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At present, sports dance teaching still tends to “demonstration” training. Students have limited time and space for autonomous
learning, and their enthusiasm for participation is not high, which leads to a decline in classroom learning e�ciency. In view of
this, video teaching has become popular in sports dance classrooms, providing a new model for sports dance teaching. Video
recommendation is particularly important for the improvement of teaching quality. A sports dance video recommendation
method based on style is proposed.  e factorization machine model is used to combine features and process high-dimensional
sparse features, the deep neural networkmodel is adopted as the value function network of the deep Q-learning algorithm, and the
deep Q-learning algorithm is used as the decision function to solve the recommendation accuracy and diversity question. rough
the application experiment of sports dance video recommendation, it is resulted that the recommendation accuracy of the
proposed model is slightly higher than that of traditional recommendation algorithm and the recommendation diversity is
obviously better than that of traditional recommendation algorithm.  e advantages and feasibility of the proposed model
are veri�ed.

1. Introduction

Sports dance is a way of sports, which needs re�ning, or-
ganization, arrangement, and technical processing. Its main
mean of the expression is to show the �exible footwork and
beautiful dance posture of various rhythms of the human
body, and express feelings and re�ect social life through this
artistic form [1–3]. It is mainly composed of 10 dance types in
two series: modern dance and Latin dance. With the progress
of society, there has been an upsurge of national �tness, and
there has been an upsurge of popularizing and popularizing
sports dance in the society. Due to the accelerated pace of life
today, many people are busy with work and hope to enrich
their spare time activities. However, because dance learning
is usually taught by participating in training courses, many
people do not have much time to learn.  erefore, it has
become a trend to teach students sports dance by recording
videos and video recommendations.

 e traditional manual teaching process of sports dance
is mainly divided into two parts: teachers’ explanation of
theoretical knowledge and teaching purpose, learning, and
guidance of practical courses [4–7].  e second part is the
focus of learning. It includes teachers’ dance demonstration
performance and explanation, correct requirements and
practice of dance posture, decomposition practice of turning
step and �ower step, mutual cooperation between male and
female partners, dance practice, dance appreciation, har-
monious practice of music, etc.

 e sports dance video recommendation system actually
uses the existing computer technology to present the process
of sports dance teaching to students in the form of video
recommendation and applies the recorded sports dance
teaching video course to real teaching [5, 7].  e design and
development of sports dance teaching video recommen-
dation system make the teacher’s teaching content displayed
in the form of video.  rough the real-time recording of the
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teacher’s dance scene, students can learn more clearly and
quickly. At the same time, it also plays a positive role for
students to watch the teaching process repeatedly and take
care of students at different levels. In addition, through
computer technology, the video teaching of sports dance can
also be presented to the students in the form of forums or
discussion groups so that the students can no longer learn at
a single point, but can learn and communicate with other
students in time through the network, learn from each
other’s strengths, and make up for their weaknesses, to
promote communication among students, improve stu-
dents’ learning interest, and stimulate students’ learning
enthusiasm [7].

It can be seen that sports dance video recommendation is
of great significance to improve the quality of sports dance
teaching. +e research on sports dance video recommen-
dation method not only solves the learning constraints of
time and space in the process of sports dance teaching but
also makes the teaching process reproducible and decom-
posed, and provides support for the development of video
teaching.

2. Related Works

Recommendation systems [8, 9] have gradually produced a
variety of solutions and become an independent discipline
now. Many achievements have been achieved in industry
applications. +e recommendation system itself analyzes
and studies the behavioral preferences of users through data
information mining and establishes a user-specific interest
model, thereby recommending information that may satisfy
their interests. Traditional recommendation system algo-
rithms can be roughly divided into three types: collaborative
filtering recommendation, content-based recommendation,
and hybrid recommendation.

Although traditional recommendation algorithms can
solve most information filtering problems, they cannot solve
the problems of data sparseness, cold start, and repeated
recommendation problems. In recent years, many compa-
nies have used deep learning, multi-arm gamblingmachines,
and other algorithms to improve and have obtained good
recommendation results in response to the above issues.
YouTube [10] used deep learning for video recommendation
prediction for the first time in the recommendation system.
It successfully filtered and extracted the video content users
were interested in from the large-scale data volume and
recommended it. Acar et al. [11] proposed an offline eval-
uation method and controlled experiment based on
streaming data. Karatzoglou et al. [12] systematically pro-
posed to apply deep learning to traditional recommendation
systems, adding deep learning to the conventional content
recommendation and collaborative filtering recommenda-
tion methods to deal with recommendation prediction of
large-scale data volume.+erefore, deep learning has become
a hot spot in current recommendation system research.

