proposed method can provide satisfactory
sensitivity and specificity for most of the subjects. However,
its performance relates to the quantity and quality of the
input samples. By improving the data sample, the proposed
GNN can be a potentially valuable instrument for online
learning performance evaluation in practice.

Third, we conducted the comparison experiments be-
tween the state-of-the-art and the proposed framework on
the entire dataset that was manually collected. Experimental
results as shown in Figure 5 demonstrate that the current
work achieved competing performance over the state-of-
the-art techniques. Although the sensitivity produced by
[37] is better than the proposed approach, this work out-
performed the state-of-the-art methods [31, 37, 38] in both
the specificity and accuracy of the whole data samples.

4, Discussion

The results of the experiments show that the proposed
method can provide a favorable outcome for the issue that
has an intrinsic graph structure, and it can be useful for other
cases rendering similar characteristics. However, there are
some limitations of the presented approach that need to be
addressed before it is applied to those tasks. For instance, it
does not take temporal information into consideration.
Therefore, the relations between sequential samples might be
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neglected by using our approach. Moreover, this method is
unable to handle less structured representations.

5. Conclusions

In this work, the VR apparatus and IoT sensors were in-
troduced to implement an online music learning platform.

By leveraging it, personal information can be collected and
formed into a non-Euclidean graph. Since it is difficult to
employ the manners commonly adopted in an offline
classroom, the identification and prediction of the students’
real-time state deserve in-depth research for the online
learning scenes. Bearing this in mind, we proposed a spatial-
temporal GNN-based framework. Both the interdependent
associations between the students and the corresponding
development process can be unveiled from the presented
GNN model.

To evaluate the performance of the proposed framework,
comparison experiments were conducted between the state-
of-the-art techniques and the proposed method. Experi-
mental results demonstrated that the combination of VR and
IoT, as well as GNN, should be taken as a potentially valuable
instrument for online music learning.

In the future, the application of global average pooling
(GAP) needs to be studied since it is supposed to decrease
the number of parameters and eliminate overfitting and we
will continue to delve into the online learning platforms and
the applications of various machine learning-based algo-
rithms into them.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.

Disclosure

The funding sponsors had no role in the design of the study;
in the collection, analyses, or interpretation of data; in the
writing of the manuscript; and in the decision to publish the
results.

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

This study was supported by the Natural Science Foundation
of Shandong Province (ZR2020MF133), Key Laboratory of
Public Safety Management Technology of Scientific Research
and Innovation Platform in Shandong Universities during
the 13th Five-Year Plan Period, Collaborative Innovation
Center of “Internet plus intelligent manufacturing” of
Shandong Universities, and Intelligent Manufacturing and
Data Application Engineering Laboratory of Shandong
Province.

References

[1] L. Zhang, J. Chen, Q. Peng, and X. Shen, “Emergency
management and protection measures during epidemics of
novel coronavirus pneumonia,” Journal of Clinical Medicine
in Practice, vol. 24, 2020.

[2] C.L.Changand M. Fang, “E-learning and online instructions
of higher education during the 2019 novel coronavirus dis-
eases (covid-19) epidemic,” Journal of Physics: Conference
Series, vol. 1574, no. 1, Article ID 012166, 2020.



(3]

(4]

(8]

[9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

(19]

(20]

J. Steuer, “Defining virtual reality: dimensions determining
telepresence,” Journal of Communication, vol. 42, no. 4,
pp. 73-93, 1992.

R. Azuma, Y. Baillot, R. Behringer, S. Feiner, S. J. Julier, and
B. Macintyre, “Recent advances in augmented reality,” IEEE
Computer Graphics and Applications, vol. 21, no. 6, pp. 34-47,
2001.

B. Schlake and M. Narayanan, “Virtual reality applications,”
in Proceedings of the WESCON/94. ’Idea/Microelectronics’.
Conference Record, New york, NY, U.S.A, January 1994.

T. Mujber, T. Szecsi, and M. Hashmi, “Virtual reality ap-
plications in manufacturing process simulation,” Journal of
Materials Processing Technology, vol. 155-156, pp. 1834-1838,
2004.

A. A. Rizzo, M. Schultheis, K. A. Kerns, and C. Mateer,
“Analysis of assets for virtual reality applications in neuro-
psychology,” Neuropsychological Rehabilitation, vol. 14, no. 1-
2, pp. 207-239, 2004

G. B. Newby, “Virtual reality and the entertainment industry.
(cover story),” Bulletin of the American Society for Information
Science and Technology, vol. 21, 1994.

