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Obtain a first sequence sample in a target service scenario

Determine a tag status of the first sequence sample

Select a sub-model from a sequence mining frame according to 
the tag status to construct a sequence mining model
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Select a sub-model from a sequence mining frame according to the tag 

status to construct the sequence mining model 
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FIG. 3 

Process the first sequence sample by using a latent vector 
extraction unit, to obtain the latent representation of the first 

sequence sample

Process the latent representation of the first sequence sample by 
using a reconstruction unit, to obtain a reconstructed first 

sequence sample

Calculate a value of a first loss function according to the first 
sequence sample and the reconstructed first sequence sample
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Adjust a parameter of the first sub-model according to the value 
of the first loss function, to obtain the pre-trained first sub-model
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FIG. 4 

Process the latent representation of the first sequence sample by using 

the reconstruction process, to obtain a reconstructed first sequence 

sample 
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FIG. 5 

Obtain a static feature of the first sequence sample

Obtain an optimized vector representation of the first sequence 
sample according to the static feature of the first sequence sample 

and the latent representation of the first sequence sample
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Calculate a value of a first loss function and a value of a second 
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FIG. 7 
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Obtain sequence data in a target service scenario

Invoke a sequence mining model corresponding to the target 
service scenario, the sequence mining model being a model 
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sequence mining frame according to a tag status of historical 
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information is greater than a quantity 
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autoencoder model and a standard 

classification model from the sequence 
mining frame to construct the 

sequence mining model

In a case that the tag status is that the 
sequence sample at least partially has 

the tag information, the tag 
information includes only the positive 
tag information or includes only the 

negative tag information, and the 
quantity of sequence sample with the 

tag information is greater than the 
quantity of sequence samples without 

the tag information, select the deep 
autoencoder model and a PULearning 

model from the sequence mining 
frame to construct the sequence 

mining model

Train the sequence mining model by using the 
sequence sample

Obtain historical sequence data in a 
target service scenario, and use the 

historical sequence data as a 
sequence sample

In a case that the tag status is that the 
sequence sample at least partially has 

the tag information, the tag information 
includes the positive tag information 
and the negative tag information, and 
the quantity of sequence sample with 

the tag information is less than the 
quantity of sequence samples without 

the tag information, select the deep 
autoencoder model, the standard 

classification model, and the clustering 
model from the sequence mining frame 
to construct the sequence mining model

In a case that the tag status is that the 
sequence sample at least partially has 

the tag information, the tag 
information includes the positive tag 

information and the negative tag 
information, and the quantity of 

sequence sample with the tag 
information is less than the quantity of 

sequence samples without the tag 
information, select the deep 

autoencoder model, the standard 
classification model, and a clustering 

model from the sequence mining 
frame to construct the sequence 

mining model

Obtain sequence data in the target service scenario

Process the sequence data by using the sequence 
mining model, to obtain a latent representation of 

the sequence data

1110

1120

1131

1132

1133 1134

1135

1140

1150

1160

 

FIG. 11

1134 

1135 



 8/11  

Deep autoencoder model

O
n

e-
d

im
en

si
o

n
al

 d
ee

p
 

co
n

v
o

lu
ti
o

n
a
l 
n

eu
ra

l 
n

et
w

o
rk

M
ax

 p
o

o
li

n
g

L
ay

er
 n

o
rm

al
iz

at
io

n
B

i-
L

S
T

M

L
ay

er
 n

o
rm

al
iz

at
io

n
B

i-
L

S
T

M

U
p

sa
m

p
le

 f
u

n
ct

io
n

D
ec

o
n

v
o

lu
ti

o
n

Mean 
absolute error

Standard 
classification 

model
PULearning

Latent representation

Combination

Clustering 
model

Static feature

 

FIG. 12 

  



 9/11  

Sample obtaining module
1310

Status determining module
1320

Model construction module
1330

1300

Model training module
1340

 

FIG. 13 

  



 10/11  

Sample obtaining module
1310

Status determining module
1320

Model construction module
1330

1300

Pre-training submodule
1342

Second latent vector 
extraction submodule

134A

Second model training 
submodule

134C

Latent vector extraction 
unit

13422

First latent vector extraction 
submodule

1344

Pre-training submodule
1342

Third latent vector 
extraction submodule

134B

Third model training 
submodule

134D

Fourth latent vector 
extraction submodule

134F

Fourth model training 
submodule

134H

Data reconstruction unit
13424

First function calculation 
unit

13426

First model training unit13428

Pre-training 
submodule

1342

Feature obtaining module
1348

Vector optimization module
1349

Second function 
calculation unit

13462

Third function 
calculation unit

13464

Second model training 
unit

13466

First model training 
submodule

1346

 

FIG. 14 

  

Latent vector extraction process 

Data reconstruction process 

First function calculation 

process 

First model training process 

Second function 

calculation process 

Third function calculation 

process 

Second model training 

process 



 11/11  

Data obtaining module
1510

Model invoking module
1520

Tag determining module
1530

1500

 

FIG. 15 

Input device

Display

Read-only memory

Random access 
memory

System memory
1603

Operating 
system

Application

Another program 
module

Processing 
unit

1601 Network 
interface unit

1611

Network

1612 1606 1608

1609

1604 1602 1607

1605

1615

1614

1613

1600

Input/Output 
controller

1610

System bus

M
as

s 
st

o
ra

g
e 

d
ev

ic
e

 

FIG. 16 