At present, most of the recommendation algorithms are
based on the static recommendation process and generate a
fixed recommendation strategy by collecting and processing
a large amount of data information, such as multicriteria

decision-making method [13–22], which has a significant
improvement in solving the diversification of information
recommendation. +e problem of cold start is also unable to
adapt to the short-term interest changes of users and make
effective information recommendations. +erefore, many
scholars began to try to use reinforcement learning [23] to
solve the problems in the recommendation system. Rein-
forcement learning is a learning algorithm based on the
interaction of the environment. It has developed indepen-
dently from the two fields of animal behavior research and
optimal control. It has been abstracted and formalized as a
Markov decision process problem. Later, through the study
of many scientists, a relatively complete system, approximate
dynamic programming was formed. Reinforcement learning
[23] is a dynamic interactive learning strategy algorithm.
+erefore, reinforcement learning is used to solve cold start
problems and the inability to adapt to users’ short-term
interest recommendation in recommendation algorithms.
Taghipour et al. [24] first proposed to use the Q-learning
algorithm combined with web page information to solve the
problem of web page recommendation. However,
the Q-learning learning algorithm cannot effectively solve
the recommendation task of the Markov decision process
with large state space and action space. Choi [25] proposed a
biclustering learning algorithm to alleviate the above
problems, but the effect was not expected. +e deep
Q-learning deep reinforcement learning algorithm [26] used
the value function estimation method, and it solves the
problems existing in the Markov decision-making process
[27] by iterating the Bellman equation to achieve conver-
gence to the optimal value function. +e proposal of policy
gradient solves the problem that the value is difficult to
calculate, and this method can directly learn the policy.

3. Markov Decision Process

Markov decision process is a mathematical model of se-
quential decision. It is used to simulate the randomness
strategy and return that can be realized by agents in the
environment where the system state has Markov nature.

Markov decision process is built based on a set of in-
teractive objects, that is, agents and environment. +e ele-
ments include state, action, strategy, and reward. In the
simulation of Markov decision process, the intelligent ex-
perience perceives the current system state and acts on the
environment according to the strategy, so as to change the
state of the environment and get rewards. +e accumulation
of rewards over time is called reward.

+e theoretical basis of Markov decision process is
Markov chain, so it is also regarded as a Markov model
considering action.+eMarkov decision process established
in discrete time is called “discrete-time Markov decision
process”; on the contrary, it is called “continuous time
Markov decision process.” In addition, Markov decision
process has some variants, including partially observable
Markov decision process, constrained Markov decision
process, and fuzzy Markov decision process [27].

+e factorization machine algorithm is used to combine
features and deal with high-dimensional sparse features,
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effectively learn the cross-hidden relationship between
features, and then use the deepQ-learning algorithm to solve
the optimal value of the recommendation decision. First, the
core point of sports dance video recommendation is to
simulate the recommendation process as a Markov decision
process.+e initial state of the agent is s0, and then, an action
a0 is selected from the action set to execute. After execution,
the agent will follow the action a0. +e agent s0 changes to
the next state s1 according to the reward function of action
a0, and then, the action a1 is selected, and the above steps are
continuously looped until a strategy chain reaches the re-
ward accumulation value, which is selected.

Combined with sports dance video recommendation, the
Markov solution process can be more refined. +e user and
the recommendation system can be simulated as two dy-
namic interactive objects, as shown in Figure 1. In a time
slice t, the recommendation system obtains the user’s
viewing record st, trains the action set A through the reward
function of st, and then selects the sports dance video with
the highest reward value in A to recommend to the user,
obtain the user’s rating for the video, and put it into the
experience pool to continue training the recommendation
strategy.

In general, the Markov decision process is a Markov
reward process with decision making, which means that all
states have Markov properties, that is, when a random
process is given a current state and all past states. In the case
of the conditional distribution probability of its future state
depend only on the current state, the Markov property can
be expressed in mathematical form as a state st has Markov
property if and only if it satisfies

P St−1|St  � P St+1|S1, . . . , St . (1)

A Markov decision process can consist of quintuples
〈S, A, P, R, c〉.

S is the set of all environmental states, and st ∈ S rep-
resents the current Agent’s state st at time t. +e evaluation
of sports dance video is used for testing, and s is defined as
st � movie1t , . . . ,movien

t , here denoted as the top n videos
watched and rated by the user.

