METHOD AND APPARATUS FOR TRAINING CROSS-DOMAIN
RECOMMENDATION MODEL, AND DEVICE, MEDIUM AND
PRODUCT

[0001] This application claims priority to Chinese Patent Application No.
202310084391.9, entitled "CROSS-DOMAIN RECOMMENDATION MODEL TRAINING
METHOD AND APPARATUS, DEVICE, MEDIUM, AND PRODUCT" filed on January 13,

2023, which is incorporated herein by reference in its entirety.

FIELD OF THE TECHNOLOGY

[0002] The present disclosure relates to the field of artificial intelligence (Al), and in
particular, to a cross-domain recommendation model training method and apparatus, a device, a

medium, and a product.

BACKGROUND OF THE DISCLOSURE

[0003] With rapid development of Internet technologies, users may choose their preferred
contents to browse on the Internet, and servers may recommend similar contents to the users

according to daily preferences of the users.

[0004] In the related art, target contents are directly recommended to users, to recall target
contents with high similarities to preferred contents of the users, and recommend the target
contents to the users. Alternatively, target contents are recommended according to content features
of preferred contents of users, to recall target contents with content features highly similar to those
of the preferred contents of the users, and recommend the target contents to the users. However,
user nodes need to be introduced to the foregoing recommendation methods. Therefore, the
recommendation methods are affected by a scale of users to some extent. When the scale of users
is small, a recommendation model can use a small amount of data. This may lead to a problem of

insufficient correlation between a recommended target content and a preferred content of a user.



SUMMARY

[0005] The present disclosure provides a cross-domain recommendation model training

method and apparatus, a device, a medium, and a product. The technical solutions are as follows:

[0006] According to an aspect of the present disclosure, a cross-domain recommendation
model training method is provided. The method includes: constructing a heterogeneous network,
the heterogeneous network including a node bipartite graph between sample source-domain
content nodes and sample target-domain content nodes, a first label bipartite graph between the
sample source-domain content nodes and sample source-domain semantic labels, and a second
label bipartite graph between the sample target-domain content nodes and sample target-domain
semantic labels; generating a training sample based on a sample source-domain content node and
a sample target-domain content node between which a connecting edge exists in the node bipartite
graph, a sample source-domain semantic label corresponding to the sample source-domain content
node in the first label bipartite graph, and a sample target-domain semantic label corresponding to
the sample target-domain content node in the second label bipartite graph; and training a cross-

domain recommendation model based on the training sample.

[0007] According to another aspect of the present disclosure, a cross-domain
recommendation method is provided. The method includes: obtaining a historical behavior of a
user account; determining, based on the historical behavior of the user account, a source-domain
content that historically interacted with the user account; determining, based on a similarity
between a source-domain content vector and a target-domain content vector, a target-domain
content corresponding to the source-domain content; and recommending the target-domain content
to the user account, the source-domain content vector being a feature vector of the source-domain
content, the target-domain content vector being a feature vector of the target-domain content, the
source-domain content vector being constructed based on the source-domain content and a source-
domain semantic label corresponding to the source-domain content in a first label bipartite graph,
the target-domain content vector being constructed based on the target-domain content and a
target-domain semantic label corresponding to the target-domain content in a second label bipartite
graph, the first label bipartite graph being constructed based on source-domain contents and
source-domain semantic labels, and the second label bipartite graph being constructed based on

target-domain contents and target-domain semantic labels.



[0008] According to another aspect of the present disclosure, a cross-domain
recommendation model training apparatus is provided. The apparatus includes: a construction
module, configured to construct a heterogeneous network, the heterogeneous network including a
node bipartite graph between sample source-domain content nodes and sample target-domain
content nodes, a first label bipartite graph between the sample source-domain content nodes and
sample source-domain semantic labels, and a second label bipartite graph between the sample
target-domain content node and sample target-domain semantic labels; a generation module,
configured to generate a training sample based on a sample source-domain content node and a
sample target-domain content node between which a connecting edge exists in the node bipartite
graph, a sample source-domain semantic label corresponding to the sample source-domain content
node in the first label bipartite graph, and a sample target-domain semantic label corresponding to
the sample target-domain content node in the second label bipartite graph; and a training module,

configured to train a cross-domain recommendation model based on the training sample.

[0009] According to another aspect of the present disclosure, a cross-domain
recommendation apparatus is provided. The apparatus includes: an obtaining module, configured
to obtain a historical behavior of a user account; a determining module, configured to determine,
based on the historical behavior of the user account, a source-domain content that historically
interacted with the user account, the determining module being further configured to determine,
based on a similarity between a source-domain content vector and a target-domain content vector,
a target-domain content corresponding to the source-domain content; and a recommendation
module, configured to recommend the target-domain content to the user account, the source-
domain content vector being a feature vector of the source-domain content, the target-domain
content vector being a feature vector of the target-domain content, the source-domain content
vector being constructed based on the source-domain content and a source-domain semantic label
corresponding to the source-domain content in a first label bipartite graph, the target-domain
content vector being constructed based on the target-domain content and a target-domain semantic
label corresponding to the target-domain content in a second label bipartite graph, the first label
bipartite graph being constructed based on source-domain contents and source-domain semantic
labels, and the second label bipartite graph being constructed based on target-domain contents and

target-domain semantic labels.



[0010] According to another aspect of the present disclosure, a computer device is
provided. The computer device includes: a processor and a memory, the memory having at least
one program stored therein, and the at least one program being loaded and executed by the
processor to implement the cross-domain recommendation model training method and the cross-

domain recommendation method described in the foregoing aspects.

[0011] According to another aspect of the present disclosure, a non-transitory computer-
readable storage medium is provided, the computer-readable storage medium having at least one
program stored therein, and the at least one program being loaded and executed by a processor to
implement the cross-domain recommendation model training method and the cross-domain

recommendation method described in the foregoing aspects.

[0012] According to another aspect of the present disclosure, a computer program product
is provided, the computer program product including at least one program, and the at least one
program being stored in a computer-readable storage medium; and a processor of a computer
device reading the at least one program from the computer-readable storage medium, and the
processor executing the at least one program to cause the computer device to perform the cross-
domain recommendation model training method and the cross-domain recommendation method

described in the foregoing aspects.

[0013] The technical solutions provided in the present disclosure have at least the
following beneficial effects: A source-domain content node and a target-domain content node are
associated by constructing the heterogeneous network that includes the node bipartite graph
between the sample source-domain content nodes and the sample target-domain content nodes, the
label bipartite graph between the sample source-domain content node and the sample source-
domain semantic label, and the label bipartite graph between the sample target-domain content
node and the sample target-domain semantic label. In addition, feature representations of the
source-domain content node and the target-domain content node are enhanced by using a source-
domain semantic label and a target-domain semantic label. The cross-domain recommendation
model is trained by using the training sample generated based on the sample source-domain
content node, the sample target-domain content node, the source-domain semantic label, and the
target-domain semantic label, so that the cross-domain recommendation model can fully learn an

embedded representation of a target content that is to be recommended. This overcomes impact



caused by user data sparsity. Therefore, the cross-domain recommendation model is better used to

recommend a target content with high correlation to a user.

BRIEF DESCRIPTION OF THE DRAWINGS

[0014] To describe the technical solutions in the embodiments of the present disclosure
more clearly, the following briefly describes the accompanying drawings for describing the

embodiments.

[0015] FIG. 1 is a structural diagram of a computer system according to an exemplary

embodiment of the present disclosure.

[0016] FIG. 2 is a flowchart of a cross-domain recommendation model training method

according to an exemplary embodiment of the present disclosure.

[0017] FIG. 3 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.

[0018] FIG. 4 is a flowchart of a cross-domain recommendation model training method

according to an exemplary embodiment of the present disclosure.

[0019] FIG. 5 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.

[0020] FIG. 6 is a flowchart of a cross-domain recommendation model training method

according to an exemplary embodiment of the present disclosure.

[0021] FIG. 7 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.

[0022] FIG. 8 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.

[0023] FIG. 9 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.

[0024] FIG. 10 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.



[0025] FIG. 11 is a flowchart of a cross-domain recommendation model training method

according to an exemplary embodiment of the present disclosure.

[0026] FIG. 12 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.

[0027] FIG. 13 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.

[0028] FIG. 14 is a structural diagram of a cross-domain recommendation model according

to an exemplary embodiment of the present disclosure.

[0029] FIG. 15 is a structural diagram of a heterogeneous network according to an

exemplary embodiment of the present disclosure.

[0030] FIG. 16 is a flowchart of a cross-domain recommendation method according to an

exemplary embodiment of the present disclosure.

[0031] FIG. 17 is a flowchart of a cross-domain recommendation method according to an

exemplary embodiment of the present disclosure.

[0032] FIG. 18 is a flowchart of a cross-domain recommendation method according to an

exemplary embodiment of the present disclosure.

[0033] FIG. 19 is a flowchart of a cross-domain recommendation method according to an

exemplary embodiment of the present disclosure.

[0034] FIG. 20 is a flowchart of a cross-domain recommendation method according to an

exemplary embodiment of the present disclosure.

[0035] FIG. 21 is a flowchart of a cross-domain recommendation method according to an

exemplary embodiment of the present disclosure.

[0036] FIG. 22 is a flowchart of a cross-domain recommendation method according to an

exemplary embodiment of the present disclosure.

[0037] FIG. 23 is a flowchart of a cross-domain recommendation method according to an

exemplary embodiment of the present disclosure.



[0038] FIG. 24 is a block diagram of a cross-domain recommendation model training

apparatus according to an exemplary embodiment of the present disclosure.

[0039] FIG. 25 is a block diagram of a cross-domain recommendation apparatus according

to an exemplary embodiment of the present disclosure.

[0040] FIG. 26 is a block diagram of a computer device according to an exemplary

embodiment of the present disclosure.

DESCRIPTION OF EMBODIMENTS

[0041] To make objectives, technical solutions, and advantages of the present disclosure
clearer, the following further describes implementations of the present disclosure in detail with

reference to the accompanying drawings.
[0042] First, terms in the embodiments of the present disclosure are briefly introduced.

[0043] Cross-domain recommendation: is a recommendation method including a source
domain and a target domain. A content in the target domain can be recommended from a content

in the source domain by using the cross-domain recommendation method.

[0044] Semantic label: is a discrete text label related to a content, for example, a label
related to a content theme, a label related to one or more keywords in the content, or a label related

to a content concept.

[0045] Recommendation system: is an information filtering system, and recommends,
according to historical behaviors of users such as watching a video, commenting, and browsing a
web page, contents that meet preferences of the users, or recommends, according to content
features of preferred contents of users such as a title of an article, classification of a video content,

and an author of music, contents with similar features.

[0046] Co-occurrence network: is a network that is constructed based on at least two nodes
and that reflects a co-occurrence of the at least two nodes in a same scenario. When two nodes co-
occur in a same scenario, an edge is connected between the two nodes, and a weight on the edge
represents a quantity of co-occurrences between the at least two nodes. A greater weight on the

edge represents a stronger connection between the two nodes.



[0047] Embedded representation: is a distributed representation that is of an input object
and that is generated based on a neural network model. A main function is to transform high-
dimensional and sparse vectors of original objects into low-dimensional and dense vectors, so that
these low-dimensional and dense vectors can express one or more features of the corresponding

objects. In addition, a distance between different vectors can reflect a similarity between objects.

[0048] FIG. 1 is a block diagram of a structure of a computer system according to an
exemplary embodiment of the present disclosure. The computer system 100 includes a terminal

120 and a server 140.

[0049] A platform supporting a source-domain content and a target-domain content is
installed and runs on the terminal 120. The source-domain content is a multimedia content that can
be browsed, watched, read, or listened to on the terminal 120, for example, a video that can be
watched on the terminal 120 through a video playing platform, news that can be read on the
terminal 120 through a news platform, or music that can be listened to on the terminal 120 through
a music platform. The target-domain content is a multimedia content that can be browsed, watched,
read, or listened to on the terminal 120, for example, a video that can be watched on the terminal
120 through a video playing platform, news that can be read on the terminal 120 through a news
platform, or music that can be listened to on the terminal 120 through a music platform. A user
account has logged in to the platform, and the user account browses and interacts with, through
the platform, the source-domain content or the target-domain content displayed on the platform.
For example, the user account may click/tap the source-domain content or the target-domain
content to watch or read, and may like, comment, share, report, not watch, or perform another
operation on a source-domain content or a target-domain content being watched or browsed.
Information about the user account is obtained with permission and in compliance with relevant

provisions of the law.

[0050] The terminal 120 is connected to the server 140 through a wireless network or a

wired network.

[0051] The server 140 includes at least one of one server, a plurality of servers, a cloud
computing platform, and a virtualization center. For example, the server 140 includes a processor
144 and a memory 142. The memory 142 includes at least one module configured to perform

different operations. An example in which the memory 142 includes a receiving module 1421, a
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control module 1422, and a sending module 1423 is used in this embodiment of the present
disclosure for description. The receiving module 1421 is configured to receive a request, for
example, a request for liking the source-domain content or the target-domain content, from the
terminal 120. The control module 1422 is configured to control playback and display of the source-
domain content and the target-domain content. The sending module 1423 is configured to send a
response to the terminal 120, for example, send a feedback to the terminal 120 on whether the
source-domain content and the target-domain content is successfully liked. A person skilled in the
art may learn that there may be more or fewer modules in the memory 142. A quantity of modules

is not limited in this embodiment of the present disclosure.

[0052] In some embodiments, the server 140 is responsible for primary computing work,
and the terminal 120 is responsible for secondary computing work; the server 140 is responsible
for secondary computing work, and the terminal 120 is responsible for primary computing work;

or the server 140 and the terminal 120 are responsible for computing work in a coordinated manner.

[0053] In some embodiments, the foregoing platform supporting the source-domain
content and the target-domain content is a same platform on different operating system platforms
(Android or iOS). In some embodiments, device types of the terminal 120 are the same or different.
The device types include: at least one of a smartphone, a smart watch, a vehicle-mounted terminal,
a wearable device, a smart television, a tablet computer, an e-book reader, an MP3 player, an MP4

player, a laptop portable computer, and a desktop computer.

[0054] A person skilled in the art may learn that there may be more or fewer terminals 120.
For example, there may be only one terminal 120, or there may be dozens or hundreds of terminals,
or more terminals. In this embodiment of the present disclosure, a quantity of terminals and the

device types of the terminals are not limited.

[0055] With research and progress of an Al technology, the Al technology is studied in and
applied to many fields such as common smart home, self-driving, robots, intelligent medical care,
and intelligent customer service. The Al technology is a theory, method, technology, and
application system that uses a digital computer or a machine controlled by the digital computer to
simulate, extend, and expand human intelligence, perceive an environment, acquire knowledge,
and use knowledge to obtain an optimal result. In other words, Al is a comprehensive technology

in computer science, and attempts to understand the essence of intelligence and produce a new
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intelligent machine that can react in a manner similar to human intelligence. Al is to study design
principles and implementation methods of various intelligent machines, to enable the machines to
have functions of perception, reasoning, and decision-making. The Al technology is a
comprehensive discipline, and relates to a wide range of fields including both hardware-level
technologies and software-level technologies. Basic Al technologies generally include a sensor, a
dedicated Al chip, cloud computing, distributed storage, a big data processing technology, an
operating/interaction system, electromechanical integration, and the like. Al software technologies
in the related art mainly include several major directions such as a computer vision technology, a
speech processing technology, a natural language processing technology, and machine

learning/deep learning.