J. Lugrin, M. Cavazza, M. Palmer, and S. Crooks, “Artificial
intelligence-mediated interaction in virtual reality art,” IEEE
Intelligent Systems, vol. 21, no. 5, pp. 54-62, 2006.

A. Rienow, C. Lindner, T. Dedring, H. Hodam, and C. Jrgens,
“Augmented reality and virtual reality applications based on
satellite-borne and iss-borne remote sensing data for school
lessons,” Photogrammetrie, Fernerkundung, Geolnformation,
vol. 88, 2020.

O. L. Chavez, L. F. Rodriguez, and J. O. G. Gutierrez, “A
comparative case study of 2d, 3d and immersive-virtual-re-
ality applications for healthcare education,” International
Journal of Medical Informatics, vol. 141, 2020.

J. Ni, K. Zhang, X. Lin, and X. S. Shen, “Securing fog com-
puting for internet of things applications: challenges and
solutions,” IEEE Communications Surveys & Tutorials, vol. 20,
no. 1, pp. 601-628, 2018

I. Culic, A. Radovici, and C. Rusu, “Commercial and in-
dustrial internet of things applications with the raspberry pi,”
Prototyping IoT Solutions, Apress, New york, NY, U.S.A, 2020.
I. Nappi and G. de Campos Ribeiro, “Internet of things
technology applications in the workplace environment: a
critical review,” Journal of Corporate Real Estate, vol. 22, no. 1,
pp. 71-90, 2020

S. Y. Y. Tun, S. Madanian, and F. Mirza, “Internet of things
(iot) applications for elderly care: a reflflective review,” Aging
Clinical and Experimental Research, vol. 33, pp. 1-13, 2020.

A. S. Ibrahim, K. Y. Youssef, H. Kamel, and M. Abouelatta,
“Traffic modelling of smart city internet of things architec-
ture,” IET Communications, vol. 14, no. 8, pp. 1275-1284,
2020.

S.U. H. Dar, M. Ozbey, A. B. Catly, and T. Cukur, “A transfer-
learning approach for accelerated mri using deep neural
networks,” Magnetic Resonance in Medicine, vol. 84, no. 2,
pp. 663-685, 2020.

A. Sezer and A. Altan, “Detection of solder paste defects with
an optimization based deep learning model using image
processing techniques,” Soldering & Surface Mount Tech-
nology, vol. 33, 2021.

M. A. Ayyoub, A. Nuseir, K. Alsmearat, Y. Jararweh, and
B. Gupta, “Deep learning for Arabic nlp: a survey,” Journal of
Computational Science, vol. 26, pp. 522-531, 2017.

G. Nguyen, S. Dlugolinsky, M. Bobak et al., “Machine learning
and deep learning frameworks and libraries for large-scale

(21]

(22]

(23]

[24]

(25]

[26]

(27]

(28]

(29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

Computational Intelligence and Neuroscience

data mining: a survey,” Artifificial Intelligence Review, vol. 52,
2019.

H. 1. Suk, S. W. Lee, and D. Shen, “Hierarchical feature
representation and multimodal fusion with deep learning for
ad/mci diagnosis,” NeuroImage, vol. 101, pp. 569-582, 2014.
Q. Zhou, J. Wu, and L. Duan, “Recommendation attack
detection based on deep learning,” Journal of Information
Security and Applications, vol. 52, Article ID 102493, 2020.
A. Altan, S. Karasu, and S. Bekiros, “Digital currency fore-
casting with chaotic meta-heuristic bio-inspired signal pro-
cessing techniques,” Chaos, Solitons & Fractals, vol. 126,
pp. 325-336, 2019.

S. Karasu, A. Altan, S. Bekiros, and W. Ahmad, “A new
forecasting model with wrapper-based feature selection ap-
proach using multi-objective optimization technique for
chaotic crude oil time series,” Energy, vol. 212, Article ID
118750, 2020.

A. Altan, S. Karasu, and E. Zio, “A new hybrid model for wind
speed forecasting combining long short-term memory neural
network, decomposition methods and grey wolf optimizer,”
Applied Soft Computing, vol. 100, Article ID 106996, 2021.
S. Karasu and A. Altan, “Crude oil time series prediction
model based on Istm network with chaotic henry gas solubility
optimization,” Energy, vol. 242, Article ID 122964, 2022.

