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Abstract 

The development of information technology has brought new opportunities for the development of vocational education 

teaching, and short video, as a product of information technology, breaks through the limitations brought by the traditional 

teaching mode and provides a new thinking direction for the transformation of the teaching mode. This paper proposes a 

recommendation system for short videos based on deep learning, where the scene and behavioral features of the target 

short video are first extracted to obtain the joint features. Then, user and video modeling is realized using deep learning 

technology. Finally, the similarity and preference are calculated by combining the joint features of the target short video 

and the user short video preference features. The TOP-N with the highest user preference is obtained according to the 

actual demand. The recommendation list is generated to complete the intelligent recommendation of short videos based 

on deep learning. The experimental analysis found that the recommendation system has high performance, with a 

maximum recommendation accuracy of 98.2%, and is capable of fully comprehending the students’ demand preferences 

for short videos. The use of short videos in course teaching can make a great positive change in students’ learning attitudes, 

and the short video recommendation algorithm based on deep learning allows students to more accurately find short 

videos suitable for their learning conditions, which further improves their learning efficiency. 
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1 Introduction 

In recent years, the fountain-like rapid development of short video platforms represented by 

Shutterbugs, TikTok, Second Shot, etc., has won the enthusiasm of the majority of young people and 

even social groups of all ages. It has become the norm for young people to have multiple short video 

platforms on their cell phones at the same time, and brushing TikTok, watching seconds, and grabbing 

red packets on Shutterbugs have become part of many people’s lives [1-2]. The content presented 

behind these short videos has become the main channel and way for audience groups, including 

vocational education students, to receive information, which is a new environment with both 

challenges and opportunities for vocational education [3-4]. 

"Internet + education" is a product of the integration of emerging electronic information technology 

and the education industry. With the diversified development of the Internet in recent years, "Internet 

+ education" continues to innovate models, development, and evolution [5-6]. As a cutting-edge 

example, "short video + education" caters to the trend of fragmentation of demand, takes a short video 

platform as a carrier, drives resource allocation by market mechanism, and builds a large-scale 

ecosystem [7-9]. The document of the education ecology report of Shuttle released by Shuttle Big 

Data Research Institute shows that the cumulative generation volume of education short videos is 

more than 200 million, the average daily play volume is more than 2.2 billion, and the average daily 

like volume is more than 60 million [10-12]. On the basis of making full use of the high penetration 

rate of the short video platform, "short video + education" reaches more users, drives a wider range 

of groups to participate in the interaction, and shows many characteristics in line with the platform 

model [13-14]. 

Literature [15] points out that we are entering a fragmented information age. Short videos have 

become the focus of people’s attention. The low-cost feature of short videos meets the needs of people 

in a fast-paced society, and the wide popularity of short video activities related to education is also 

reflected in short videos. Literature [16] argues that the quality of education embodied in audiovisual 

media is unsatisfactory compared to distance education. It is pointed out that the potential of video in 

education has not been fully utilized as far as the current situation is concerned. Literature [17] found 

through research that video lectures for vocational and technical education and training can be 

categorized into six different designs, with dubbed slides being the most commonly used one. Three 

of these six designs were found in video lectures. Literature [18] stated that the advancement of 

technology has drawn the attention of education to hypervideo. Hyper-video presents a great 

opportunity for education because it is interactive and can support learning more effectively than 

traditional courses. Literature [19] aims to improve student learning outcomes by implementing a 

video-supported learning model. The results of the study showed that students’ performance improved 

compared to the previous one. Literature [20] specified that the current theoretical and practical 

learning in vocational education has become flexible and is no longer limited to physical space. It 

was concluded from the study that it is very important to understand the position of teachers and 

students in vocational education, and only then can online education be effective. Literature [21] 

emphasized that short videos are very popular among students, but the immersive nature of short 

video platforms tends to be addictive, which requires teachers and parents to be able to pay more 

attention to the overuse of short videos by students. Literature [22] illustrates that multimedia 

technology enables teachers to realize simulated real-life scenarios, which is of great value to 

vocational education, which requires the practice and application of skills. 