[0056] The solutions provided in the embodiments of the present disclosure relate to a
machine learning (ML) technology of Al. Details are described by using the following

embodiments:

[0057] FIG. 2 is a schematic diagram of a cross-domain recommendation model training
method according to an exemplary embodiment of the present disclosure. The method is performed
by a computer device, and the computer device may be the terminal 120 or the server 140 shown

in FIG. 1. The method includes the following operations:

[0058] Operation 220: Construct a heterogeneous network, the heterogeneous network
including a node bipartite graph between sample source-domain content nodes and sample target-
domain content nodes, a first label bipartite graph between the sample source-domain content
nodes and sample source-domain semantic labels, and a second label bipartite graph between the

sample target-domain content node and sample target-domain semantic labels.

[0059] The heterogeneous network including the sample source-domain content node, the
sample target-domain content node, the sample source-domain semantic label, and the sample
target-domain semantic label is constructed. The sample source-domain content node and the
sample target-domain content node are connected through a connecting edge to form the node
bipartite graph, the sample source-domain content node and the sample source-domain semantic
label are connected through a connecting edge to form the label bipartite graph, and the sample
target-domain content node and the sample target-domain semantic label are connected through a

connecting edge to form the label bipartite graph.
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[0060] The sample source-domain content node is obtained according to a sample source-
domain content. The sample source-domain content is a multimedia content on which at least one
of browsing, watching, reading, and listening operations can be performed on the terminal 120
shown in FIG. 1. For example, the sample source-domain content may be a video, news, or music.
The sample target-domain content node is obtained according to a sample target-domain content.
The sample target-domain content is a multimedia content on which at least one of browsing,
watching, reading, and listening operations can be performed on the terminal 120 shown in FIG.
1. For example, the sample target-domain content may be a video, news, or music. The sample
source-domain content and the sample target-domain content are contents operated successively
by a user account on the terminal 120 in a period of time. For example, if the user account watches
a long video first and then a short video in a period of time, the sample source-domain content is

the long video, and the sample target-domain content is the short video.

[0061] In some embodiments, the sample source-domain content and the sample target-
domain content may be contents in a same domain. For example, both the sample source-domain
content and the sample target-domain content are short-video contents, long-video contents, news

contents, or commodity contents.

[0062] In some embodiments, the sample source-domain content and the sample target-
domain content may be contents in different domains. For example, the sample source-domain
content is a short-video content, and the sample target-domain content is a long-video content; the
sample source-domain content is a long-video content, and the sample target-domain content is a
short-video content; the sample source-domain content is a video content, and the sample target-
domain content is a news content; or the sample source-domain content is a video content, and the

sample target-domain content is a commodity content.

[0063] Operation 240: Generate a training sample based on a sample source-domain
content node and a sample target-domain content node between which a connecting edge exists in
the node bipartite graph, a sample source-domain semantic label corresponding to the sample
source-domain content node in the first label bipartite graph, and a sample target-domain semantic

label corresponding to the sample target-domain content node in the second label bipartite graph.

[0064] The training sample is generated based on the sample source-domain content node

and the sample target-domain content node between which the connecting edge exists in the node

11



bipartite graph, the sample source-domain semantic label corresponding to the sample source-
domain content node in the first label bipartite graph, and the sample target-domain semantic label
corresponding to the sample target-domain content node in the second label bipartite graph. The
sample source-domain content node and the sample source-domain semantic label corresponding
to the sample source-domain content node in the first label bipartite graph are determined as
sample source-domain data. The sample target-domain content node and the sample target-domain
semantic label corresponding to the sample target-domain content node in the second label
bipartite graph are determined as sample target-domain data. The sample source-domain data and
the sample target-domain data are determined as the training sample. The training sample includes
at least a positive sample that is of the sample target-domain content node and that is recommended
from the sample source-domain content node and a negative sample that is of the sample source-

domain content node and that is recommended from the sample target-domain content node.

[0065] In some embodiments, the sample source-domain content node and the sample
target-domain content node may be in one-to-one correspondence. One sample source-domain

content node corresponds to one sample target-domain content node.

[0066] In some embodiments, the sample source-domain content node and the sample
target-domain content node may be in one-to-many correspondence. One sample source-domain

content node corresponds to at least two sample target-domain content nodes.

[0067] In some embodiments, the sample source-domain content node and the sample
target-domain content node may be in many-to-one correspondence. At least two sample source-

domain content nodes correspond to one sample target-domain content node.

[0068] Operation 260: Train a cross-domain recommendation model based on the training
sample.
[0069] The training sample is inputted into the cross-domain recommendation model to

train the cross-domain recommendation model. The training sample is a set of a plurality of groups
of sample data, where any group of sample data includes one sample source-domain content node,
one sample target-domain content node, a sample source-domain semantic label corresponding to
the sample source-domain content node in the first label bipartite graph, and a sample target-

domain semantic label corresponding to the sample target-domain content node in the second label

12



bipartite graph. The sample source-domain content node, the sample target-domain content node,
the sample source-domain semantic label corresponding to the sample source-domain content node
in the first label bipartite graph, and the sample target-domain semantic label corresponding to the
sample target-domain content node in the second label bipartite graph are inputted into the cross-
domain recommendation model to train the cross-domain recommendation model. The cross-
domain recommendation model is a model for obtaining a target-domain content through cross-

domain recommendation from a source-domain content.

[0070] In conclusion, according to the method provided in this embodiment, a source-
domain content node and a target-domain content node are associated by constructing the
heterogeneous network that includes the node bipartite graph between the sample source-domain
content nodes and the sample target-domain content nodes, the first label bipartite graph between
the sample source-domain content nodes and the sample source-domain semantic labels, and the
label bipartite graph between the sample target-domain content node and the sample target-domain
semantic label. In addition, feature representations of the source-domain content node and the
target-domain content node are enhanced by using a source-domain semantic label and a target-
domain semantic label. The cross-domain recommendation model is trained by using the training
sample generated based on the sample source-domain content node, the sample target-domain
content node, the source-domain semantic label, and the target-domain semantic label, so that the
cross-domain recommendation model can fully learn an embedded representation of a target
content that is to be recommended. This overcomes impact caused by user data sparsity. Therefore,
the cross-domain recommendation model is better used to recommend a target content with high

correlation to a user.

[0071] In some embodiments, the cross-domain recommendation model includes a source-
domain semantic tower, a target-domain semantic tower, and a matching layer. As shown in FIG.
3, a cross-domain recommendation model 300 includes a source-domain semantic tower 320, a
target-domain semantic tower 340, and a matching layer 360. An output end of the source-domain
semantic tower 320 is connected to an input end of the matching layer 360, and an output end of

the target-domain semantic tower 340 is connected to the input end of the matching layer 360.
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[0072] FIG. 4 is a schematic diagram of a cross-domain recommendation model training
method according to an exemplary embodiment of the present disclosure. Operation 260 further

includes at least one of the following operations:

[0073] Operation 261: Input the sample source-domain content node and the sample
source-domain semantic label corresponding to the sample source-domain content node into the

source-domain semantic tower to obtain a sample source-domain content vector.

[0074] The source-domain semantic tower in the cross-domain recommendation model is
a network model for generating an embedded representation of the source-domain content. An
embedded representation corresponding to the sample source-domain content, namely, the sample
source-domain content vector, can be obtained by inputting the sample source-domain content
node and the sample source-domain semantic label corresponding to the sample source-domain
content node into the source-domain semantic tower. The sample source-domain content node is a
node that includes a content feature of the sample source-domain content. For example, the sample
source-domain content is a long video, and a content feature of the long video includes a video
attribute. The sample source-domain semantic label corresponding to the sample source-domain
content node is at least one of labels corresponding to the content feature of the sample source-
domain content. For example, labels corresponding to the video attribute include a title label, a
theme label, an author label, and an actor label, and the sample source-domain semantic label may

be at least one of the labels.

[0075] Operation 262: Input the sample target-domain content node and the sample
target-domain semantic label corresponding to the sample target-domain content node into the

target-domain semantic tower to obtain a sample target-domain content vector.

[0076] The target-domain semantic tower in the cross-domain recommendation model is a
network model for generating an embedded representation of the target-domain content. An
embedded representation corresponding to the sample target-domain content, namely, the sample
target-domain content vector, can be obtained by inputting the sample target-domain content node
and the sample target-domain semantic label corresponding to the sample target-domain content
node into the target-domain semantic tower. The sample target-domain content node is a node that
includes a content feature of the sample target-domain content. For example, the sample target-

domain content is a long video, and a content feature of the long video includes a video attribute.
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The sample target-domain semantic label corresponding to the sample target-domain content node
is at least one of labels corresponding to the content feature of the sample target-domain content.
For example, labels corresponding to the video attribute include a title label, a theme label, an
author label, and an actor label, and the sample target-domain semantic label may be at least one

of the labels.

[0077] Operation 263: Input the sample source-domain content vector and the sample

target-domain content vector into the matching layer to obtain a predicted similarity.

[0078] The matching layer in the cross-domain recommendation model is configured for
calculating correlation between a source-domain content vector outputted by the source-domain
semantic tower and a target-domain content vector outputted by the target-domain semantic tower.
The sample source-domain content vector obtained through the source-domain semantic tower and
the sample target-domain content vector obtained through the target-domain semantic tower are
inputted into the matching layer, a cosine similarity between the two vectors is calculated by using
a cosine function, and the cosine similarity is used as the predicted similarity between the sample

source-domain content and the sample target-domain content.

[0079] Operation 264: Calculate an error loss between the predicted similarity and a real

sample similarity.

[0080] The positive sample (from the source-domain content to the target-domain content)
in the training sample is marked as 1, and the negative sample (from the target-domain content to
the source-domain content) is marked as 0. In this case, a binary-classification training sample is
obtained. A sum of probabilities of the binary-classification training sample is 1, to be specific, for
a same source-domain content and target-domain content, the user can only operate the source-
domain content before the target-domain content or operate the target-domain content before the

source-domain content.

[0081] The error loss between the predicted similarity and the real sample similarity is

calculated by using binary cross entropy as a loss function. A formula of the loss function is:

Loss = —(y-log(®) + (1 —y) *log(1 —9))

[0082] Loss represents the error loss, y represents the real sample similarity, and §

represents the predicted similarity.
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[0083] Operation 265: Train the cross-domain recommendation model based on the error

loss.

[0084] The real sample similarity between the sample source-domain data and the sample
target-domain data is determined based on a weight on the connecting edge between the sample
source-domain content node and the sample target-domain content node, where the weight is
determined based on a quantity of co-occurrences between the sample source-domain content node
and the sample target-domain content node in a period of time. The error loss between the predicted
similarity obtained through the cross-domain recommendation model and the real sample
similarity is determined by using the binary cross entropy loss function, and the error is fed back

to the cross-domain recommendation model to train the cross-domain recommendation model.

[0085] In conclusion, according to the method provided in this embodiment, the sample
source-domain content node and the sample source-domain semantic label corresponding to the
sample source-domain content node are inputted into the source-domain semantic tower, and the
sample target-domain content node and the sample target-domain semantic label corresponding to
the sample target-domain content node are inputted into the target-domain semantic tower, to
obtain the corresponding content vectors, so that a richer and more detailed content representation
can be obtained. The corresponding content vectors are inputted into the matching layer for
matching to obtain the predicted similarity of the two content vectors, so that a degree of similarity
between the two content vectors can be better measured. The error loss between the predicted
similarity and the real sample similarity is calculated by using the loss function to train the cross-
domain recommendation model, so that the predicted similarity calculated by using the cross-
domain recommendation model is infinitely close to the real sample similarity. This can improve

accuracy and robustness of a recommendation system.

[0086] In some embodiments, the source-domain semantic tower includes a source-domain
node feature extraction network, a source-domain label feature extraction network, a source-
domain concatenation layer, and a source-domain representation layer that are cascaded. As shown
in FIG. 5, the source-domain semantic tower 320 includes a source-domain node feature extraction
network 321, a source-domain label feature extraction network 322, a source-domain
concatenation layer 323, and a source-domain representation layer 324 that are cascaded. An input

end of the source-domain node feature extraction network 321 is connected to the source-domain
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content node, an output end of the source-domain node feature extraction network 321 is connected
to the source-domain concatenation layer 323, an output end of the source-domain label feature
extraction network 322 is connected to an input end of the source-domain concatenation layer 323,
and an output end of the source-domain concatenation layer 323 is connected to an input end of

the source-domain representation layer 324.

[0087] FIG. 6 is a schematic diagram of a cross-domain recommendation model training
method according to an exemplary embodiment of the present disclosure. Operation 261 further

includes at least one of the following operations:

[0088] Operation 2611: Input the sample source-domain content node into the source-

domain node feature extraction network to obtain a first sample content vector.

[0089] In some embodiments, the source-domain node feature extraction network includes
a source-domain node input layer, a source-domain node embedding layer, and a source-domain
node representation layer that are cascaded. As shown in FIG. 7, the source-domain node feature
extraction network 321 includes a source-domain node input layer 3211, a source-domain node
embedding layer 3212, and a source-domain node representation layer 3213 that are cascaded. An
input end of the source-domain node input layer 3211 is connected to the source-domain content
node, an output end of the source-domain node input layer 3211 is connected to an input end of
the source-domain node embedding layer 3212, an output end of the source-domain node
embedding layer 3212 is connected to an input end of the source-domain node representation layer
3213, and an output end of the source-domain node representation layer 3213 is connected to the

input end of the source-domain concatenation layer 323.

[0090] A first sample content feature of the sample source-domain content node is inputted
through the source-domain node input layer. The first sample content feature at the source-domain
node input layer is outputted, and embedding representation is performed on the first sample
content feature through the source-domain node embedding layer, to obtain an embedded
representation vector of a first sample content. The embedded representation vector of the first
sample content at the source-domain node embedding layer is outputted, and the embedded
representation vector of the first sample content is learned through the source-domain node

representation layer to obtain the first sample content vector.
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[0091] Operation 2612: Input the sample source-domain semantic label into the source-

domain label feature extraction network to obtain a first sample semantic label vector.

[0092] In some embodiments, the source-domain label feature extraction network includes
a source-domain semantic label input layer, a source-domain embedded-representation encoder,
and a source-domain label representation layer that are cascaded. As shown in FIG. 8, the source-
domain label feature extraction network 322 includes a source-domain semantic label input layer
3221, a source-domain embedded-representation encoder 3222, and a source-domain label
representation layer 3223 that are cascaded. An input end of the source-domain semantic label
input layer 3221 is connected to the source-domain semantic label, an output end of the source-
domain semantic label input layer 3221 is connected to an input end of the source-domain
embedded-representation encoder 3222, an output end of the source-domain embedded-
representation encoder 3222 is connected to an input end of the source-domain label representation
layer 3223, and an output end of the source-domain label representation layer 3223 is connected

to the input end of the source-domain concatenation layer 323.

[0093] A first sample semantic feature of the sample source-domain semantic label is
inputted through the source-domain semantic label input layer. The first sample semantic feature
at the source-domain semantic label input layer is outputted, and embedding representation is
performed on the first sample semantic feature through the source-domain embedded-
representation encoder to obtain an embedded representation vector of a first sample semantic
label. The embedded representation vector of the first sample semantic label in the source-domain
embedded-representation encoder is outputted, and the embedded representation vector of the first
sample semantic label is learned through the source-domain label representation layer to obtain

the first sample semantic label vector.

