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This application discloses an information recommendation
method, which may be applied to the field of artificial
intelligence. The method includes: obtaining a target feature
vector; and processing the target feature vector by using a
recommendation model, to obtain recommendation infor-
mation, where the recommendation model includes a cross
network, a deep network, and a target network; the target
network is used to perform fusion processing on a first
intermediate output that is output by the first cross layer and
a second intermediate output that is output by the first deep
layer, to obtain a first fusion result, and the target network is
further used to: process the first fusion result to obtain a first
weight corresponding to the first cross layer and a second
weight corresponding to the first deep layer, and weight the
first fusion result with the first weight and the second weight
separately.
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Obtain a target feature vector, where the target feature vector is obtained
by performing feature extraction on attribute information of both a target | —"

user and a target article

v

Process the target feature vector by using a recommendation model, to
obtain recommendation information, where the recommendation
information indicates a probability that the target user selects the target
article, the recommendation model includes a cross network, a deep

network, and a target network, the cross network includes a first cross
layer and a second cross layer, and the deep network includes a first deep — 202
layer and a second deep layer; the target network is used to perform
fusion processing on a first intermediate output that is output by the first
cross layer and a second intermediate output that is output by the first
deep layer, to obtain a first fusion result, and the target network is further
used to: process the first fusion result to obtain a first weight
corresponding to the first cross layer and a second weight corresponding
to the first deep layer, and weight the first fusion result with the first
weight and the second weight separately, to obtain a first intermediate
mput and a second intermediate input; and the first intermediate input is
mput data of the second cross layer, and the second intermediate input 1s
input data of the second deep layer

503

When the recommendation information meets a preset condition, 7
determine to recommend the target article to the target user

501

FIG. 5
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Obtain a target feature vector, where the target feature vector is obtained 1001
by performing feature extraction on attribute information of both a target T
user and a target article

v

Process the target feature vector by using a recommendation model, to
obtain recommendation information, where the recommendation
information indicates a probability that the target user selects the target
article, the recommendation model includes a cross network, a deep
network, and a target network, the cross network includes a first cross
layer and a second cross layer, and the deep network includes a first deep
layer and a second deep layer; the target network is used to perform
fusion processing on a first intermediate output that is output by the first
cross layer and a second intermediate output that is output by the first
deep layer, to obtain a first fusion result, and the target network is further 1002
used to: process the first fusion result to obtain a first weight "
corresponding to the first cross layer and a second weight corresponding
to the first deep layer, and weight the first fusion result with the first
weight and the second weight separately, to obtain a first intermediate
nput corresponding to the first cross layer and a second intermediate
input corresponding to the first depth layer; and the second cross layer is
used to process the first intermediate input, and the second deep layer is
used to process the second intermediate input

l

Determine a loss based on the recommendation information and an actual

selection result of the target user for the target article, and update the first — 1003

recommendation model based on the loss, to obtain a second
recommendation model

FIG. 10
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RECOMMENDATION METHOD AND
RELATED APPARATUS

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a continuation of International
Application No. PCT/CN2022/122528, filed on Sep. 29,
2022, which claims priority to Chinese Patent Application
No.202111152705.1, filed on Sep. 29, 2021. The disclosures
of the aforementioned applications are hereby incorporated
by reference in their entireties.

TECHNICAL FIELD

[0002] This application relates to the field of artificial
intelligence, and in particular, to a recommendation method
and a related apparatus.

BACKGROUND

[0003] Artificial intelligence (Al) is a theory, a method, a
technology, and an application system that simulates,
extends, and expands human intelligence by using a digital
computer or a machine controlled by a digital computer, to
perceive an environment, obtain knowledge, and achieve an
optimal result based on the knowledge. In other words,
artificial intelligence is a branch of computer science and
attempts to understand essence of intelligence and produce
a new intelligent machine that can react in a similar manner
to human intelligence. Artificial intelligence is to research
design principles and implementations of various intelligent
machines, so that the machines have perception, inference,
and decision-making functions.

[0004] Selection rate prediction is to predict a probability
that a user selects a specific article in a specific environment.
For example, in a recommendation system of an application
such as an application store or online advertising, selection
rate prediction plays a key role. Selection rate prediction can
maximize enterprise benefits and improve user satisfaction.
The recommendation system needs to consider both an
article selection rate by a user and an article bid price. The
selection rate is predicted by the recommendation system
based on historical behavior of the user, and the article bid
price represents system income that is obtained after the
article is selected/downloaded. For example, one function
may be constructed, the function may be used to obtain one
function value through calculation based on a predicted user
selection rate and the article bid price, and the recommen-
dation system arranges articles in descending order based on
the function value.

[0005] To improve a personalized degree of the recom-
mendation system and predict a list of articles that meet user
preference, the recommendation system usually interacts
with features from different perspectives, such as a user
feature, a commodity feature, and a context feature, to
capture user preference. Common feature interaction man-
ners in the industry are classified into two types: a stack
structure, and a parallel structure.

[0006] The parallel structure may include a cross network
and a deep network. The cross network may be referred to
as an explicit interaction network (explicit component). The
deep network may be referred to as an implicit interaction
network (implicit component). In an existing implementa-
tion, both the cross network and the deep network use a
feature vector output by an embedding layer as an input,
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independently process data (in other words, only separately
perform a data interaction process), and do not interact with
each other. The two networks are fused and output at a final
output layer. Typical models include Wide & Deep, DCN,
xDeepFM, and the like.

[0007] In a current parallel interaction model, parallel
networks do not share any information in their respective
interaction processes, and fusion is performed only at a final
output layer, which may be referred to as late fusion. This
manner ignores a synergistic function between different
feature interaction manners. In addition, data input between
the parallel networks is the same, and heterogeneity of
features for different interaction manners is ignored, that is,
different features bring different amounts of information to
different interaction manners. Consequently, data processing
accuracy of the model is poor.

SUMMARY

[0008] According to a first aspect, this application pro-
vides a recommendation method. The method includes:

[0009] obtaining a target feature vector, where the target
feature vector is obtained by performing feature extrac-
tion on attribute information of both a target user and
a target article.

[0010] The attribute information of the target user may be
an attribute related to a preference feature of the user, and
may be at least one of a gender, an age, an occupation,
income, a hobby, and an education degree. The gender may
be male or female. The age may be a number ranging from
0 to 100. The occupation may be teacher, programmer, chef,
or the like. The hobby may be basketball, tennis, or running.
The education degree may be elementary school, junior high
school, high school, university, and the like. This application
does not limit a specific type of the attribute information of
the target user.

[0011] The article may be a physical article or a virtual
article, for example, may be an article such as an app, audio
and a video, a web page, or news. The attribute information
of the article may be at least one of an article name, a
developer, an installation package size, a category, and a
good rating. For example, the article is an application. The
category of the article may be chat, parkour game, office, or
the like. The good rating may be a score, a comment, or the
like for the article. A specific type of the attribute informa-
tion of the article is not limited in this application.

[0012] The target feature vector is processed by using a
recommendation model, to obtain recommendation infor-
mation. The recommendation information indicates a prob-
ability that the target user selects the target article. The
recommendation model includes a cross network, a deep
network, and a target network. The cross network includes
a first cross layer and a second cross layer. The deep network
includes a first deep layer and a second deep layer. The target
network is used to perform fusion processing on a first
intermediate output that is output by the first cross layer and
a second intermediate output that is output by the first deep
layer, to obtain a first fusion result. The target network is
further used to: process the first fusion result to obtain a first
weight corresponding to the first cross layer and a second
weight corresponding to the first deep layer, and weight the
first fusion result with the first weight and the second weight
separately, to obtain a first intermediate input and a second
intermediate input. The first intermediate input is input data
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of the second cross layer, and the second intermediate input
is input data of the second deep layer.

[0013] The target network in this embodiment of this
application may implement data exchange between a net-
work layer of the cross network and a network layer of the
deep network. Specifically, the cross network may include a
plurality of cross layers, and the deep network may include
a plurality of deep layers. Optionally, a quantity of cross
layers in the cross network and a quantity of deep layers in
the deep network are consistent (or are inconsistent, but
there is a position correspondence).

[0014] For example, when the quantity of cross layers in
the cross network is consistent with the quantity of deep
layers in the deep network, a cross layer and a deep layer at
a same position are in a one-to-one correspondence. For
example, the cross network may include a cross layer 1, a
cross layer 2, a cross layer 3, a cross layer 4, and a cross
layer 5, and the deep network may include a deep layer 1, a
deep layer 2, a deep layer 3, a deep layer 4, and a deep layer
5. In this case, the cross layer 1 corresponds to the deep layer
1, the cross layer 2 corresponds to the deep layer 2, the cross
layer 3 corresponds to the deep layer 3, the cross layer 4
corresponds to the deep layer 4, and the cross layer 5
corresponds to the deep layer 5.

[0015] For example, when the quantity of cross layers in
the cross network is inconsistent with the quantity of deep
layers in the deep network, a cross layer in the cross network
and a deep layer in the deep network that are in a same
relative position are in a one-to-one correspondence. For
example, the cross network may include a cross layer 1, a
cross layer 2, and a cross layer 3, and the deep network may
include a deep layer 1, a deep layer 2, a deep layer 3, a deep
layer 4, a deep layer 5, and a deep layer 6. In this case, the
cross layer 1 corresponds to the deep layer 1 and the deep
layer 2, the cross layer 2 corresponds to the deep layer 3 and
the deep layer 4, and the cross layer 3 corresponds to the
deep layer 5 and the deep layer 6.

[0016] In an embodiment, the cross network may include
a first cross layer and a second cross layer, and the deep
network includes a first deep layer and a second deep layer.
Each of the first cross layer and the second cross layer may
be any adjacent network layer in the cross network. Each of
the first deep layer and the second deep layer may be any
adjacent network layer in the deep network. The first cross
layer may correspond to the first deep layer, and the second
cross layer may correspond to the second deep layer. For
example, when the quantity of cross layers in the cross
network is consistent with the quantity of deep layers in the
deep network, the first cross layer may be a cross layer 1, the
first deep layer may be a deep layer 1, the second cross layer
may be a cross layer 2, and the second deep layer may be a
deep layer 2. For example, when the quantity of cross layers
in the cross network is inconsistent with the quantity of deep
layers in the deep network, the first cross layer may be a
cross layer 1, the first deep layer may be a deep layer 1 and
a deep layer 2, the second cross layer may be a cross layer
2, and the second deep layer may be a deep layer 3 and a
deep layer 4.

[0017] The target network is used to perform fusion pro-
cessing on the first intermediate output that is output by the
first cross layer and the second intermediate output that is
output by the first deep layer, to obtain the first fusion result.
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[0018] When the recommendation information meets a
preset condition, it is determined to recommend the target
article to the target user.

[0019] In this embodiment of this application, the target
network may fuse an output of the cross layer in the cross
network and an output of the deep layer in the deep network,
and perform weight-based adaptation. This implements data
exchange between the cross network and the deep network,
and improves data processing accuracy of the recommen-
dation model.

[0020] In an embodiment, the fusion processing includes
one of point-wise addition, Hadamard product, concatena-
tion, and attention mechanism based pooling.

[0021] An input of the first cross layer may be a plurality
of embedding vectors (or referred to as feature vectors). The
first intermediate output that is output by the first cross layer
may be a plurality of embedding vectors. An input of the first
deep layer may be a plurality of embedding vectors. The
second intermediate output that is output by the first deep
layer may be a plurality of embedding vectors. Therefore,
fusion processing may be performed on the plurality of
embedding vectors output by the first cross layer and the
plurality of embedding vectors output by the first deep layer,
for example, point-wise addition, Hadamard product, con-
catenation, and attention mechanism based pooling. In an
embodiment, the first intermediate output includes M first
feature vectors, the second intermediate output includes M
second feature vectors, and the first fusion result includes M
third feature vectors.

[0022] The target network is further used to: process the
first fusion result to obtain the first weight corresponding to
the first cross layer and the second weight corresponding to
the first deep layer, and weight the first fusion result with the
first weight and the second weight separately, to obtain the
first intermediate input corresponding to the first cross layer
and the second intermediate input corresponding to the first
deep layer.

[0023] In an embodiment, the target network may include
a first feature adaptation network. The first feature adapta-
tion network is a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a
gatenet. For descriptions of the first feature adaptation
network, refer to the descriptions of the third feature adap-
tation network in the foregoing embodiment. Details are not
described herein again. Then, the target network may pro-
cess the first fusion result by using the first feature adapta-
tion network.

[0024] In an embodiment, the first intermediate output
includes M first feature vectors, the second intermediate
output includes M second feature vectors, and the first fusion
result includes M third feature vectors. The first weight
includes a first weight value corresponding to each first
feature vector. The second weight includes a second weight
value corresponding to each second feature vector. After the
first weight and the second weight are obtained, each first
feature vector of the M third feature vectors may be
weighted with the corresponding first weight value, and each
second feature vector of the M third feature vectors may be
weighted with the corresponding second weight value.
[0025] The first fusion result may include the M third
feature vectors. The first weight may include first weight
values corresponding to all the third feature vectors. Option-
ally, the first weight values corresponding to all the third
feature vectors may be the same or different. Similarly, the
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second weight may include second weight values corre-
sponding to all the third feature vectors. Optionally, the
second weight values corresponding to all the third feature
vectors may be the same or different.

[0026] In an embodiment,

[0027] the cross network further includes a third cross
layer, and the deep network further includes a third
deep layer. The target network is further used to per-
form fusion processing on a third intermediate output
that is output by the second cross layer and a fourth
intermediate output that is output by the second deep
layer, to obtain a second fusion result. The target
network is further used to: process the second fusion
result to obtain a third weight corresponding to the
second cross layer and a fourth weight corresponding to
the second deep layer, and weight the second fusion
result with the third weight and the fourth weight
separately, to obtain a third intermediate input corre-
sponding to the second cross layer and a fourth inter-
mediate input corresponding to the second deep layer.
The third cross layer is configured to process the third
intermediate input, and the third deep layer is config-
ured to process the fourth intermediate input.

[0028] In an embodiment, the target network includes a
second feature adaptation network, and the second feature
adaptation network is a fully-connected network, a squeeze-
and-excitation network, an attention network, an SENet, or
a gatenet.

[0029] The processing the second fusion result includes:

[0030] processing the second fusion result by using the
second feature adaptation network.

[0031] In an embodiment, after concatenation is per-
formed on each embedding vector, a concatenation result
may not be used as an input of each of the cross network and
the deep network. However, the input of each of the cross
network and the deep network may be obtained based on a
trained network that may learn weight distribution of the
feature in both the cross network and the deep network and
adjust the concatenation result based on the weight distri-
bution.

[0032] In an embodiment, refer to FIG. 6a. The network
may be a third feature adaptation network. Optionally, the
third feature adaptation network may include two sub-
networks. One sub-network corresponds to the cross net-
work, and one sub-network corresponds to the deep net-
work. It is equivalent to configuring a feature adaptation
module for each feature interaction network (that is, the
cross network and the deep network), to learn weight
distribution of the feature in each interaction network.
[0033] In an embodiment, a third feature adaptation net-
work may be a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a
gatenet. The third feature adaptation network may include
two sub-networks. One sub-network corresponds to the
cross network, and one sub-network corresponds to the deep
network. The sub-network may be a fully-connected net-
work, a squeeze-and-excitation network, an attention net-
work, an SENet, or a gatenet.