In this paper, a deep learning-based algorithm for short video content recommendation is proposed to 

extract the features of the target short video and match them with user preference features. Then, the 

inter-frame matching method is introduced to preprocess the short video to improve the efficiency of 

subsequent feature extraction. Deep learning uses a graph convolutional neural network video 
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recommendation model to predict the user’s preference for the target video. The directed edges from 

the previous short video to the next short video are used as the propagation path of vectors, and the 

user’s long-term and short-term preferences are decoupled and modeled separately. After obtaining 

the user preferences, we calculate the comprehensive vector of user preferences and the feature vector 

of the target short video, select the short video with the highest preference degree to form the 

recommendation list, and complete the intelligent recommendation of short videos. The experimental 

results show that the method presented in this paper has a higher recommendation accuracy, and the 

combination of short video lectures in vocational education can have a better teaching effect. 

2 Development of short videos in vocational education 

2.1 Characteristics of Short Video Teaching 

2.1.1 The Innovative Nature of Short Video Instruction 

Innovation is the driving force behind the sustainable development of all things, and teaching is no 

exception. Both young and old users find short videos, with their unique and innovative nature, very 

popular. Short video teaching is also of great interest to the "user" as a student. Through short videos 

and voice narration, students can experience multiple auditory and visual experiences, deepening their 

understanding and memorization. Short videos allow users to learn anywhere, anytime, for free. 

Students can start the learning mode with only a cell phone. This not only allows students to make 

full use of fractions of time but also greatly increases their motivation to learn. In the case of students 

do not understand once, you can listen again and again, watch again and again, through continuous 

learning to deepen the impression of the teaching video for the teaching of doubtful places, but also 

through the video below the message to put forward the point of view. Often, a valid point of view 

will lead to many students discussing with each other. In a one-minute video for a single point of 

knowledge to explain, through manual operation and short language explanation, a point of 

knowledge is quickly explained to the students. If the students still have doubts, they can click on the 

comments section to view the discussion of others. The comments section not only gives an 

understanding of the video, but even professionals will be the expansion of the point of knowledge 

so that readers have a deeper understanding. 

2.1.2 Interactivity of short video instruction 

Communication is the most significant ability that distinguishes humans from lower animals, and 

interaction is a way to achieve it. The quality of teaching and learning can be improved by good 

interaction between teachers and students, and the strong interactivity of short videos is one of its 

most advantageous features. Through the interaction between teachers and students, students can 

understand and improve their performance, thus realizing the improvement of their learning ability. 

In short video teaching, there are no geographical boundaries, no age boundaries. The same video 

teaching has multi-age students, students from different regions, different races, and even students 

from different countries, who are formed into a learning community due to the same needs and desire 

for knowledge. They can communicate and explore just like traditional teaching. It is not only the 

interaction between learners and video producers but also the interaction between learners and video 

producers. Suppose learners have any opinions about the teaching of the video. In that case, they can 

let the video producer know the first time through the comment section so that the video producer 

can improve his teaching video through the learners’ opinions or suggestions and be closer to the 

learners’ needs. 
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Most importantly, the learners’ messages in the comment section can be seen by the teacher the first 

time, and the teacher can answer the questions the first time. And if the students still don’t understand 

something, they can continue to ask questions, and the teacher can answer them again in a short time. 

Such teacher-student interaction is two-way, can provide efficient feedback, save both sides a lot of 

time, and can help learners achieve higher learning efficiency in a short period. This interactive and 

personalized learning approach enables each learner to better develop themself and also promotes 

interpersonal relationships of mutual respect and solidarity, which helps to cultivate a sense of 

teamwork and collaborative learning among learners. 

2.1.3 The Interestingness of Short Video Instruction 

The short videos are able to attract the students’ attention based on creative short videos and present 

the most interesting videos in the shortest possible time. Interesting teaching features from 

photography, painting, English, language, office software, science, and technology are presented 

differently in the video. Through short videos, it integrates four modes of presentation: graphic, text, 

sound, and visual, allowing learners to combine visual and auditory senses in an all-around way. Short 

teaching videos like situational, visual, and interesting ones are not only conducive to students’ 

personalized learning but also serve the purpose of stimulating their enthusiasm and interest. 

