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RECOMMENDATION MODEL TRAINING METHOD,
RECOMMENDATION METHOD, APPARATUS, AND COMPUTER-
READABLE MEDIUM

TECHNICAL FIELD

[0001] Embodiments of this application relate to the artificial intelligence field, and in
particular, to a recommendation model training method, a recommendation method, an apparatus,

and a computer-readable medium.

100011[0002]

BACKGROUND

{8062}[0003] A recommendation system recommends an item to a user by comprehensively
considering various factors. Specifically, the recommendation system predicts, by
comprehensively considering the various factors, a probability that the user selects the item, ranks
items based on probabilities, and presents a part or all of a ranking result as a recommendation
result.

{60031[0004] __ Usually, the recommendation system learns of a preference of the user from
historical data of the user, for example, learns of the preference of the user from a user behavior
log, to improve prediction accuracy and provide the user with a more proper recommendation
result.

{860641[0005] _ However, because a recommendation model is usually obtained through training
based on the historical data of the user, the historical data of the user has large impact on a
prediction effect of the recommendation model. If the historical data of users is inaccurate, a
prediction effect of the recommendation system is also affected. For example, when the historical
data of the user is data with a bias, a recommendation model obtained through training based on
the data is also a model with a bias. Consequently, a Matthew effect is caused, and user experience

is affected.
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{8005}[0006] ___ Therefore, how to improve accuracy of the recommendation model becomes an

urgent problem to be resolved.

SUMMARY

{60061[0007] __ This application provides a recommendation model training method, a
recommendation method, an apparatus, and a computer-readable medium, to improve accuracy of
a recommendation model.

{8067[0008] __According to a first aspect, a recommendation model training method is provided.
The training method includes: obtaining a first recommendation model, where a model parameter
of the first recommendation model is obtained through training based on n first training samples,
the first training sample includes information about a first user, information about a first
recommended object, and a sample label of the first training sample, the sample label of the first
training sample is used to indicate whether the first user performs an operation action on the first
recommended object, and n is an integer greater than 1; determining an impact function value of
each first training sample with respect to a verification loss of m second training samples in the
first recommendation model, where the second training sample includes information about a
second user, information about a second recommended object, and a sample label of the second
training sample, the sample label of the second training sample is used to indicate whether the
second user performs an operation action on the second recommended object, and m is an integer
greater than 1; determining, based on the impact function value of each first training sample with
respect to the verification loss of the m second training samples in the first recommendation model,
a weight corresponding to each first training sample; and training the first recommendation model
based on the n first training samples and the weights corresponding to the n first training samples,
to obtain a target recommendation model.

{86068}[0009] __According to the solution in this embodiment of this application, importance of
a first training sample to a verification loss is evaluated based on an impact function value. In other
words, the importance of the first training sample is determined by measuring impact of data
disturbance on a verification loss of a second training sample in the first recommendation modelthe

firstrecommendation-model-on—a-second-training-sample. A weight corresponding to the first

training sample is determined based on the importance. A recommendation model obtained
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through retraining based on a first training sample with a weight can better fit data distribution of
the second training sample, to reduce impact of data distribution inconsistency between the first
training sample and the second training sample in the recommendation model, and improve
accuracy of predicting the second training sample by the recommendation model. In this way, user
experience can be improved, user stickiness can be enhanced, more suppliers can be attracted to
join, and a profit from a recommendation system can be increased.

{6009}[0010] A recommended object is an object recommended by the recommendation
system to a user. For example, the recommended object may be a recommended application in an
application market of a terminal device. Alternatively, the recommended object may be a search
term recommended by a search system. It should be understood that specific content of the
recommended object may be different in different recommendation scenarios, and the specific
content of the recommended object is not limited in this embodiment of this application.
{60106}[0011]  For example, information about the user may include an identifier of the user,
for example, a user ID. The information about the user may include some personalized attribute
information of a user, for example, a gender of the user, an age of the user, an occupation of the
user, an income of the user, a hobby of the user, and an educational level of the user. The
information about the first user may include one or more items in the foregoing information about
the user. The information about the second user may include one or more items in the foregoing
information about the user.