[0034] Specifically, feature extraction may be performed
on attribute information of each of the target user and the
target user based on an embedding layer, to obtain an
embedding vector corresponding to each attribute informa-
tion. A concatenation (concat) operation may be performed
on each embedding vector, to obtain an initial feature vector.
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The initial feature vector is processed by using the third
feature adaptation network, to obtain a fifth weight corre-
sponding to the cross network and a sixth weight corre-
sponding to the deep network. The sub-network correspond-
ing to the cross network may process the initial feature
vector, to obtain the fifth weight corresponding to the cross
network. The sub-network corresponding to the deep net-
work may process the initial feature vector, to obtain the
sixth weight corresponding to the deep network.

[0035] The initial feature vector may include a plurality of
embedded vectors, and the fifth weight may include weight
values corresponding to all the embedded vectors. Option-
ally, the weight values corresponding to all the embedded
vectors may be the same or different. Similarly, the sixth
weight may include weight values corresponding to all the
embedded vectors. Optionally, the weight values corre-
sponding to all the embedded vectors may be the same or
different.

[0036] Inan embodiment, the initial feature vector may be
weighted with the fifth weight and the sixth weight sepa-
rately, to obtain a first network input corresponding to the
cross network and a second network input corresponding to
the deep network. The first network input is used as an input
of the cross network, and the second network input is used
as an input of the deep network. It is equivalent to that a third
feature adaptation network is introduced between an input
layer and a feature interaction layer (that is, the cross
network and the deep network). The third feature adaptation
network may include two sub-networks. One sub-network
corresponds to the cross network, and one sub-network
corresponds to the deep network. It is equivalent to config-
uring a feature adaptation module for each feature interac-
tion network (that is, the cross network and the deep
network), to learn weight distribution of the feature in each
interaction network. Then, the calibrated feature (that is, the
first network input and the second network input) is sepa-
rately input to the cross network and deep network.

[0037] In this embodiment of this application, the third
feature adaptation network may learn heterogeneous param-
eter distribution for different interaction networks, to avoid
excessive sharing. Further, the first network input is used as
the input of the cross network, and the second network input
is used as the input of the deep network, so that data
processing accuracy of the recommendation model can be
improved.

[0038] In an embodiment, the user attribute includes at
least one of the following: a gender, an age, an occupation,
income, a hobby, and an education degree.

[0039] In an embodiment, the article attribute includes at
least one of the following: an article name, a developer, an
installation package size, a category, and a good rating.
[0040] According to a second aspect, this application
provides a model training method. The method includes:

[0041] obtaining a target feature vector, where the target
feature vector is obtained by performing feature extrac-
tion on attribute information of both a target user and
a target article;

[0042] processing the target feature vector by using a
first recommendation model, to obtain recommenda-
tion information, where the recommendation informa-
tion indicates a probability that the target user selects
the target article, the recommendation model includes a
cross network (cross network), a deep network, and a
target network, the cross network includes a first cross
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layer and a second cross layer, and the deep network
includes a first deep layer and a second deep layer; the
target network is used to perform fusion processing on
a first intermediate output that is output by the first
cross layer and a second intermediate output that is
output by the first deep layer, to obtain a first fusion
result, and the target network is further used to: process
the first fusion result to obtain a first weight corre-
sponding to the first cross layer and a second weight
corresponding to the first deep layer, and weight the
first fusion result with the first weight and the second
weight separately, to obtain a first intermediate input
and a second intermediate input; and the first interme-
diate input is input data of the second cross layer, and
the second intermediate input is input data of the
second deep layer; and
[0043] determining a loss based on the recommendation
information and an actual selection result of the target
user for the target article, and updating the first recom-
mendation model based on the loss, to obtain a second
recommendation model.
[0044] In an embodiment, the fusion processing includes
one of point-wise addition, Hadamard product, concatena-
tion, and attention mechanism based pooling.
[0045] In an embodiment, the target network includes a
first feature adaptation network, and the first feature adap-
tation network is a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a

gatenet.
[0046] The processing the first fusion result includes:
[0047] processing the first fusion result by using the first

feature adaptation network.

[0048] In an embodiment, the first intermediate output
includes M first feature vectors, the second intermediate
output includes M second feature vectors, and the first fusion
result includes M third feature vectors. The first weight
includes a first weight value corresponding to each first
feature vector. The second weight includes a second weight
value corresponding to each second feature vector.

[0049] The weighting the first fusion result with the first
weight and the second weight separately includes:

[0050] weighting each first feature vector of the M third
feature vectors with a corresponding first weight value;
and

[0051] weighting each second feature vector of the M

third feature vectors with a corresponding second

weight value.
[0052] In an embodiment, the cross network further
includes a third cross layer, and the deep network further
includes a third deep layer. The target network is further
used to perform fusion processing on a third intermediate
output that is output by the second cross layer and a fourth
intermediate output that is output by the second deep layer,
to obtain a second fusion result. The target network is further
used to: process the second fusion result to obtain a third
weight corresponding to the second cross layer and a fourth
weight corresponding to the second deep layer, and weight
the second fusion result with the third weight and the fourth
weight separately, to obtain a third intermediate input cor-
responding to the second cross layer and a fourth interme-
diate input corresponding to the second deep layer. The third
cross layer is configured to process the third intermediate
input, and the third deep layer is configured to process the
fourth intermediate input.
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[0053] In an embodiment, the target network includes a
second feature adaptation network, and the second feature
adaptation network is a fully-connected network, a squeeze-
and-excitation network, an attention network, an SENet, or
a gatenet.

[0054] The processing the second fusion result includes:

[0055] processing the second fusion result by using the
second feature adaptation network.

[0056] In an embodiment, the target feature vector
includes a first network input and a second network input.
[0057] The obtaining a target feature vector includes:

[0058] obtaining an initial feature vector, where the
initial feature vector is obtained by performing feature
extraction on the attribute information of both the target
user and the target article; and

[0059] processing the initial feature vector by using a
third feature adaptation network, to obtain a fifth
weight corresponding to the cross network and a sixth
weight corresponding to the deep network, and weight-
ing the initial feature vector with the fifth weight and
the sixth weight separately, to obtain a first network
input corresponding to the cross network and a second
network input corresponding to the deep network,
where the first network input is used as an input of the
cross network, and the second network input is used as
an input of the deep network.

[0060] The updating the first recommendation model
based on the loss, to obtain a second recommendation model
includes:

[0061] wupdating the first recommendation model and
the second feature adaptation network based on the
loss, to obtain the second recommendation model and
the updated second feature adaptation network.

[0062] In an embodiment, the third feature adaptation
network is a fully-connected network, a squeeze-and-exci-
tation network, an attention network, an SENet or a gatenet.
[0063] In an embodiment, the user attribute includes at
least one of the following: a gender, an age, an occupation,
income, a hobby, and an education degree.

[0064] In an embodiment, the article attribute includes at
least one of the following: an article name, a developer, an
installation package size, a category, and a good rating.
[0065] According to a third aspect, this application pro-
vides a recommendation apparatus. The apparatus includes:

[0066] an obtaining module, configured to obtain a
target feature vector, where the target feature vector is
obtained by performing feature extraction on attribute
information of both a target user and a target article;

[0067] a data processing module, configured to process
the target feature vector by using a recommendation
model, to obtain recommendation information, where
the recommendation information indicates a probabil-
ity that the target user selects the target article, the
recommendation model includes a cross network, a
deep network, and a target network, the cross network
includes a first cross layer and a second cross layer, and
the deep network includes a first deep layer and a
second deep layer; the target network is used to perform
fusion processing on a first intermediate output that is
output by the first cross layer and a second intermediate
output that is output by the first deep layer, to obtain a
first fusion result, and the target network is further used
to: process the first fusion result to obtain a first weight
corresponding to the first cross layer and a second
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weight corresponding to the first deep layer, and weight
the first fusion result with the first weight and the
second weight separately, to obtain a first intermediate
input and a second intermediate input; and the first
intermediate input is input data of the second cross
layer, and the second intermediate input is input data of
the second deep layer; and
[0068] a recommendation module, configured to: when
the recommendation information meets a preset con-
dition, determine to recommend the target article to the
target user.
[0069] In an embodiment, the fusion processing includes
one of point-wise addition, Hadamard product, concatena-
tion, and attention mechanism based pooling.
[0070] In an embodiment, the target network includes a
first feature adaptation network, and the first feature adap-
tation network is a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a

gatenet.
[0071] The data processing module is specifically config-
ured to:

[0072] process the first fusion result by using the first

feature adaptation network.

[0073] In an embodiment, the first intermediate output
includes M first feature vectors, the second intermediate
output includes M second feature vectors, and the first fusion
result includes M third feature vectors. The first weight
includes a first weight value corresponding to each first
feature vector. The second weight includes a second weight
value corresponding to each second feature vector.

[0074] The data processing module is specifically config-
ured to:

[0075] weight each first feature vector of the M third
feature vectors with a corresponding first weight value;
and

[0076] weight each second feature vector of the M third
feature vectors with a corresponding second weight
value.

[0077] In an embodiment, the cross network further
includes a third cross layer, and the deep network further
includes a third deep layer. The target network is further
used to perform fusion processing on a third intermediate
output that is output by the second cross layer and a fourth
intermediate output that is output by the second deep layer,
to obtain a second fusion result. The target network is further
used to: process the second fusion result to obtain a third
weight corresponding to the second cross layer and a fourth
weight corresponding to the second deep layer, and weight
the second fusion result with the third weight and the fourth
weight separately, to obtain a third intermediate input cor-
responding to the second cross layer and a fourth interme-
diate input corresponding to the second deep layer. The third
cross layer is configured to process the third intermediate
input, and the third deep layer is configured to process the
fourth intermediate input.

[0078] In an embodiment, the target network includes a
second feature adaptation network, and the second feature
adaptation network is a fully-connected network, a squeeze-
and-excitation network, an attention network, an SENet, or

a gatenet.
[0079] The data processing module is specifically config-
ured to:

[0080] process the second fusion result by using the

second feature adaptation network.
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[0081] In an embodiment, the target feature vector
includes a first network input and a second network input.

[0082]

[0083] obtain an initial feature vector, where the initial
feature vector is obtained by performing feature extrac-
tion on the attribute information of both the target user
and the target article; and

[0084] process the initial feature vector by using a third
feature adaptation network, to obtain a fifth weight
corresponding to the cross network and a sixth weight
corresponding to the deep network, and weight the
initial feature vector with the fifth weight and the sixth
weight separately, to obtain a first network input cor-
responding to the cross network and a second network
input corresponding to the deep network, where the
first network input is used as an input of the cross
network, and the second network input is used as an
input of the deep network.

[0085] In an embodiment, the third feature adaptation
network is a fully-connected network, a squeeze-and-exci-
tation network, an attention network, an SENet or a gatenet.

[0086] In an embodiment, the user attribute includes at
least one of the following: a gender, an age, an occupation,
income, a hobby, and an education degree.

[0087] The article attribute includes at least one of the
following: an article name, a developer, an installation
package size, a category, and a good rating.

[0088] According to a fourth aspect, this application pro-
vides a model training apparatus. The apparatus includes:

[0089] an obtaining module, configured to obtain a
target feature vector, where the target feature vector is
obtained by performing feature extraction on attribute
information of both a target user and a target article;

[0090] a data processing module, configured to process
the target feature vector by using a first recommenda-
tion model, to obtain recommendation information,
where the recommendation information indicates a
probability that the target user selects the target article,
the recommendation model includes a cross network, a
deep network, and a target network, the cross network
includes a first cross layer and a second cross layer, and
the deep network includes a first deep layer and a
second deep layer; the target network is used to perform
fusion processing on a first intermediate output that is
output by the first cross layer and a second intermediate
output that is output by the first deep layer, to obtain a
first fusion result, and the target network is further used
to: process the first fusion result to obtain a first weight
corresponding to the first cross layer and a second
weight corresponding to the first deep layer, and weight
the first fusion result with the first weight and the
second weight separately, to obtain a first intermediate
input and a second intermediate input; and the first
intermediate input is input data of the second cross
layer, and the second intermediate input is input data of
the second deep layer; and

[0091] a model training module, configured to: deter-
mine a loss based on the recommendation information
and an actual selection result of the target user for the
target article, and updating the first recommendation
model based on the loss, to obtain a second recommen-
dation model.

The obtaining module is specifically configured to:
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[0092] In an embodiment, the fusion processing includes
one of point-wise addition, Hadamard product, concatena-
tion, and attention mechanism based pooling.

[0093] In an embodiment, the target network includes a
first feature adaptation network, and the first feature adap-
tation network is a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a

gatenet.
[0094] The data processing module is specifically config-
ured to:

[0095] process the first fusion result by using the first

feature adaptation network.

[0096] In an embodiment, the first intermediate output
includes M first feature vectors, the second intermediate
output includes M second feature vectors, and the first fusion
result includes M third feature vectors. The first weight
includes a first weight value corresponding to each first
feature vector. The second weight includes a second weight
value corresponding to each second feature vector.

[0097] The data processing module is specifically config-
ured to:

[0098] weight each first feature vector of the M third
feature vectors with a corresponding first weight value;
and

[0099] weight each second feature vector of the M third
feature vectors with a corresponding second weight
value.

[0100] In an embodiment, the cross network further
includes a third cross layer, and the deep network further
includes a third deep layer. The target network is further
used to perform fusion processing on a third intermediate
output that is output by the second cross layer and a fourth
intermediate output that is output by the second deep layer,
to obtain a second fusion result. The target network is further
used to: process the second fusion result to obtain a third
weight corresponding to the second cross layer and a fourth
weight corresponding to the second deep layer, and weight
the second fusion result with the third weight and the fourth
weight separately, to obtain a third intermediate input cor-
responding to the second cross layer and a fourth interme-
diate input corresponding to the second deep layer. The third
cross layer is configured to process the third intermediate
input, and the third deep layer is configured to process the
fourth intermediate input.

[0101] In an embodiment, the target network includes a
second feature adaptation network, and the second feature
adaptation network is a fully-connected network, a squeeze-
and-excitation network, an attention network, an SENet, or

a gatenet.
[0102] The data processing module is specifically config-
ured to:

[0103] process the second fusion result by using the

second feature adaptation network.
[0104] In an embodiment, the target feature vector
includes a first network input and a second network input.
[0105] The obtaining module is specifically configured to:
[0106] obtain an initial feature vector, where the initial
feature vector is obtained by performing feature extrac-
tion on the attribute information of both the target user
and the target article; and
[0107] process the initial feature vector by using a third
feature adaptation network, to obtain a fifth weight
corresponding to the cross network and a sixth weight
corresponding to the deep network, and weight the
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initial feature vector with the fifth weight and the sixth
weight separately, to obtain a first network input cor-
responding to the cross network and a second network
input corresponding to the deep network, where the
first network input is used as an input of the cross
network, and the second network input is used as an
input of the deep network.