2.2 Rationale 

2.2.1 Microlearning Theory 

Microlearning is a method of learning that relies on short videos. Microlearning is a new type of 

learning that utilizes micro-content and micro-media through a new media system. Microlearning is 

a kind of informal learning for smaller learning units anytime, anywhere, with short videos as the 

carrier of learning activities, which is characterized by: short learning time, less learning content, and 

various forms of learning. Micro-learning mainly reflects its "micro" characteristics, from the content 

point of view, for the content of a small unit module. In terms of time, it takes a short amount of time. 

From the platform perspective, micro-learning for micro-sustainable devices is intended to realize the 

fragmentation of learning across time and space. Micro-learning caters to the requirements of people’s 

knowledge economy in the modern information network era, and micro-courses are precisely the 

teaching resources under the guidance of micro-learning theory, which are presented in the form of 

short videos and last about 10 minutes, which is in line with the characteristics of the long-lasting 

poor attention of students in vocational schools. Its content focuses on a specific knowledge point or 

a specific link, is short and clear, and is famous for its miniature content. At the same time, 

microclasses are connected to modern network information technology, which presents teaching 

content in the form of short videos to facilitate informal learning, fragmented learning, and 

independent learning. 

2.2.2 Theories of Educational Communication 

From the point of view of communication science, education is known as an information 

dissemination activity in which educators select the appropriate information content according to the 

requirements of the curriculum and, with the help of an effective medium, transfer knowledge and 

information to the specific educational target of the process of dissemination is a complex process of 

information transfer and exchange, and a variety of modes of dissemination have been developed in 

the course of its evolution. Educational communication has a clear purpose, specificity, and diversity 

of media communication. According to the theory of educational communication and its 
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characteristics, the teaching process should be designed with students as the main body of the course 

content to enhance the relevance and clarity of teaching and to choose the appropriate communication 

media to deliver the learning content with the principle of minimum cost and optimal learning effect. 

In the teaching process based on short videos, teachers design the corresponding teaching design and 

teaching links according to the teaching objectives and syllabus, balance online and offline teaching 

resources, and optimize the combination of microteaching resources and offline teaching through the 

integration of teaching resources, teaching links, media channels, and other elements, so as to achieve 

the most efficient teaching at the lowest cost. 

2.3 Short Video Intelligent Recommendation Algorithm 

2.3.1 Short video personalized recommendation system design 

The overall process of the new media short video personalized recommendation system based on the 

deep neural network model is shown in Figure 1 [23], from which the basic structure of the system 

can be seen. 

1) Acquire the user’s short video history operation data and the text description data of the short 

video through the Hadoop big data platform and complete the preprocessing of the two parts 

of data [24]. 

2) Adopt a traditional text mining algorithm to data mine the text description data of short videos 

to obtain the key features of short video content, combined with the user’s playback records 

of short videos, to realize user and video modeling. 

3) Taking the user and short video modeling situation as the training samples of the deep neural 

network, the short video and user feature vectors are used as the input data of the deep neural 

network, and the deep neural network is trained in a supervised manner. Make full use of the 

feature extraction advantage of deep learning technology to grasp the semantic features of 

short videos and users, mine the intrinsic relationship between users’ interests and preferences 

and short videos, and construct a personalized recommendation system. 
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Figure 1. Short frequency recommendation system process 

2.3.2 Deep Learning-Based Intelligent Recommendation Algorithm for Short Video 

Before using deep learning algorithms to recommend short videos for users, it is necessary to extract 

the features of the target short video and match them with user preferences to achieve more accurate 

results. Deep learning-based short video intelligent recommendation algorithm technology introduces 

the inter-frame matching method to preprocess the short video and improve the efficiency of 

subsequent feature extraction [25]. 