A is the set of limited executable actions of the agent, and
A is the set of all videos recommended to the user. +e text
at ∈ A is represented as the recommended action obtained by
the agent through the reward function training at time t, that
is, the sports dance video advised by the recommendation
system agent to the user through st at the current time.

P is the state transition probability matrix, and the
mathematical formula is as follows:

p
aτ
ss′

� P St+1 � s′|St � s, At � at , (2)

where St represents the state at time t, St+1 represents the
state at time t + 1, and At represents the actions of different
videos recommended by the recommendation system agent
to the user at time t. When the time t ends, it turns to time
t + 1, and then, the recommendation system agent will
update the state St+1 at time t + 1 to st+1 � movie1t ,

. . . ,movien
t , at}.

R is the reward function of the current Markov reward
process [10]. At time t, state st is the reward expectation
obtained by A entering state st+1. +e mathematical formula
is defined as follows:

Rs � E Rt+1|St � s . (3)

For the videos recommended by the recommendation
system agent, users have different scores of movie ratings to
generate various movie feedback, so at time t, the recom-
mendation system agent will obtain instant rewards
according to varying feedback as Rt � (st, at). c is the dis-
count factor, and its value range is generally specified as
c ∈ (0, 1). +e discount factor is used to adjust the impact of
future rewards on the current accumulated rewards. If c � 0,
it means that the recommendation system agent pays more
attention to the earned reward in time; when c � 1, it means
that the recommendation system agent pays more attention
to the long-term accumulated reward.

From the above definition, it can be concluded that the
task of the recommendation system agent is to achieve the
learning process of maximizing the reward function through
the optimal recommendation strategy [11]. At time t, the
mathematical definition of reward Gt is as follows:

Gt � Rt+1 + cRt+2 + c
2
Rt+3 + · · · � 

∞

k�0
c

k
Rt++k+1. (4)

4. Algorithm

4.1.Concepts. One-hot coding combined with the FMmodel
is used to preprocess the data, and then, the deep Q-learning
algorithm in deep reinforcement learning is used as the
sports dance video recommendation algorithm. +e deep
Q-learning algorithm is based on the approximate iteration
of the value function. It uses a deep neural network as a
Q-value network to extract complex features. One-hot
encoding can represent the discrete features in the dataset
with numbers. Still, one-hot encoding will introduce the
problem of sparse features, so the factorization machine
algorithm is used to solve the problem of difficulty in dealing
with combined features under the condition of light features.

+e ultimate goal of using the deep Q-learning algorithm
for a sports dance video recommendation is to obtain the
optimal recommendation strategy by maximizing the long-
term cumulative reward. +e first step is to perform feature
extraction on the original data and use the user’s rating for
the movie as the reward value. Figure 2 shows the corre-
sponding original data structure. Due to the existence of
discrete features in the original data set, the deep Q-learning
algorithm cannot directly use it as the input data of the value
function network.

+erefore, one-hot coding encodes the discrete features
and expands the discrete features into the Euclidean space.
+e values of discrete features can correspond one-to-one
with points in Euclidean space. From the aspect of model
training, not only can the distance between different features
be calculated more reasonably, but also can the nonlinear
ability of the model be improved. +e principle of one-hot
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encoding is to use the N-bit status register to encode n states
with different codes, each attribute has its independent
register bit, and only one bit indicates whether it is valid or
not at any time. As shown in Table 1, the feature set is
processed by using one-hot encoding.

Since one-hot encoding will introduce the problem of
feature sparseness, which will cause the dimensional disaster
of the neural network, the factorizationmachine algorithm is
used to perform further feature processing on the feature set.
A second-order polynomial model is used. A combination of
features xi and xj is used, where xixj represents the com-
bined feature, xi is the value of the ith feature, and n rep-
resents the number of features of the sample. w0, wi, and wij

are model parameters, respectively. +e second-order
polynomial model is as follows:

y(x) � w0 + 
n

i�1
wixi + 

n−1

i�1


n

j�i+1
wijxixj. (5)

Matrix decomposition is used to solve wij. It is known
that in model-based collaborative filtering, the user matrix
and the sports dance video matrix can form a unique rating
matrix. For each user and video, a hidden vector can be used
to represent it. Different users and videos are represented as
different two-dimensional vectors. +e dot product of the
user vector and the movie vector is the user’s rating of the
movie in the matrix.