[0094] Operation 2613: Input the first sample content vector and the first sample semantic
label vector into the source-domain concatenation layer to obtain a sample source-domain

concatenated vector.

[0095] As shown in FIG. 9, the source-domain semantic tower 320 outputs the first sample
content vector through the source-domain node input layer 3211, the source-domain node
embedding layer 3212, and the source-domain node representation layer 3213 that are cascaded,

and outputs the first sample semantic label vector through the source-domain node input layer
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3211, the source-domain node embedding layer 3212, and the source-domain node representation

layer 3213 that are cascaded.

[0096] The first sample content vector and the first sample semantic label vector are
inputted into the source-domain concatenation layer 323, to perform vector concatenation on the
first sample content vector and the first semantic label vector to obtain the sample source-domain

concatenated vector.

[0097] Operation 2614: Input the sample source-domain concatenated vector into the

source-domain representation layer to obtain the sample source-domain content vector.

[0098] As shown in FIG. 9, the sample source-domain concatenated vector outputted by
the source-domain concatenation layer 323 is inputted into the source-domain representation layer
324 to obtain the sample source-domain content vector. The sample source-domain content vector
includes a complete feature vector of the sample source-domain content, where the complete
feature vector is obtained based on the sample source-domain content node and the sample source-

domain semantic label corresponding to the sample source-domain content node.

[0099] In some embodiments, the target-domain semantic tower includes a target-domain
node feature extraction network, a target-domain label feature extraction network, a target-domain
concatenation layer, and a target-domain representation layer that are cascaded. As shown in FIG.
10, the target-domain semantic tower 340 includes a target-domain node feature extraction
network 341, a target-domain label feature extraction network 342, a target-domain concatenation
layer 343, and a target-domain representation layer 344 that are cascaded. An input end of the
target-domain node feature extraction network 341 is connected to the target-domain content node,
an output end of the target-domain node feature extraction network 341 is connected to the target-
domain concatenation layer 343, an output end of the target-domain label feature extraction
network 342 is connected to an input end of the target-domain concatenation layer 343, and an
output end of the target-domain concatenation layer 343 is connected to an input end of the target-

domain representation layer 344.

[00100] FIG. 11 is a schematic diagram of a cross-domain recommendation model training
method according to an exemplary embodiment of the present disclosure. Operation 262 further

includes at least one of the following operations:
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[00101] Operation 2621: Input the sample target-domain content node into the target-

domain node feature extraction network to obtain a second sample content vector.

[00102] In some embodiments, the target-domain node feature extraction network includes
a target-domain node input layer, a target-domain node embedding layer, and a target-domain node
representation layer that are cascaded. As shown in FIG. 12, the target-domain node feature
extraction network 341 includes a target-domain node input layer 3411, a target-domain node
embedding layer 3412, and a target-domain node representation layer 3413 that are cascaded. An
input end of the target-domain node input layer 3411 is connected to the target-domain content
node, an output end of the target-domain node input layer 3411 is connected to an input end of the
target-domain node embedding layer 3412, an output end of the target-domain node embedding
layer 3412 is connected to an input end of the target-domain node representation layer 3413, and
an output end of the target-domain node representation layer 3413 is connected to the input end of

the target-domain concatenation layer 343.

[00103] A second sample content feature of the sample target-domain content node is
inputted through the target-domain node input layer. The second sample content feature at the
target-domain node input layer is outputted, and embedding representation is performed on the
second sample content feature through the target-domain node embedding layer, to obtain an
embedded representation vector of a second sample content. The embedded representation vector
of the second sample content at the target-domain node embedding layer is outputted, and the
embedded representation vector of the second sample content is learned through the target-domain

node representation layer to obtain the second sample content vector.

[00104] Operation 2622: Input the sample target-domain semantic label into the target-

domain label feature extraction network to obtain a second sample semantic label vector.

[00105] In some embodiments, the target-domain label feature extraction network includes
a target-domain semantic label input layer, a target-domain embedded-representation encoder, and
a target-domain label representation layer that are cascaded. As shown in FIG. 13, the target-
domain label feature extraction network 342 includes a target-domain semantic label input layer
3421, a target-domain embedded-representation encoder 3422, and a target-domain label
representation layer 3423 that are cascaded. An input end of the target-domain semantic label input

layer 3421 is connected to a target-domain semantic label, an output end of the target-domain
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semantic label input layer 3421 is connected to an input end of the target-domain embedded-
representation encoder 3422, an output end of the target-domain embedded-representation encoder
3422 is connected to an input end of the target-domain label representation layer 3423, and an
output end of the target-domain label representation layer 3423 is connected to the input end of

the target-domain concatenation layer 343.

[00106] A second sample semantic feature of the sample target-domain semantic label is
inputted through the target-domain semantic label input layer. The second sample semantic feature
at the target-domain semantic label input layer is outputted, and embedding representation is
performed on the second sample semantic feature through the target-domain embedded-
representation encoder to obtain an embedded representation vector of a second sample semantic
label. The embedded representation vector of the second sample semantic label in the target-
domain embedded-representation encoder is outputted, and the embedded representation vector of
the second sample semantic label is learned through the target-domain label representation layer

to obtain the second sample semantic label vector.

[00107] Operation 2623: Input the second sample content vector and the second sample
semantic label vector into the target-domain concatenation layer to obtain a sample target-domain

concatenated vector.

[00108] As shown in FIG. 14, the target-domain semantic tower 340 outputs the second
sample content vector through the target-domain node input layer 3411, the target-domain node
embedding layer 3412, and the target-domain node representation layer 3413 that are cascaded,
and outputs the second sample semantic label vector through the target-domain node input layer
3411, the target-domain node embedding layer 3412, and the target-domain node representation

layer 3413 that are cascaded.

[00109] The second sample content vector and the second sample semantic label vector are
inputted into the target-domain concatenation layer 343, to perform vector concatenation on the
second sample content vector and the second semantic label vector to obtain the sample target-

domain concatenated vector.

[00110] Operation 2624: Input the sample target-domain concatenated vector into the

target-domain representation layer to obtain the sample target-domain content vector.
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[00111] As shown in FIG. 14, the sample target-domain concatenated vector outputted by
the target-domain concatenation layer 343 is inputted into the target-domain representation layer
344 to obtain the sample target-domain content vector. The sample target-domain content vector
includes a complete feature vector of the sample target-domain content, where the complete feature
vector is obtained based on the sample target-domain content node and the sample target-domain

semantic label corresponding to the sample target-domain content node.

[00112] In conclusion, according to the method provided in this embodiment, through the
source-domain semantic tower and the target-domain semantic tower, the first sample content
vector and the corresponding first sample semantic label vector are concatenated to obtain the
sample source-domain content vector including a complete feature of the sample source-domain
content, and the second sample content vector and the corresponding second sample semantic label
vector are concatenated to obtain the sample target-domain content vector including a complete
feature of the sample target-domain content. The content nodes and the corresponding semantic
labels are respectively inputted into the source-domain semantic tower and the target-domain
semantic tower, so that a more comprehensive and accurate content representation and semantic
label representation can be obtained. The content vector and the semantic label vector are

concatenated through the concatenation layer to obtain a more complete feature representation.

[00113] FIG. 15 is a structural diagram of a heterogeneous network 400 according to an

exemplary embodiment of the present disclosure.

[00114] The heterogeneous network 400 includes a sample source-domain content node, a
sample target-domain content node, a sample source-domain semantic label node associated with
the sample source-domain content node, and a sample target-domain semantic label node
associated with the sample target-domain content node. The sample source-domain content node
and the sample target-domain content node are connected through a connecting edge to form a
node bipartite graph, the sample source-domain content node and the sample source-domain
semantic label are connected through a connecting edge to form a first label bipartite graph, and
the sample target-domain content node and the sample target-domain semantic label are connected

through a connecting edge to form a second label bipartite graph.

[00115] In some embodiments, the heterogeneous network 400 further includes a source-

domain co-occurrence network 420 constructed based on sample source-domain content nodes
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with a co-occurrence relationship and a target-domain co-occurrence network 440 constructed

based on sample target-domain content nodes with a co-occurrence relationship.

[00116] Source-domain co-occurrence network 420:

[00117] The source-domain co-occurrence network is constructed based on historical
behaviors of a plurality of user accounts in a source domain. Sample source-domain contents that
historically interacted with the plurality of user accounts are determined based on the historical
behaviors of the plurality of user accounts in the source domain. For example, it is determined,
based on a historical behavior of clicking/tapping a short video by the user account to watch, that
the sample source-domain content that historically interacted with the user account is the watched
short video. Based on a quantity of co-occurrences between the sample source-domain contents in
the same user account in a second period of time, when the quantity of co-occurrences between
the sample source-domain contents is greater than a threshold, sample source-domain content
nodes corresponding to the sample source-domain contents are connected through a connecting
edge to obtain the source-domain co-occurrence network. The period of time may be preset by a
system or randomly adjusted according to a specific condition, and may be, for example, one
minute, five minutes, or 10 minutes. The threshold may be preset by the system or randomly
adjusted according to a specific condition, and may be, for example, three times, five times, or 10
times. Assuming that the period of time is five minutes, the threshold of the quantity of co-
occurrences is three times, and the historical behavior of the user account in the source domain is
watching a short video, a quantity of co-occurrences between a plurality of short videos is
determined based on a behavior of watching the short video by the user account within five
minutes, and short videos that co-occur more than three times are connected to obtain the source-

domain co-occurrence network.

[00118] In some embodiments, sample source-domain content nodes in the source-domain
co-occurrence network are in one-to-one correspondence. For example, a sample source-domain

content node 2 corresponds to a sample source-domain content node 1.

[00119] In some embodiments, sample source-domain content nodes in the source-domain
co-occurrence network are in one-to-many correspondence. For example, a sample source-domain
content node 4 corresponds to a sample source-domain content node 3 and a sample source-domain

content node 5.
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[00120] Target-domain co-occurrence network 440:

[00121] The target-domain co-occurrence network is constructed based on historical
behaviors of the plurality of user accounts in a target domain. Sample target-domain contents that
historically interacted with the plurality of user accounts are determined based on the historical
behaviors of the plurality of user accounts in the target domain. For example, it is determined,
based on a historical behavior of clicking/tapping a short video by the user account to watch, that
the sample target-domain content that historically interacted with the user account is the watched
short video. Based on a quantity of co-occurrences between the sample target-domain contents in
the same user account in a third period of time, when the quantity of co-occurrences between the
sample target-domain contents is greater than a threshold, sample target-domain content nodes
corresponding to the sample target-domain contents are connected through a connecting edge to
obtain the target-domain co-occurrence network. The period of time may be preset by the system
or randomly adjusted according to a specific condition, and may be, for example, one minute, five
minutes, or 10 minutes. The threshold may be preset by the system or randomly adjusted according
to a specific condition, and may be, for example, three times, five times, or 10 times. Assuming
that the period of time is five minutes, the threshold of the quantity of co-occurrences is three
times, and the historical behavior of the user account in the target domain is watching a short video,
a quantity of co-occurrences between a plurality of short videos is determined based on a behavior
of watching the short video by the user account within five minutes, and short videos that co-occur

more than three times are connected to obtain the target-domain co-occurrence network.

[00122] In some embodiments, sample target-domain content nodes in the target-domain
co-occurrence network are in one-to-one correspondence. For example, a sample target-domain

content node 1 corresponds to a sample target-domain content node 2.

[00123] In some embodiments, sample target-domain content nodes in the target-domain
co-occurrence network are in one-to-many correspondence. For example, a sample target-domain
content node 5 corresponds to a sample target-domain content node 3 and a sample target-domain

content node 6.

[00124] First label bipartite graph between the sample source-domain content nodes

and the sample source-domain semantic labels:
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[00125] The first label bipartite graph between the sample source-domain content nodes and
the sample source-domain semantic labels is constructed through a semantic label system in the
source domain. The semantic label system is configured to perform semantic label modeling on a
user or content, to obtain a semantic label corresponding to the user or content. For example, for a
short video, a theme label, an author label, a keyword label, a character label, or the like
corresponding to the short-video content is obtained through the semantic label system. The sample
source-domain semantic label and the sample source-domain content node that are in
correspondence are connected through the connecting edge, to obtain the first label bipartite graph

between the sample source-domain content nodes and the sample source-domain semantic labels.

[00126] In some embodiments, the sample source-domain semantic label node and the
sample source-domain content node are in one-to-one correspondence. For example, a sample
source-domain semantic label node 1 corresponds to the sample source-domain content node 1,
and a sample source-domain semantic label node 3 corresponds to the sample source-domain

content node 3.

[00127] In some embodiments, the sample source-domain semantic label node and the
sample source-domain content node are in one-to-many correspondence. For example, a sample
source-domain semantic label node 5 corresponds to the sample source-domain content node 4 and

the sample source-domain content node 5.

[00128] In some embodiments, the sample source-domain semantic label node and the
sample source-domain content node are in many-to-one correspondence. For example, a sample
source-domain semantic label node 2 and a sample source-domain semantic label node 4
correspond to the sample source-domain content node 2, and a sample source-domain semantic
label node 5 and a sample source-domain semantic label node 6 correspond to the sample source-

domain content node 5.

[00129] Second label bipartite graph between the sample target-domain content nodes

and the sample target-domain semantic labels:

[00130] The second label bipartite graph between the sample target-domain content nodes
and the sample target-domain semantic labels is constructed through a semantic label system in

the target domain. The semantic label system is configured to perform semantic label modeling on
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a user or content, to obtain a semantic label corresponding to the user or content. For example, for
a short video, a theme label, an author label, a keyword label, a character label, or the like
corresponding to the short-video content is obtained through the semantic label system. The sample
target-domain semantic label and the sample target-domain content node that are in
correspondence are connected through the connecting edge, to obtain the second label bipartite
graph between the sample target-domain content nodes and the sample target-domain semantic

labels.

[00131] In some embodiments, the sample target-domain semantic label node and the
sample target-domain content node are in one-to-one correspondence. For example, a sample

target-domain semantic label node 2 corresponds to the sample target-domain content node 2.

[00132] In some embodiments, the sample target-domain semantic label node and the
sample target-domain content node are in one-to-many correspondence. For example, a sample
target-domain semantic label node 1 corresponds to the sample target-domain content node 1 and
the sample target-domain content node 3, and a sample target-domain semantic label node 5
corresponds to the sample target-domain content node 5 and the sample target-domain content

node 6.

[00133] In some embodiments, the sample target-domain semantic label node and the
sample target-domain content node are in many-to-one correspondence. For example, a sample
target-domain semantic label node 3 and a sample target-domain semantic label node 6 correspond
to a sample target-domain content node 4, and a sample target-domain semantic label node 4 and
a sample target-domain semantic label node 5 correspond to the sample target-domain content

node 5.