The image feature point is extracted by the FAST corner point detection method with a sampling 

threshold 9N = . ( )G p  is used to represent the gray value of the pixel point in the center of the 

feature point, ( )G q  is used to represent the gray value of the pixel point around the point,   is 

the threshold set in advance, and ( ) ( )( ),F G p G q  is used to represent the result of comparing the 

gray values, and the judgment condition is obtained as shown below: 
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( ) ( )( )
( ) ( )
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




=

 − 
= 

−  



 (1) 
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If there are more than 9 points in the pixel points surrounding the target pixel point whose difference 

in gray value from the target point is within the threshold range, the target point is determined to be 

a feature point. 

BRIEF is used to describe the feature points extracted by the FAST algorithm, using ( ),i ia b   to 

denote the i nd pixel pair and ( ),i iK a b  to denote the result of comparison of pixel values ia  and 

ib . The BRIEF eigenvalue ( )Bf P  of feature point P  is calculated using the formula shown below: 

 

( ) ( )

( )

138
1

1

2 ,

0,
,

1,

i

B i i

i

i i

i i

i i

f P K a b

a b
K a b

a b

−

=


=




 =  


 (2) 

Let iA  and jB  denote the i th and j th feature points in the feature point set A  of the c rd point 

and the feature point set B   of the 1c−  th frame image, respectively, and ( )n jf A   and ( )n jf B  

denote the BRIEF values of iA  and jB , respectively, to compute the fuzzy similarity ( ),i iA B  of 

iA  and jB , and the computational formula is shown below: 

 ( )
( ) ( )( )

,
128

B i B i

i i

Sum f A f B
A B


=  (3) 

Where Sum is the binary conversion and summing operation by bit;    is the same-or operation, 

( ),i iA B   is proportional to the matching degree of iA   and jB   points, and m   feature points 

1 2, , , wA A A   and 1 2, , , wB B B   in A   and B   are established as the similarity set 

( ) , , ,i j i jS A B A B= . 

Let the total number of extracted feature points in the images of frame c  and frame 1c−  be X  

and Y  , respectively, X Y  , obtain a set of feature points 1 2, , , nu u u   with one and only one 

feature point in the image of frame c , construct a point set U  containing n  feature points, obtain 

a set of feature points 1 2, , , nv v v  with the same number of feature points as that in U  in the image 

of frame 1c− , construct a point set V , and in U  and V , the fuzzy matching degree of the two 

likenesses at the same position is greater than 0.5, U  and V  are the matching schemes for the 

images of frame c  and frame 1c− , and the total matching degree S  for U  and V  is calculated 

as follows: 

 ( )
1

,
n

i j

i

S A B
=

=  (4) 

Through feature matching, the feature points that cannot be matched in the two images are obtained, 

and the corresponding screen is cut, and the target screen is gridded and processed to be divided into 

a rectangle with a side length of L . The width and height of the image are set to be W  and H , 

respectively, and the formula for determining L  is shown below: 
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4 2 1L W H =   +
   (5) 

The image will be divided into a number of L L   grid, after which the content of the changes 

occurring in a close comparison set a threshold  , when the proportion of feature points in the grid 

not matched successfully   is higher than  , it is considered that the content of the grid in the 

content of the larger changes need to be carried out to further feature recognition, set the target grid 

there are a total of k  feature points, of which the matching of the i th feature point is i , matching 

successful feature points 0i =  , unsuccessful feature points 1i =   and    are calculated as 

follows: 

 

k

i

i

k



 =
  (6) 

After obtaining all the regions with large changes by the above method, they are grouped and inputted 

into the feature recognition extraction algorithm for a new round of feature extraction. 

Feature extraction is divided into two parts: scene feature extraction and behavioral feature extraction. 

