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Abstract—Distance English education platforms like ABC360 and Rocky 
English provides a new learning model, which facilitates the autonomous English 
learning. This study aims to clarify the relationship between learning process and 
learning efficiency of distance English education, and provide personalized 
services for distance English teaching. To this end, we carried out a big data 
analysis on the behavior of autonomous English learning in distance education, 
in a bid to reveal the learning law and behavior pattern of the learners. Section 2 
provides the research strategy for the motivation and behavior of autonomous 
English learning in distance education, and establishes a research model for such 
motivation and behavior. Section 3 constructs a behavior analysis model for 
autonomous English learning in distance education, computes the correlation 
between the target autonomous learning resources (ALRs) and the series of 
clicked ALRs, and calculates the probability for autonomous English learners in 
distance education to click on new resources. The proposed network model can 
handle a massive amount of learning behavior data, i.e., boast a certain ability to 
process the big data. The three parts of the model were introduced in details. The 
effectiveness of the model was demonstrated through experiments. 

Keywords—distance education, autonomous English learning, big data analy-
sis, attention mechanism 

1 Introduction 

English learning is a learning process integrating various psychological activities, 
such as observation, simulation, cognition, reflection, and memorization [1-4]. From 
learning words, memorizing words, understanding grammar, to situational application, 
fragmented and personalized learning models enable students to establish conditional 
reflection to English sentences and contexts [5-10]. Distance English education 
platforms like ABC360 and Rocky English provides a new learning model, which 
facilitates the autonomous English learning [11-16]. Given a computer or smartphone 
with Internet access, students can learn English autonomously anytime, anywhere, 
including applied oral English like English for overseas studies and workplaces [17-
24]. With students as the subjects, the autonomous English learning is immune to the 
interference from any people or things. Through autonomous learning, the students can 
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continuously improve their English proficiency, through reading, listening, speaking, 
research, observation, and practice. This novel learning model emphasizes the 
cultivation of active and conscious learning, and pays attention to students’ learning 
preferences. To a certain extent, the learning activities of autonomous learners are 
stochastic and uncertain. Thus, it is difficult to analyze their learning behaviors. 

During the Covid-19 epidemic, Cui and Yang [25] surveyed the self-regulation of 
college English learners in online learning. The survey was carried out in a 
presentation-assimilation-discussion (PAD) classroom in a local college of China. 
During the online learning, PAD classroom was implemented for a semester. After that, 
the learners’ self-regulation ability was tested through a questionnaire survey in three 
dimensions: self-preparation, self-management, and self-evaluation. The teaching 
effect of English listening courses in Chinese colleges is generally unsatisfactory. Zhou 
[26] designed an autonomous learning platform based on artificial intelligence (AI), 
which attempts to improve the listening ability of students with the aid of AI. The 
design concept and operation process of AI-based learning platforms originate from the 
current application of AI-assisted English listening platforms. Weng [27] surveyed how 
college students use self-access center (SAC) to learn English autonomously, 
summarized the current state of their ability of autonomous English learning, and 
provided feasible suggestions on cultivating their autonomous English learning in the 
presence of computers and the Internet. Wei [28] hailed Internet-based autonomous 
learning as an important learning model. Internet support comes from four key areas: 
knowledge internalization, task, peers, and society. The four supportive areas affect the 
autonomous English learning in colleges very differently. English learners can utilize 
different areas of Internet support to enhance their autonomous learning ability. Hence, 
different teaching strategies should be applied to different learners. Kamsa-Ard and 
Danvivaht [29] carried out a survey on the online resources utilized by students to 
improve their oral English, the way these resources are utilized, and whether these 
resources affect the students’ fluency of spoken English. The respondents were Grade 
3 English majors in Khon Kaen University. Three sets of data were collected via pre- 
and post-tests, questionnaire surveys, and semi-structured interviews. The collected 
data were subjected to frequency analysis. 