[00134] Node bipartite graph between the sample source-domain content nodes and

the sample target-domain content nodes:

[00135] The node bipartite graph between the sample source-domain content nodes and the
sample target-domain content nodes is constructed based on the historical behaviors of the plurality
of user accounts in the source domain and the target domain. The sample source-domain contents
that historically interacted with the plurality of user accounts are determined based on the historical

behaviors of the plurality of user accounts in the source domain. For example, it is determined,
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based on the historical behavior of clicking/tapping the short video by the user account to watch,
that the sample source-domain content that historically interacted with the user account is the
watched short video. The sample target-domain contents that historically interacted with the
plurality of user accounts are determined based on the historical behaviors of the plurality of user
accounts in the target domain. For example, it is determined, based on a historical behavior of
clicking/tapping a long video by the user account to watch, that the sample target-domain content
that historically interacted with the user account is the watched long video. A sample source-
domain content node corresponding to the sample source-domain content and a sample target-
domain content node corresponding to the sample target-domain content are connected through a
connecting edge based on a quantity of co-occurrences between the sample source-domain content
and the sample target-domain content in the same user account in a first period of time, to obtain
the node bipartite graph between the sample source-domain content nodes and the sample target-
domain content nodes. The period of time may be preset by the system or randomly adjusted
according to a specific condition, and may be, for example, one minute, five minutes, or 10
minutes. Assuming that the period of time is five minutes, the historical behavior of the user
account in the source domain is watching a short video, and the historical behavior of the user
account in the target domain is reading news, a node bipartite graph between a short video node
and a news node is constructed based on behaviors of watching the short video and reading the

news by the user account within five minutes.

[00136] In some embodiments, the sample source-domain content node and the sample
target-domain content node are in one-to-one correspondence. For example, the sample source-

domain content node 5 corresponds to the sample target-domain content node 6.

[00137] In some embodiments, the sample source-domain content node and the sample
target-domain content node are in one-to-many correspondence. For example, the sample source-
domain content node 1 corresponds to the sample target-domain content node 2 and the sample
target-domain content node 4, the sample source-domain content node 2 corresponds to the sample
target-domain content node 1 and the sample target-domain content node 3, and the sample source-
domain content node 4 corresponds to the sample target-domain content node 4 and the sample

target-domain content node 5.

27



[00138] In some embodiments, the sample source-domain content node and the sample
target-domain content node are in many-to-one correspondence. For example, the sample source-
domain content node 1, the sample source-domain content node 3, and the sample source-domain

content node 4 correspond to the sample target-domain content node 4.

[00139] The node bipartite graph includes a first sample source-domain content node and a
first sample target-domain content node between which a connecting edge exists. For example, the
sample source-domain content node 1 is used as the first sample source-domain content node, and
the sample target-domain content node 2 is used as the first sample target-domain content node. In
this case, a group of training samples is the sample source-domain content node 1, the sample
target-domain content node 2, the sample source-domain semantic label corresponding to the
sample source-domain content node 1 in the first label bipartite graph, and the sample target-
domain semantic label corresponding to the sample target-domain content node 2 in the second

label bipartite graph.

[00140] In some embodiments, when a second sample source-domain content node in a co-
occurrence relationship with the first sample source-domain content node exists in the source-
domain co-occurrence network, the training sample is generated by using the second sample
source-domain content node, the first sample target-domain content node, a sample source-domain
semantic label corresponding to the second sample source-domain content node in the first label
bipartite graph, and a sample target-domain semantic label corresponding to the first sample target-
domain content node in the second label bipartite graph. For example, the sample source-domain
content node 2 and the sample source-domain content node 3 in a co-occurrence relationship with
the sample source-domain content node 1 exist in the source-domain co-occurrence network 420.
In this case, a group of training samples is the sample source-domain content node 2, the sample
target-domain content node 2, the sample source-domain semantic label corresponding to the
sample source-domain content node 2 in the first label bipartite graph, and the sample target-
domain semantic label corresponding to the sample target-domain content node 2 in the second
label bipartite graph, and another group of training samples is the sample source-domain content
node 3, the sample target-domain content node 2, the sample source-domain semantic label

corresponding to the sample source-domain content node 3 in the first label bipartite graph, and
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the sample target-domain semantic label corresponding to the sample target-domain content node

2 in the second label bipartite graph.

[00141] In some embodiments, when a second sample target-domain content node in a co-
occurrence relationship with the first sample target-domain content node exists in the target-
domain co-occurrence network, the training sample is generated by using the second sample target-
domain content node, the first sample source-domain content node, a sample source-domain
semantic label corresponding to the first sample source-domain content node in the first label
bipartite graph, and a sample target-domain semantic label corresponding to the second sample
target-domain content node in the second label bipartite graph. For example, when the sample
target-domain content node 1 and the sample target-domain content node 3 in a co-occurrence
relationship with the sample target-domain content node 2 exist in the target-domain co-occurrence
network 440, a group of training samples is the sample source-domain content node 1, the sample
target-domain content node 1, the sample source-domain semantic label corresponding to the
sample source-domain content node 1 in the first label bipartite graph, and the sample target-
domain semantic label corresponding to the sample target-domain content node 1 in the second
label bipartite graph, and another group of training samples is the sample source-domain content
node 1, the sample target-domain content node 3, the sample source-domain semantic label
corresponding to the sample source-domain content node 1 in the first label bipartite graph, and
the sample target-domain semantic label corresponding to the sample target-domain content node

3 in the second label bipartite graph.

[00142] In some embodiments, when a second sample source-domain content node in a co-
occurrence relationship with the first sample source-domain content node exists in the source-
domain co-occurrence network and a second sample target-domain content node in a co-
occurrence relationship with the first sample target-domain content node exists in the target-
domain co-occurrence network, the training sample is generated by using the second sample
source-domain content node, the second sample target-domain content node, a sample source-
domain semantic label corresponding to the second sample source-domain content node in the first
label bipartite graph, and a sample target-domain semantic label corresponding to the second
sample target-domain content node in the second label bipartite graph. For example, the sample

source-domain content node 2 and the sample source-domain content node 3 in a co-occurrence
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relationship with the sample source-domain content node 1 exist in the source-domain co-
occurrence network 420, and the sample target-domain content node 1 and the sample target-
domain content node 3 in a co-occurrence relationship with the sample target-domain content node
2 exist in the target-domain co-occurrence network 440, a group of training samples is the sample
source-domain content node 2, the sample target-domain content node 1, the sample source-
domain semantic label corresponding to the sample source-domain content node 2 in the first label
bipartite graph, and the sample target-domain semantic label corresponding to the sample target-
domain content node 1 in the second label bipartite graph, another group of training samples is the
sample source-domain content node 2, the sample target-domain content node 3, the sample
source-domain semantic label corresponding to the sample source-domain content node 2 in the
first label bipartite graph, and the sample target-domain semantic label corresponding to the sample
target-domain content node 3 in the second label bipartite graph, still another group of training
samples is the sample source-domain content node 3, the sample target-domain content node 1,
the sample source-domain semantic label corresponding to the sample source-domain content node
3 in the first label bipartite graph, and the sample target-domain semantic label corresponding to
the sample target-domain content node 1 in the second label bipartite graph, and yet another group
of training samples is the sample source-domain content node 3, the sample target-domain content
node 3, the sample source-domain semantic label corresponding to the sample source-domain
content node 3 in the first label bipartite graph, and the sample target-domain semantic label

corresponding to the sample target-domain content node 3 in the second label bipartite graph.

[00143] In conclusion, according to the method provided in this embodiment, the source-
domain co-occurrence network and the target-domain co-occurrence network are constructed, so
that a semantic relationship and a content association in the source domain and the target domain
can be discovered. The first label bipartite graph between the sample source-domain content nodes
and the sample source-domain semantic labels and the second label bipartite graph between the
sample target-domain content nodes and the sample target-domain semantic labels are constructed,
so that a relationship between the sample source-domain content node and the sample source-
domain semantic label and a relationship between the sample target-domain content node and the
sample target-domain semantic label can be modeled. The node bipartite graph between the sample
source-domain content nodes and the sample target-domain content nodes is constructed, so that a
relationship between the sample source-domain content node and the sample target-domain
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content node is considered. In this way, more training sample data is obtained, so that the cross-
domain recommendation model can learn more data, to perform better content recommendation

by using the cross-domain recommendation model.

[00144] FIG. 16 is a schematic diagram of a cross-domain recommendation method
according to an exemplary embodiment of the present disclosure. The method is performed by a
computer device, and the computer device may be the terminal 120 or the server 140 shown in

FIG. 1. The method includes the following operations:
[00145] Operation 520: Obtain a historical behavior of a user account.

[00146] The server 140 obtains the historical behavior of the user account on the terminal
120 connected to the server 140 through a wireless network or a wired network. The historical
behavior includes at least one of clicking/tapping, touching, sliding, commenting, long pressing,
fingerprint recognition, and facial recognition performed by the user account. All operations
performed by a user on the terminal 120 by using the user account are considered as the historical

behavior of the user account.

[00147] Operation 540: Determine a source-domain content that historically interacted

with the user account.

[00148] The source-domain content that historically interacted with the user account is
determined based on the historical behavior of the user account. For example, it is determined,
based on a historical behavior of clicking/tapping a short video by the user account to watch, that
the sample source-domain content that historically interacted with the user account is the watched

short video.

[00149] Operation 560: Determine, based on a similarity between a source-domain content
vector and a target-domain content vector, a target-domain content corresponding to the source-

domain content.

[00150] The target-domain content corresponding to the source-domain content is
determined based on the similarity between the source-domain content vector and the target-
domain content vector. The similarity is calculated by using the foregoing cross-domain
recommendation model obtained through training. The source-domain content vector is a feature

vector of the source-domain content, the target-domain content vector is a feature vector of the
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target-domain content, the source-domain content vector is constructed based on the source-
domain content and a source-domain semantic label corresponding to the source-domain content
in a first label bipartite graph, and the target-domain content vector is constructed based on the
target-domain content and a target-domain semantic label corresponding to the target-domain
content in a second label bipartite graph. The first label bipartite graph is constructed based on the
source-domain content and the source-domain semantic label, and the second label bipartite graph

is constructed based on the target-domain content and the target-domain semantic label.

[00151] In some embodiments, the source-domain content and the target-domain content
may be contents in a same domain. For example, both the source-domain content and the target-

domain content are short-video contents or long-video contents.

[00152] In some embodiments, the source-domain content and the target-domain content
may be contents in different domains. For example, the source-domain content is a short-video
content, and the target-domain content is a long-video content; or the source-domain content is a

long-video content, and the target-domain content is a short-video content.
[00153] Operation 580: Recommend the target-domain content to the user account.

[00154] After the server 140 determines the target-domain content corresponding to the
source-domain content, the server 140 sends the target-domain content to the terminal 120, and
the terminal 120 displays the target-domain content, to recommend the target-domain content to
the user account based on the source-domain content corresponding to the historical behavior of

the user account on the terminal 120.

[00155] In conclusion, according to the method provided in this embodiment, the source-
domain content that historically interacted with the user account is determined by obtaining the
historical behavior of the user account. The target-domain content corresponding to the source-
domain content is determined based on the similarity between the source-domain content vector
corresponding to the source-domain content and the target-domain content vector corresponding
to the target-domain content, and is recommended to the user account. A preference and an interest
of the user account can be obtained by using historical behavior data of the user account, to
recommend the target-domain content more accurately. The target-domain content is obtained

based on the source-domain content, so that a problem that a target-domain content cannot be
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recommended or a recommended target-domain content has a low similarity due to user data

sparsity can be avoided.

[00156] FIG. 17 is a schematic diagram of a cross-domain recommendation method
according to an exemplary embodiment of the present disclosure. Operation 560 further includes

at least one of the following operations:
[00157] Operation 561: Obtain the source-domain content vector.

[00158] The source-domain content vector is constructed based on a first content vector and
a first semantic label vector. The first content vector is a content vector corresponding to the
source-domain content, and the first semantic label vector is a semantic label vector corresponding
to the source-domain semantic label corresponding to the source-domain content in the first label
bipartite graph. The source-domain content vector corresponding to the source-domain content is
obtained from the server based on the source-domain content corresponding to the historical

behavior of the user account.
[00159] Operation 562: Obtain a plurality of target-domain content vectors.

[00160] The target-domain content vector is constructed based on a second content vector
and a second semantic label vector. The second content vector is a content vector corresponding
to the target-domain content, and the second semantic label vector is a semantic label vector
corresponding to the target-domain semantic label corresponding to the target-domain content in
the second label bipartite graph. The target-domain content vector corresponding to the target-

domain content is obtained from the server.

[00161] Operation 563: Calculate a similarity between the source-domain content vector

and each target-domain content vector.

[00162] A plurality of similarities between the source-domain content vector of the source-
domain content corresponding to the historical behavior of the user account and the plurality of
target-domain content vectors are calculated. For example, the target-domain content vectors
include a target-domain content vector I, a target-domain content vector 2, and a target-domain
content vector 3. In this case, a similarity 1 between the source-domain content vector and the

target-domain content vector 1, a similarity 2 between the source-domain content vector and the
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target-domain content vector 2, and a similarity 3 between the source-domain content vector and

the target-domain content vector 3 are calculated.

[00163] Operation 564: Recall a target-domain content corresponding to a target-domain
content vector with a similarity exceeding a threshold or ranking in top n as the target-domain

content corresponding to the source-domain content.

[00164] The target-domain content corresponding to the target-domain content vector with
a similarity to the source-domain content vector exceeding the threshold or ranking in top n is
recalled by using a vector search tool, and the target-domain content vector is determined as the
target-domain content corresponding to the source-domain content. A value of n is a positive
integer, and may be preset by a system or randomly adjusted according to a specific condition. For
example, n is 1, 2, or 3. For example, n is 2. When the target-domain content vectors include the
target-domain content vector 1, the target-domain content vector 2, and the target-domain content
vector 3, there are the similarity 1 between the source-domain content vector and the target-domain
content vector 1, the similarity 2 between the source-domain content vector and the target-domain
content vector 2, and the similarity 3 between the source-domain content vector and the target-
domain content vector 3. If the similarity 1 is greater than the similarity 3, and the similarity 3 is
greater than the similarity 2, the target-domain content 1 and the target-domain content 3

corresponding to the source-domain content are recalled.

[00165] In conclusion, according to the method provided in this embodiment, the source-
domain content vector and the plurality of target-domain content vectors are obtained, the
similarity between the source-domain content vector and each target-domain content vector is
calculated, and the target-domain content corresponding to the target-domain content vector with
a similarity exceeding the threshold or ranking in top n is recalled as the target-domain content
corresponding to the source-domain content, so that the target-domain content related to the
source-domain content can be more accurately recommended. The target-domain content is
obtained based on the source-domain content, so that the problem that the target-domain content
cannot be recommended or the recommended target-domain content has a low similarity due to

the user data sparsity can be avoided.

[00166] In some embodiments, a cross-domain recommendation model runs on the server

140, and the cross-domain recommendation model includes a source-domain semantic tower and
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a target-domain semantic tower. As shown in FIG. 3, a cross-domain recommendation model 300
includes a source-domain semantic tower 320 and a target-domain semantic tower 340. The
source-domain semantic tower includes a source-domain node feature extraction network, a
source-domain label feature extraction network, a source-domain concatenation layer, and a
source-domain representation layer that are cascaded. As shown in FIG. 5, the source-domain
semantic tower 320 includes a source-domain node feature extraction network 321, a source-
domain label feature extraction network 322, a source-domain concatenation layer 323, and a
source-domain representation layer 324 that are cascaded. An input end of the source-domain node
feature extraction network 321 is connected to a source-domain content node, an output end of the
source-domain node feature extraction network 321 is connected to the source-domain
concatenation layer 323, an output end of the source-domain label feature extraction network 322
is connected to an input end of the source-domain concatenation layer 323, and an output end of
the source-domain concatenation layer 323 is connected to an input end of the source-domain

representation layer 324.