[0108] The model training module is specifically config-
ured to:
[0109] wupdate the first recommendation model and the

second feature adaptation network based on the loss, to

obtain the second recommendation model and the

updated second feature adaptation network.
[0110] In an embodiment, the third feature adaptation
network is a fully-connected network, a squeeze-and-exci-
tation network, an attention network, an SENet or a gatenet.
[0111] In an embodiment, the user attribute includes at
least one of the following: a gender, an age, an occupation,
income, a hobby, and an education degree.
[0112] In an embodiment, the article attribute includes at
least one of the following: an article name, a developer, an
installation package size, a category, and a good rating.
[0113] According to a fifth aspect, an embodiment of this
application provides a recommendation apparatus, which
may include a memory, a processor, and a bus system. The
memory is configured to store a program, and the processor
is configured to execute the program in the memory, to
perform the method according to the possible implementa-
tions of the first aspect.
[0114] According to a sixth aspect, an embodiment of this
application provides a training apparatus, which may
include a memory, a processor, and a bus system. The
memory is configured to store a program, and the processor
is configured to execute the program in the memory, to
perform the method according to the possible implementa-
tions of the second aspect.
[0115] According to a seventh aspect, an embodiment of
this application provides a computer-readable storage
medium. The computer-readable storage medium stores a
computer program, and when the computer program is run
on a computer, the computer is enabled to perform the
method according to any one of the first aspect and the
possible implementations of the first aspect, or any one of
the second aspect and the possible implementations of the
second aspect.

[0116] According to an eighth aspect, an embodiment of
this application provides a computer program product,
including code. When the code is executed, the method
according to any one of the first aspect and the possible
implementations of the first aspect, or any one of the second
aspect and the possible implementations of the second
aspect is performed.

[0117] According to a ninth aspect, this application pro-
vides a chip system. The chip system includes a processor.
The processor is configured to support an execution device
or a training device in implementing the functions in the
foregoing aspects, for example, sending or processing the
data or information in the foregoing method. In a possible
design, the chip system further includes a memory. The
memory is configured to store program instructions and data
that are necessary for the execution device or the training
device. The chip system may include a chip, or may include
a chip and another discrete component.
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[0118] An embodiment of this application provides a
recommendation method. The method includes: obtaining a
target feature vector, where the target feature vector is
obtained by performing feature extraction on attribute infor-
mation of both a target user and a target article; processing
the target feature vector by using a recommendation model,
to obtain recommendation information, where the recom-
mendation information indicates a probability that the target
user selects the target article, the recommendation model
includes a cross network (cross network), a deep network
(deep network), and a target network, the cross network
includes a first cross layer (cross layer) and a second cross
layer, and the deep network includes a first deep layer (deep
layer) and a second deep layer; the target network is used to
perform fusion processing on a first intermediate output that
is output by the first cross layer and a second intermediate
output that is output by the first deep layer, to obtain a first
fusion result, and the target network is further used to:
process the first fusion result to obtain a first weight corre-
sponding to the first cross layer and a second weight
corresponding to the first deep layer, and weight the first
fusion result with the first weight and the second weight
separately, to obtain a first intermediate input and a second
intermediate input; and the first intermediate input is input
data of the second cross layer, and the second intermediate
input is input data of the second deep layer; and when the
recommendation information meets a preset condition,
determining to recommend the target article to the target
user. In this way, the target network learns heterogeneous
parameter distribution for different interaction networks, to
avoid excessive sharing, and introduces interaction signals
between different interaction networks. This enhances a
synergistic function of a multi-tower network and improves
prediction accuracy of the model. The target network may
fuse an output of the cross layer in the cross network and an
output of the deep layer in the deep network, and perform
weight-based adaptation. This implements data exchange
between the cross network and the deep network, and
improves data processing accuracy of the recommendation
model.

BRIEF DESCRIPTION OF DRAWINGS

[0119] FIG. 1 is a schematic diagram of a structure of a
main framework of artificial intelligence;

[0120] FIG. 2 is a schematic diagram of a system archi-
tecture according to an embodiment of this application;
[0121] FIG. 3 is a schematic diagram of a system archi-
tecture according to an embodiment of this application;
[0122] FIG. 4 is a schematic diagram of a recommenda-
tion flow scenario according to an embodiment of this
application;

[0123] FIG. 5 is a schematic flowchart of a recommenda-
tion method according to an embodiment of this application;
[0124] FIG. 6a is a schematic diagram of a recommenda-
tion model according to an embodiment;

[0125] FIG. 64 is a schematic diagram of a recommenda-
tion model according to an embodiment;

[0126] FIG. 7 is a schematic diagram of a recommenda-
tion model according to an embodiment;

[0127] FIG. 8 is a schematic diagram of a recommenda-
tion model according to an embodiment;

[0128] FIG. 9 is a schematic diagram of a recommenda-
tion model according to an embodiment;
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[0129] FIG. 10 is a schematic flowchart of a model train-
ing method according to an embodiment of this application;
[0130] FIG. 11 is a schematic diagram of a structure of a
recommendation apparatus according to an embodiment of
this application;

[0131] FIG. 12 is a schematic diagram of a structure of a
model training apparatus according to an embodiment of this
application;

[0132] FIG. 13 is a schematic diagram of an execution
device according to an embodiment of this application;
[0133] FIG. 14 is a schematic diagram of a training device
according to an embodiment of this application; and
[0134] FIG. 15 is a schematic diagram of a chip according
to an embodiment of this application.

DESCRIPTION OF EMBODIMENTS

[0135] The following describes embodiments of this
application with reference to the accompanying drawings in
embodiments of this application. Terms used in implemen-
tations of this application are used to only explain embodi-
ments of this application, with no intention to limit this
application.

[0136] The following describes embodiments of this
application with reference to the accompanying drawings. A
person of ordinary skill in the art may learn that, with
development of technologies and emergence of a new sce-
nario, the technical solutions provided in embodiments of
this application are also applicable to a similar technical
problem.

[0137] In the specification, claims, and the accompanying
drawings of this application, the terms “first”, “second”, and
the like are intended to distinguish between similar objects
but do not necessarily indicate a specific order or sequence.
It should be understood that the terms used in such a way are
interchangeable in proper circumstances, and this is only a
discrimination manner for describing objects having a same
attribute in embodiments of this application. In addition, the
terms “include”, “contain”, and any other variants mean to
cover the non-exclusive inclusion, so that a process, method,
system, product, or device that includes a series of units is
not necessarily limited to those units, but may include other
units not expressly listed or inherent to such a process,
method, product, or device.

[0138] An overall working procedure of an artificial intel-
ligence system is first described with reference to FIG. 1.
FIG. 1 is a schematic diagram of a structure of an artificial
intelligence main framework. The following describes the
artificial intelligence main framework from two dimensions:
an “intelligent information chain” (a horizontal axis) and an
“IT value chain” (a vertical axis). The “intelligent informa-
tion chain” reflects a series of processes from obtaining data
to processing the data. For example, the process may be a
general process of intelligent information perception, intel-
ligent information representation and formation, intelligent
inference, intelligent decision-making, and intelligent
execution and output. In this process, the data undergoes a
refinement process of “data-information-knowledge-intelli-
gence”. The “IT value chain” reflects a value brought by
artificial intelligence to an information technology industry
from an underlying infrastructure and information (provid-
ing and processing a technology implementation) of artifi-
cial intelligence to an industrial ecological process of a
system.
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(1) Infrastructure

[0139] The infrastructure provides computing capability
support for an artificial intelligence system, implements
communication with an external world, and implements
support by using a basic platform. The infrastructure com-
municates with the outside by using a sensor. The computing
capability is provided by an intelligent chip (a hardware
acceleration chip such as a CPU, an NPU, a GPU, an ASIC,
and an FPGA). The basic platform includes platform assur-
ance and support related to a distributed computing frame-
work and network, and the like. The basic platforms may
include a cloud storage and computing network, an inter-
connection network, and the like. For example, the sensor
communicates with the outside to obtain data, and the data
is provided to an intelligent chip in a distributed computing
system provided by the basic platform for computing.

(2) Data

[0140] Data at an upper layer of the infrastructure indi-
cates a data source in the field of artificial intelligence. The
data relates to a graph, an image, a voice, and text, further
relates to internet of things data of a conventional device,
and includes service data of an existing system and sensing
data such as a force, displacement, a liquid level, a tem-
perature, and humidity.

(3) Data Processing

[0141] Data processing usually includes a manner such as
data training, machine learning, deep learning, searching,
inference, or decision-making.

[0142] Machine learning and deep learning may perform
intelligent information modeling, extraction, preprocessing,
and training of data through symbolization and formaliza-
tion.

[0143] Inference means a process of simulating a human
inference manner for machine thinking and problem-resolv-
ing by using formalized information based on an inference
control policy in a computer system or an intelligent system.
A typical function is searching and matching.

[0144] Decision-making is a process of making a decision
based on intelligent information after inference, and usually
provides a function such as classification, sorting, and
prediction.

(4) General Capability

[0145] After data processing mentioned above is per-
formed on data, some general capabilities may further be
formed based on a data processing result, for example, an
algorithm or a general system such as translation, text
analysis, computer vision processing, speech recognition,
and image recognition.

(5) Intelligent Product and Industry Application

[0146] Intelligent product and industry applications means
products and applications of the artificial intelligence system
in various fields, and encapsulate an overall solution of
artificial intelligence, to productize intelligent information
decision-making and implement applications. Application
fields mainly include intelligent terminals, intelligent trans-
portation, intelligent healthcare, autonomous driving, smart
cities, and the like.
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[0147] Embodiments of this application may be applied to
the field of information recommendation. The scenario
includes but is not limited to a scenario related to e-com-
merce product recommendation, search engine result rec-
ommendation, application market recommendation, music
recommendation, and video recommendation. A recom-
mended article in various different application scenarios
may also be referred to as “object” for ease of subsequent
description. To be specific, in different recommendation
scenarios, the recommended object may be an app, or a
video, or music, or a commodity (for example, a presenta-
tion interface of an online shopping platform displays dif-
ferent commodities based on different users, which may also
be presented by using a recommendation result of a recom-
mendation model). These recommendation scenarios usually
involve user behavior log collection, log data preprocessing
(for example, quantization and sampling), sample set train-
ing and are intended for obtaining a recommendation model.
An object (such as an app and music) involved in a scenario
corresponding to a training sample item is analyzed and
processed based on the recommendation model. For
example, if a sample selected in a recommendation model
training process is from operation behavior of a mobile
application market user on a recommended app, the recom-
mendation model obtained through training is applicable to
a mobile app application market, or may be used for terminal
app recommendation in an app application market of another
type of terminal. The recommendation model finally calcu-
lates a recommendation probability or a score of each
to-be-recommended object. A recommendation system
selects a recommendation result based on a specific selection
rule, sorts the recommendation result based on, for example,
the recommendation probability or the score, and presents
the recommendation result to a user by using a correspond-
ing application or terminal device. The user performs an
operation on an object in the recommendation result to
generate a user behavior log, and the like.

[0148] Refer to FIG. 4. In a recommendation process,
when one user interacts with a recommendation system, a
recommendation request is triggered. The recommendation
system inputs the request and related feature information
into a deployed recommendation model, and then predicts a
click-through rate of the user for all candidate objects. Then,
the candidate objects are sorted in descending order based
on the predicted click-through rate, and the candidate objects
are displayed in different positions in sequence as the
recommendation result for the user. The user browses the
displayed items and performs user behavior, such as brows-
ing, clicking, and downloading. The user behavior is stored
in a log as training data. An offline training module irregu-
larly updates a parameter of the recommendation model, to
improve recommendation effect of the model.

[0149] For example, the user may trigger a recommenda-
tion module of an application market by opening the appli-
cation market of a mobile phone, and the recommendation
module of the application market predicts, based on a
historical download record of the user, a click record of the
user, an application feature, and environment feature infor-
mation such as time, and a place, a probability of down-
loading each candidate application by the user. Based on a
prediction result, the application market displays applica-
tions in descending order based on the probability, improv-
ing an application download probability. Specifically, appli-
cations that are more likely to be downloaded are ranked
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higher, and applications that are less likely to be downloaded
are ranked lower. The user behavior is also stored in the log,
and the offline training module trains and updates the
parameter of the prediction model.

[0150] For another example, in an application related to
lifelong partner, a cognitive brain may be constructed by
simulating a human brain mechanism, to establish a lifelong
user learning system framework by using various models
and algorithms based on historical data of the user in the
domains such as videos, music, and news. The lifelong
partner can record a past event of the user based on system
data and application data, understand a current intention of
the user, predict a future action or behavior of the user, and
finally implement an intelligent service. In a current first
phase, user behavior data (including information such as an
SMS message, a photo, and an email event) is obtained
based on a music app, a video app, and a browser app. A user
image system is constructed. In addition, learning and
memory modules based on user information filtering, asso-
ciation analysis, cross-domain recommendation, and causal
reasoning are implemented, to construct a personal knowl-
edge graph of the user.

[0151] The following describes an application architecture
in embodiments of this application.

[0152] Refer to FIG. 2. An embodiment of this application
provides a recommendation system architecture 200. A data
collection device 260 is configured to collect a sample. One
training sample may include a plurality of feature informa-
tion (or described as attribute information, for example, a
user attribute and an article attribute). There may be a
plurality of types of feature information. The feature infor-
mation may specifically include user feature information,
object feature information, and a label feature. The user
feature information represents a user feature, for example, a
gender, an age, an occupation, or a hobby. The object feature
information represents a feature of an object recommended
to the user. Different recommendation systems correspond to
different objects, and types of features that need to be
extracted for different objects are also different. For
example, an object feature extracted from a training sample
of'an app market may be a name (an identifier), a type, a size,
or the like of an app. An object feature extracted from a
training sample of an e-commerce app may be a name, a
category, a price range, or the like of a commodity. The label
feature indicates whether the sample is a positive sample or
a negative sample. The label feature of the sample may
usually be obtained based on information about an operation
performed by the user on the recommended object. A sample
in which the user performs an operation on the recom-
mended object is a positive sample, and a sample in which
the user performs no operation on the recommended object
is a negative sample. For example, when the user clicks, or
downloads, or purchases the recommended object, the label
feature is 1, indicating that the sample is a positive sample,
and if the user does not perform any operation on the
recommended object, the label feature is 0, indicating that
the sample is a negative sample. After the sample is col-
lected, the sample may be stored in a database 230. Some or
all feature information in the sample in the database 230 may
also be directly obtained from a client device 240, for
example, user feature information, operation information
(used to determine a type identifier) of the user on the object,
and object feature information (such as an object identifier).
A training device 220 obtains a model parameter matrix
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based on sample training in the database 230, to generate a
recommendation model 201. The following describes in
more detail how the training device 220 performs training to
obtain the model parameter matrix used to generate the
recommendation model 201. The recommendation model
201 can be used to evaluate a large quantity of objects to
obtain a score of each to-be-recommended object. Further, a
specified quantity of objects or a preset quantity of objects
may be recommended from an evaluation result of the large
quantity of objects. A calculation module 211 obtains a
recommendation result based on the evaluation result of the
recommendation model 201, and recommends the recom-
mendation result to the client device by using an /O
interface 212.

[0153] In this embodiment of this application, the training
device 220 may select the positive sample and the negative
sample from a sample set in the database 230, add the
positive sample and the negative sample to a training set,
and then train the samples in the training set by using the
recommendation model, to obtain the trained recommenda-
tion model. For implementation details of the calculation
module 211, refer to a detailed description of a method
embodiment shown in FIG. 5.