Let there exist a short video collection  1 2, , , mS s s s= , which contains a total of m  short videos, 

corresponding to a scene classification collection  1 2, , , nT t t t=  , which contains a total of n  

scenes, and a deep fusion network is used to extract the global and local features in the scenes and to 

fuse the extracted results. The scene feature extraction is used to obtain the set of probability values 

of the i th short video is  of S  in the total scenes 
i

T

s , with j

i

t

s  denoting the probability that is  

corresponds to the j th scene jt , to obtain 
i

T

s  as follows: 

   ( ) ( )( )1, , 1,j

i i

tT

s s i m j n =    (7) 

The behavioral features of the short video are extracted by the variable convolutional neural network 

to obtain the behavioral classification set  1 2 2, , ,W w w w=  , which contains a total of z  

behaviors, similar to the scene feature extraction, using j

is

w
   to denote the probability that is  

corresponds to the j th scene jw , to obtain the set of probability values of is  in all the behaviors 

i

w

s  is shown below: 

   ( ) ( )( )1, , 1,
i

j

i

w

s

W

s i m j z =    (8) 

Based on the above calculation, the joint features of the target short video is  are obtained as shown 

below: 

 ( )
i i i

T
WT

s s s  =  (9) 

A graph convolutional neural network video recommendation model in deep learning is used to 

predict the user’s preference for the target video. The switching behavior ijb  of a user switching from 
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short video i  to short video j  constitutes another type of edge set B , and the weight   of this 

edge is determined by the number of switching times of the user in the dataset, if 0 = , no switching 

behavior is generated, i.e., the edge does not exist. 

Design the embedding layer based on unique thermal encoding by combining the user’s identity, 

construct the embedding layer matrix C  for m  user, and construct the embedding layer matrix E  

for n  short videos, then the dimension of C  is m D , and the dimension of E  is n E , where 

D  denotes the adjustable low-dimensional spatial dimensions, and set the unique thermal encoding 

y  and x  for the user and the short videos, respectively, combining the matrices C  and E , the 

low-dimensional representation vectors of the user and the short videos can be obtained yc  and xe  

are shown below: 

 

T

y y

T

x x

c C

e E





 =


=
 (10) 

In the short video intelligent recommendation algorithm, it is necessary to model the user’s long-term 

and short-term preferences separately, and the user’s long-term preferences are modeled by the node 

representation vectors of all short videos that the user has watched, with B  denoting the set of all 

short videos that the user y  has interacted with, xY  denoting the set of all users that have watched 

the short video x , 
( 1)k

l
+

 and 
( 1)k

l
+

 denoting the network parameters and the bias parameter when 

propagating from layer 1 to layer 1k + , respectively.   denotes the nonlinear activation function, 

( )aggregate   denotes the vector aggregation operation, ( )

1

k

yg −
 and ( 1)

1

k

yg +

−
 denote the user y  layer 

k  and layer 1k +  representation vectors, respectively, and 
( )

1

k

xh −  and 
( 1)

1

k

xh +

−  denote the video x  

layer k   and layer 1k +   representation vectors, respectively, and the propagation formulas of 
( 1)

1

k

yg +

−
 and 

( 1)

1

x

xh +

−  are obtained as shown below: 
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l
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h
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
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

+ +

− − −
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+

− −

+

 = + 



+

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

 (11) 

The user’s short-term preference is modeled by the user’s last-moment interaction behavior 

representation vector, i.e., the directed edge from the previous short video to the next short video is 

used as the propagation path of the vector. Thus, the long-term preference and the short-term 

preference can be decoupled and modeled to avoid the mutual influence of the two. 

Using the set xR   to denote all videos with x   directed edges, 
( 1)k

s
+

  and 
( 1)k

s
+

  to denote the 

network parameters and bias parameters when propagating from layer 1 to layer 1k + , respectively, 

( )aggregate   to denote the vector aggregation operation combining the weights, 
( )k

x sh −  and 
( 1)k

x sh +

−  to 

denote the video x  k th and 1k + th layer characterization vectors, and 
( )k

i sh −  to denote the next 

short video i  k th layer characterization vectors, the propagation formula for obtaining 
( 1)k

x sh +

−  is 

shown below: 
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( )( )(

)

( 1) ( 1) ( ) ( )

( 1)

k k k k

x l s y s i s x

k

s

h h aggregate h i R 



+ +

− − −

+

= + 

+
 (12) 

According to the long and short-term preference vector propagation to obtain the two components of 

the short video, the two components are merged and processed to obtain the comprehensive vector of 

user preferences ( 1)kh +  is shown below: 

 
( 1) ( 1) ( 1)

1

k k k

x x sh h h+ + +

− −= +  (13) 

After acquiring the user preferences, the cosine similarity   between the user preference composite 

vector ( 1)kh +  and the target short video feature vector 
is  is calculated as: 

 

( )

( ) ( )

( 1)

0, 1

22
( 1)

0 1

i

s

N
k

s

k i

N N
k

s

k i

h

h







+

= =

+

= =



=



 
 (14) 

Where N  is the vector dimension [26]. 