[00167] FIG. 18 is a schematic diagram of a cross-domain recommendation method
according to an exemplary embodiment of the present disclosure. Operation 561 further includes

at least one of the following operations:

[00168] Operation 5611: Perform feature extraction on the source-domain content through

the source-domain node feature extraction network to obtain the first content vector.

[00169] In some embodiments, the source-domain node feature extraction network includes
a source-domain node input layer, a source-domain node embedding layer, and a source-domain
node representation layer that are cascaded. As shown in FIG. 7, the source-domain node feature
extraction network 321 includes a source-domain node input layer 3211, a source-domain node
embedding layer 3212, and a source-domain node representation layer 3213 that are cascaded. An
input end of the source-domain node input layer 3211 is connected to the source-domain content
node, an output end of the source-domain node input layer 3211 is connected to an input end of
the source-domain node embedding layer 3212, an output end of the source-domain node
embedding layer 3212 is connected to an input end of the source-domain node representation layer
3213, and an output end of the source-domain node representation layer 3213 is connected to the

input end of the source-domain concatenation layer 323.
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[00170] A first content feature of the source-domain content node is inputted through the
source-domain node input layer. The first content feature at the source-domain node input layer is
outputted, and embedding representation is performed on the first content feature through the
source-domain node embedding layer, to obtain an embedded representation vector of a first
content. The embedded representation vector of the first content at the source-domain node
embedding layer is outputted, and the embedded representation vector of the first content is learned

through the source-domain node representation layer to obtain the first content vector.

[00171] Operation 5612: Perform feature extraction on the source-domain semantic label
through the source-domain label feature extraction network to obtain the first semantic label

vector.

[00172] In some embodiments, the source-domain label feature extraction network includes
a source-domain semantic label input layer, a source-domain embedded-representation encoder,
and a source-domain label representation layer that are cascaded. As shown in FIG. 8, the source-
domain label feature extraction network 322 includes a source-domain semantic label input layer
3221, a source-domain embedded-representation encoder 3222, and a source-domain label
representation layer 3223 that are cascaded. An input end of the source-domain semantic label
input layer 3221 is connected to the source-domain semantic label, an output end of the source-
domain semantic label input layer 3221 is connected to an input end of the source-domain
embedded-representation encoder 3222, an output end of the source-domain embedded-
representation encoder 3222 is connected to an input end of the source-domain label representation
layer 3223, and an output end of the source-domain label representation layer 3223 is connected

to the input end of the source-domain concatenation layer 323.

[00173] A first semantic feature of the source-domain semantic label is inputted through the
source-domain semantic label input layer. The first semantic feature at the source-domain semantic
label input layer is outputted, and embedding representation is performed on the first semantic
feature through the source-domain embedded-representation encoder to obtain an embedded
representation vector of a first semantic label. The embedded representation vector of the first
semantic label in the source-domain embedded-representation encoder is outputted, and the
embedded representation vector of the first semantic label is learned through the source-domain

label representation layer to obtain the first semantic label vector.
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[00174] Operation 5613: Concatenate the first content vector and the first semantic label
vector through the source-domain concatenation layer to obtain a source-domain concatenated

vector.

[00175] As shown in FIG. 9, the source-domain semantic tower 320 outputs the first content
vector through the source-domain node input layer 3211, the source-domain node embedding layer
3212, and the source-domain node representation layer 3213 that are cascaded, and outputs the
first semantic label vector through the source-domain semantic label input layer 3221, the source-
domain embedded-representation encoder 3222, and the source-domain label representation layer

3223 that are cascaded.

[00176] The first content vector and the first semantic label vector are inputted into the
source-domain concatenation layer 323, to perform vector concatenation on the first content vector

and the first semantic label vector to obtain the source-domain concatenated vector.

[00177] Operation 5614: Perform feature extraction on the source-domain concatenated

vector through the source-domain representation layer to obtain the source-domain content vector.

[00178] As shown in FIG. 9, the source-domain concatenated vector outputted by the
source-domain concatenation layer 323 is inputted into the source-domain representation layer 324
to obtain the source-domain content vector. The source-domain content vector is a complete feature
vector that is of the source-domain content and that includes the source-domain content node and

the source-domain semantic label corresponding to the source-domain content node.

[00179] In some embodiments, the target-domain semantic tower includes a target-domain
node feature extraction network, a target-domain label feature extraction network, a target-domain
concatenation layer, and a target-domain representation layer that are cascaded. As shown in FIG.
10, the target-domain semantic tower 340 includes a target-domain node feature extraction
network 341, a target-domain label feature extraction network 342, a target-domain concatenation
layer 343, and a target-domain representation layer 344 that are cascaded. An input end of the
target-domain node feature extraction network 341 is connected to a target-domain content node,
an output end of the target-domain node feature extraction network 341 is connected to the target-
domain concatenation layer 343, an output end of the target-domain label feature extraction

network 342 is connected to an input end of the target-domain concatenation layer 343, and an
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output end of the target-domain concatenation layer 343 is connected to an input end of the target-

domain representation layer 344.

[00180] FIG. 19 is a schematic diagram of a cross-domain recommendation method
according to an exemplary embodiment of the present disclosure. Operation 562 further includes

at least one of the following operations:

[00181] Operation 5621: Perform feature extraction on the target-domain content through

the target-domain node feature extraction network to obtain the second content vector.

[00182] In some embodiments, the target-domain node feature extraction network includes
a target-domain node input layer, a target-domain node embedding layer, and a target-domain node
representation layer that are cascaded. As shown in FIG. 12, the target-domain node feature
extraction network 341 includes a target-domain node input layer 3411, a target-domain node
embedding layer 3412, and a target-domain node representation layer 3413 that are cascaded. An
input end of the target-domain node input layer 3411 is connected to the target-domain content
node, an output end of the target-domain node input layer 3411 is connected to an input end of the
target-domain node embedding layer 3412, an output end of the target-domain node embedding
layer 3412 is connected to an input end of the target-domain node representation layer 3413, and
an output end of the target-domain node representation layer 3413 is connected to the input end of

the target-domain concatenation layer 343.

[00183] A second content feature of the target-domain content node is inputted through the
target-domain node input layer. The second content feature at the target-domain node input layer
is outputted, and embedding representation is performed on the second content feature through the
target-domain node embedding layer, to obtain an embedded representation vector of a second
content. The embedded representation vector of the second content at the target-domain node
embedding layer is outputted, and the embedded representation vector of the second content is

learned through the target-domain node representation layer to obtain the second content vector.

[00184] Operation 5622: Perform feature extraction on the target-domain semantic label
through the target-domain label feature extraction network to obtain the second semantic label

vector.

38



[00185] In some embodiments, the target-domain label feature extraction network includes
a target-domain semantic label input layer, a target-domain embedded-representation encoder, and
a target-domain label representation layer that are cascaded. As shown in FIG. 13, the target-
domain label feature extraction network 342 includes a target-domain semantic label input layer
3421, a target-domain embedded-representation encoder 3422, and a target-domain label
representation layer 3423 that are cascaded. An input end of the target-domain semantic label input
layer 3421 is connected to the target-domain semantic label, an output end of the target-domain
semantic label input layer 3421 is connected to an input end of the target-domain embedded-
representation encoder 3422, an output end of the target-domain embedded-representation encoder
3422 is connected to an input end of the target-domain label representation layer 3423, and an
output end of the target-domain label representation layer 3423 is connected to the input end of

the target-domain concatenation layer 343.

[00186] A second semantic feature of the target-domain semantic label is inputted through
the target-domain semantic label input layer. The second semantic feature at the target-domain
semantic label input layer is outputted, and embedding representation is performed on the second
semantic feature through the target-domain embedded-representation encoder to obtain an
embedded representation vector of a second semantic label. The embedded representation vector
of the second semantic label in the target-domain embedded-representation encoder is outputted,
and the embedded representation vector of the second semantic label is learned through the target-

domain label representation layer to obtain the second semantic label vector.

[00187] Operation 5623: Concatenate the second content vector and the second semantic
label vector through the target-domain concatenation layer to obtain a target-domain concatenated

vector.

[00188] As shown in FIG. 14, the target-domain semantic tower 340 outputs the second
content vector through the target-domain node input layer 3411, the target-domain node
embedding layer 3412, and the target-domain node representation layer 3413 that are cascaded,
and outputs the second semantic label vector through the target-domain semantic label input layer
3421, the target-domain embedded-representation encoder 3422, and the target-domain label

representation layer 3423 that are cascaded.
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[00189] The second content vector and the second semantic label vector are inputted into
the target-domain concatenation layer 343, to perform vector concatenation on the second content

vector and the second semantic label vector to obtain the target-domain concatenated vector.

[00190] Operation 5624: Perform feature extraction on the target-domain concatenated

vector through the target-domain representation layer to obtain the target-domain content vector.

[00191] As shown in FIG. 14, the target-domain concatenated vector outputted by the target-
domain concatenation layer 343 is inputted into the target-domain representation layer 344 to
obtain the target-domain content vector. The target-domain content vector is a complete feature
vector that is of the target-domain content and that includes the target-domain content node and

the target-domain semantic label corresponding to the target-domain content node.

[00192] In conclusion, according to the method provided in this embodiment, through the
source-domain semantic tower and the target-domain semantic tower, the first content vector and
the corresponding first semantic label vector are concatenated to obtain the source-domain content
vector including a complete feature of the source-domain content, and the second content vector
and the corresponding second semantic label vector are concatenated to obtain the target-domain
content vector including a complete feature of the target-domain content. A more complete feature
representation can be obtained, so that accuracy and robustness of a recommendation system are

improved.

[00193] In some embodiments, the source-domain node feature extraction network includes
the source-domain node input layer, the source-domain node embedding layer, and the source-
domain node representation layer that are cascaded. As shown in FIG. 7, the source-domain node
feature extraction network 321 includes the source-domain node input layer 3211, the source-
domain node embedding layer 3212, and the source-domain node representation layer 3213 that
are cascaded. The input end of the source-domain node input layer 3211 is connected to the source-
domain content node, the output end of the source-domain node input layer 3211 is connected to
the input end of the source-domain node embedding layer 3212, the output end of the source-
domain node embedding layer 3212 is connected to the input end of the source-domain node
representation layer 3213, and the output end of the source-domain node representation layer 3213

is connected to the input end of the source-domain concatenation layer 323.
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[00194] FIG. 20 is a schematic diagram of a cross-domain recommendation method
according to an exemplary embodiment of the present disclosure. Operation 5611 further includes

at least one of the following operations:

[00195] Operation 56111: Input a content feature of the source-domain content through the

source-domain node input layer.

[00196] The content feature of the source-domain content is used as an input of the source-
domain node input layer, and the content feature of the source-domain content includes a feature
corresponding to the source-domain content or a content attribute corresponding to the source-

domain content.

[00197] For example, assuming that the source-domain content is a specific movie, the
content feature of the source-domain content includes at least one of the field to which the movie
belongs, a theme of the movie, and duration of the movie. For example, the movie is an action
movie, or the movie is a literary movie. Assuming that the source-domain content is specific news,
the content feature of the source-domain content includes at least one of an associated object of
the news, the field to which the news belongs, and frequency at which the news appears. For

example, the news belongs to a financial category, or the news belongs to a life category.

[00198] Operation 56112: Perform embedding representation on the content feature of the
source-domain content through the source-domain node embedding layer to obtain an embedded

representation vector of the source-domain content.

[00199] The content feature of the source-domain content is inputted into the source-domain
node embedding layer through the source-domain node input layer, where the source-domain node
embedding layer is configured for performing embedding representation on an input object, to be
specific, generating a distributed representation of the input object through a neural network
model. A main function is to transform high-dimensional and sparse vectors of original objects
into low-dimensional and dense vectors, so that these low-dimensional and dense vectors can
express one or more features of the corresponding objects. In addition, a distance between different
vectors can reflect a similarity between objects. The embedding representation is performed on the
content feature of the source-domain content to obtain the embedded representation vector of the

source-domain content.
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[00200] Operation 56113: Learn the embedded representation vector of the source-domain

content through the source-domain node representation layer to obtain the first content vector.

[00201] The embedded representation vector of the source-domain content is inputted into
the source-domain node representation layer, where the source-domain node representation layer
is configured for learning an input object, and is usually implemented by using a plurality of fully
connected layers that are superimposed. The embedded representation vector of the source-domain

content is learned to obtain the first content vector.

[00202] FIG. 21 is a schematic diagram of a cross-domain recommendation method
according to an exemplary embodiment of the present disclosure. Operation 5612 further includes

at least one of the following operations:

[00203] Operation 56121: Input a semantic feature of the source-domain semantic label

through the source-domain semantic label input layer.

[00204] The semantic feature of the source-domain semantic label is used as an input of the
source-domain semantic label input layer, and includes a semantic label feature corresponding to

the source-domain content.

[00205] For example, assuming that the source-domain content is a specific movie, the
source-domain semantic label includes at least one of a name of the movie, a character name in
the movie, and a producer of the movie. Assuming that the source-domain content is specific news,
the source-domain semantic label includes at least one of a title of the news, a correspondent of

the news, and a keyword in the news.

[00206] Operation 56122: Perform embedding representation on the semantic feature of
the source-domain semantic label through the source-domain embedded-representation encoder to

obtain an embedded representation vector of the source-domain semantic label.

[00207] The semantic feature of the source-domain semantic label is inputted into the
source-domain embedded-representation encoder through the source-domain semantic label input
layer, and the source-domain embedded-representation encoder is configured to perform
embedding representation on an input object, to be specific, generate a distributed representation
of the input object through a neural network model. A main function is to transform high-

dimensional and sparse vectors of original objects into low-dimensional and dense vectors, so that
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these low-dimensional and dense vectors can express one or more features of the corresponding
objects. In addition, a distance between different vectors can reflect a similarity between objects.
The embedding representation is performed on the semantic feature of the source-domain semantic

label to obtain the embedded representation vector of the source-domain semantic label.

[00208] Operation 56123: Learn the embedded representation vector of the source-domain
semantic label through the source-domain label representation layer to obtain the first semantic

label vector.

[00209] The embedded representation vector of the source-domain semantic label is
inputted into the source-domain label representation layer, where the source-domain label
representation layer is configured for learning an input object, and is usually implemented by using
a plurality of fully connected layers that are superimposed. The embedded representation vector

of the source-domain semantic label is learned to obtain the first semantic label vector.

[00210] FIG. 22 is a schematic diagram of a cross-domain recommendation method
according to an exemplary embodiment of the present disclosure. Operation 5621 further includes

at least one of the following operations:

[00211] Operation 56211: Input a content feature of the target-domain content through the

target-domain node input layer.

[00212] The content feature of the target-domain content is used as an input of the target-
domain node input layer, and the content feature of the target-domain content includes a feature
corresponding to the target-domain content or a content attribute corresponding to the target-

domain content.

[00213] For example, assuming that the target-domain content is a specific movie, the
content feature of the target-domain content includes at least one of the field to which the movie
belongs, a theme of the movie, and duration of the movie. For example, the movie is an action
movie, or the movie is a literary movie. Assuming that the target-domain content is specific news,
the content feature of the target-domain content includes at least one of an associated object of the
news, the field to which the news belongs, and frequency at which the news appears. For example,

the news belongs to a financial category, or the news belongs to a life category.
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[00214] Operation 56212: Perform embedding representation on the content feature of the
target-domain content through the target-domain node embedding layer to obtain an embedded

representation vector of the target-domain content.