[0154] After obtaining the model parameter matrix based
on sample training to generate the recommendation model
201, the training device 220 sends the recommendation
model 201 to an execution device 210, or directly sends the
model parameter matrix to the execution device 210, and
constructs the recommendation model in the execution
device 210, to perform recommendation of a corresponding
system. For example, a recommendation model obtained
based on video-related sample training may be used to
recommend a video to a user in a video website or app. A
recommendation model obtained based on app-related
sample training may be used to recommend an app to a user
in an application market.

[0155] The execution device 210 is provided with the /O
interface 212, to exchange data with an external device. The
execution device 210 may obtain the user feature informa-
tion such as a user identifier, a user identity, a gender, an
occupation, and a hobby from the client device 240 by using
the 1/O interface 212, and the information may be alterna-
tively obtained from a system database. The recommenda-
tion model 201 recommends a target recommendation object
to the user based on the user feature information and feature
information of to-be-recommended objects. The execution
device 210 may be disposed on a cloud server, or may be
disposed on a user client.

[0156] The execution device 210 may invoke data, code,
and the like in a data storage system 250, and may also store
output data into the data storage system 250. The data
storage system 250 may be disposed in the execution device
210, or may be disposed independently, or may be disposed
in another network entity. There may be one or more data
storage systems.

[0157] The calculation module 211 processes the user
feature information and the feature information of the to-be-
recommended objects by using the recommendation model
201. For example, the calculation module 211 analyzes and
processes the user feature information and the feature infor-
mation of the to-be-recommended objects by using the
recommendation model 201, to obtain scores of the to-be-
recommended objects, and sorts the to-be-recommended
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objects based on the scores. A higher-ranked object is used
as an object recommended to the client device 240.

[0158] Finally, the I/O interface 212 returns the recom-
mendation result to the client device 240, and presents the
recommendation result to the user.

[0159] Furthermore, the training device 220 may generate
corresponding recommendation models 201 for different
objectives based on different sample feature information, to
provide a better result for the user.

[0160] It should be noted that FIG. 2 is only a schematic
diagram of a system architecture according to an embodi-
ment of this application. A position relationship between
devices, components, modules, and the like shown in the
figure constitutes no limitation. For example, in FIG. 2, the
data storage system 250 is an external memory relative to the
execution device 210. In another case, the data storage
system 250 may alternatively be disposed in the execution
device 210.

[0161] In this embodiment of this application, the training
device 220, the execution device 210, and the client device
240 may be three different physical devices. Alternatively,
the training device 220 and the execution device 210 may be
on a same physical device or one cluster. Alternatively, the
execution device 210 and the client device 240 may be on a
same physical device or one cluster.

[0162] FIG. 3 is a system architecture 300 according to an
embodiment of this application. An execution device 210 is
implemented by one or more servers. Optionally, the execu-
tion device 210 cooperates with another computing device,
for example, a device such as a data storage device, a router,
or a load balancer. The execution device 210 may be
disposed on one physical site, or distributed on a plurality of
physical sites. The execution device 210 may use data in a
data storage system 250 or invoke program code in a data
storage system 250 to implement an object recommendation
function. Specifically, information about to-be-recom-
mended objects is input into a recommendation model, and
the recommendation model generates an estimated score for
each to-be-recommended object, then ranks the to-be-rec-
ommended objects in descending order based on estimated
scores, and recommends a to-be-recommended object to a
user based on a ranking result. For example, top 10 objects
in the ranking result are recommended to the user.

[0163] The data storage system 250 is configured to
receive and store a parameter of the recommendation model
sent by a training device, and is configured to store recom-
mendation result data obtained by using the recommenda-
tion model. Certainly, program code (or instructions) needed
for normal running of the storage system 250 may be also
included. The data storage system 250 may be one device
that is deployed outside the execution device 210 or a
distributed storage cluster including a plurality of devices
that is deployed outside the execution device 210. In this
case, when the execution device 210 needs to use data in the
storage system 250, the storage system 250 may send the
data needed by the execution device to the execution device
210. Correspondingly, the execution device 210 receives and
stores (or buffers) the data. Certainly, the data storage system
250 may be alternatively deployed on the execution device
210. When deployed on the execution device 210, the
distributed storage system may include one or more memo-
ries. Optionally, when there are a plurality of memories,
different memories are configured to store different types of
data. For example, the model parameter of the recommen-
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dation model generated by the training device and the
recommendation result data obtained by using the recom-
mendation model may be respectively stored in two different
memories.

[0164] Users may operate their own user equipment (for
example, a local device 301 and a local device 302) to
interact with the execution device 210. Each local device
may be any computing device, for example, a personal
computer, a computer workstation, a smartphone, a tablet
computer, an intelligent camera, a smart automobile, another
type of cellular phone, a media consumption device, a
wearable device, a set-top box, or a game console.

[0165] A local device of each user may interact with the
execution device 210 through a communication network of
any communication mechanism/communication standard.
The communication network may be a wide area network, a
local area network, a point-to-point connection, or any
combination thereof.

[0166] In another implementation, the execution device
210 may be implemented by a local device. For example, the
local device 301 may implement a recommendation function
of the execution device 210 based on the recommendation
model, to obtain user feature information and feed back a
recommendation result to a user, or provide a service for a
user of the local device 302.

[0167] Embodiments of this application relate to massive
application of a neural network. Therefore, for ease of
understanding, the following first describes terms and con-
cepts related to the neural network in embodiments of this
application.

1. Click-Through Rate (CTR)

[0168] The click-through rate is also referred to as a
click-through probability. The click-through rate means a
ratio of a quantity of clicks on recommendation information
(for example, a recommended article) on a website or an
application to a quantity of times that the recommendation
information is shown. The click-through rate is usually an
important indicator for measuring a recommendation sys-
tem.

2. Personalized Recommendation System

[0169] The personalized recommendation system is a sys-
tem that performs analysis by using a machine learning
algorithm based on historical data (for example, operation
information in embodiments of this application) of a user,
predicts a new request based on an analysis result, and
provides a personalized recommendation result.

3. Offline Training

[0170] The offline training is a module that performs, in
the personalized recommendation system, iterative update
on a parameter of a recommendation model by using a
machine learning algorithm based on historical data (for
example, operation information in embodiments of this
application) of a user, until a specified requirement is met.

4. Online Prediction (Online Inference)

[0171] Online prediction is to predict a user preference to
a recommended article in a current context environment
based on an offline trained model and features of a user, the
article, and the context, and predict a probability that the
user selects the recommended article.
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[0172] For example, FIG. 3 is a schematic diagram of a
recommendation system according to an embodiment of this
application. As shown in FIG. 3, when one user enters a
system, a recommendation request is triggered. The recom-
mendation system inputs the request and related information
(for example, operation information in embodiments of this
application) into the recommendation model, and then pre-
dicts a rate that the user selects an article in the system.
Further, articles are sorted in descending order based on the
predicted selection rate or a specific function based on the
selection rate. In other words, the recommendation system
may sequentially present the articles at different positions as
a recommendation result for the user. The user browses the
articles at different positions, and performs user behavior
such as browsing, selecting, and downloading. In addition,
actual user behavior is stored in a log as training data. An
offline training module continuously updates the parameter
of the recommendation model, to improve prediction effect
of the model.

[0173] For example, the user may trigger a recommenda-
tion system of an application market in an intelligent ter-
minal (for example, a mobile phone) by opening the appli-
cation market. The recommendation system of the
application market predicts, based on a historical behavior
log of the user, for example, a historical download record of
the user and a user selection record, an application market
feature, and environment feature information such as time,
and a place, a probability that the user downloads each
candidate app. Based on a calculated result, the recommen-
dation system of the application market may present candi-
date apps in descending order based on predicted probability
values, to improve a download probability of the candidate
app.

[0174] For example, an app with a higher predicted user
selection rate may be ranked higher, and an app with a lower
predicted user selection rate may be ranked lower.

[0175] The recommendation model may be a neural net-
work model. The following describes related terms and
concepts of a neural network that may be used in embodi-
ments of this application.

(1) Neural Network

[0176] The neural network may include a neuron. The
neuron may be an operation unit that uses x, (namely, input
data) and an intercept of 1 as an input. An output of the
operation unit may be as follows:

hp (x) = f(WTx) = f(Z::1 Wxs + b);

[0177] s=1.2,...,orn.nisa natural number greater than
1. W, is a weight of x_. b is a bias of the neuron. f indicates
an activation function of the neuron. The activation function
is used for introducing a non-linear characteristic into the
neural network, to convert an input signal of the neuron into
an output signal. The output signal of the activation function
may be used as an input of a next convolutional layer, and
the activation function may be a sigmoid function. The
neural network is a network formed by connecting a plu-
rality of single neurons together. To be specific, an output of
one neuron may be an input to another neuron. An input of
each neuron may be connected to a local receptive field of

Jul. 18, 2024

a previous layer to extract a feature of the local receptive
field. The local receptive field may be a region including
several neurons.

(2) Deep Neural Network

[0178] The deep neural network (DNN) is also referred to
as a multi-layer neural network, and may be understood as
a neural network having a plurality of hidden layers. There
is no special metric for “a plurality of” herein. The DNN is
divided based on positions of different layers, and a neural
network in the DNN may be divided into three types: an
input layer, a hidden layer, and an output layer. Generally, a
first layer is the input layer, a last layer is the output layer,
and a middle layer is the hidden layer. Layers are fully
connected. To be specific, any neuron at an i layer is
necessarily connected to any neuron at an (i+1)” layer.
Although the DNN seems to be complex, the DNN is
actually not complex in terms of work at each layer, and is
simply expressed as the following linear relationship expres-

. — = - .o . — .
sion: y=0(Wx+b). Herein, x is an input vector, y is an

output vector, b is an offset vector, W is a weight matrix
(also referred to as a coefficient), and o ) is an activation
function. At each layer, such a simple operation is performed

. - . -
on the input vector x, to obtain the output vector y.
Because a quantity of DNN layers is large, a quantity of

coefficients W and a quantity of offset vectors b are also
large. These parameters are defined in the DNN as follows:
The coefficient W is used as an example. It is assumed that
in a three-layer DNN, a linear coefficient from a fourth
neuron at a second layer to a second neuron at a third layer
is defined as w,,>. The superscript 3 represents a layer at
which the coefficient W is located, and the subscript corre-
sponds to an output third-layer index 2 and an input second-
layer index 4. In summary, a coefficient from a k”* neuron at
an (L—1)" layer to a j" neuron at an L layer is defined as
ijL. It should be noted that the input layer does not have
the parameter W. In the deep neural network, more hidden
layers make the network more capable of describing a
complex case in the real world. Theoretically, a model with
more parameters has higher complexity and a larger “capac-
ity”. It indicates that the model can complete a more
complex learning task. Training the deep neural network is
a process of learning a weight matrix, and a final objective
is to obtain a weight matrix of all layers of a trained deep
neural network (a weight matrix including vectors W of a
plurality of layers).

(3) Loss Function

[0179] In a process of training a deep neural network,
because it is expected that an output of the deep neural
network is as close as possible to a value that actually needs
to be predicted, a current predicted value of the network and
an actually expected target value may be compared, and then
a weight vector of each layer of the neural network is
updated based on a difference between the current predicted
value and the target value (certainly, there is usumally an
initialization process before the first update, to be specific,
parameters are preconfigured for all layers of the deep neural
network). For example, if the predicted value of the network
is large, the weight vector is adjusted to decrease the
predicted value, and adjustment is continuously performed,
until the deep neural network can predict the actually
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expected target value or a value that more approximates the
actually expected target value. Therefore, “how to obtain the
difference between the predicted value and the target value
through comparison” needs to be predefined. This is a loss
function or an objective function. The loss function and the
objective function are important equations that measure the
difference between the predicted value and the target value.
The loss function is used as an example. A larger output
value (loss) of the loss function indicates a larger difference.
Therefore, training of the deep neural network is a process
of minimizing the loss as much as possible.

(4) Back Propagation Algorithm

[0180] In a training process, a value of a parameter of an
initial model may be corrected by using an error back
propagation (BP) algorithm, so that an error loss of the
model becomes increasingly smaller. Specifically, an input
signal is forward propagated until the error loss occurs in an
output, and the parameter of the initial model is updated
through back propagation of error loss information, to
converge the error loss. The back propagation algorithm is
an error-loss-centered back propagation motion intended to
obtain a parameter, such as a weight matrix, of an optimal
model.

[0181] To improve a personalized degree of the recom-
mendation system and predict a list of articles that meet user
preference, the recommendation system usually interacts
with features from different perspectives, such as a user
feature, a commodity feature, and a context feature, to
capture user preference. Common feature interaction man-
ners in the industry are classified into two types. One is a
stack structure, and the other is a parallel structure.

[0182] The parallel structure may include a cross network
and a deep network (deep network). The cross network may
be referred to as an explicit interaction network (explicit
component). The deep network may be referred to as an
implicit interaction network (implicit component). In an
existing implementation, both the cross network and the
deep network use a feature vector output by a bottom layer
(embedding layer) as an input, and independently process
data (that is, only separately perform a data interaction
process), and do not interact with each other. The two
networks are fused and output at a final output layer. Typical
models include Wide & Deep, DCN, xDeepFM, and the like.

[0183] In a current parallel interaction model, parallel
networks do not share any information in their respective
interaction processes, and fusion is performed only at a final
output layer, which may be referred to as late fusion. This
manner ignores a synergistic function between different
feature interaction manners. In addition, data input between
the parallel networks is the same, and heterogeneity of
features for different interaction manners is ignored, that is,
different features bring different amounts of information to
different interaction manners. Consequently, data processing
accuracy of the model is poor.

[0184] To resolve the foregoing problem, this application
provides a recommendation method. The following uses a
model inference phase as an example to describe the infor-
mation recommendation method provided in an embodiment
of this application.

[0185] FIG. 5 is a schematic diagram of an embodiment of
a recommendation method according to an embodiment of
this application. As shown in FIG. 5, the recommendation

Jul. 18, 2024

method provided in this embodiment of this application
includes the following blocks.

[0186] Block 501: Obtain a target feature vector, where the
target feature vector is obtained by performing feature
extraction on attribute information of both a target user and
a target article.

[0187] In this embodiment of this application, block 501
may be performed by a terminal device. The terminal device
may be a portable mobile device, for example, including but
not limited to a mobile or portable computing device (such
as a smartphone), a personal computer, a server computer, a
handheld device (such as a tablet) or a laptop device, a
multiprocessor system, a game console or controller, a
microprocessor-based system, a set-top box, a program-
mable consumer electronic product, a mobile phone, a
mobile computing device and/or communication device
with a wearable or accessory shape factor (such as a watch,
glasses, a headphone or an earplug), a network PC, a
minicomputer, a mainframe computer, and a distributed
computing environment including any of the foregoing
systems or devices.

[0188] In this embodiment of this application, block 501
may be performed by a server on a cloud side.

[0189] For ease of description, forms of an execution body
are not distinguished in the following, and the execution bod
is described as an execution device.

[0190] In an embodiment, to calculate a probability that
the target user selects the target article, the execution device
may obtain the attribute information of the target user and
the attribute information of the target article.