A. Li, M. Yuan, C. Zheng, and X. Li, “Speech enhancement
using progressive learning-based convolutional recurrent
neural network,” Applied Acoustics, vol. 166, Article ID
107347, 2020.

A. Graves, A. R. Mohamed, and G. Hinton, “Speech recog-
nition with deep recurrent neural networks,” in Proceedings of
the 2013 IEEE International Conference on Acoustics, Speech
and Signal Processing, Canada, May 2013.

G. E. Hinton and R. R. Salakhutdinov, “Reducing the di-
mensionality of data with neural networks,” Science, vol. 313,
no. 5786, pp. 504-507, 2006.

I.]. Goodfellow, J. Pouget-Abadie, M. Mirza et al., “Generative
adversarial networks,” Advances in Neural Information Pro-
cessing Systems, vol. 3, pp. 2672-2680, 2014.

J. Bruna, W. Zaremba, A. Szlam, and Y. Lecun, “Spectral
networks and locally connected networks on graphs,” 2013,
https://arxiv.org/abs/1312.6203.

M. Henaff, J. Bruna, and Y. LeCun, “Deep convolutional
networks on graph-structured data,” 2015, https://arxiv.org/
abs/1506.05163.

F. Scarselli, M. Gori, A. C. Tsoi, M. Hagenbuchner, and
G. Monfardini, “The graph neural network model,” IEEE
Transactions on Neural Networks, vol. 20, no. 11, pp. 61-80,
2009.

Y. Li, D. Tarlow, M. Brockschmidt, and R. Zemel, “Gated
graph sequence neural networks,” 2015, https://arxiv.org/abs/
1511.05493.

S. Cao, W. Lu, and Q. Xu, Deep neural networks for learning
graph representationsAAAI Menlo Park, CA, U.S.A, 2016.
D. Wang, P. Cui, and W. Zhu, “Structural deep network
embedding,” in Proceedings of the 22nd ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data
Mining - KDD 16, pp. 1225-1234, ACM Press, San Francisco,
CA, USA, May 2016.

Y. Seo, M. Defferrard, P. Vandergheynst, and X. Bresson,
“Structured sequence modeling with graph convolutional
recurrent networks,” in ICONIP (1), Ser. Lecture Notes in
Computer Science, L. Cheng, A. C. S. Leung, and S. Ozawa,
Eds., vol. 11301, pp. 362-373, Springer, Berlin, Germany,
2018.


https://arxiv.org/abs/1312.6203
https://arxiv.org/abs/1506.05163
https://arxiv.org/abs/1506.05163
https://arxiv.org/abs/1511.05493
https://arxiv.org/abs/1511.05493

Computational Intelligence and Neuroscience

(38]

(39]

(40]

(41]

(42]

(43]

A. Jain, A. R. Zamir, S. Savarese, and A. Saxena, “Structural
rnn: deep learning on spatio-temporal graphs,” in Proceedings
of the 2016 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 5308-5317, Las Vegas, NV, USA,
June 2016.

X. Zhang, J. Mu, H. Liu, and X. Zhang, “Graphnet: graph
clustering with deep neural networks,” in Proceedings of the
ICASSP 2021 - 2021 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), Canada,
June 2021.

C. Shi, M. Xu, Z. Zhu, W. Zhang, M. Zhang, and J. Tang,
“Graphaf: a flflow-based autoregressive model for molecular
graph generation,” 2020, https://arxiv.org/abs/2001.09382.
C. Zheng, X. Fan, C. Wang, and J. Qi, “GMAN: a graph multi
attention network for traffic prediction,” 2019, https://arxiv.
org/abs/1911.08415.

W. Zhong, J. Xu, D. Tang et al., “Reasoning over semantic-
level graph for fact checking,” in Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics, Stroudsburg, PA, U.S.A, July 2019.

M. Defferrard, X. Bresson, and P. Vandergheynst, “Con-
volutional neural networks on graphs with fast localized
spectral fifiltering,” 2016, https://arxiv.org/abs/1606.09375.


https://arxiv.org/abs/2001.09382
https://arxiv.org/abs/1911.08415
https://arxiv.org/abs/1911.08415
https://arxiv.org/abs/1606.09375