[00215] The content feature of the target-domain content is inputted into the target-domain
node embedding layer through the target-domain node input layer, where the target-domain node
embedding layer is configured for performing embedding representation on an input object, to be
specific, generating a distributed representation of the input object through a neural network
model. A main function is to transform high-dimensional and sparse vectors of original objects
into low-dimensional and dense vectors, so that these low-dimensional and dense vectors can
express one or more features of the corresponding objects. In addition, a distance between different
vectors can reflect a similarity between objects. The embedding representation is performed on the
content feature of the target-domain content to obtain the embedded representation vector of the

target-domain content.

[00216] Operation 56213: Learn the embedded representation vector of the target-domain

content through the target-domain node representation layer to obtain the second content vector.

[00217] The embedded representation vector of the target-domain content is inputted into
the target-domain node representation layer, where the target-domain node representation layer is
configured for learning an input object, and is usually implemented by using a plurality of fully
connected layers that are superimposed. The embedded representation vector of the target-domain

content is learned to obtain the second content vector.

[00218] FIG. 23 is a schematic diagram of a cross-domain recommendation method
according to an exemplary embodiment of the present disclosure. Operation 5622 further includes

at least one of the following operations:

[00219] Operation 56221: Input a semantic feature of the target-domain semantic label

through the target-domain semantic label input layer.

[00220] The semantic feature of the target-domain semantic label is used as an input of the
target-domain semantic label input layer, and includes a semantic label feature corresponding to

the target-domain content.

44



[00221] For example, assuming that the target-domain content is a specific movie, the
target-domain semantic label includes at least one of a name of the movie, a character name in the
movie, and a producer of the movie. Assuming that the target-domain content is specific news, the
target-domain semantic label includes at least one of a title of the news, a correspondent of the

news, and a keyword in the news.

[00222] Operation 56222: Perform embedding representation on the semantic feature of
the target-domain semantic label through the target-domain embedded-representation encoder to

obtain an embedded representation vector of the target-domain semantic label.

[00223] The semantic feature of the target-domain semantic label is inputted into the target-
domain embedded-representation encoder through the target-domain semantic label input layer,
and the target-domain embedded-representation encoder is configured to perform embedding
representation on an input object, to be specific, generate a distributed representation of the input
object through a neural network model. A main function is to transform high-dimensional and
sparse vectors of original objects into low-dimensional and dense vectors, so that these low-
dimensional and dense vectors can express one or more features of the corresponding objects. In
addition, a distance between different vectors can reflect a similarity between objects. The
embedding representation is performed on the semantic feature of the target-domain semantic label

to obtain the embedded representation vector of the target-domain semantic label.

[00224] Operation 56223: Learn the embedded representation vector of the target-domain
semantic label through the target-domain label representation layer to obtain the second semantic

label vector.

[00225] The embedded representation vector of the target-domain semantic label is inputted
into the target-domain label representation layer, where the target-domain label representation
layer is configured for learning an input object, and is usually implemented by using a plurality of
fully connected layers that are superimposed. The embedded representation vector of the target-

domain semantic label is learned to obtain the second semantic label vector.

[00226] In conclusion, according to the method provided in this embodiment, the feature
extraction is performed on the inputted content and the semantic label corresponding to the content

through the node input layer, the node embedding layer, the node representation layer, the semantic
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label input layer, the embedded-representation encoder, and the label representation layer, so that
a more comprehensive and accurate content vector and semantic label vector can be obtained, and
the model can fully learn the content feature of the source-domain content and the content feature
of the target-domain content. In this way, an association between the content and semantic
information of the content is better considered in a recommendation process, to implement better

recommendation.

[00227] The embodiments of the present disclosure provide a new graph neural network
model for cross-domain recommendation in which not only a topological relationship between
nodes in the graph but also semantic labels associated with the nodes are introduced to enhance
representation capabilities of the nodes. In addition, embedding representation capabilities of
nodes in a source domain and a target domain are centrally trained to overcome impact caused by
data sparsity in the source domain or the target domain. The embodiments of the present disclosure
can be widely applied to a recommendation service that is based on a historical behavior of a user
account, and is applicable to recommendation in a same domain, such as recommendation of a
long video from a long video and recommendation of news from news, and to recommendation
between different domains, such as recommendation of a short video from a long video,
recommendation of a long video from a short video, recommendation of a commodity from a

video, and recommendation of music from a video.

[00228] A main process of the present disclosure is as follows: A heterogeneous network
from a source-domain content to a target-domain content is constructed according to a historical
behavior of a user account. The heterogeneous network includes a co-occurrence network
constructed based on source-domain contents, a co-occurrence network constructed based on
target-domain contents, a label bipartite graph between a source-domain content node and a
semantic label corresponding to the source-domain content, a label bipartite graph between a
target-domain content node and a semantic label corresponding to the target-domain content, and
a node bipartite graph between the source-domain content node and the target-domain content

node.

[00229] Using a source-domain video co-occurrence network as an example of the source-
domain co-occurrence network, videos watched by each user in a source domain are sorted

according to watching time. Further, a video co-occurrence time window, for example, 10 minutes
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or 20 minutes, is preset, and it is assumed that all video contents watched by a same user in a same
time window have a given similarity. The co-occurrence network is constructed for video browsing
sequences of all users according to the time window. For videos of a same user within a same time
window, if there is no edge, the videos are connected through an edge; and if there is already an
edge, a weight on the edge is continuously accumulated. Then, a co-occurrence edge of all the
users and a quantity of co-occurrences of the edge are accumulated, to obtain an entire source-
domain video co-occurrence network. Finally, to filter out an edge between videos with low
correlation, a threshold of the co-occurrence weight is set, for example, to three times, so that the
source-domain video co-occurrence network is obtained. The target-domain co-occurrence
network can be constructed by using a same method as the source-domain co-occurrence network,
except that if a historical behavior of a user account in a target domain is sparse, a co-occurrence

threshold may be adjusted without being consistent with the threshold in the source domain.

[00230] After the source-domain co-occurrence network and the target-domain co-
occurrence network are constructed, an embedded representation of the node in the co-occurrence

network may be obtained by using a common embedding representation algorithm.

[00231] The label bipartite graph only requires to associate the source-domain content node
and the target-domain content node with existing semantic labels corresponding to the content
nodes in a recommendation system. An embedded representation of the semantic label may be
obtained by using a common word embedding method. The related method has been mentioned in
many documents about natural language processing (NLP) technologies, and details are not

described herein.

[00232] For the node bipartite graph, users who browse both the source-domain content and
the target-domain content are selected, and contents browsed by each user are sorted according to
time, to obtain a content sequence. The content sequence includes both the source-domain content
and the target-domain content. For two adjacent contents in the content sequence, if one belong to
the source domain and the other belongs to the target domain, the two cross-domain nodes are
connected through an edge, and a co-occurrence weight on the edge is accumulated. The bipartite
graph is subsequently used as a positive sample for training a cross-domain recommendation
model, and a negative sample for the cross-domain recommendation model is obtained through

random negative sampling.
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[00233] After the heterogeneous network is constructed, a graph neural network model from
the source domain to the target domain, namely, the cross-domain recommendation model
described in the embodiments of the present disclosure, is constructed in the present disclosure for
learning correlation between the source-domain content and the target-domain content, to finally
obtain embedded representations of the source-domain content node and the target-domain content

node.

[00234] A main structure of the cross-domain recommendation model includes a source-
domain semantic tower and a target-domain semantic tower, where structures of the source-domain
semantic tower and the target-domain semantic tower are the same. Therefore, the source-domain

semantic tower is introduced as an example.

[00235] A set of nodes and a set of semantic labels associated with the nodes are respectively
inputted through a node input layer and a semantic label input layer. Identified nodes and semantic
labels are inputted through the node input layer and the semantic label input layer, so that
embedded vectors can be obtained through a node embedding layer and an embedded-
representation encoder for related features. The node is mapped into a low-dimensional and dense
embedded representation through the node embedding layer to be provided to a subsequent deep
learning network. A text feature vector of the semantic label connected to the content node is
mapped into a low-dimensional and dense embedded representation through the embedded-
representation encoder to be provided to the subsequent deep learning network. The node
embedding layer and the embedded-representation encoder may be any type of recurrent neural
network (RNN), or may be superposition and combination of multiple layers. A node
representation layer and a semantic label representation layer are respectively configured for
learning the embedded representation vectors, of the node set and the semantic label set, inputted
by the node embedding layer and the embedded-representation encoder, and are usually
implemented by using a plurality of fully connected layers that are superimposed. A function of a
concatenation layer is to concatenate a semantic representation of a node and a graph embedded

representation of the node, to obtain a complete embedded representation of the node.

[00236] After the cross-domain recommendation model is completely trained, the
embedded representations of the source-domain content and the target-domain content may be

extracted through the source-domain semantic tower and the target-domain semantic tower
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respectively. Then, a target vector close to each content vector is recalled through a vector search

tool, to implement cross-domain recommendation.

[00237] The embodiments of the present disclosure have at least the following beneficial
effects:
[00238] The present disclosure provides a lightweight cross-domain recommendation

model. Embedded representations of content nodes in co-occurrence graphs of respective domains
and semantic labels associated with the nodes are introduced to enhance representation capabilities
of the corresponding nodes and improve accuracy of the cross-domain recommendation model. In
addition, an embedding representation capability of a target-domain node with sparse data is
trained by using a separate semantic tower, so that impact caused by a problem of data sparsity in
the target domain can be greatly overcome. The present disclosure does not require that the
semantic labels of the source-domain node and the target-domain node are in same feature space,
so that the present disclosure can be widely applied to cross-domain recommendation in which the

source domain and the target domain are different domains.

[00239] FIG. 24 is a block diagram of a cross-domain recommendation model training
apparatus according to an exemplary embodiment of the present disclosure. The apparatus

includes:

a construction module 2410, configured to construct a heterogeneous network, the
heterogeneous network including a node bipartite graph between sample source-domain content
nodes and sample target-domain content nodes, a first label bipartite graph between the sample
source-domain content nodes and sample source-domain semantic labels, and a second label
bipartite graph between the sample target-domain content node and sample target-domain semantic

labels;

a generation module 2420, configured to generate a training sample based on a
sample source-domain content node and a sample target-domain content node between which a
connecting edge exists in the node bipartite graph, a sample source-domain semantic label
corresponding to the sample source-domain content node in the first label bipartite graph, and a
sample target-domain semantic label corresponding to the sample target-domain content node in

the second label bipartite graph; and
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a training module 2430, configured to train a cross-domain recommendation model

based on the training sample.

[00240] The cross-domain recommendation model includes a source-domain semantic

tower, a target-domain semantic tower, and a matching layer.

[00241] The training module 2430 is further configured to: for any training sample, input
the sample source-domain content node and the sample source-domain semantic label
corresponding to the sample source-domain content node into the source-domain semantic tower

to obtain a sample source-domain content vector.

[00242] The training module 2430 is further configured to input the sample target-domain
content node and the sample target-domain semantic label corresponding to the sample target-
domain content node into the target-domain semantic tower to obtain a sample target-domain

content vector.

[00243] The training module 2430 is further configured to input the sample source-domain
content vector and the sample target-domain content vector into the matching layer to obtain a

predicted similarity.

[00244] The training module 2430 is further configured to calculate an error loss between

the predicted similarity and a real sample similarity.

[00245] The training module 2430 is further configured to train the cross-domain

recommendation model based on the error loss.

[00246] The source-domain semantic tower includes a source-domain node feature
extraction network, a source-domain label feature extraction network, a source-domain
concatenation layer, and a source-domain representation layer that are cascaded, and the target-
domain semantic tower includes a target-domain node feature extraction network, a target-domain
label feature extraction network, a target-domain concatenation layer, and a target-domain

representation layer that are cascaded.

[00247] The training module 2430 is further configured to input the sample source-domain
content node into the source-domain node feature extraction network to obtain a first sample

content vector.
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[00248] The training module 2430 is further configured to input the sample source-domain
semantic label into the source-domain label feature extraction network to obtain a first sample

semantic label vector.

[00249] The training module 2430 is further configured to input the first sample content
vector and the first sample semantic label vector into the source-domain concatenation layer to

obtain a sample source-domain concatenated vector.

[00250] The training module 2430 is further configured to input the sample source-domain
concatenated vector into the source-domain representation layer to obtain the sample source-

domain content vector.

[00251] The training module 2430 is further configured to: input the sample target-domain
content node into the target-domain node feature extraction network to obtain a second sample
content vector; and input the sample target-domain semantic label into the target-domain label

feature extraction network to obtain a second sample semantic label vector.

[00252] The training module 2430 is further configured to input the second sample content
vector and the second sample semantic label vector into the target-domain concatenation layer to

obtain a sample target-domain concatenated vector.

[00253] The training module 2430 is further configured to input the sample target-domain
concatenated vector into the target-domain representation layer to obtain the sample target-domain

content vector.

[00254] The generation module 2420 is further configured to determine the sample source-
domain content nodes and the corresponding sample source-domain semantic labels in the first

label bipartite graph as sample source-domain data.

[00255] The generation module 2420 is further configured to determine the sample target-
domain content node and the corresponding target-domain semantic label in the second label

bipartite graph as sample target-domain data.

[00256] The generation module 2420 is further configured to determine a real sample
similarity between the sample source-domain data and the sample target-domain data based on a

weight on the connecting edge, where the weight is determined based on a quantity of co-
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occurrences between the sample source-domain content node and the sample target-domain

content node in a period of time.

[00257] The generation module 2420 is further configured to determine the sample source-

domain data and the sample target-domain data as the training sample.

[00258] The heterogeneous network further includes a source-domain co-occurrence
network constructed based on sample source-domain content nodes in a co-occurrence relationship
and a target-domain co-occurrence network constructed based on sample target-domain content

nodes in a co-occurrence relationship.

[00259] The node bipartite graph includes a first sample source-domain content node and a

first sample target-domain content node between which a connecting edge exists.

[00260] The generation module 2420 is further configured to: when a second sample source-
domain content node in a co-occurrence relationship with the first sample source-domain content
node exists in the source-domain co-occurrence network, generate the training sample by using
the second sample source-domain content node, the first sample target-domain content node, a
sample source-domain semantic label corresponding to the second sample source-domain content
node in the first label bipartite graph, and a sample target-domain semantic label corresponding to

the first sample target-domain content node in the second label bipartite graph.

[00261] The generation module 2420 is further configured to: when a second sample target-
domain content node in a co-occurrence relationship with the first sample target-domain content
node exists in the target-domain co-occurrence network, generate the training sample by using the
first sample source-domain content node, the second sample target-domain content node, a sample
source-domain semantic label corresponding to the first sample source-domain content node in the
first label bipartite graph, and a sample target-domain semantic label corresponding to the second

sample target-domain content node in the second label bipartite graph.

[00262] The generation module 2420 is further configured to: when a second sample source-
domain content node in a co-occurrence relationship with the first sample source-domain content
node exists in the source-domain co-occurrence network and a second sample target-domain
content node in a co-occurrence relationship with the first sample target-domain content node

exists in the target-domain co-occurrence network, generate the training sample by using the
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second sample source-domain content node, the second sample target-domain content node, a
sample source-domain semantic label corresponding to the second sample source-domain content
node in the first label bipartite graph, and a sample target-domain semantic label corresponding to

the second sample target-domain content node in the second label bipartite graph.