{6641}[0012] For example, information about the recommended object may include an
identifier of the recommended object, for example, a recommended object ID. The information
about the recommended object further includes some attributes of the recommended object, for
example, a name of the recommended object and a type of the recommended object. The
information about the first recommended object may include one or more items in the foregoing
information about the recommended object. The information about the second recommended
object may include one or more items in the foregoing information about the recommended object.
f8012}[0013] _ For example, the first training sample may further include first context
information. The second training sample may further include second context information.
{60643}[0014] _ Context information may include status information related to operation behavior,
for example, a time point at which the user interacts with the recommended object, a location on
which the user interacts with the recommended object, or a network used when the user interacts
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with the recommended object, for example, 4G or Wi-Fi.

{86141[0015]  The first context information may include one or more items of the foregoing
context information. The second context information may include one or more items of the
foregoing context information. Operation actions performed by the user on the recommended
object may include a clicking action of the user, a downloading action of the user, a purchasing
action of the user, a browsing action of the user, and a negative comment action of the user.
{80615}[0016] It should be noted that n first users in the n first training samples may be the same
or may be different, n first recommended objects in the n first training samples may be the same
or may be different, m second users in the m second training samples may be the same or may be
different, and m second recommended objects in the m second training samples may be the same
or may be different. The first user and the second user may be the same or may be different. The
first recommended object and the second recommended object may be the same or may be different.
fo016}[0017] _ The wverification loss of the m second training samples in the first
recommendation model is used to represent a difference between prediction labels of the m second
training samples obtained by processing the m second training samples by using the first
recommendation model and sample labels of the m second training samples.

f8017[0018] _ With reference to the first aspect, in some implementations of the first aspect, the
method further includes: the determining, based on the impact function value of each first training
sample with respect to the verification loss of the m second training samples in the first
recommendation model, a weight corresponding to each first training sample includes: the weight
corresponding to each first training sample has a negative correlation with the impact function
value of each first training sample with respect to the verification loss of the m second training
samples.

{606481[0019] _ With reference to the first aspect, in some implementations of the first aspect, an
impact function value of each first training sample with respect to a prediction loss of the m second

training samples in the first recommendation model satisfies the following formula:

$(2) =2 $(z,2)) =12, V,l(z,,0)] H;'V,I(z,0)

, Where

zi represents the i first training sample, @(Z;) &(zi)represents an impact function
value of the i first training sample with respect to the prediction loss of the m second training
samples in the first recommendation model, zj zjrepresents the j™ second training sample, ¢(anj)
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o(zizj)represents an impact function value of the i first training sample with respect to a

verification loss of the j™ second training sample in the first recommendation model, Vel(zj,é)
represents a gradient of z; on the first recommendation model ¢, Z i V,l(z; 0) represents a sum

of gradients of the m second training samples in the first recommendation model ¢, and Hef1

represents an inverse matrix of a Hessian matrix of all first training samples.

f00193}[0020] __ The verification loss of the j™ second training sample in the first recommendation
model is used to represent a difference between a prediction label of the j" second training sample
obtained by processing the j" second training sample by using the first recommendation model
and a sample label of the j" second training sample.

f8020}[0021] _ With reference to the first aspect, in some implementations of the first aspect, the
determining, based on the impact function value of each first training sample with respect to the
verification loss of the m second training samples in the first recommendation model, a weight
corresponding to each first training sample includes: the weight corresponding to each first training

sample satisfies the following formula:

B 1
= w(z)

1+ emaX({¢(Zi H-min({4(z)})

, Where

i mirepresents a weight corresponding to the i first training sample, o represents a

weight adjustment coefficient, and ¢{(Z1- )} {d(zi)}represents a set of impact function values of

the n first training samples with respect to the verification loss of the m second training samples
in the first recommendation model.