[0191] The attribute information of the target user may be
an attribute related to a preference feature of the user, and
may be at least one of a gender, an age, an occupation,
income, a hobby, and an education degree. The gender may
be male or female. The age may be a number ranging from
0 to 100. The occupation may be teacher, programmer, chef,
or the like. The hobby may be basketball, tennis, or running.
The education degree may be elementary school, junior high
school, high school, university, and the like. This application
does not limit a specific type of the attribute information of
the target user.

[0192] The article may be a physical article or a virtual
article, for example, may be an article such as an app, audio
and a video, a web page, or news. The attribute information
of the article may be at least one of an article name, a
developer, an installation package size, a category, and a
good rating. For example, the article is an application. The
category of the article may be chat, parkour game, office, or
the like. The good rating may be a score, a comment, or the
like for the article. A specific type of the attribute informa-
tion of the article is not limited in this application.

[0193] In an embodiment, feature extraction may be per-
formed on the attribute information of both the target user
and the target article based on an embedding layer, to obtain
a target feature vector (the feature vector may also be
referred to as an embedding vector).

[0194] In an embodiment, feature extraction may be sepa-
rately performed on the target user and each attribute infor-
mation of the target user based on an embedding layer, to
obtain an embedding vector corresponding to each attribute
information. A concatenation (concat) operation may be
performed on each embedding vector, to obtain a target
feature vector. The target feature vector may be used as an
input of each of the cross network and the deep network.
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[0195] In an embodiment, after concatenation is per-
formed on each embedding vector, a concatenation result
may not be used as an input of each of the cross network and
the deep network. However, the input of each of the cross
network and the deep network may be obtained based on a
trained network that may learn weight distribution of the
feature in both the cross network and the deep network and
adjust the concatenation result based on the weight distri-
bution.

[0196] In an embodiment, refer to FIG. 6a. The network
may be a third feature adaptation network. Optionally, the
third feature adaptation network may include two sub-
networks. One sub-network corresponds to the cross net-
work, and one sub-network corresponds to the deep net-
work. It is equivalent to configuring a feature adaptation
module for each feature interaction network (that is, the
cross network and the deep network), to learn weight
distribution of the feature in each interaction network.
[0197] In an embodiment, a third feature adaptation net-
work may be a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a
gatenet. The third feature adaptation network may include
two sub-networks. One sub-network corresponds to the
cross network, and one sub-network corresponds to the deep
network. The sub-network may be a fully-connected net-
work, a squeeze-and-excitation network, an attention net-
work, an SENet, or a gatenet.

[0198] Specifically, feature extraction may be performed
on attribute information of each of the target user and the
target user based on an embedding layer, to obtain an
embedding vector corresponding to each attribute informa-
tion. A concatenation (concat) operation may be performed
on each embedding vector, to obtain an initial feature vector.
The initial feature vector is processed by using the third
feature adaptation network, to obtain a fifth weight corre-
sponding to the cross network and a sixth weight corre-
sponding to the deep network. The sub-network correspond-
ing to the cross network may process the initial feature
vector, to obtain the fifth weight corresponding to the cross
network. The sub-network corresponding to the deep net-
work may process the initial feature vector, to obtain the
sixth weight corresponding to the deep network.

[0199] The initial feature vector may include a plurality of
embedded vectors, and the fifth weight may include weight
values corresponding to all the embedded vectors. Option-
ally, the weight values corresponding to all the embedded
vectors may be the same or different. Similarly, the sixth
weight may include weight values corresponding to all the
embedded vectors. Optionally, the weight values corre-
sponding to all the embedded vectors may be the same or
different.

[0200] Inan embodiment, the initial feature vector may be
weighted with the fifth weight and the sixth weight sepa-
rately, to obtain a first network input corresponding to the
cross network and a second network input corresponding to
the deep network. The first network input is used as an input
of the cross network, and the second network input is used
as an input of the deep network. It is equivalent to that a third
feature adaptation network is introduced between an input
layer and a feature interaction layer (that is, the cross
network and the deep network). The third feature adaptation
network may include two sub-networks. One sub-network
corresponds to the cross network, and one sub-network
corresponds to the deep network. It is equivalent to config-
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uring a feature adaptation module for each feature interac-
tion network (that is, the cross network and the deep
network), to learn weight distribution of the feature in each
interaction network. Then, the calibrated feature (that is, the
first network input and the second network input) is sepa-
rately input to the cross network and deep network.

[0201] In this embodiment of this application, the third
feature adaptation network may learn heterogeneous param-
eter distribution for different interaction networks, to avoid
excessive sharing. Further, the first network input is used as
the input of the cross network, and the second network input
is used as the input of the deep network, so that data
processing accuracy of the recommendation model can be
improved.

[0202] 502: Process the target feature vector by using a
recommendation model, to obtain recommendation infor-
mation, where the recommendation information indicates a
probability that the target user selects the target article, the
recommendation model includes a cross network, a deep
network, and a target network, the cross network includes a
first cross layer and a second cross layer, and the deep
network includes a first deep layer and a second deep layer;
the target network is used to perform fusion processing on
a first intermediate output that is output by the first cross
layer and a second intermediate output that is output by the
first deep layer, to obtain a first fusion result, and the target
network is further used to: process the first fusion result to
obtain a first weight corresponding to the first cross layer and
a second weight corresponding to the first deep layer, and
weight the first fusion result with the first weight and the
second weight separately, to obtain a first intermediate input
and a second intermediate input; and the first intermediate
input is input data of the second cross layer, and the second
intermediate input is input data of the second deep layer.

[0203] Inan embodiment, the target feature vector may be
used as an input of the recommendation model. Optionally,
the target feature vector may be used as the input of each of
the cross network and the deep network in the recommen-
dation model. For example, the first network input may be
used as the input of the cross network, and the second
network input may be used as the input of the deep network.

[0204]

[0205] FIG. 65 is a schematic diagram of a structure of the
cross network. A fixed interaction manner is designed for the
cross network, that is, an inner product is performed on an
interaction result of an upper layer and an input layer each
time, and then the interaction result of the upper layer is
added to an inner product result. More repeated times of this
interaction manner indicate more interaction orders. The
cross network may include a plurality of cross layers. FIG.
7 shows an interaction manner of the cross layer. x, is an
input layer, x' is initially x,. Then an output (namely, y) of
an upper layer follows. w is a weight parameter. b is a weight
offset. x is the output (namely, y) of the upper layer and may
be understood as the same as x'.

[0206]

[0207] Due to a small quantity of parameters in the
cross-connect network, a capability (capacity) of the model
is limited. To capture a higher order nonlinear cross, one
deep network may be introduced in parallel. Optionally, the
deep network may be a fully connected feedforward neural
network. FIG. 8 is a schematic diagram of a structure the
deep network.

The following introduces the cross network.

The following introduces the deep network.
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[0208] In an existing implementation, there is no data
exchange between the cross network and the deep network.
In this embodiment of this application, one target network
used for data exchange may be introduced between the cross
network and the deep network.

[0209] The following describes the target network in this
embodiment of this application.

[0210] The target network in this embodiment of this
application may implement data exchange between a net-
work layer of the cross network and a network layer of the
deep network. Specifically, the cross network may include a
plurality of cross layers, and the deep network may include
a plurality of deep layers. Optionally, a quantity of cross
layers in the cross network and a quantity of deep layers in
the deep network are consistent (or are inconsistent, but
there is a position correspondence).

[0211] For example, when the quantity of cross layers in
the cross network is consistent with the quantity of deep
layers in the deep network, a cross layer and a deep layer at
a same position are in a one-to-one correspondence. For
example, the cross network may include a cross layer 1, a
cross layer 2, a cross layer 3, a cross layer 4, and a cross
layer 5, and the deep network may include a deep layer 1, a
deep layer 2, a deep layer 3, a deep layer 4, and a deep layer
5. In this case, the cross layer 1 corresponds to the deep layer
1, the cross layer 2 corresponds to the deep layer 2, the cross
layer 3 corresponds to the deep layer 3, the cross layer 4
corresponds to the deep layer 4, and the cross layer 5
corresponds to the deep layer 5.

[0212] For example, when the quantity of cross layers in
the cross network is inconsistent with the quantity of deep
layers in the deep network, a cross layer in the cross network
and a deep layer in the deep network that are in a same
relative position are in a one-to-one correspondence. For
example, the cross network may include a cross layer 1, a
cross layer 2, and a cross layer 3, and the deep network may
include a deep layer 1, a deep layer 2, a deep layer 3, a deep
layer 4, a deep layer 5, and a deep layer 6. In this case, the
cross layer 1 corresponds to the deep layer 1 and the deep
layer 2, the cross layer 2 corresponds to the deep layer 3 and
the deep layer 4, and the cross layer 3 corresponds to the
deep layer 5 and the deep layer 6.

[0213] In an embodiment, the cross network may include
a first cross layer (cross layer) and a second cross layer, and
the deep network includes a first deep layer (deep layer) and
a second deep layer. Each of the first cross layer and the
second cross layer may be any adjacent network layer in the
cross network. Each of the first deep layer and the second
deep layer may be any adjacent network layer in the deep
network. The first cross layer may correspond to the first
deep layer, and the second cross layer may correspond to the
second deep layer. For example, when the quantity of cross
layers in the cross network is consistent with the quantity of
deep layers in the deep network, the first cross layer may be
a cross layer 1, the first deep layer may be a deep layer 1, the
second cross layer may be a cross layer 2, and the second
deep layer may be a deep layer 2. For example, when the
quantity of cross layers in the cross network is inconsistent
with the quantity of deep layers in the deep network, the first
cross layer may be a cross layer 1, the first deep layer may
be a deep layer 1 and a deep layer 2, the second cross layer
may be a cross layer 2, and the second deep layer may be a
deep layer 3 and a deep layer 4.
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[0214] The target network is used to perform fusion pro-
cessing on the first intermediate output that is output by the
first cross layer and the second intermediate output that is
output by the first deep layer, to obtain the first fusion result.
(For a schematic diagram of data processing by the target
network, refer to FIG. 9).

[0215] In an embodiment, the fusion processing may
include one of point-wise addition (point-wise addition),
Hadamard product, concatenation, and attention mechanism
based pooling.

[0216] An input of the first cross layer may be a plurality
of embedding vectors (or referred to as feature vectors). The
first intermediate output that is output by the first cross layer
may be a plurality of embedding vectors. An input of the first
deep layer may be a plurality of embedding vectors. The
second intermediate output that is output by the first deep
layer may be a plurality of embedding vectors. Therefore,
fusion processing may be performed on the plurality of
embedding vectors output by the first cross layer and the
plurality of embedding vectors output by the first deep layer,
for example, point-wise addition, Hadamard product, con-
catenation, and attention mechanism based pooling. In an
embodiment, the first intermediate output includes M first
feature vectors, the second intermediate output includes M
second feature vectors, and the first fusion result includes M
third feature vectors.

[0217] The target network is further used to: process the
first fusion result to obtain the first weight corresponding to
the first cross layer and the second weight corresponding to
the first deep layer, and weight the first fusion result with the
first weight and the second weight separately, to obtain the
first intermediate input corresponding to the first cross layer
and the second intermediate input corresponding to the first
deep layer.

[0218] In an embodiment, the target network may include
a first feature adaptation network. The first feature adapta-
tion network is a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a
gatenet. For descriptions of the first feature adaptation
network, refer to the descriptions of the third feature adap-
tation network in the foregoing embodiment. Details are not
described herein again. Then, the target network may pro-
cess the first fusion result by using the first feature adapta-
tion network.

[0219] In an embodiment, the first intermediate output
includes M first feature vectors, the second intermediate
output includes M second feature vectors, and the first fusion
result includes M third feature vectors. The first weight
includes a first weight value corresponding to each first
feature vector. The second weight includes a second weight
value corresponding to each second feature vector. After the
first weight and the second weight are obtained, each first
feature vector of the M third feature vectors may be
weighted with the corresponding first weight value, and each
second feature vector of the M third feature vectors may be
weighted with the corresponding second weight value.

[0220] The first fusion result may include the M third
feature vectors. The first weight may include first weight
values corresponding to all the third feature vectors. Option-
ally, the first weight values corresponding to all the third
feature vectors may be the same or different. Similarly, the
second weight may include second weight values corre-
sponding to all the third feature vectors. Optionally, the
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second weight values corresponding to all the third feature
vectors may be the same or different.

[0221] In an embodiment, the first fusion result may be
weighted with the first weight and the second weight sepa-
rately, to obtain the first intermediate input corresponding to
the first cross layer and the second intermediate input
corresponding to the first deep layer. The first intermediate
input is used as an input of the second cross layer, and the
second intermediate input is used as an input of the second
deep layer. It is equivalent to that a first feature adaptation
network is introduced between the cross network and the
deep network. The first feature adaptation network may
include two sub-networks. One sub-network corresponds to
the cross network, and one sub-network corresponds to the
deep network. It is equivalent to configuring a feature
adaptation module for each feature interaction network (that
is, the cross network and the deep network), to learn weight
distribution of the feature in each interaction network. Then,
the calibrated feature (that is, the first intermediate input and
the second intermediate input) is separately input to a next
cross network and a next deep network. For example, after
the first intermediate input and the second intermediate input
are respectively obtained, the second cross layer may pro-
cess the first intermediate input, and the second deep layer
may process the second intermediate input.

[0222] In this embodiment of this application, the target
network may fuse an output of the cross layer in the cross
network and an output of the deep layer in the deep network,
and perform weight-based adaptation. This implements data
exchange between the cross network and the deep network,
and improves data processing accuracy of the recommen-
dation model.

[0223] In an embodiment, the target network may further
fuse an output of the second cross layer and an output of the
second deep layer, and perform weight-based adaptation.
For example, the cross network further includes a third cross
layer, and the deep network further includes a third deep
layer. The target network is further used to perform fusion
processing on a third intermediate output that is output by
the second cross layer and a fourth intermediate output that
is output by the second deep layer, to obtain a second fusion
result. The target network is further used to: process the
second fusion result to obtain a third weight corresponding
to the second cross layer and a fourth weight corresponding
to the second deep layer, and weight the second fusion result
with the third weight and the fourth weight separately, to
obtain a third intermediate input corresponding to the second
cross layer and a fourth intermediate input corresponding to
the second deep layer. The third cross layer is configured to
process the third intermediate input. The third deep layer is
configured to process the fourth intermediate input.

[0224] In an embodiment, the target network includes a
second feature adaptation network, and the second feature
adaptation network is a fully-connected network, a squeeze-
and-excitation network, an attention network, an SENet, or
a gatenet. Further, the target network may process the
second fusion result by using the second feature adaptation
network.

[0225] In an embodiment, the second feature adaptation
network is a fully-connected network, a squeeze-and-exci-
tation network, an attention network, an SENet or a gatenet.
[0226] This is repeated until an output layer is reached.
Finally, outputs of different interaction networks and a fused
output may be fused, and recommendation information is
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finally obtained by using an activation function. The rec-
ommendation information indicates the probability that the
target user selects the target article (namely, a predicted
value y).

[0227] 503: When the recommendation information meets
apreset condition, determine to recommend the target article
to the target user.

[0228] In the foregoing manner, the probability that the
target user selects the target article may be obtained, and
information recommendation is performed based on the
probability. Specifically, when the recommendation infor-
mation meets the preset condition, it may be determined to
recommend the target article to the target user.