[00263] The construction module 2410 is configured to construct the first label bipartite
graph between the sample source-domain content nodes and the sample source-domain semantic

labels through a semantic label system in a source domain.

[00264] The construction module 2410 is further configured to construct the second label
bipartite graph between the sample target-domain content nodes and the sample target-domain

semantic labels through a semantic label system in a target domain.

[00265] The construction module 2410 is further configured to construct the node bipartite
graph between the sample source-domain content nodes and the sample target-domain content
nodes based on historical behaviors of a plurality of user accounts in the source domain and the

target domain.

[00266] The construction module 2410 is further configured to obtain the sample source-

domain semantic label through the semantic label system in the source domain.

[00267] The construction module 2410 is further configured to connect the sample source-
domain semantic label and the sample source-domain content node that are in correspondence
through a connecting edge, to obtain the first label bipartite graph between the sample source-

domain content nodes and the sample source-domain semantic labels.

[00268] The construction module 2410 is further configured to obtain the sample target-

domain semantic label through the semantic label system in the target domain.

[00269] The construction module 2410 is further configured to connect, through a
connecting edge, the sample target-domain semantic label and the sample target-domain content
node that are in correspondence, to obtain the second label bipartite graph between the sample

target-domain content nodes and the sample target-domain semantic labels.

[00270] The construction module 2410 is further configured to determine, based on the
historical behaviors of the plurality of user accounts in the source domain, a sample source-domain
content that historically interacted with the plurality of user accounts.
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[00271] The construction module 2410 is further configured to determine, based on the
historical behaviors of the plurality of user accounts in the target domain, a sample target-domain

content that historically interacted with the plurality of user accounts.

[00272] The construction module 2410 is further configured to connect, through a
connecting edge based on a quantity of co-occurrences between the sample source-domain content
and the sample target-domain content in a same user account in a first period of time, a sample
source-domain content node corresponding to the sample source-domain content and a sample
target-domain content node corresponding to the sample target-domain content, to obtain the node
bipartite graph between the sample source-domain content nodes and the sample target-domain

content nodes.

[00273] The construction module 2410 is further configured to construct a source-domain
co-occurrence network based on the historical behaviors of the plurality of user accounts in the

source domain.

[00274] The construction module 2410 is further configured to construct a target-domain
co-occurrence network based on the historical behaviors of the plurality of user accounts in the

target domain.

[00275] The construction module 2410 is further configured to determine, based on the
historical behaviors of the plurality of user accounts in the source domain, sample source-domain

contents that historically interacted with the plurality of user accounts.

[00276] The construction module 2410 is further configured to connect, through a
connecting edge based on a quantity of co-occurrences between sample source-domain contents
in a same user account in a second period of time, sample source-domain content nodes
corresponding to the sample source-domain contents, to obtain the source-domain co-occurrence

network.

[00277] The construction module 2410 is further configured to determine, based on the
historical behaviors of the plurality of user accounts in the target domain, sample target-domain

contents that historically interacted with the plurality of user accounts.

[00278] The construction module 2410 is further configured to connect, through a

connecting edge based on a quantity of co-occurrences between sample target-domain contents in
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a same user account in a third period of time, sample target-domain content nodes corresponding

to the sample target-domain contents, to obtain the target-domain co-occurrence network.

[00279] FIG. 25 is a block diagram of a cross-domain recommendation apparatus according

to an exemplary embodiment of the present disclosure. The apparatus includes:

an obtaining module 2510, configured to obtain a historical behavior of a user

account;

a determining module 2520, configured to determine, based on the historical
behavior of the user account, a source-domain content that historically interacted with the user

account,

the determining module 2520 being further configured to determine, based on a
similarity between a source-domain content vector and a target-domain content vector, a target-

domain content corresponding to the source-domain content; and

a recommendation module 2530, configured to recommend the target-domain

content to the user account.

[00280] The source-domain content vector is a feature vector of the source-domain content,
the target-domain content vector is a feature vector of the target-domain content, the source-
domain content vector is constructed based on the source-domain content and a source-domain
semantic label corresponding to the source-domain content in a first label bipartite graph, the
target-domain content vector is constructed based on the target-domain content and a target-
domain semantic label corresponding to the target-domain content in a second label bipartite graph,
the first label bipartite graph is constructed based on the source-domain content and the source-
domain semantic label, and the second label bipartite graph is constructed based on the target-

domain content and the target-domain semantic label.

[00281] The determining module 2520 is further configured to obtain the source-domain
content vector, where the source-domain content vector is constructed based on a first content
vector and a first semantic label vector, the first content vector is a content vector corresponding
to the source-domain content, and the first semantic label vector is a semantic label vector
corresponding to the source-domain semantic label corresponding to the source-domain content in

the first label bipartite graph.
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[00282] The determining module 2520 is further configured to obtain a plurality of target-
domain content vectors, where the target-domain content vector is constructed based on a second
content vector and a second semantic label vector, the second content vector is a content vector
corresponding to the target-domain content, and the second semantic label vector is a semantic
label vector corresponding to the target-domain semantic label corresponding to the target-domain

content in the second label bipartite graph.

[00283] The determining module 2520 is further configured to calculate a similarity

between the source-domain content vector and each target-domain content vector.

[00284] The determining module 2520 is further configured to recall a target-domain
content corresponding to a target content vector with a similarity exceeding a threshold or ranking
in top n as the target-domain content corresponding to the source-domain content. A value of n is

a positive integer.

[00285] A cross-domain recommendation model runs on a server, and the cross-domain
recommendation model includes a source-domain semantic tower and a target-domain semantic
tower. The source-domain semantic tower includes a source-domain node feature extraction
network, a source-domain label feature extraction network, a source-domain concatenation layer,
and a source-domain representation layer, and the target-domain semantic tower includes a target-
domain node feature extraction network, a target-domain label feature extraction network, a target-

domain concatenation layer, and a target-domain representation layer.

[00286] The determining module 2520 is further configured to perform feature extraction
on the source-domain content through the source-domain node feature extraction network to obtain

the first content vector.

[00287] The determining module 2520 is further configured to perform feature extraction
on the source-domain semantic label through the source-domain label feature extraction network

to obtain the first semantic label vector.

[00288] The determining module 2520 is further configured to concatenate the first content
vector and the first semantic label vector through the source-domain concatenation layer to obtain

a source-domain concatenated vector.

56



[00289] The determining module 2520 is further configured to perform feature extraction
on the source-domain concatenated vector through the source-domain representation layer to

obtain the source-domain content vector.

[00290] The determining module 2520 is further configured to: perform feature extraction
on the target-domain content through the target-domain node feature extraction network to obtain
the second content vector; and perform feature extraction on the target-domain semantic label
through the target-domain label feature extraction network to obtain the second semantic label

vector.

[00291] The determining module 2520 is further configured to concatenate the second
content vector and the second semantic label vector through the target-domain concatenation layer

to obtain a target-domain concatenated vector.

[00292] The determining module 2520 is further configured to perform feature extraction
on the target-domain concatenated vector through the target-domain representation layer to obtain

the target-domain content vector.

[00293] The source-domain node feature extraction network includes a source-domain node
input layer, a source-domain node embedding layer, and a source-domain node representation layer
that are cascaded, and the source-domain label feature extraction network includes a source-
domain semantic label input layer, a source-domain embedded-representation encoder, and a

source-domain label representation layer that are cascaded.

[00294] The determining module 2520 is further configured to input a content feature of the

source-domain content through the source-domain node input layer.

[00295] The determining module 2520 is further configured to perform embedding
representation on the content feature of the source-domain content through the source-domain

node embedding layer to obtain an embedded representation vector of the source-domain content.

[00296] The determining module 2520 is further configured to learn the embedded
representation vector of the source-domain content through the source-domain node representation

layer to obtain the first content vector.

[00297] The determining module 2520 is further configured to input a semantic feature of
the source-domain semantic label through the source-domain semantic label input layer.
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[00298] The determining module 2520 is further configured to perform embedding
representation on the semantic feature of the source-domain semantic label through the source-
domain embedded-representation encoder to obtain an embedded representation vector of the

source-domain semantic label.

[00299] The determining module 2520 is further configured to learn the embedded
representation vector of the source-domain semantic label through the source-domain label

representation layer to obtain the first semantic label vector.

[00300] The target-domain node feature extraction network includes a target-domain node
input layer, a target-domain node embedding layer, and a target-domain node representation layer
that are cascaded, and the target-domain label feature extraction network includes a target-domain
semantic label input layer, a target-domain embedded-representation encoder, and a target-domain

label representation layer that are cascaded.

[00301] The determining module 2520 is further configured to input a content feature of the

target-domain content through the target-domain node input layer.

[00302] The determining module 2520 is further configured to perform embedding
representation on the content feature of the target-domain content through the target-domain node

embedding layer to obtain an embedded representation vector of the target-domain content.

[00303] The determining module 2520 is further configured to learn the embedded
representation vector of the target-domain content through the target-domain node representation

layer to obtain the second content vector.

[00304] The determining module 2520 is further configured to input a semantic feature of

the target-domain semantic label through the target-domain semantic label input layer.

[00305] The determining module 2520 is further configured to perform embedding
representation on the semantic feature of the target-domain semantic label through the target-
domain embedded-representation encoder to obtain an embedded representation vector of the

target-domain semantic label.

[00306] The determining module 2520 is further configured to learn the embedded
representation vector of the target-domain semantic label through the target-domain label
representation layer to obtain the second semantic label vector.
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[00307] FIG. 26 is a schematic diagram of a structure of a computer device according to an
exemplary embodiment of the present disclosure. The computer device may be a terminal or a
server. For example, the computer device 2600 includes a central processing unit (CPU) 2601, a
system memory 2604 including a random access memory (RAM) 2602 and a read-only memory
(ROM) 2603, and a system bus 2605 connecting the system memory 2604 and the CPU 2601. The
computer device 2600 further includes a basic input/output (I/O) system 2606 assisting in
information transmission between components in the computer and a mass storage device 2607

configured to store an operating system 2613, a client 2614, and another program module 2615.

[00308] In some embodiments, the basic 1/O system 2606 includes a display 2608
configured to display information and an input device 2609, for example, a mouse and a keyboard,
configured to input information by a user. The display 2608 and the input device 2609 are both
connected to the CPU 2601 through an 1/O controller 2610 connected to the system bus 2605. The
basic I/O system 2606 may further include the I/O controller 2610 configured to receive and
process inputs from a plurality of other devices such as a keyboard, a mouse, or an electronic
stylus. Similarly, the input/output controller 2610 further provides an output to a display screen, a

printer, or another type of output device.

[00309] The mass storage device 2607 is connected to the CPU 2601 through a mass storage
controller (not shown) connected to the system bus 2605. The mass storage device 2607 and a
computer-readable medium associated with the mass storage device provide non-volatile storage
for the computer device 2600. In other words, the mass storage device 2607 may include a
computer-readable medium (not shown) such as a hard disk or a compact disc read-only memory
(CD-ROM) drive.

[00310] The computer-readable medium may include a computer storage medium and a
communication medium. The computer storage medium includes volatile and non-volatile media
and removable and non-removable media implemented by using any method or technology for
storing information such as computer-readable instructions, data structures, program modules, or
other data. The computer storage medium includes a RAM, a ROM, an erasable programmable
ROM (EPROM), an electrically erasable programmable ROM (EEPROM), a flash memory or
another solid-state memory technology, a CD-ROM, a digital versatile disc (DVD) or another

optical memory, a tape cartridge, a magnetic cassette, a magnetic disk memory, or another
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magnetic storage device. Certainly, a person skilled in the art may learn that the computer storage
medium is not limited to the foregoing several types. The system memory 2604 and the mass

storage device 2607 may be collectively referred to as a memory.

[00311] According to the embodiments of the present disclosure, the computer device 2600
may further be connected, through a network such as the Internet, to a remote computer on the
network to run. That is, the computer device 2600 may be connected to a network 2617 through a
network interface unit 2616 connected to the system bus 2605, or may be connected to another

type of network or a remote computer system (not shown) through the network interface unit 2616.

[00312] An exemplary embodiment of the present disclosure further provides a computer-
readable storage medium. The computer-readable storage medium has at least one program stored
therein, and the at least one program is loaded and executed by a processor to implement the cross-
domain recommendation model training method and the cross-domain recommendation method

provided in the foregoing method embodiments.

[00313] An exemplary embodiment of the present disclosure further provides a computer
program product. The computer program product includes at least one program, and the at least
one program is stored in a readable storage medium. A processor of a communication device reads
signaling from the readable storage medium, and the processor executes the signaling to cause the
communication device to implement the cross-domain recommendation model training method

and the cross-domain recommendation method provided in the foregoing method embodiments.

[00314] "Plurality of" mentioned in this specification means two or more. After considering
this specification and practicing the present disclosure, a person skilled in the art may easily
conceive of other implementations of the present disclosure. The present disclosure is intended to
cover any variations, uses, or adaptive changes of the present disclosure. These variations, uses,
or adaptive changes follow the general principles of the present disclosure and include common
general knowledge or common technical means in the art, which are not disclosed in the present
disclosure. This specification and the embodiments are considered to be merely exemplary, and

the scope and spirit of the present disclosure are pointed out in the following claims.

[00315] A person of ordinary skill in the art may understand that all or some of the

operations of the foregoing embodiments may be implemented by hardware, or may be
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implemented by a program instructing relevant hardware. The program may be stored in a
computer-readable storage medium. The storage medium may be a read-only memory, a magnetic

disk, an optical disc, or the like.

[00316] The foregoing descriptions are merely exemplary embodiments of the present
disclosure, but are not intended to limit the present disclosure. Any modification, equivalent
replacement, or improvement made within the spirit and principle of the present disclosure shall

fall within the protection scope of the present disclosure.
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CLAIMS

What is claimed is:

1. A cross-domain recommendation model training method, the method comprising:

constructing a heterogeneous network, the heterogeneous network comprising a node
bipartite graph between sample source-domain content nodes and sample target-domain content
nodes, a first label bipartite graph between the sample source-domain content nodes and sample
source-domain semantic labels, and a second label bipartite graph between the sample target-

domain content nodes and sample target-domain semantic labels;

generating a plurality of training samples, a training sample being generated based on a
sample source-domain content node and a sample target-domain content node between which a
connecting edge exists in the node bipartite graph, a sample source-domain semantic label
corresponding to the sample source-domain content node in the first label bipartite graph, and a
sample target-domain semantic label corresponding to the sample target-domain content node in

the second label bipartite graph; and
training a cross-domain recommendation model based on the plurality of training samples.

2. The method according to claim 1, wherein the cross-domain recommendation model
comprises a source-domain semantic tower, a target-domain semantic tower, and a matching layer;

and
the training a cross-domain recommendation model based on the training sample comprises:

for a training sample, inputting the sample source-domain content node and the sample
source-domain semantic label corresponding to the sample source-domain content node into the
source-domain semantic tower to obtain a sample source-domain content vector; and inputting the
sample target-domain content node and the sample target-domain semantic label corresponding to
the sample target-domain content node into the target-domain semantic tower to obtain a sample

target-domain content vector;

inputting the sample source-domain content vector and the sample target-domain content

vector into the matching layer to obtain a predicted similarity;

calculating an error loss between the predicted similarity and a real sample similarity; and
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training the cross-domain recommendation model based on the error loss.