{80621}[0022]  According to the solution in this embodiment of this application, a weight value
is calculated based on a sigmoid function, to satisfy both a convex optimization condition and
monotonic mapping. In this way, an obtained weight can lead to higher accuracy of a
recommendation model obtained through training.

f80221[0023] _ With reference to the first aspect, in some implementations of the first aspect, the
m second training samples are obtained when there is a same probability that candidate
recommended objects in a candidate recommended object set are presented, and the second
recommended object is a candidate recommended object in the candidate recommended object set.
{80623}[0024] _ According to the solution in this embodiment of this application, because the

second training sample is a training sample without a bias, the weight of the first training sample
5



10

15

20

25

30

is adjusted based on the second training sample, so that the recommendation model can more
accurately fit data distribution without a bias, thereby reducing impact that is caused by avoiding
a bias problem and that is exerted on training, lessening a Matthew effect, and improving accuracy
of the recommendation model. In the solution in this embodiment of this application, data
distribution of an observed sample is corrected in a counterfactual method, to enhance diversity of
recommendation results, eliminate a cocooning effect, improve user experience, enhance user
stickiness, enable the user to be immersed in the recommendation system for a longer period of
time, promote a virtuous circle of the recommendation system, increase a profit of a supplier,
attract more suppliers to join, and ensure long-term stable development of the recommendation
system.

{806241[0025] __In addition, in a training process, only a small quantity of second training
samples are required to alleviate impact caused by the bias problem, to improve accuracy of the
recommendation model, avoid a case in which an overall profit of the system decreases when a
large quantity of second training samples are collected and randomly presented to the
recommended object, and further avoid a case in which training efficiency is reduced when a large
quantity of features needs to be used for training.

{8025}[0026] __ The second training sample is a training sample without a bias.

{606261[0027] ___For example, the m second training samples may be obtained when there is a
same probability that the candidate recommended objects in the candidate recommended object
set are presented, and the candidate recommended objects are presented on a same location.
f80271[0028] _ With reference to the first aspect, in some implementations of the first aspect,
that the m second training samples are obtained when there is a same probability that candidate
recommended objects in a candidate recommended object set are presented includes: the m second
training samples are obtained when the candidate recommended objects in the candidate
recommended object set are randomly presented to the second user; or the m second training
samples are obtained when the second user searches for the second recommended object.
{6028}[0029] _ The m second training samples may be training samples obtained based on a
random delivery policy. When the candidate recommended objects are randomly presented, there
is a same probability that the candidate recommended objects are recommended to the user. In this
case, an obtained training sample is a training sample without a bias.

{80629}[0030] ___ The M second training samples may be training samples obtained when the user
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actively searches for a candidate recommended object. When the user actively searches for a
candidate recommended object, the user does not interact based on a presented recommended
object, but actively interacts. For the user, there is a same probability that the candidate
recommended objects in the candidate recommended object set are presented to the user, regardless
of whether the candidate recommended objects are presented. In other words, it may be understood
that there is a same probability that the candidate recommended objects in the candidate
recommended object set are presented to the user. In this case, an obtained training sample is a
training sample without a bias.

{80636}[0031] _ With reference to the first aspect, in some implementations of the first aspect, the
m second training samples belong to data in a source domain, and the n first training samples
belong to data in a target domain.

{8631}[0032]  According to the solution in this embodiment of this application, the first training
sample is data in the target domain, and the second training sample is data in the source domain.
The weight of the first training sample is adjusted based on the second training sample, so that the
recommendation model can more accurately fit data distribution in the source domain, learn of a
more accurate preference of the user, and improve accuracy of the recommendation model in the
target domain.