Combining the user-preferred short videos with   to calculate the user’s preference pqf  for the 

target short videos, let the similarity of short videos i  and j  be ij , the user’s y  preference for 

short videos of category v  be ( ),T y v , the set of user y  preferred short videos be yB , and the 

set of L  short videos with the highest degree of similarity to short video i  be ( ),K i L , to get pqf  

as follows: 

 
( ),

y

pq ij
j v

i B

f T y v 




=   (15) 

According to the actual demand to, obtain the TOP-N with the highest user preference, generate the 

recommendation list, and complete the short video intelligent recommendation based on deep 

learning. 

3 Performance and effectiveness of the system 

3.1 System implementation and testing 

In this paper, deep learning-based video recognition and intelligent recommendation algorithms are 

used. This system uses a cloud preprocessing module to provide static file distribution and load-

balancing services. The network interface module serves as a channel for transmitting data between 

the client and the server. The video display module is used to decode and render video, thus further 

enabling video playback and push display. This paper utilizes the system hardware and software 

platform to conduct key frame sampling test experiments and user preference threshold setting 

experiments. 
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3.1.1 Keyframe Sampling Test Experiments 

To study the effect of sampling step size and similarity threshold on the key frame extraction 

algorithm, a short video with a duration of 100s is used for simulation testing. In this paper, we tested 

the number of keyframes extracted under different combinations of sampling step size and similarity 

threshold, and the results are shown in Fig. 2. The group of videos contains 20 keyframes, as shown 

by manual testing conducted in multiple groups. Comparing the results in Fig. 2, it can be seen that 

the number of key frames extracted when the sampling step length is 2-4s and the similarity threshold 

is 0.6-08 is in line with the real situation when increasing the similarity threshold or decreasing the 

sampling step length, the number of keyframes proposed will increase. When the similarity threshold 

is decreased or the sampling step is increased, the number of proposed keyframes will decrease. The 

sampling step is set to 3s, and the similarity threshold is set at 0.7, given the amount of computation 

and the number of keyframes extracted. 

 

Figure 2. Number of extracted keyframes 

3.1.2 User Preference Threshold Settings 

The algorithm generates a user preference table that records the user’s preference scores for different 

short videos based on their interaction behavior with the videos in this paper. The user preference 

score for each category of short videos is set as an integer between 0 and 100. During the system’s 

operation, this paper utilizes histograms to determine the distribution of user preference scores and 

sets up a set of experiments that involve 200 different short videos and 200 users for simulation testing. 

The histogram distribution of user preference scores is shown in Figure 3. If the preference threshold 

is too high, only a small number of short videos can be pushed to users. And when the threshold is 

set too low, the requirement of reducing object categories cannot be achieved. The preference 

threshold for this paper is determined by weighing the user’s preference and the number of short 

videos, and it is set to 60. 
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Figure 3. Distribution histogram of user preference scores 

3.1.3 Recommendation Algorithm Testing Experiments 

Based on the above analysis and parameter settings, this paper uses 20 short videos of 350s duration 

to test the effectiveness of the recommendation algorithm proposed in the paper. The 20 short videos 

include 15 different object categories, and the algorithm in this paper can match these objects 

sequentially. The 20 videos are categorized into 5 groups of videos with different durations, and Table 

1 shows the recommendation results for these short videos using different methods. Table 1 shows 

that this paper’s algorithm can achieve a maximum recommendation accuracy of 98.2%. Compared 

to the recommendation algorithm based on causal inference, the recommendation accuracy has been 

improved. It shows that the short video recommendation algorithm based on deep learning can more 

accurately recommend more suitable short video teaching courses for each student according to their 

different personalities, learning abilities, and learning states. 