To sum up, the existing studies have not sufficiently introduced the external factors 
affecting the learning pattern, and the analysis approaches for learning pattern. 
Moreover, the correlation between learning pattern and learning efficiency has not been 
deeply analyzed. This study aims to clarify the relationship between learning process 
and learning efficiency of distance English education, and provide personalized 
services for distance English teaching. To this end, we carried out a big data analysis 
on the behavior of autonomous English learning in distance education, in a bid to reveal 
the learning law and behavior pattern of the learners. Section 2 provides the research 
strategy for the motivation and behavior of autonomous English learning in distance 
education, and establishes a research model for such motivation and behavior. Section 
3 constructs a behavior analysis model for autonomous English learning in distance 
education, computes the correlation between the target autonomous learning resources 
(ALRs) and the series of clicked ALRs, and calculates the probability for autonomous 
English learners in distance education to click on new resources. The proposed network 
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model can handle a massive amount of learning behavior data, i.e., boast a certain 
ability to process the big data. The three parts of the model were introduced in details. 
The effectiveness of the model was demonstrated through experiments. 

2 Research strategy 

When the demand of a student for distance English learning is not satisfied, he/she 
will generate internal stimuli for autonomous learning, which pressurize the student to 
compete with other students, and motivate him/her to learn autonomously. Then, the 
student will prepare an autonomous learning plan and determine the target behavior, 
aiming to satisfy the learning demand. Once the demand is satisfied, the English 
learning effect is improved, and the motivation for autonomous learning is further 
enhanced. In this case, the student will produce new demand and engage in new 
activities of distance learning. The entire process is shown in Figure 1. 

Figure 2 displays the research model of distance English learning motivation and 
behavior. It can be clicked that: statistical behavior features, learning preferences, and 
learning motivation directly act on the students’ motivation of using distance English 
education platform, which in turn affects the learning activities. The learning time and 
learning location are important factors of distance education. With the proliferation of 
the Internet technology and smart terminals (e.g., laptop, smartphone, and tablet 
computer), distance education transcends the geographical limitation, and facilitates 
fragmented learning. Under distance education, the students differ significantly in 
learning time, and their learning locations vary greatly. 

To model the long-term behavior of autonomous English learning in distance 
education, this paper builds up a stratification model for behavior series, which 
illustrates the long-distance dependence amidst the behavior series on autonomous 
English learning in distance education. In this way, the dynamic preference variation is 
clearly characterized. This novel modeling algorithm divides the behavior series into 
multiple layers based on the time windows. Different attention models were 
established, and applied separately inside and between time windows, in order to 
characterize the preferences of autonomous English learners in distance education. 
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Fig. 1. Relationship between motivation and behavior of distance English learning 
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Fig. 2. Research model of distance English learning motivation and behavior  

3 Behavior analysis model 

The cold start problem is a prominent issue in ALR recommendation. This paper 
computes the correlation between the target ALRs and the series of clicked ALRs, 
before solving the probability for autonomous English learners in distance education to 
click on new resources. The traditional content-based filtering methods often ignore the 
sequential information among autonomous English learning behavior in distance 
education. In this study, the ALRs clicked by autonomous English learners in distance 
education are innovatively modeled as a series, in the order of the interaction time. 
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The resources of autonomous English learning take different forms, namely, audios, 
videos, and text files. Our network model needs to handle a massive amount of data on 
learning behavior, i.e., acquire the ability to process the big data. Our model consists of 
three parts: the feature space for ALR mapping, which is responsible for obtaining the 
eigenvector corresponding to each resource; the sequential stratified attention model; 
the prediction module of the click rate of a given new ALR. The three parts are detailed 
as follows: 

To obtain the eigenvector corresponding to each ALR, this study embeds the ARL 
in an e-dimensional space. For an autonomous English learner in distance education, 
the series of clicked ALRs is denoted by {p1,p2,...,pm}, and mapped into a eigenvector 
series of learning resources {a1,a2,...,am}, where ai∈Re. Here, Inception-v3 model is 
pretrained on ImageNet, and then applied to extract the eigenvector pi

g of each 
autonomous learning behavior from the collected dataset of such behaviors. The high-
dimensional eigenvector pi

g is dimensionally reduced by learning an embedded matrix 
Dg. Let gi∈Re

g be the eigenvector of autonomous learning behavior; pz
i be the class of 

ALR pi. Then, we have:  

 g
i g ig D p=  (1) 