3. The method according to claim 2, wherein the source-domain semantic tower comprises a
source-domain node feature extraction network, a source-domain label feature extraction network,
a source-domain concatenation layer, and a source-domain representation layer that are cascaded,
and the target-domain semantic tower comprises a target-domain node feature extraction network,
a target-domain label feature extraction network, a target-domain concatenation layer, and a target-

domain representation layer that are cascaded;

the inputting the sample source-domain content node and the sample source-domain semantic
label corresponding to the sample source-domain content node into the source-domain semantic

tower to obtain a sample source-domain content vector comprises:

inputting the sample source-domain content node into the source-domain node feature
extraction network to obtain a first sample content vector; and inputting the sample source-domain
semantic label into the source-domain label feature extraction network to obtain a first sample

semantic label vector;

inputting the first sample content vector and the first sample semantic label vector into the

source-domain concatenation layer to obtain a sample source-domain concatenated vector; and

inputting the sample source-domain concatenated vector into the source-domain

representation layer to obtain the sample source-domain content vector; and

the inputting the sample target-domain content node and the sample target-domain semantic
label corresponding to the sample target-domain content node into the target-domain semantic

tower to obtain a sample target-domain content vector comprises:

inputting the sample target-domain content node into the target-domain node feature
extraction network to obtain a second sample content vector; and inputting the sample target-
domain semantic label into the target-domain label feature extraction network to obtain a second

sample semantic label vector;

inputting the second sample content vector and the second sample semantic label vector into

the target-domain concatenation layer to obtain a sample target-domain concatenated vector; and

inputting the sample target-domain concatenated vector into the target-domain representation
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layer to obtain the sample target-domain content vector.

4. The method according to any one of claims 1 to 3, wherein the generating a training sample
based on a sample source-domain content node and a sample target-domain content node between
which a connecting edge exists in the node bipartite graph, a sample source-domain semantic label
corresponding to the sample source-domain content node in the first label bipartite graph, and a
sample target-domain semantic label corresponding to the sample target-domain content node in

the second label bipartite graph comprises:

determining the sample source-domain content nodes and the corresponding sample source-
domain semantic labels in the first label bipartite graph as sample source-domain data; and
determining the sample target-domain content nodes and the corresponding sample target-domain

semantic labels in the second label bipartite graph as sample target-domain data;

determining a real sample similarity between the sample source-domain data and the sample
target-domain data based on a weight on the connecting edge, wherein the weight is determined
based on a quantity of co-occurrences between the sample source-domain content node and the

sample target-domain content node in a period of time; and

determining the sample source-domain data, the sample target-domain data, and the real

sample similarity as the training sample.

5. The method according to any one of claims 1 to 3, wherein the heterogeneous network
further comprises: a source-domain co-occurrence network constructed based on sample source-
domain content nodes in a co-occurrence relationship and a target-domain co-occurrence network

constructed based on sample target-domain content nodes in a co-occurrence relationship; and

the node bipartite graph comprises a first sample source-domain content node and a first
sample target-domain content node between which a connecting edge exists, and the method

further comprises:

when a second sample source-domain content node in a co-occurrence relationship with the
first sample source-domain content node exists in the source-domain co-occurrence network,
generating a training sample by using the second sample source-domain content node, the first
sample target-domain content node, a sample source-domain semantic label corresponding to the

second sample source-domain content node in the first label bipartite graph, and a sample target-

64



domain semantic label corresponding to the first sample target-domain content node in the second

label bipartite graph;

when a second sample target-domain content node in a co-occurrence relationship with the
first sample target-domain content node exists in the target-domain co-occurrence network,
generating a training sample by using the first sample source-domain content node, the second
sample target-domain content node, a sample source-domain semantic label corresponding to the
first sample source-domain content node in the first label bipartite graph, and a sample target-
domain semantic label corresponding to the second sample target-domain content node in the

second label bipartite graph; or

when a second sample source-domain content node in a co-occurrence relationship with the
first sample source-domain content node exists in the source-domain co-occurrence network, and
a second sample target-domain content node in a co-occurrence relationship with the first sample
target-domain content node exists in the target-domain co-occurrence network, generating a
training sample by using the second sample source-domain content node, the second sample target-
domain content node, a sample source-domain semantic label corresponding to the second sample
source-domain content node in the first label bipartite graph, and a sample target-domain semantic
label corresponding to the second sample target-domain content node in the second label bipartite

graph.
6. The method according to any one of claims 1 to 3, further comprising:

constructing the first label bipartite graph between the sample source-domain content nodes

and the sample source-domain semantic labels through a semantic label system in a source domain;

constructing the second label bipartite graph between the sample target-domain content nodes
and the sample target-domain semantic labels through a semantic label system in a target domain;

and

constructing the node bipartite graph between the sample source-domain content nodes and
the sample target-domain content nodes based on historical behaviors of a plurality of user

accounts in the source domain and the target domain.

7. The method according to claim 6, wherein the constructing the first label bipartite graph

between the sample source-domain content nodes and the sample source-domain semantic labels
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through a semantic label system in a source domain comprises:

obtaining the sample source-domain semantic label through the semantic label system in the

source domain; and

connecting, through a connecting edge, the sample source-domain semantic label and the
sample source-domain content node that are in correspondence, to obtain the first label bipartite
graph between the sample source-domain content nodes and the sample source-domain semantic
labels.

8. The method according to claim 6, wherein the constructing the second label bipartite graph
between the sample target-domain content nodes and the sample target-domain semantic labels

through a semantic label system in a target domain comprises:

obtaining the sample target-domain semantic label through the semantic label system in the

target domain; and

connecting, through a connecting edge, the sample target-domain semantic label and the
sample target-domain content node that are in correspondence, to obtain the second label bipartite
graph between the sample target-domain content nodes and the sample target-domain semantic

labels.

9. The method according to claim 6, wherein the constructing the node bipartite graph
between the sample source-domain content nodes and the sample target-domain content nodes
based on historical behaviors of a plurality of user accounts in the source domain and the target

domain comprises:

determining, based on the historical behaviors of the plurality of user accounts in the source
domain, a sample source-domain content that historically interacted with the plurality of user

accounts;

determining, based on the historical behaviors of the plurality of user accounts in the target
domain, a sample target-domain content that historically interacted with the plurality of user

accounts; and

connecting, through a connecting edge based on a quantity of co-occurrences between the

sample source-domain content and the sample target-domain content in a same user account in a
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first period of time, a sample source-domain content node corresponding to the sample source-
domain content and a sample target-domain content node corresponding to the sample target-
domain content, to obtain the node bipartite graph between the sample source-domain content

nodes and the sample target-domain content nodes.
10. The method according to claim 6, further comprising:

constructing a source-domain co-occurrence network based on the historical behaviors of the

plurality of user accounts in the source domain; and

constructing a target-domain co-occurrence network based on the historical behaviors of the

plurality of user accounts in the target domain.
1. A cross-domain recommendation method, the method comprising:
obtaining a historical behavior of a user account;

determining, based on the historical behavior of the user account, a source-domain content

that historically interacted with the user account;

determining, based on a similarity between a source-domain content vector and a target-

domain content vector, a target-domain content corresponding to the source-domain content; and
recommending the target-domain content to the user account,

the source-domain content vector being a feature vector of the source-domain content, the
target-domain content vector being a feature vector of the target-domain content, the source-
domain content vector being constructed based on the source-domain content and a source-domain
semantic label corresponding to the source-domain content in a first label bipartite graph, the
target-domain content vector being constructed based on the target-domain content and a target-
domain semantic label corresponding to the target-domain content in a second label bipartite graph,
the first label bipartite graph being constructed based on source-domain contents and source-
domain semantic labels, and the second label bipartite graph being constructed based on target-

domain contents and target-domain semantic labels.

12. The method according to claim 11, wherein the determining, based on a similarity between
a source-domain content vector and a target-domain content vector, a target-domain content

corresponding to the source-domain content comprises:

67



obtaining the source-domain content vector, wherein the source-domain content vector is
constructed based on a first content vector and a first semantic label vector, the first content vector
is a content vector corresponding to the source-domain content, and the first semantic label vector
is a semantic label vector corresponding to the source-domain semantic label corresponding to the

source-domain content in the first label bipartite graph;

obtaining a plurality of target-domain content vectors, wherein the target-domain content
vector is constructed based on a second content vector and a second semantic label vector, the
second content vector is a content vector corresponding to the target-domain content, and the
second semantic label vector is a semantic label vector corresponding to the target-domain

semantic label corresponding to the target-domain content in the second label bipartite graph;

calculating a similarity between the source-domain content vector and each target-domain

content vector; and

recalling a target-domain content corresponding to a target-domain content vector with a
similarity exceeding a threshold or ranking in top n as the target-domain content corresponding to

the source-domain content, wherein
a value of n is a positive integer.

13. The method according to claim 12, wherein a cross-domain recommendation model runs
on a server, and the cross-domain recommendation model comprises a source-domain semantic
tower and a target-domain semantic tower; and the source-domain semantic tower comprises a
source-domain node feature extraction network, a source-domain label feature extraction network,
a source-domain concatenation layer, and a source-domain representation layer, and the target-
domain semantic tower comprises a target-domain node feature extraction network, a target-
domain label feature extraction network, a target-domain concatenation layer and a target-domain

representation layer;
the obtaining the source-domain content vector comprises:

performing feature extraction on the source-domain content through the source-domain node
feature extraction network to obtain the first content vector; and performing feature extraction on
the source-domain semantic label through the source-domain label feature extraction network to

obtain the first semantic label vector;
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concatenating the first content vector and the first semantic label vector through the source-

domain concatenation layer to obtain a source-domain concatenated vector; and

performing feature extraction on the source-domain concatenated vector through the source-

domain representation layer to obtain the source-domain content vector; and

the obtaining the plurality of target-domain content vector comprises, for one target-domain

content vector:

performing feature extraction on the target-domain content through the target-domain node
feature extraction network to obtain the second content vector; and performing feature extraction
on the target-domain semantic label through the target-domain label feature extraction network to

obtain the second semantic label vector;

concatenating the second content vector and the second semantic label vector through the

target-domain concatenation layer to obtain a target-domain concatenated vector; and

performing feature extraction on the target-domain concatenated vector through the target-

domain representation layer to obtain the target-domain content vector.

14. The method according to claim 13, wherein the source-domain node feature extraction
network comprises a source-domain node input layer, a source-domain node embedding layer, and
a source-domain node representation layer that are cascaded, and the source-domain label feature
extraction network comprises a source-domain semantic label input layer, a source-domain
embedded-representation encoder, and a source-domain label representation layer that are

cascaded;

the performing feature extraction on the source-domain content through the source-domain

node feature extraction network to obtain the first content vector comprises:

inputting a content feature of the source-domain content through the source-domain node

input layer;

performing embedding representation on the content feature of the source-domain
content through the source-domain node embedding layer to obtain an embedded

representation vector of the source-domain content; and

learning the embedded representation vector of the source-domain content through the
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source-domain node representation layer to obtain the first content vector; and

the performing feature extraction on the source-domain semantic label through the source-

domain label feature extraction network to obtain the first semantic label vector comprises:

inputting a semantic feature of the source-domain semantic label through the source-

domain semantic label input layer;

performing embedding representation on the semantic feature of the source-domain
semantic label through the source-domain embedded-representation encoder to obtain an

embedded representation vector of the source-domain semantic label; and

learning the embedded representation vector of the source-domain semantic label

through the source-domain label representation layer to obtain the first semantic label vector.

15. The method according to claim 13, wherein the target-domain node feature extraction
network comprises a target-domain node input layer, a target-domain node embedding layer, and
a target-domain node representation layer that are cascaded, and the target-domain label feature
extraction network comprises a target-domain semantic label input layer, a target-domain

embedded-representation encoder, and a target-domain label representation layer that are cascaded;

the performing feature extraction on the target-domain content through the target-domain

node feature extraction network to obtain the second content vector comprises:

inputting a content feature of the target-domain content through the target-domain node

input layer;

performing embedding representation on the content feature of the target-domain content
through the target-domain node embedding layer to obtain an embedded representation vector

of the target-domain content; and

learning the embedded representation vector of the target-domain content through the

target-domain node representation layer to obtain the second content vector; and

the performing feature extraction on the target-domain semantic label through the target-

domain label feature extraction network to obtain the second semantic label vector comprises:

inputting a semantic feature of the target-domain semantic label through the target-

domain semantic label input layer;
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performing embedding representation on the semantic feature of the target-domain
semantic label through the target-domain embedded-representation encoder to obtain an

embedded representation vector of the target-domain semantic label; and

learning the embedded representation vector of the target-domain semantic label through

the target-domain label representation layer to obtain the second semantic label vector.
16. A cross-domain recommendation model training apparatus, the apparatus comprising:

a construction module, configured to construct a heterogeneous network, the heterogeneous
network comprising a node bipartite graph between a sample source-domain content node and a
sample target-domain content node, a first label bipartite graph between the sample source-domain
content node and a sample source-domain semantic label, and a second label bipartite graph

between the sample target-domain content node and a sample target-domain semantic label;

a generation module, configured to generate a training sample based on a sample source-
domain content node and a sample target-domain content node between which a connecting edge
exists in the node bipartite graph, a sample source-domain semantic label corresponding to the
sample source-domain content node in the first label bipartite graph, and a sample target-domain
semantic label corresponding to the sample target-domain content node in the second label

bipartite graph; and

a training module, configured to train a cross-domain recommendation model based on the

training sample.
17. A cross-domain recommendation apparatus, the apparatus comprising:
an obtaining module, configured to obtain a historical behavior of a user account;

a determining module, configured to determine, based on the historical behavior of the user

account, a source-domain content that historically interacted with the user account,

the determining module being further configured to determine, based on a similarity between
a source-domain content vector and a target-domain content vector, a target-domain content

corresponding to the source-domain content; and

a recommendation module, configured to recommend the target-domain content to the user

account,
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the source-domain content vector being a feature vector of the source-domain content, the
target-domain content vector being a feature vector of the target-domain content, the source-
domain content vector being constructed based on the source-domain content and a source-domain
semantic label corresponding to the source-domain content in a first label bipartite graph, the
target-domain content vector being constructed based on the target-domain content and a target-
domain semantic label corresponding to the target-domain content in a second label bipartite graph,
the first label bipartite graph being constructed based on the source-domain content and the source-
domain semantic label, and the second label bipartite graph being constructed based on the target-

domain content and the target-domain semantic label.

18. A computer device, the computer device comprising: a processor and a memory, the
memory having at least one program stored therein, and the at least one program being loaded and
executed by the processor to implement the cross-domain recommendation model training method
according to any one of claims 1 to 10 and the cross-domain recommendation method according

to any one of claims 11 to 15.

19. A computer-readable storage medium, the readable storage medium having at least one
program stored therein, and the at least one program being loaded and executed by a processor to
implement the cross-domain recommendation model training method according to any one of
claims 1 to 10 and the cross-domain recommendation method according to any one of claims 11
to 15.

20. A computer program product, the computer program product comprising at least one
program, and the at least one program being stored in a computer-readable storage medium; and a
processor of a communication device reading the at least one program from the computer-readable
storage medium, and the processor executing the at least one program to cause the communication
device to perform the cross-domain recommendation model training method according to any one
of claims 1 to 10 and the cross-domain recommendation method according to any one of claims
11to 15.
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