Table 1. Recommendation accuracy of videos with different lengths 

Duration/s 
Effective 

frame number 

Based on causal 

inference 

Accuracy 

/ % 

The algorithm is recommended 

for frame number 

The accuracy of 

the algorithm / % 

0-70 13, 11, 8, 12 11, 8, 7, 11 84.1 12, 10, 7, 10 88.6 

70-140 28, 29, 20, 36 27, 28, 17, 34 93.8 27, 28, 18, 35 95.6 

140-210 45, 56, 59, 60 42, 52, 57, 57 94.5 44, 55, 58, 58 97.7 

210-280 65, 69, 70, 68 64, 65, 68, 62 95.2 64, 68, 68, 67 98.2 

280-350 78, 76, 82, 93 75, 72, 77, 91 95.7 77, 75, 80, 91 98.2 

3.2 Analysis of practical effects 

3.2.1 Analysis of Questionnaires 

In order to understand the effect of the application of short videos in the teaching of vocational school 

courses in the context of deep learning and the impact on student’s learning outcomes, this survey 

was conducted by using a questionnaire star to collect the actual learning situation of the students in 

the classes where the lectures were given. The students of a secondary school’s 22nd-grade E-

commerce 1 class. The questionnaire set includes multiple-choice questions centered on the students’ 
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learning attitude, learning habits, learning efficiency, and learning ability in four aspects of the content, 

with specific questions set in Table 2. 

Table 2. Questionnaire Content Settings 

Dimension Issue number 

Learning attitude 1-4 

Learning habits 5-9 

Learning efficiency 10-13 

Learning ability 14-18 

3.2.2 Analysis of Learning Attitudes 

Table 3 shows the statistics of the results of the questions related to students’ learning attitudes. 

According to Table 3, 89.87% of the students believed that short video teaching in the context of a 

deep learning classroom increased their motivation to learn logistics, and 86.25% and 90.88% of the 

students were able to complete the learning requirements set by the teacher and actively participate 

in the group discussion under the implementation of this teaching mode. It can be seen that short 

video teaching has enhanced students’ motivation to learn, and their learning attitudes have greatly 

transformed compared to before. 

Table 3. Student Learning Attitude Analysis 

Topic Very fit/% Coincidence/% Indeterminate/% Discrepancy/% 
Very 

inconsistent/% 

The short visual frequency 

teaching has improved my 

motivation to learn 

54.1 35.77 10.13 0 0 

Short visual frequency 

teaching can complete the 

teacher’s study requirement 

31.56 54.69 10.96 2.09 0.7 

Short visual teaching makes 

me feel happy about learning 
48.69 43.56 7.75 0 0 

I will actively participate in 

the group discussion 
36.58 54.3 6.09 3.03 0 

3.2.3 Analysis of study habits 

Table 4 shows the statistics of the responses to the questions related to students’ study habits. 

According to Table 4, students’ study habits have improved greatly, and many students pay more and 

more attention to pre-study before class and review after class, of which 89.99% and 92.47% of the 

students said that they would take the initiative to do pre-study before class and complete the 

homework after class, and 89.96% of the students would deal with the study problems they 

encountered in the class in a timely manner. Short video teaching provides students with a means of 

communication that is effective and increases the frequency of their interactions with their fellow 

teachers. By analyzing the data results, it has been found that short video teaching in the context of a 

deep learning classroom is conducive to the formation of good learning habits and the enhancement 

of students’ learning confidence. 
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Table 4. Student Study Habit Analysis 

Topic 
Very 

fit/% 
Coincidence/% Indeterminate/% Discrepancy/% 

Very 

inconsistent/% 

I will actively prepare for the 

content. 
30.53 59.46 7.89 2.12 0 

I will actively solve the problem 

of learning. 
30.52 59.44 7.91 2.13 0 

I will do my homework. 32.69 59.78 6.13 1.4 0 

Short visual frequency teaching 

improved the interaction 

frequency of my classmates and 

my classmates. 