Since each ALR has and only has one class, the learning resource class can be 
characterized as a one-hot vector. Let pz

i be the class of ALR pi; zi∈Re
z be the 

eigenvector of the class. Similarly, the class eigenvector can be dimensionally reduced 
by learning Dz: 

 z
i z iz D p=  (2) 

After dimensionality reduction, the eigenvector of autonomous learning behavior is 
stitched by the class eigenvector. Let [*] denote the stitching operation. Then, we have 
ai[gi;di]. As a result, ai∈Re, where e=eg+ez. 

If the behavior series is very long for an autonomous English learning in distance 
education, the ALR eigenvector series {a1,a2,...,am} needs to be modeled by a recurrent 
neural network (RNN), and extended to multiple scales, using the sequential stratified 
attention mechanism. These moves aim to better depict the long-distance dependence 
of learning behavior, and reduce the computational complexity of the model.  

In this paper, the behavior series of autonomous English learning in distance 
education is split into n time windows, each of which contains l ALRs: n×l=m. To 
extract the local short-term preference features of autonomous English learning in 
distance education from each time window, this paper establishes an attention model 
based on the class level and entry level of ALRs. Next, the forward multi-head self-
attention model is called to mine the correlation between time windows, such as to 
obtain the global preferences of autonomous learners from the 1st to the i-th time 
window. After that, the local preference features are combined with the global 
preference features, and normalized to obtain the final preference features of each time 
window, concerning the autonomous English learning in distance education. 

The following explains how to realize the attention model based on the class level 
and entry level of ALRs. Let pij be the j-th ALR in the i-th time window (i=1,2,...,n, 
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j=1,2,...,l); Qz∈Rez×ez, Q1∈Rez×ez, and Q2∈Rez×eg be the parameter matrices to be learned; 
φ1 and φ2 are ez-dimensional bias vectors; ε(*) be the activation function. Then, the class 
level attention score can be calculated by: 

 ( ) ( )1 2 1 2z ij z ij ijz Q Q z Q gβ ε φ φ= + + +  (3) 

The above score can be normalized by: 

 ( ) ( )( )
( )( )1

z ij
z ij l

z ijj

exp z
z

exp z

β
β

β
=

=
∑

  (4) 

Finally, the class information of the ALRs in the i-th time window are merged to 
represent the coarseness preference of autonomous English learners in distance 
education. Let ⨁ be the elementwise multiplication. Then, the merge process can be 
defined as:  

 
( )

l
z
i z ij ij

j l
k z zβ

=

= ⊕∑   (5) 

Similarly, the entry-level attention score can be calculated by:  

 ( ) ( )1 2 1 2' ' ' 'g ij g ij ijg Q Q z Q gβ ε φ φ= + + +  (6) 

Let Qg∈Reg×eg, Q'1∈Reg×ez, Q'2∈Reg×eg, φ'1∈Reg, and φ'2∈Reg be the parameters to be 
learned; kz

i and kg
i be the merged preferences of the autonomous English learners in 

distance education in the i-th time window (ki∈Re). In the current time window, the 
ALR information can be merged based on the normalized attention weight:  

 ( )
l

g
i g ij ij

j k
k g gβ

=

= ⊕∑   (7) 

To capture the sequential changes in the preferences of autonomous English learners 
in distance education, this paper introduces the multi-head self-attention model to limit 
the unidirectional flow of the model information (Figure 3). Firstly, the local preference 
map {ki,i=1,2,…,n} is duplicated three times. The results are denoted as {wi}, {li}, and 
{ui}. Based on {wi} and {li}, the attention score is calculated, and then subjected to 
weighted aggregation with {ui}, producing the global preference map {hi,i=1,2,...,n}. 
Specifically, wi, li, and ui are linearly mapped f times to an ef-dimensional space, using 
different projection matrices (ef=e/f). Suppose o=1,2,...,f; the parameters of projection 
matrices are denoted as Qw

o∈ Ref×e, and Ql
o∈ Ref×; the bias vector is denoted as φo∈Ref. 