[0229]

[0230] In an embodiment, when information recommen-
dation is performed on the target user, a probability that the
target user selects a plurality of articles (including the target
article) may be calculated, and a recommendation index of
each article for the target user is determined based on the
probability that the user selects the plurality of articles
(including the target article).

[0231] After recommendation indexes of the articles for
the target user are obtained, the recommendation indexes
may be sorted, and M articles with highest recommendation
indexes are recommended to the target user.

[0232] In an embodiment, one probability threshold may
be alternatively set. When a probability that the target user
selects a plurality of articles (including the target article) is
greater than the probability threshold, the articles may be
recommended to the target user.

[0233] During information recommendation, the recom-
mendation information may be recommended to the user in
a form of a list page, so that the user is expected to perform
behavior.

[0234] The following uses a click-through rate prediction
scenario in an intelligent assistant direct service as an
example, to describe the technical solution in this embodi-
ment of this application. Inputs of a click-through rate
prediction model include a user feature, an article feature,
and a context feature. The model interacts with these fea-
tures explicitly or implicitly. Improvement of information
sharing and a synergistic function between a plurality of
interaction manners is a core of the patent technology. A
specific process of offline training of the click-through rate
prediction model is as follows: Different feature distribution
is learned for each feature interaction network, and a plu-
rality of interaction networks are separately input. Interac-
tion results of different interaction networks are fused, and
interaction manners learned in the different networks are
shared. Heterogeneous feature distribution is learned for
subsequent different interaction networks based on a fused
network parameter. The foregoing blocks are repeated until
the output layer is reached. Outputs of the different interac-
tion networks and a fused result are concatenated, and a
predicted value is finally obtained by inputting an activation
function. For an online service, the model is directly loaded
for online estimation.

[0235] The following describes beneficial effect of this
embodiment of this application with reference to an experi-
ment. Three datasets are used: a Criteo dataset, an Avazu
dataset, and a Huawei industrial dataset. Statistical informa-
tion is shown in Table 1.

The following describes the preset condition:
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TABLE 1

16

Statistics of evaluation datasets
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[0236] In the experiment, offline evaluation indicators are
AUC and log loss, and online evaluation indicators are
click-through rate prediction (CTR) and ECPM. The experi-

Dataset #Feature Fields  #Instances (x107) Positive Ratio ment is performed on the three data sets, and uses an
Avazu 23 3.64 17% example in which DCN is used as a basic framework of the
Criteo 39 9.69 50% model. Table 2 shows an experiment result. It can be learned
Industrial 85 8.75 3.3% ) ) )
from the table that, compared with a comparison baseline,
this embodiment of this application can achieve a best result.
Avazu Criteo Industrial
Model AUC LogLoss AUC LogLoss AUC LogLoss
FNN 0.7738 03841 0.7941 0.5482  0.7261 0.1368
Wide&Deep 0.7745 03836 07952 0.5470 07255  0.1369
DeepFM 0.7747 03833 0.7955  0.5467 07262 0.1369
DCN 0.7751 0.3835 07963 05459  0.7263  0.1368
DCN-V2 07755 03822 0.7983  0.5435 07272 0.1368
xDeepFM 0.7754 03825 07968  0.5455 07275 0.1367
AutoInt 0.7756  0.3821 0.7983 05437  0.7282  0.1365
PNN 07759 03820  0.7985  0.5434 07269  0.1366
EDCN 0.7793*  0.3803*  0.8001*  0.5415*  0.7310*  0.1361*
Rel Impr. 0.44% 0.45% 0.20% 0.35% 0.38% 0.29%
[0237] This embodiment of this application may be a
general feature interaction enhancement framework, and can
improve recommendation effect of different multi-tower
models. Several commonly used deep models in the industry
are selected for CTR prediction, and modules in this
embodiment of this application are introduced to these
models, to verify universality of the models. Experimental
results are shown in Table 3 and Table 4. A multi-tower
interaction module is the target network described in this
embodiment of this application.
TABLE 3
Universality of the feature adaptation module
Avazu Criteo Industrial
Model AUC LogLoss AUC  Logloss AUC  Logloss
DeepFM 0.7747  0.3833 07955  0.5467  0.7262  0.1369
DeepFMg,zuiation 07756 0.3831 0.7968  0.5452  0.7280  0.1365
xDeepFM 0.7754  0.3825 07968  0.5455  0.7275  0.1367
xDeepFMpogusanon 07765 03817 07977 0.5443 07288 0.1365
AutoInt 07756 0.3821 0.7983  0.5437  0.7282  0.1365
AUtOINtR g arion 07763  0.3818 07986  0.5432  0.7294  0.1365
DCN 0.7751 0.3835 07963  0.5459  0.7263  0.1368
DCNg ggretation 0.7771 0.3817  0.7985  0.5433 07286  0.1365
DCN-V2 07755 0.3822 07983  0.5435 07272 0.1368
DCN-V2gevtation 0.7761 0.3819  0.7985  0.5433 07289  0.1365
DCNp, e 07775 03814 07997  0.5420  0.7300  0.1364
DONp,izereguiate 07793  0.3803  0.8001  0.5415 07310  0.1361
Note that model DCNBp,; 450 Reguiare = EDCN.
TABLE 4
Universality of the multi-tower interaction module
Avazu Criteo Industrial
Model AUC LogLoss AUC LogLoss AUC  Logloss
xDeepFM 07754  0.3825 07968  0.5455 07275 0.1367
xDeepFMp, iz 0.7761 0.3824 07974 05445 07291  0.1364
DCN 0.7751 0.3835 07963 05459 07263  0.1368
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TABLE 4-continued
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Universality of the multi-tower interaction module

Avazu Criteo Industrial
Model AUC LogLoss AUC LogLoss AUC  Logloss
DCNgyigge 0.7775 0.3814 0.7997 0.5420 0.7300 0.1364
DCN-V2 0.7755 0.3822 0.7983 0.5435 0.7272 0.1368
DCN-V2z,,40. 0.7776 0.3811 0.7987 0.5431 0.7292 0.1364
[0238] It can be learned that model performance can be [0242] Block 1001: Obtain a target feature vector, where

significantly improved after the modules in the patent of this
application are introduced into these common multi-tower
deep models. It can be learned that this framework has good
compatibility.

[0239] An embodiment of this application provides a
recommendation method. The method includes: obtaining a
target feature vector, where the target feature vector is
obtained by performing feature extraction on attribute infor-
mation of both a target user and a target article; processing
the target feature vector by using a recommendation model,
to obtain recommendation information, where the recom-
mendation information indicates a probability that the target
user selects the target article, the recommendation model
includes a cross network, a deep network, and a target
network, the cross network includes a first cross layer and a
second cross layer, and the deep network includes a first
deep layer and a second deep layer; the target network is
used to perform fusion processing on a first intermediate
output that is output by the first cross layer and a second
intermediate output that is output by the first deep layer, to
obtain a first fusion result, and the target network is further
used to: process the first fusion result to obtain a first weight
corresponding to the first cross layer and a second weight
corresponding to the first deep layer, and weight the first
fusion result with the first weight and the second weight
separately, to obtain a first intermediate input and a second
intermediate input; and the first intermediate input is input
data of the second cross layer, and the second intermediate
input is input data of the second deep layer; and when the
recommendation information meets a preset condition,
determining to recommend the target article to the target
user. In this way, the target network learns heterogeneous
parameter distribution for different interaction networks, to
avoid excessive sharing, and introduces interaction signals
between different interaction networks. This enhances a
synergistic function of a multi-tower network and improves
prediction accuracy of the model. The target network may
fuse an output of the cross layer in the cross network and an
output of the deep layer in the deep network, and perform
weight-based adaptation. This implements data exchange
between the cross network and the deep network, and
improves data processing accuracy of the recommendation
model.

[0240] The foregoing describes the recommendation
method provided in this embodiment of this application
from the perspective of a model inference process, and the
following describes a model training process.

[0241] FIG. 10 is a schematic flowchart of a model train-
ing method according to an embodiment of this application.
As shown in FIG. 10, the model training method provided in
this embodiment of this application includes the following
blocks.

the target feature vector is obtained by performing feature
extraction on attribute information of both a target user and
a target article.

[0243] Block 1002: Process the target feature vector by
using a first recommendation model, to obtain recommen-
dation information, where the recommendation information
indicates a probability that the target user selects the target
article, the recommendation model includes a cross network,
a deep network, and a target network, the cross network
includes a first cross layer and a second cross layer, and the
deep network includes a first deep layer and a second deep
layer; the target network is used to perform fusion process-
ing on a first intermediate output that is output by the first
cross layer and a second intermediate output that is output by
the first deep layer, to obtain a first fusion result, and the
target network is further used to: process the first fusion
result to obtain a first weight corresponding to the first cross
layer and a second weight corresponding to the first deep
layer, and weight the first fusion result with the first weight
and the second weight separately, to obtain a first interme-
diate input and a second intermediate input; and the first
intermediate input is input data of the second cross layer, and
the second intermediate input is input data of the second
deep layer.

[0244] Block 1003: Determine a loss based on the recom-
mendation information and an actual selection result of the
target user for the target article, and update the first recom-
mendation model based on the loss, to obtain a second
recommendation model.

[0245] In an embodiment, label data y and a predicted
value y may be used to obtain a loss based on a loss function
such as a cross-entropy (Logloss) and a root mean square
error (RMSE). Based on the loss and a gradient descent
algorithm, joint training and optimization of parameters of
different module such as an automatic feature discretization
module and a deep model may be completed by using a
chain rule. Parameters of both the multi-tower interaction
module and the feature adaptation module are continuously
adjusted by using the loss function of the model, and finally
the optimized modules are obtained.

[0246] In an embodiment, the fusion processing includes
one of point-wise addition (point-wise addition), Hadamard
product, concatenation, and attention mechanism based
pooling.

[0247] In an embodiment, the target network includes a
first feature adaptation network, and the first feature adap-
tation network is a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a
gatenet. The first fusion result may be processed by using the
first feature adaptation network.

[0248] In an embodiment, the first intermediate output
includes M first feature vectors, the second intermediate
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output includes M second feature vectors, and the first fusion
result includes M third feature vectors. The first weight
includes a first weight value corresponding to each first
feature vector. The second weight includes a second weight
value corresponding to each second feature vector. Each first
feature vector of the M third feature vectors may be
weighted with the corresponding first weight value, and each
second feature vector of the M third feature vectors may be
weighted with the corresponding second weight value.

[0249] In an embodiment, the cross network further
includes a third cross layer, and the deep network further
includes a third deep layer. The target network is further
used to perform fusion processing on a third intermediate
output that is output by the second cross layer and a fourth
intermediate output that is output by the second deep layer,
to obtain a second fusion result. The target network is further
used to: process the second fusion result to obtain a third
weight corresponding to the second cross layer and a fourth
weight corresponding to the second deep layer, and weight
the second fusion result with the third weight and the fourth
weight separately, to obtain a third intermediate input cor-
responding to the second cross layer and a fourth interme-
diate input corresponding to the second deep layer. The third
cross layer is configured to process the third intermediate
input, and the third deep layer is configured to process the
fourth intermediate input.

[0250] In an embodiment, the target network includes a
second feature adaptation network, and the second feature
adaptation network is a fully-connected network, a squeeze-
and-excitation network, an attention network, an SENet, or
a gatenet. The target network may process the second fusion
result by using the second feature adaptation network.

[0251] In an embodiment, the target feature vector
includes a first network input and a second network input.
An initial feature vector may be obtained, where the initial
feature vector is obtained by performing feature extraction
on the attribute information of both the target user and the
target article. The initial feature vector is processed by using
a third feature adaptation network, to obtain a fifth weight
corresponding to the cross network and a sixth weight
corresponding to the deep network. The initial feature vector
is weighted with the fifth weight and the sixth weight
separately, to obtain a first network input corresponding to
the cross network and a second network input corresponding
to the deep network. The first network input is used as an
input of the cross network. The second network input is used
as an input of the deep network. The first recommendation
model and the second feature adaptation network may be
updated based on the loss, to obtain the second recommen-
dation model and the updated second feature adaptation
network.

[0252] In an embodiment, the second feature adaptation
network is a fully-connected network, a squeeze-and-exci-
tation network, an attention network, an SENet or a gatenet.

[0253] In an embodiment, the user attribute includes at
least one of the following: a gender, an age, an occupation,
income, a hobby, and an education degree.

[0254] In an embodiment, the article attribute includes at
least one of the following: an article name, a developer, an
installation package size, a category, and a good rating.

[0255] FIG. 11 is a schematic diagram of a structure of a
recommendation apparatus 1100 according to an embodi-
ment of this application. The apparatus 1100 includes: an
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obtaining module 1101, a data processing module 1102, and
a recommendation module 1103.

[0256] The obtaining module 1101 is configured to obtain
a target feature vector, where the target feature vector is
obtained by performing feature extraction on attribute infor-
mation of both a target user and a target article.

[0257] For specific descriptions of the obtaining module
1101, refer to the description of block 501 in the foregoing
embodiment, and details are not described herein again.

[0258] The data processing module 1102 is configured to
process the target feature vector by using a recommendation
model, to obtain recommendation information. The recom-
mendation information indicates a probability that the target
user selects the target article, the recommendation model
includes a cross network, a deep network, and a target
network. The cross network includes a first cross layer and
a second cross layer. The deep network includes a first deep
layer and a second deep layer. The target network is used to
perform fusion processing on a first intermediate output that
is output by the first cross layer and a second intermediate
output that is output by the first deep layer, to obtain a first
fusion result. The target network is further used to: process
the first fusion result to obtain a first weight corresponding
to the first cross layer and a second weight corresponding to
the first deep layer, and weight the first fusion result with the
first weight and the second weight separately, to obtain a first
intermediate input and a second intermediate input. The first
intermediate input is input data of the second cross layer, and
the second intermediate input is input data of the second
deep layer.

[0259] For a specific description of the data processing
module 1102, refer to the description of block 502 in the
foregoing embodiment, and details are not described herein
again.

[0260] The recommendation module 1103 is configured
to: when the recommendation information meets a preset
condition, determine to recommend the target article to the
target user.

[0261] For a specific description of the recommendation
module 1103, refer to the description of block 503 in the
foregoing embodiment, and details are not described herein
again.

[0262] In an embodiment, the fusion processing includes
one of point-wise addition, Hadamard product, concatena-
tion, and attention mechanism based pooling.

[0263] In an embodiment, the target network includes a
first feature adaptation network, and the first feature adap-
tation network is a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a
gatenet.

[0264] The data processing module is specifically config-
ured to:
[0265] process the first fusion result by using the first

feature adaptation network.