It can be seen from the definition that for any N × N real
symmetric matrix, this real symmetric matrix has N linearly
independent and can be orthogonalized to get a set of ei-
genvectors, which are orthogonal and have amodule of 1. So,
the real symmetric matrix A can be decomposed into

A � ς∧ςT
, (6)

where ∧ is defined as a real diagonal matrix, andQ is defined
as an orthogonal matrix.

Similarly, suppose there is asymmetric matrix W con-
sisting of all the current quadratic parameters wij; in that
case, this matrix can be decomposed in the form of
W � V∧VT, where the jth column of V is defined as the
latent vector of the jth dimension feature. +e inner product
of the latent vector corresponding to xi and the latent vector
corresponding to xj is equal to the cross-term coefficient of
the feature components xi and xj, so each parameter of the
symmetric matrix can be defined as wij � 〈vi, vi〉.

+e deep Q-learning algorithm uses a deep neural
network with a weight parameter of θ as the network model
of this deep neural network’s action-value function. +e
weights and biases are represented by θ and c, respectively.
+e loss function of the deep neural network model is as
follows:

Li θi(  � E r + cmaxQ s′, a′, θi  − Q s, a, θi(   . (7)

+e structure diagram of the deep neural network is
shown in Figure 3.

It can be seen from the structure diagram that the deep
neural network consists of an embedding layer and three
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Figure 2: Sports dance video and its features.
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Figure 1: Reinforcement learning basic architecture.
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fully connected layers, and each neuron will use the acti-
vation function for calculation before outputting the result.
Sigmoid function is used as the activation function of the
deep neural network to meet the requirements of effectively
learning sparse features.

To facilitate the calculation, the number of neuron nodes
in the embedding layer and the fully connected layer is set to
the exponential power of 2. +e depth of the network is
increased in multiples of 2 in turn. Assuming that the
number of sports dance videos in the recommendation
system is M, the number of output nodes is M, and the
output node will output the predicted reward value of each
video after it is recommended.

4.2. Deep Q-Learning Algorithm for Sports Dance Video
Recommendation. Due to using the same network to gen-
erate the following target Q and estimate the current Q, it
can lead to oscillations and even divergence. +erefore, deep
Q-learning uses experience replay and target network
methods to solve this problem.

Experience playback means that during the interaction
between the agent and the environment, the experience is
stored in the experience pool D. Each training will randomly
sample a small batch of data fromD for training to eliminate
the correlation between samples. Its function is to destroy
the correlation between the series and solve the correlation
between the Q-value and the target Q-value. +e target
network does not interact with the environment, nor is it
updated at every step, only at certain stages. Each update
assigns the current network parameters directly to it.

+e process of the deep Q-learning movie recommen-
dation algorithm is as follows:

(1) Initialize experience poolDwith capacity N, which is
used for historical experience recovery. Use the deep
neural network as the network model of the current
predicted action-value function Q value, and ini-
tialize the weight parameter θ of the network model.
Set the number of rounds of model training asM, the
maximum number of training times the agent can
perform. Initialize the input of the Q-value network
model, information the scoring matrix processed by
the FM algorithm, and calculate φ1 � φ(s1).

(2) Repeat the single empirical trajectory time step
from t � 1 to T.

(3) Repeat the sports dance video recommendation
training for each user from u � 1 to U.

(4) Take the user’s initial rating as the initial movie
recommendation state S, and select a randommovie
plan with probability ε for recommendation.

(5) If the recommended movie is a movie that the user
likes, update the current movie recommendation
state as

St + 1 � St ∪ a. (8)

(i) +en set the reward to r� 1, and calculate the
input sequence as follows:

(6) If the recommended movie is a movie that the user
likes, update the current movie recommendation
status to St+1 � St, set the reward to r� 0, and add
(φt, a, r, φt+1) to the experience pool D, and
compute the input sequence φt+1 � φ(St+1) for the
next time step.

(7) Randomly sample a small batch of stored samples
(φt, a, r, φt+1) from the experience pool D.

(8) If the current state is an end state, set yi� ri, if the
current state is a nonend state, then set

yi � ri + cmaxa′Q ϕj+1, a′, θ . (10)

(9) Calculate loss function using gradient descent
algorithm

Li θi( �E r+cmaxa′Q ϕj+1,a′,θ −Q s,a,θi(   . (11)

(10) Output value function network.

+e flow chart of the algorithm is shown in Figure 4.

Table 1: Sports dance video feature set based on one-hot encoding.