42.78 51.16 6.06 0 0 

Short-frequency teaching 

provides me with effective 

communication channels. 

36.49 53.09 6.15 1.79 2.57 

3.2.4 Learning Efficiency Analysis 

Table 5 shows the statistics of the results of the answers to the questions related to students’ learning 

efficiency. According to Table 5, 89.37% of the students think that their learning efficiency has been 

significantly improved, and 93.25% of the students think that their attention in the classroom has been 

improved. The short video teaching in the context of the deep learning classroom enabled 86.26% of 

the students to have a deeper understanding of the knowledge taught, and under the guidance of the 

teacher, 91.26% of the students had a clearer understanding of the teaching content and a clearer 

teaching schedule. In the survey, there are still a small number of students who do not have a deep 

enough understanding of the knowledge, which indicates that the teachers still need to strengthen the 

creation of video content and strive to enable students to better grasp the knowledge. 

Table 5. Student Learning Efficiency Analysis 

Topic 
Very 

fit/% 
Coincidence/% Indeterminate/% Discrepancy/% 

Very 

inconsistent/% 

The short visual frequency teaching 

makes my learning efficiency 

significantly improved 

42.78 46.59 8.12 2.51 0 

Short-frequency teaching improves 

my classroom attention 
38.12 55.13 6.75 0 0 

Short-frequency teaching makes my 

understanding of knowledge deeper 
34.13 52.13 8.46 5.28 0 

The short visual frequency teaching 

makes me clear about learning 

content and learning progress 

42.11 49.15 8.74 0 0 

3.2.5 Learning Capacity Analysis 

The short video teaching has greatly enhanced the students’ learning ability in the context of a deep-

learning classroom. Table 6 shows the statistics of the responses to the questions related to the 

student’s learning ability. 85.59% of the students said that their knowledge level has improved and 

been broadened. 85.54% of the students felt that their practical abilities were improved. The ability 

to analyze and solve problems was effectively improved by this teaching method, according to 84.67% 

of the students. 86.58% of the students believed that their teamwork ability had been improved. 

Improved their teamwork skills. Additionally, 94.51% of the students reported improvement in their 

communication and expression skills, which indicates that the short video feedback provided after 

class had a significant impact. A comprehensive analysis of the above shows that short video teaching 
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in the context of a deep learning classroom is conducive to improving students’ learning ability and 

personal comprehensive level. 

Table 6. Student Learning Ability Analysis 

Topic 
Very 

fit/% 
Coincidence/% Indeterminate/% Discrepancy/% 

Very 

inconsistent/% 

The myopia has promoted my 

knowledge level 
34.56 51.03 12.11 2.3 0 

The short frequency has improved 

my practice ability 
38.76 46.78 8.17 6.29 0 

The short time frequency allows me 

to analyze the ability to resolve the 

problem 

30.55 54.12 10.23 1.29 3.81 

The short time band has promoted 

my team collaboration ability 
37.89 48.69 7.16 6.26 0 

Myopia has improved my ability to 

communicate and express 
42.38 52.13 5.49 0 0 

4 Conclusion 

As an emerging media form in the era of mobile Internet, short videos bring new ideas and new 

opportunities for vocational education with their unique dissemination method and broad coverage. 

Based on this, this paper proposes a short video-based intelligent recommendation algorithm based 

on deep learning. 

1) The algorithm in this paper can achieve a maximum recommendation accuracy of 98.2%, 

which is improved compared with the recommendation algorithm based on causal inference, 

which can only achieve a maximum recommendation accuracy of 95.7%. 

2) From the teaching practice, it is found that 90.88% of the students can actively participate in 

the group discussion, 92.47% of the students said that they would take the initiative to 

complete the homework after the class, 94.51% of the students said that their communication 

and expression skills have been improved, and 91.26% of the students have a clearer 

understanding of the teaching content. The use of short videos in course teaching can make a 

great change in students’ learning attitudes. The desire for knowledge is maximized, making 

students more actively involved in classroom learning and greatly improving students’ 

learning motivation and learning effect. 
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