[0266] In an embodiment, the first intermediate output
includes M first feature vectors, the second intermediate
output includes M second feature vectors, and the first fusion
result includes M third feature vectors. The first weight
includes a first weight value corresponding to each first
feature vector. The second weight includes a second weight
value corresponding to each second feature vector.
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[0267]
ured to:
[0268] weight each first feature vector of the M third
feature vectors with a corresponding first weight value;
and
[0269] weight each second feature vector of the M third
feature vectors with a corresponding second weight
value.
[0270] In an embodiment, the cross network further
includes a third cross layer, and the deep network further
includes a third deep layer. The target network is further
used to perform fusion processing on a third intermediate
output that is output by the second cross layer and a fourth
intermediate output that is output by the second deep layer,
to obtain a second fusion result. The target network is further
used to: process the second fusion result to obtain a third
weight corresponding to the second cross layer and a fourth
weight corresponding to the second deep layer, and weight
the second fusion result with the third weight and the fourth
weight separately, to obtain a third intermediate input cor-
responding to the second cross layer and a fourth interme-
diate input corresponding to the second deep layer. The third
cross layer is configured to process the third intermediate
input, and the third deep layer is configured to process the
fourth intermediate input.
[0271] In an embodiment, the target network includes a
second feature adaptation network, and the second feature
adaptation network is a fully-connected network, a squeeze-
and-excitation network, an attention network, an SENet, or

The data processing module is specifically config-

a gatenet.
[0272] The data processing module is specifically config-
ured to:

[0273] process the second fusion result by using the

second feature adaptation network.
[0274] In an embodiment, the target feature vector
includes a first network input and a second network input.
[0275] The obtaining module is specifically configured to:
[0276] obtain an initial feature vector, where the initial
feature vector is obtained by performing feature extrac-
tion on the attribute information of both the target user
and the target article; and
[0277] process the initial feature vector by using a third
feature adaptation network, to obtain a fifth weight
corresponding to the cross network and a sixth weight
corresponding to the deep network, and weight the
initial feature vector with the fifth weight and the sixth
weight separately, to obtain a first network input cor-
responding to the cross network and a second network
input corresponding to the deep network, where the
first network input is used as an input of the cross
network, and the second network input is used as an
input of the deep network.
[0278] In an embodiment, the second feature adaptation
network is a fully-connected network, a squeeze-and-exci-
tation network, an attention network, an SENet or a gatenet.
[0279] In an embodiment, the user attribute includes at
least one of the following: a gender, an age, an occupation,
income, a hobby, and an education degree.
[0280] The article attribute includes at least one of the
following: an article name, a developer, an installation
package size, a category, and a good rating.
[0281] FIG. 12 is a schematic diagram of a structure of a
model training apparatus according to an embodiment of this
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application. The apparatus 1200 includes: an obtaining mod-
ule 1201, a data processing module 1202, and a model
training module 1203.

[0282] The obtaining module 1201 is configured to obtain
a target feature vector, where the target feature vector is
obtained by performing feature extraction on attribute infor-
mation of both a target user and a target article.

[0283] For specific descriptions of the obtaining module
1201, refer to the description of block 1001 in the foregoing
embodiment, and details are not described herein again.
[0284] The data processing module 1202 is configured to
process the target feature vector by using a first recommen-
dation model, to obtain recommendation information. The
recommendation information indicates a probability that the
target user selects the target article, the recommendation
model includes a cross network, a deep network, and a target
network. The cross network includes a first cross layer and
a second cross layer. The deep network includes a first deep
layer and a second deep layer. The target network is used to
perform fusion processing on a first intermediate output that
is output by the first cross layer and a second intermediate
output that is output by the first deep layer, to obtain a first
fusion result. The target network is further used to: process
the first fusion result to obtain a first weight corresponding
to the first cross layer and a second weight corresponding to
the first deep layer, and weight the first fusion result with the
first weight and the second weight separately, to obtain a first
intermediate input and a second intermediate input. The first
intermediate input is input data of the second cross layer, and
the second intermediate input is input data of the second
deep layer.

[0285] For a specific description of the data processing
module 1202, refer to the description of block 1002 in the
foregoing embodiment, and details are not described herein
again.

[0286] The model training module 1203 is configured to:
determine a loss based on the recommendation information
and an actual selection result of the target user for the target
article, and updating the first recommendation model based
on the loss, to obtain a second recommendation model.
[0287] For a specific description of the model training
module 1203, refer to the description of block 1003 in the
foregoing embodiment. Details are not described herein
again.

[0288] In an embodiment, the fusion processing includes
one of point-wise addition, Hadamard product, concatena-
tion, and attention mechanism based pooling.

[0289] In an embodiment, the target network includes a
first feature adaptation network, and the first feature adap-
tation network is a fully-connected network, a squeeze-and-
excitation network, an attention network, an SENet, or a

gatenet.
[0290] The data processing module is specifically config-
ured to:

[0291] process the first fusion result by using the first

feature adaptation network.

[0292] In an embodiment, the first intermediate output
includes M first feature vectors, the second intermediate
output includes M second feature vectors, and the first fusion
result includes M third feature vectors. The first weight
includes a first weight value corresponding to each first
feature vector. The second weight includes a second weight
value corresponding to each second feature vector.
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[0293]
ured to:

[0294] weight each first feature vector of the M third
feature vectors with a corresponding first weight value;
and

[0295] weight each second feature vector of the M third
feature vectors with a corresponding second weight
value.

[0296] In an embodiment, the cross network further
includes a third cross layer, and the deep network further
includes a third deep layer. The target network is further
used to perform fusion processing on a third intermediate
output that is output by the second cross layer and a fourth
intermediate output that is output by the second deep layer,
to obtain a second fusion result. The target network is further
used to: process the second fusion result to obtain a third
weight corresponding to the second cross layer and a fourth
weight corresponding to the second deep layer, and weight
the second fusion result with the third weight and the fourth
weight separately, to obtain a third intermediate input cor-
responding to the second cross layer and a fourth interme-
diate input corresponding to the second deep layer. The third
cross layer is configured to process the third intermediate
input, and the third deep layer is configured to process the
fourth intermediate input.

[0297] In an embodiment, the target network includes a
second feature adaptation network, and the second feature
adaptation network is a fully-connected network, a squeeze-
and-excitation network, an attention network, an SENet, or

The data processing module is specifically config-

a gatenet.
[0298] The data processing module is specifically config-
ured to:

[0299] process the second fusion result by using the

second feature adaptation network.

[0300] In an embodiment, the target feature vector
includes a first network input and a second network input.

[0301]

[0302] obtain an initial feature vector, where the initial
feature vector is obtained by performing feature extrac-
tion on the attribute information of both the target user
and the target article; and

[0303] process the initial feature vector by using a third
feature adaptation network, to obtain a fifth weight
corresponding to the cross network and a sixth weight
corresponding to the deep network, and weight the
initial feature vector with the fifth weight and the sixth
weight separately, to obtain a first network input cor-
responding to the cross network and a second network
input corresponding to the deep network, where the
first network input is used as an input of the cross
network, and the second network input is used as an
input of the deep network.

[0304] The updating the first recommendation model
based on the loss, to obtain a second recommendation model
includes:

[0305] updating the first recommendation model and
the second feature adaptation network based on the
loss, to obtain the second recommendation model and
the updated second feature adaptation network.

[0306] In an embodiment, the second feature adaptation
network is a fully-connected network, a squeeze-and-exci-
tation network, an attention network, an SENet or a gatenet.

The obtaining module is specifically configured to:
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[0307] In an embodiment, the user attribute includes at
least one of the following: a gender, an age, an occupation,
income, a hobby, and an education degree.

[0308] In an embodiment, the article attribute includes at
least one of the following: an article name, a developer, an
installation package size, a category, and a good rating.
[0309] The following describes an execution device pro-
vided in an embodiment of this application. FIG. 13 is a
schematic diagram of a structure of an execution device
according to an embodiment of this application. The execu-
tion device 1300 may be specifically a mobile phone, a tablet
computer, a laptop computer, a smart wearable device, a
server, and the like. This is not limited herein. The recom-
mendation apparatus described in the embodiment corre-
sponding to FIG. 11 may be deployed on the execution
device 1300, and the execution device 1300 is configured to
implement a function of the recommendation method in the
embodiment corresponding to FIG. 10. Specifically, the
execution device 1300 includes a receiver 1301, a transmit-
ter 1302, a processor 1303, and a memory 1304 (there may
be one or more processors 1303 in the execution device
1300) The processor 1303 may include an application pro-
cessor 13031 and a communication processor 13032. In
some embodiments of this application, the receiver 1301, the
transmitter 1302, the processor 1303, and the memory 1304
may be connected through a bus or in another manner.
[0310] The memory 1304 may include a read-only
memory and a random access memory, and provide instruc-
tions and data for the processor 1303. A part of the memory
1304 may further include a nonvolatile random access
memory (NVRAM). The memory 1304 stores a processor
and operation instructions, an executable module or a data
structure, a subnet thereof, or an expanded set thereof. The
operation instructions may include various operation
instructions, to implement various operations.

[0311] The processor 1303 controls an operation of the
execution device. During specific application, the compo-
nents of the execution device are coupled together through
a bus system. In addition to a data bus, the bus system may
further include a power bus, a control bus, a status signal
bus, and the like. However, for clear description, various
types of buses in the figure are marked as the bus system.
[0312] The method disclosed in the foregoing embodi-
ments of this application may be applied to the processor
1303, or may be implemented by the processor 1303. The
processor 1303 may be an integrated circuit chip, and has a
signal processing capability. In an implementation process,
blocks in the foregoing methods may be implemented by
using a hardware integrated logical circuit in the processor
1303, or by using instructions in a form of software. The
processor 1303 may be a processor applicable to an Al
operation, such as a general-purpose processor, a digital
signal processor (DSP), a microprocessor or a microcon-
troller, a vision processing unit (VPU), or a tensor process-
ing unit (TPU), and may further include an application-
specific integrated circuit (ASIC), a field-programmable
gate array (FPGA), or another programmable logic device,
a discrete gate, or a transistor logic device, or a discrete
hardware component. The processor 1303 may implement
or perform the method, the blocks, and the logical block
diagrams disclosed in embodiments of this application. The
general-purpose processor may be a microprocessor, or any
conventional processor. The blocks in the methods disclosed
with reference to embodiments of this application may be
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directly performed and completed by a hardware decoding
processor, or may be performed and completed by a com-
bination of hardware and a software module in the decoding
processor. The software module may be located in a mature
storage medium in the art such as a random access memory,
a flash memory, a read-only memory, a programmable
read-only memory, an electrically erasable programmable
memory, or a register. The storage medium is located in the
memory 1304, and the processor 1303 reads information in
the memory 1304 and completes blocks 501 to 503 in the
foregoing embodiment in combination with hardware of the
processor 1303.

[0313] The receiver 1301 may be configured to: receive
input digital or character information, and generate a signal
input related to setting and function control of the execution
device. The transmitter 1302 may be configured to output
the digital or character information through a first interface.
The transmitter 1302 may further be configured to send
instructions to a disk group through the first interface, to
modify data in the disk group. The transmitter 1302 may
further include a display device such as a display.

[0314] Anembodiment of this application further provides
a training device. FIG. 14 is a schematic diagram of a
structure of a training device according to an embodiment of
this application. Specifically, a training device 1400 is
implemented by one or more servers. The training device
1400 may differ greatly due to different configurations or
performance, and may include one or more central process-
ing units (CPUs) 1414 (for example, one or more proces-
sors) and a memory 1432, one or more storage media 1430
(for example, one or more massive storage devices) that
store an application 1442 or data 1444. The memory 1432
and the storage medium 1430 may be for temporary storage
or permanent storage. A program stored in the storage
medium 1430 may include one or more modules (not shown
in the figure), and each module may include a series of
instruction operations for the training device. Further, the
central processing unit 1414 may be configured to commu-
nicate with the storage medium 1430, and perform, on the
training device 1400, the series of instruction operations in
the storage medium 1430.

[0315] The training device 1400 may further include one
or more power supplies 1426, one or more wired or wireless
network interfaces 1450, one or more input/output interfaces
1458, or one or more operating systems 1441, such as
Windows Server™, Mac OS X™, Unix™, Linux™, and
FreeBSD™.,

[0316] Specifically, the training device may perform
blocks 1001 to 1003 in the embodiment.

[0317] Anembodiment of this application further provides
a computer program product. When the computer program
product runs on a computer, the computer is enabled to
perform blocks performed by the execution device or blocks
performed by the training device.

[0318] Anembodiment of this application further provides
a computer-readable storage medium. The computer-read-
able storage medium stores a program used for signal
processing. When the program is run on a computer, the
computer is enabled to perform blocks performed by the
execution device or blocks performed by the training device.
[0319] The execution device, the training device, or the
terminal device in embodiments of this application may be
specifically a chip. The chip includes a processing unit and
a communication unit. The processing unit may be, for
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example, a processor, and the communication unit may be,
for example, an input/output interface, a pin, or a circuit. The
processing unit may execute computer-executable instruc-
tions stored in a storage unit, so that a chip in the execution
device performs the data processing method described in the
foregoing embodiment, or a chip in the training device
performs the data processing method described in the fore-
going embodiment. Optionally, the storage unit is a storage
unit in the chip, for example, a register or a cache; or the
storage unit may be a storage unit that is in a radio access
device and that is located outside the chip, for example, a
read-only memory (ROM), another type of static storage
device that can store static information and instructions, or
a random access memory (RAM).

[0320] Specifically, FIG. 15 is a schematic diagram of a
structure of a chip according to an embodiment of this
application. The chip may be represented as a neural net-
work processing unit NPU 1500. The NPU 1500 is mounted
to a host CPU as a coprocessor, and the host CPU allocates
a task. A core part of the NPU is an operation circuit 1503,
and a controller 1504 controls the operation circuit 1503 to
extract matrix data in a memory and perform a multiplica-
tion operation.

[0321] The NPU 1500 may implement, through coopera-
tion between internal components, the information recom-
mendation method provided in the embodiment described in
FIG. 4 and the model training method provided in the
embodiment described in FIG. 10.

[0322] More specifically, in some implementations, the
operation circuit 1503 in the NPU 1500 includes a plurality
of processing engines (PE) inside. In some implementations,
the operation circuit 1503 is a two-dimensional systolic
array. The operation circuit 1503 may alternatively be a
one-dimensional systolic array or another electronic circuit
capable of performing mathematical operations such as
multiplication and addition. In some implementations, the
operation circuit 1503 is a general-purpose matrix processor.
[0323] For example, it is assumed that there is an input
matrix A, a weight matrix B, and an output matrix C. The
operation circuit fetches data corresponding to the matrix B
from a weight memory 1502, and buffers the data on each PE
in the operation circuit. The operation circuit fetches data of
the matrix A from an input memory 1501 to perform a matrix
operation on the matrix B, and stores an obtained partial
result or an obtained final result of the matrix in an accu-
mulator 1508.

[0324] A unified memory 1506 is configured to store input
data and output data. Weight data is directly transferred to
the weight memory 1502 through a direct memory access
controller (DMAC) 1505. The input data is also transferred
to the unified memory 1506 by using the DMAC.

[0325] A BIU is a bus interface unit, namely, a bus
interface unit 1510, and is used for interaction between an
AXI bus and the DMAC and between the AXI bus and an
instruction fetch buffer (IFB) 1509.