Sports dance videos
Features

Modern dance Latin dance Elegant Melody sense Dignified Enthusiastic Ebullient
Video 1 1 0 1 1 0 0 0
Video 2 1 0 0 0 1 0 0
Video 3 0 1 0 0 0 1 1

Embedding
layer

Fully
connected

layer

Fully
connected

layer

Fully
connected

layer

Output
layer

Figure 3: Deep neural network structure.
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5. Case Study

Experimental hardware environment is one PC, 8GB
memory, and 256GB hard disk. +e operating system of the
testing platform is Windows 10, the programming language
is python language, and the programming is carried out on
the Jupyter Notebook. +e experiment uses the dataset of
sports dance video evaluation, including 10000 rating rec-
ords for 100 sports dance videos by 400 users (teachers and
students).

To verify that the video recommendation algorithm
based on deep reinforcement learning is better than the
traditional collaborative filtering algorithm, we will compare
the deep Q-learning algorithm (DQLA) and the collabo-
rative filtering algorithm (CFA) on recommendation ac-
curacy and video recommendation diversity at the same
dataset and then analyze the two algorithms.

+e recommendation accuracy in the experiment is
defined as the proportion of users’ scores for sports dance
videos, and the diversity of videos recommendations in the
experiment is defined as the proportion of the types of
recommended videos in the total types.

According to the experimental design, the accuracy of
the two algorithms is compared. +e comparison results are
shown in Table 2.

A comparison of recommendation accuracy of DQLA
and CFA is shown in Figure 5.

It can be seen from the comparison chart that when the
recommendation number of sports dance videos is less than
45, the accuracy of DQLA is slightly lower than that of the
traditional CFA. Still, its recommendation effect shows an
upward trend. When the recommendation number of sports
dance videos is more than 45, the recommendation accuracy
of DQLA is obviously better than that of CFA; when the peak
of the optimal number of recommendations is reached, the

recommendation accuracy gradually decreases, but it is also
higher than the recommendation accuracy of CFA under the
same conditions. +is shows that under the premise of
increasing the number of video recommendations, the
recommendation accuracy of DQLA is significantly higher
than that of CFA. +erefore, it is proved that using the deep
Q-learning algorithm of deep reinforcement learning for
sports dance video recommendation is beneficial to improve
the accuracy of recommendation.

According to the experimental design, the recommen-
dation diversity of the two algorithms is compared. +e
comparison results are shown in Table 3.

A comparison of recommendation diversity of DQLA
and CFA is shown in Figure 6.

It can be seen from the comparison chart that DQLA
always has a higher diversity ratio of sports dance video
recommendation than CFA in the sample interval, and its
diversity recommendation effect has been on the rise. +is
shows that when the deep Q-learning algorithm of deep
reinforcement learning is used for sports dance video rec-
ommendation, the diversity effect of video recommendation
has been significantly improved.

neural 
network

current 
state

agent

action

next
state

environment

reward

current 
scheme

end 
marker

random 
selection

Choose the 
highest reward

Figure 4: Sports dance video recommendation algorithm.

Table 2: Recommendation accuracy of DQLA and CFA.

Number of sports
dance videos

Recommendation accuracy
DQLA CFA

15 0.1609 0.2122
25 0.1768 0.2036
35 0.1877 0.2001
45 0.1956 0.1944
55 0.2066 0.1912
65 0.2102 0.1867
75 0.1978 0.1841
85 0.1861 0.1812
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Figure 5: A comparison of recommendation accuracy of DQLA
and CFA.
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6. Conclusion

By using the deep reinforcement learning method, the deep
Q-learning algorithm is used for sports dance video rec-
ommendation training and compared with the collaboration
filtering algorithm in the accuracy and the diversity of sports
dance video recommendation. +e comparison results show
that the accuracy of sports dance video recommendation is
better than the traditional collaboration filtering algorithm
when the number of sports dance video recommendation
reaches a specific number, and the diversity of sports dance
video recommendation is obviously better than that of the
collaboration filtering algorithm. It can be proved that the
application of deep reinforcement learning to sports dance
video recommendation can effectively solve the problems of
inaccurate recommendation of traditional recommendation
algorithms and single recommendation content. At the same
time, the deep reinforcement learning algorithm can better
learn the user’s interest characteristics to provide a better
video recommendation solution for the user. However, the
deep Q-learning algorithm cannot solve the cold-start video
recommendation problem. +erefore, next we will be to
study how the recommendation system can still accurately
locate the user’s video of interest when there is no user’s
video viewing history data.
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