Then, the attention tensor can be expressed as F∈Ref×n×n×f. Thus, the attention score of 
the O-th mapping can be calculated based on wi and li: 

 ( ) ( ),
o w l

i j o o i o j oF Q Q w Q lε φ= + +  (8) 
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To capture the long-distance dependence of the behavior series, the above attention 
tensors are superimposed with a directed mask N. Then, the element can be defined as: 

 ( )
,

0,   
,

o
i j

if i f
N

otherwise
>

= −∞
 (9) 

 
Fig. 3. Multi-head self-attention model  

The directed mask N, attention score F, and attention tensor K are illustrated in 
Figure 4. During the softmax normalization of attention scores, if j is greater than i, 
then the distance learning location i contributes zero to the distance learning location j. 
Hence, our attention model only focuses on the scenario of j<i. The corresponding 
normalized attention weight applies to the K∈Ref×n×f, where each element is an ef-
dimensional vector. Suppose o=1,...,f, and Qτ

o is the projection matrix parameter. Then, 
the element can be defined as:  

 ( )
,
o

i j o jK Qττ=  (10) 

 
Fig. 4. Illustrations of N, F, and K 

Figure 5 shows the acquisition flow of attention tensor K. Since e=ef×f, tensor 
K∈Ref×n×n×f , after being applied the attention weight, is stitched into K∈Rn×n×e along the 
dimension O. Then, superposition is performed along the dimension i, yielding 
{h1,h2,..,hn}, with hi∈Re. Let {v1,...,vn} denote the final preference series of autonomous 
English learners in distance education, vi∈ Re; GU denote the normalization process. 
Then, we have: 

 ( )i i iv GU k h= +  (11) 
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The next is to predict the probability of an autonomous English learner in distance 
education to click on a new ALR, based on the preference series {v1,v2,...,vn}. Here, a 
new ALR is denoted by an e-dimensional vector a. For a given a, the preference series 
is aggregated by the attention model. Let Qv∈Re×e, Q3∈Re×e, Q4∈Re×e, and φ3∈Re be the 
parameters to be learned; ε(*) be the activation function. Then, the aggregation function 
can be given as: 

 ( ) ( )3 4 3v i v iv Q Q v Q aβ ε φ= + +  (12) 

The attentions score obtained by formula (12) is normalized into β*
v(vi). Then, 

weighted aggregation is performed between β*
v(vi) and vi, yielding ve=Σn

i=1β~
v(vi)⨁vi. 

According to the behavior series of autonomous English learning in distance education, 
the long short-term dynamic preferences are represented by a vector ve. To further 
capture the static preferences, this paper stitches the preference vectors ve and vr with 
the ALR vector a, and then predicts the ALR click rate, using a multilayer perceptron 
(MLP). Let [*] denote the stitching operation (vr∈Re, ve∈Re), and NUG denote the MLP. 
Then, we have:  

 ( )ˆ ; ;e rNUG v v aφ  =    (13) 

The training error of the network can be expressed as:  

 ( ) ( ) ( )ˆ ˆ, 1 1E v a blogb b log b= − − − −  (14) 

 
Fig. 5. Acquisition of attention tensor 

4 Experiments and results analysis 

The authors firstly tested the model performance at different time window sizes. The 
results in Table 1 show that: when the time window was smaller than 10, our model 
performed similarly on AUC, GAUC, and DNCG. When the time window was of the 
size 6, our model reached the best performance. With the gradual increase of the time 
window, the proposed model performed slightly worse on the three metrics. Overall, 
the preferences of autonomous English learners in distance education are close to each 
other, when the time window is relatively small. In this case, the proposed class-level 
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and entry-level attention model can easily emulate the autonomous learning behavior 
in each time window. If the time window is large, the autonomous learning preferences 
change significantly in each time window, adding to the difficulty of modeling. In this 
case, it is difficult for the model to achieve an ideal performance, or control the time 
cost of training and reasoning. To sum up, the time window size of 6 is the most suitable 
for our model. 