[0326] The bus interface unit (BIU) 1510 is used by the
instruction fetch buffer 1509 to obtain instructions from an
external memory, and is further used by the direct memory
access controller 1505 to obtain original data of the input
matrix A or the weight matrix B from the external memory.
[0327] The DMAC is mainly configured to transfer input
data in the external memory DDR to the unified memory
1506, transfer weight data to the weight memory 1502, or
transfer input data to the input memory 1501.
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[0328] A vector calculation unit 1507 includes a plurality
of operation processing units; and if necessary, performs
further processing such as vector multiplication, vector
addition, an exponential operation, a logarithmic operation,
or value comparison on an output of the operation circuit
1503. The vector calculation unit 1507 is mainly configured
to perform network calculation, such as batch normalization,
pixel-level summation, and upsampling on a feature plane,
at a non-convolutional/fully connected layer in a neural
network.

[0329] In some implementations, the vector calculation
unit 1507 can store a processed output vector in the unified
memory 1506. For example, the vector calculation unit 1507
may apply a linear function or a non-linear function to the
output of the operation circuit 1503, for example, perform
linear interpolation on a feature plane extracted at a convo-
Iutional layer. For another example, the vector calculation
unit 1507 may apply a linear function or a non-linear
function to a vector of an accumulated value, to generate an
activation value. In some implementations, the vector cal-
culation unit 1507 generates a normalized value, a pixel-
level summation value, or both. In some implementations,
the processed output vector can be used as an activation
input to the operation circuit 1503, for example, used in a
subsequent layer in the neural network.

[0330] The instruction fetch buffer 1509 connected to the
controller 1504 is configured to store instructions used by
the controller 1504.

[0331] The unified memory 1506, the input memory 1501,
the weight memory 1502, and the instruction fetch buffer
1509 are all on-chip memories. The external memory is
private for a hardware architecture of the NPU.

[0332] The processor mentioned above may be a general-
purpose central processing unit, a microprocessor, an ASIC,
or one or more integrated circuits for controlling program
execution.

[0333] In addition, it should be noted that the described
apparatus embodiments are only examples. The units
described as separate parts may or may not be physically
separate, and parts displayed as units may or may not be
physical units, may be located in one place, or may be
distributed on a plurality of network units. Some or all of the
modules may be selected based on actual requirements to
achieve the objectives of the solutions in embodiments. In
addition, in the accompanying drawings of the apparatus
embodiments provided by this application, connection rela-
tionships between modules indicate that the modules have
communication connections with each other, which may be
specifically implemented as one or more communication
buses or signal cables.

[0334] Based on the description of the foregoing imple-
mentations, a person skilled in the art may clearly under-
stand that this application may be implemented by software
in addition to necessary universal hardware, or by dedicated
hardware, including a dedicated integrated circuit, a dedi-
cated CPU, a dedicated memory, a dedicated component,
and the like. Usually, any function implemented by a com-
puter program may be easily implemented by using corre-
sponding hardware. In addition, specific hardware structures
used to implement a same function may be various, for
example, an analog circuit, a digital circuit, or a dedicated
circuit. However, in this application, a software program
implementation is a better implementation in most cases.
Based on such an understanding, the technical solutions of
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this application essentially or the part contributing to the
conventional technology may be implemented in a form of
a software product. The computer software product is stored
in a readable storage medium, such as a floppy disk, a USB
flash drive, a removable hard disk, a ROM, a RAM, a
magnetic disk, or an optical disc of a computer, and includes
several instructions for instructing a computer device (which
may be a personal computer, a training device, or a network
device) to perform the methods in embodiments of this
application.

[0335] All or some of the foregoing embodiments may be
implemented by software, hardware, firmware, or any com-
bination thereof. When software is used to implement the
embodiments, all or some of the embodiments may be
implemented in a form of a computer program product.
[0336] The computer program product includes one or
more computer instructions. When the computer program
instructions are loaded and executed on the computer, the
process or functions according to embodiments of this
application are all or partially generated. The computer may
be a general-purpose computer, a dedicated computer, a
computer network, or another programmable apparatus. The
computer instructions may be stored in a computer-readable
storage medium or may be transmitted from a computer-
readable storage medium to another computer-readable stor-
age medium. For example, the computer instructions may be
transmitted from a website, computer, training device, or
data center to another website, computer, training device, or
data center in a wired (for example, a coaxial cable, an
optical fiber, or a digital subscriber line (DSL)) or wireless
(for example, infrared, radio, or microwave) manner. The
computer-readable storage medium may be any usable
medium accessible by the computer, or a data storage
device, such as a training device or a data center, integrating
one or more usable media. The usable medium may be a
magnetic medium (for example, a floppy disk, a hard disk,
or a magnetic tape), an optical medium (for example, a
DVD), a semiconductor medium (for example, a solid state
drive (SSD)), or the like.

1. A recommendation method, wherein the method com-
prises:

obtaining a target feature vector, wherein the target fea-
ture vector is obtained by performing feature extraction
on attribute information of both a target user and a
target article;

processing the target feature vector by using a recom-
mendation model, to obtain recommendation informa-
tion, wherein the recommendation information indi-
cates a probability that the target user selects the target
article, the recommendation model comprises a cross
network, a deep network, and a target network, the
cross network comprises a first cross layer and a second
cross layer, and the deep network comprises a first deep
layer and a second deep layer; the target network is
used to perform fusion processing on a first interme-
diate output that is output by the first cross layer and a
second intermediate output that is output by the first
deep layer, to obtain a first fusion result, and the target
network is further used to: process the first fusion result
to obtain a first weight corresponding to the first cross
layer and a second weight corresponding to the first
deep layer, and weight the first fusion result with the
first weight and the second weight separately, to obtain
a first intermediate input and a second intermediate
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input; and the first intermediate input is input data of
the second cross layer, and the second intermediate
input is input data of the second deep layer; and

when the recommendation information meets a preset
condition, determining to recommend the target article
to the target user.

2. The method according to claim 1, wherein the fusion
processing comprises one of point-wise addition, Hadamard
product, concatenation, and attention mechanism based
pooling.

3. The method according to claim 1, wherein the target
network comprises a first feature adaptation network, and
the first feature adaptation network is a fully-connected
network, a squeeze-and-excitation network, an attention
network, an SENet, or a gatenet; and

the processing the first fusion result comprises:

processing the first fusion result by using the first feature

adaptation network.

4. The method according to claim 1, wherein the first
intermediate output comprises M first feature vectors, the
second intermediate output comprises M second feature
vectors, the first fusion result comprises M third feature
vectors, the first weight comprises a first weight value
corresponding to each first feature vector, and the second
weight comprises a second weight value corresponding to
each second feature vector; and

the weighting the first fusion result with the first weight

and the second weight separately comprises:
weighting each first feature vector of the M third feature
vectors with a corresponding first weight value; and
weighting each second feature vector of the M third
feature vectors with a corresponding second weight
value.

5. The method according to claim 1, wherein

the cross network further comprises a third cross layer,

and the deep network further comprises a third deep
layer; the target network is further used to perform
fusion processing on a third intermediate output that is
output by the second cross layer and a fourth interme-
diate output that is output by the second deep layer, to
obtain a second fusion result, and the target network is
further used to: process the second fusion result to
obtain a third weight corresponding to the second cross
layer and a fourth weight corresponding to the second
deep layer, and weight the second fusion result with the
third weight and the fourth weight separately, to obtain
a third intermediate input corresponding to the second
cross layer and a fourth intermediate input correspond-
ing to the second deep layer; and the third cross layer
is configured to process the third intermediate input,
and the third deep layer is configured to process the
fourth intermediate input.

6. The method according to claim 5, wherein the target
network comprises a second feature adaptation network, and
the second feature adaptation network is a fully-connected
network, a squeeze-and-excitation network, an attention
network, an SENet, or a gatenet; and

the processing the second fusion result comprises:

processing the second fusion result by using the second

feature adaptation network.

7. The method according to claim 1, wherein the target
feature vector comprises a first network input and a second
network input; and
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the obtaining a target feature vector comprises:

obtaining an initial feature vector, wherein the initial
feature vector is obtained by performing feature extrac-
tion on the attribute information of both the target user
and the target article; and

processing the initial feature vector by using a third
feature adaptation network, to obtain a fifth weight
corresponding to the cross network and a sixth weight
corresponding to the deep network, and weighting the
initial feature vector with the fifth weight and the sixth
weight separately, to obtain the first network input
corresponding to the cross network and the second
network input corresponding to the deep network,
wherein the first network input is used as an input of the
cross network, and the second network input is used as
an input of the deep network.

8. The method according to claim 7, wherein the third
feature adaptation network is a fully-connected network, a
squeeze-and-excitation network, an attention network, an
SENet or a gatenet.

9. The method according to claim 1, wherein the attribute
information of the target user comprises at least one of the
following: a gender, an age, an occupation, income, a hobby,
and an education degree.

10. The method according to claim 1, wherein the attri-
bute information of the target article comprises at least one
of'the following: an article name, a developer, an installation
package size, a category, and a good rating.

11. A model training method, wherein the method com-
prises:

obtaining a target feature vector, wherein the target fea-
ture vector is obtained by performing feature extraction
on attribute information of both a target user and a
target article;

processing the target feature vector by using a first rec-
ommendation model, to obtain recommendation infor-
mation, wherein the recommendation information indi-
cates a probability that the target user selects the target
article, the first recommendation model comprises a
cross network, a deep network, and a target network,
the cross network comprises a first cross layer and a
second cross layer, and the deep network comprises a
first deep layer and a second deep layer; the target
network is used to perform fusion processing on a first
intermediate output that is output by the first cross layer
and a second intermediate output that is output by the
first deep layer, to obtain a first fusion result, and the
target network is further used to: process the first fusion
result to obtain a first weight corresponding to the first
cross layer and a second weight corresponding to the
first deep layer, and weight the first fusion result with
the first weight and the second weight separately, to
obtain a first intermediate input and a second interme-
diate input; and the first intermediate input is input data
of the second cross layer, and the second intermediate
input is input data of the second deep layer; and

determining a loss based on the recommendation infor-
mation and an actual selection result of the target user
for the target article, and updating the first recommen-
dation model based on the loss, to obtain a second
recommendation model.
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12. The method according to claim 11, wherein the fusion
processing comprises one of point-wise addition, Hadamard
product, concatenation, and attention mechanism based
pooling.

13. The method according to claim 11, wherein the target
network comprises a first feature adaptation network, and
the first feature adaptation network is a fully-connected
network, a squeeze-and-excitation network, an attention
network, an SENet, or a gatenet; and

the processing the first fusion result comprises:

processing the first fusion result by using the first feature

adaptation network.

14. The method according to claim 11, wherein the first
intermediate output comprises M first feature vectors, the
second intermediate output comprises M second feature
vectors, the first fusion result comprises M third feature
vectors, the first weight comprises a first weight value
corresponding to each first feature vector, and the second
weight comprises a second weight value corresponding to
each second feature vector; and

the weighting the first fusion result with the first weight

and the second weight separately comprises:
weighting each first feature vector of the M third feature
vectors with a corresponding first weight value; and
weighting each second feature vector of the M third
feature vectors with a corresponding second weight
value.

15. The method according to claim 11, wherein

the cross network further comprises a third cross layer,

and the deep network further comprises a third deep
layer; the target network is further used to perform
fusion processing on a third intermediate output that is
output by the second cross layer and a fourth interme-
diate output that is output by the second deep layer, to
obtain a second fusion result, and the target network is
further used to: process the second fusion result to
obtain a third weight corresponding to the second cross
layer and a fourth weight corresponding to the second
deep layer, and weight the second fusion result with the
third weight and the fourth weight separately, to obtain
a third intermediate input corresponding to the second
cross layer and a fourth intermediate input correspond-
ing to the second deep layer; and the third cross layer
is configured to process the third intermediate input,
and the third deep layer is configured to process the
fourth intermediate input.

16. The method according to claim 15, wherein the target
network comprises a second feature adaptation network, and
the second feature adaptation network is a fully-connected
network, a squeeze-and-excitation network, an attention
network, an SENet, or a gatenet; and

the processing the second fusion result comprises:

processing the second fusion result by using the second

feature adaptation network.

17. The method according to claim 11, wherein the target
feature vector comprises a first network input and a second
network input; and

the obtaining a target feature vector comprises:

obtaining an initial feature vector, wherein the initial

feature vector is obtained by performing feature extrac-
tion on the attribute information of both the target user
and the target article; and

processing the initial feature vector by using a third

feature adaptation network, to obtain a fifth weight
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corresponding to the cross network and a sixth weight
corresponding to the deep network, and weighting the
initial feature vector with the fifth weight and the sixth
weight separately, to obtain the first network input
corresponding to the cross network and the second
network input corresponding to the deep network,
wherein the first network input is used as an input of the
cross network, and the second network input is used as
an input of the deep network; and

the updating the first recommendation model based on the

loss, to obtain a second recommendation model com-
prises:

updating the first recommendation model and a second

feature adaptation network based on the loss, to obtain
the second recommendation model and an updated
second feature adaptation network.

18. A computing device, wherein the computing device
comprises a memory and a processor, the memory stores
instructions, and the processor is configured to execute the
instructions to perform operations:

obtaining a target feature vector, wherein the target fea-

ture vector is obtained by performing feature extraction
on attribute information of both a target user and a
target article;
processing the target feature vector by using a recom-
mendation model, to obtain recommendation informa-
tion, wherein the recommendation information indi-
cates a probability that the target user selects the target
article, the recommendation model comprises a cross
network, a deep network, and a target network, the
cross network comprises a first cross layer and a second
cross layer, and the deep network comprises a first deep
layer and a second deep layer; the target network is
used to perform fusion processing on a first interme-
diate output that is output by the first cross layer and a
second intermediate output that is output by the first
deep layer, to obtain a first fusion result, and the target
network is further used to: process the first fusion result
to obtain a first weight corresponding to the first cross
layer and a second weight corresponding to the first
deep layer, and weight the first fusion result with the
first weight and the second weight separately, to obtain
a first intermediate input and a second intermediate
input; and the first intermediate input is input data of
the second cross layer, and the second intermediate
input is input data of the second deep layer; and

when the recommendation information meets a preset
condition, determining to recommend the target article
to the target user.

19. The computing device according to claim 18, wherein
the fusion processing comprises one of point-wise addition,
Hadamard product, concatenation, and attention mechanism
based pooling.

20. A non-transitory computer storage medium, wherein
the computer storage medium stores one or more instruc-
tions, and when the one or more instructions is executed by
one or more computers, the one or more computers are
configured to perform:

obtaining a target feature vector, wherein the target fea-

ture vector is obtained by performing feature extraction
on attribute information of both a target user and a
target article;

processing the target feature vector by using a recom-

mendation model, to obtain recommendation informa-
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tion, wherein the recommendation information indi-
cates a probability that the target user selects the target
article, the recommendation model comprises a cross
network, a deep network, and a target network, the
cross network comprises a first cross layer and a second
cross layer, and the deep network comprises a first deep
layer and a second deep layer; the target network is
used to perform fusion processing on a first interme-
diate output that is output by the first cross layer and a
second intermediate output that is output by the first
deep layer, to obtain a first fusion result, and the target
network is further used to: process the first fusion result
to obtain a first weight corresponding to the first cross
layer and a second weight corresponding to the first
deep layer, and weight the first fusion result with the
first weight and the second weight separately, to obtain
a first intermediate input and a second intermediate
input; and the first intermediate input is input data of
the second cross layer, and the second intermediate
input is input data of the second deep layer; and

when the recommendation information meets a preset
condition, determining to recommend the target article
to the target user.

#* #* #* #* #*