Table 1.  Model performance at different time window sizes  

Time window size 2 4 6 8 10 
AUC 0.7152 0.7532 0.7786 0.7648 0.7695 
GAUC 0.6258 0.6642 0.6859 0.6728 0.6725 
NDCG 0.3625 0.3958 0.4142 0.3852 0.3862 
Time window size 18 26 34 40 48 
AUC 0.7562 0.7495 0.7341 0.7228 0.7115 
GAUC 0.6681 0.6695 0.6536 0.6452 0.6401 
NDCG 0.3747 0.3785 0.3625 0.3648 0.3547 

Note: AUC, GAUG, and NDCG are short for area under the curve, generalized area under the curve, and 
normalized discounted cumulative gain, respectively. 

Further, we investigated the influence of behavior series length and embedding 
dimension e on model performance. The test results are reported in Figures 6-8. The 
two eigenvectors of ALRs were set to half of the embedding dimension e. 

According to the subgraph (a) of Figures 6-8, the proposed model outshined the con-
trastive models significantly in all three metrices, regardless of the length of the behav-
ior series. The three contrastive models are self-attentive sequential recommendation 
(SASRec), deep interest evolution network (DIEN), and Caser model. SASRec, DIEN, 
and Caser are denoted as Models 1-3, respectively. 

 
(a) 
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(b) 

Fig. 6. Comparison of NDCG performance 

 
(a) 
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(b) 

Fig. 7. Comparison of AUC performance 

 
(a) 
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(b) 

Fig. 8. Comparison of GAUC performance 

Among the three metrics, GAUC is obtained by weighting the AUC of each learner. 
This metric can effectively rank the personalized preferences of autonomous English 
learners in distance education. That is why our strategy based on the behavior series of 
autonomous learning outperforms the other models in the ranking of global preferences 
of learning behavior. 

According to the subgraph (b) of Figures 6-8, the proposed model outperformed the 
contrastive models in all three metrics, regardless of the embedding dimension e. The 
contrastive models are SASRec, DIEN, Caser, sequential recommendation with 
bidirectional encoder representations from transformer (BERT4Rec), and behavior 
sequence transformer (BST). SASRec, DIEN, Caser, BERT4Rec, and BST are denoted 
as Models 1-5, respectively. 

In the behavior series of autonomous English learning in distance education, the 
ALR feature map can characterize the autonomous learning preferences. When the e is 
small, the ALR feature map contains limited information, which restrains the 
expressivity of the behavior series model. With the growth of e, the information volume 
increases in the ALR feature map. Then, the behavior series model can better illustrate 
the dynamic preferences of students for autonomous English learning in distance 
education. Meanwhile, the AUC and GAUC of the contrastive models increased 
relatively slightly, along with the rise of e. This means, with the increase of e, our model 
can describe dynamic preferences for autonomous English learning in distance 
education better than the static preferences. 
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5 Conclusions 

This paper analyzes the autonomous learning behavior in distance English education 
based on the big data, and reveals the relationship between learning process and 
learning efficiency. Specifically, we presented the research strategy for the motivation 
and behavior of autonomous English learning in distance education, devised a research 
model for such motivation and behavior, and constructed a behavior analysis model for 
autonomous English learning in distance education. Next, the probability for 
autonomous English learners in distance education to click on new resources was 
obtained by solving the correlation between the target ALR and the series of clicked 
ALRs. The proposed network model can handle a massive amount of learning behavior 
data, i.e., boast a certain ability to process the big data. The three parts of the model 
were introduced in details.  

In addition, we tested the model performance at different time window sizes, and 
confirmed that the time window size of 6 is the most suitable for our model. Then, we 
investigated the influence of behavior series length and embedding dimension e on 
model performance. The investigation shows that our strategy based on the behavior 
series of autonomous learning outperforms the other models in the ranking of global 
preferences of learning behavior. Moreover, with the increase of e, our model can 
describe dynamic preferences for autonomous English learning in distance education 
better than the static preferences. 
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