{8632}1[0033] ___According to a second aspect, a recommendation method is provided, including:
obtaining information about a target user and information about a candidate recommended object;
and inputting the information about the target user and the information about the candidate
recommended object into a recommendation model, to predict a probability that the target user
performs an operation action on the candidate recommended object, where a model parameter of
the recommendation model is obtained by training a first recommendation model based on n first
training samples and weights corresponding to the n first training samples, the first
recommendation model is obtained through training based on the n first training samples, a weight
corresponding to each first training sample is determined based on an impact function value of
each first training sample with respect to a verification loss of m second training samples in the
first recommendation model, the first training sample includes information about a first user,
information about a first recommended object, and a sample label of the first training sample, the
sample label of the first training sample is used to indicate whether the first user performs an
operation action on the first recommended object, n is an integer greater than 1, the second training
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sample includes information about a second user, information about a second recommended object,
and a sample label of the second training sample, the sample label of the second training sample
is used to indicate whether the second user performs an operation action on the second
recommended object, and m is an integer greater than 1.

{80633}[0034] __ According to the solution in this embodiment of this application, importance of
a first training sample to a verification loss is evaluated based on an impact function value. In other
words, the importance of the first training sample is determined by measuring impact of data
disturbance on a verification loss of the first recommendation model on a second training sample.
A weight corresponding to the first training sample is determined based on the importance. A
recommendation model obtained through retraining based on a first training sample with a weight
can better fit data distribution of the second training sample. A recommendation model obtained
through training in this manner has higher accuracy of predicting the second training sample. In
this way, user experience can be improved, user stickiness can be enhanced, more suppliers can be
attracted to join, and a profit from a recommendation system can be increased.

{80634}[0035] _ With reference to the second aspect, in some implementations of the second
aspect, that a weight corresponding to each first training sample is determined based on an impact
function value of each first training sample with respect to a verification loss of m second training
samples in the first recommendation model includes: the weight corresponding to each first
training sample has a negative correlation with the impact function value of each first training
sample with respect to the verification loss of the m second training samples in the first
recommendation model.

{60635}[0036] ___With reference to the second aspect, in some implementations of the second
aspect, the impact function value of each first training sample with respect to the verification loss

of the m second training samples in the first recommendation model satisfies the following formula:

$(2) =2 $(z,2,) =12, V,l(z,,0)] H;'V,I(z,0)

, Where

z; represents the i first training sample, ¢)(Zi) represents an impact function value of
the i™ first training sample with respect to a prediction loss of the m second training samples in the
first recommendation model, z; represents the j™" second training sample, #(z,z j) represents an
impact function value of the i™" first training sample with respect to a verification loss of the jt"

second training sample in the first recommendation model, Vgl(zj,é) represents a gradient of z;
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on the first recommendation model 4, ). J-V9|(Zj,é) represents a sum of gradients of the m

.. . . . ~ ) .
second training samples in the first recommendation model 4, and H ; represents an inverse

matrix of a Hessian matrix of all first training samples.

{606361[0037] ___ With reference to the second aspect, in some implementations of the second
aspect, that a weight corresponding to each first training sample is determined based on an impact
function value of each first training sample with respect to a verification loss of m second training
samples in the first recommendation model includes: the weight corresponding to each first

training sample satisfies the following formula:

B 1
= i)

1 -+ MA@ N)-mindg (2 )})

, Where
i represents a weight corresponding to the it first training sample, o represents a

weight adjustment coefficient, and ¢{(Zj)} represents a set of impact function values of the n first

training samples with respect to the verification loss of the m second training samples in the first
recommendation model.

{663A4[0038] __ With reference to the second aspect, in some implementations of the second
aspect, the m second training samples are obtained when there is a same probability that candidate
recommended objects in a candidate recommended object set are presented, and the second
recommended object is a candidate recommended object in the candidate recommended object set.
{60638}[0039] __ With reference to the second aspect, in some implementations of the second
aspect, that the m second training samples are obtained when there is a same probability that
candidate recommended objects in a candidate recommended object set are presented includes: the
m second training samples are obtained when the candidate recommended objects in the candidate
recommended object set are randomly presented to the second user; or the m second training
samples are obtained when the second user searches for the second recommended object.
{606391[0040] ___With reference to the second aspect, in some implementations of the second
aspect, the m second training samples belong to data in a source domain, and the n first training
samples belong to data in a target domain.

{8046}[0041]  According to a third aspect, a recommendation method is provided. The method
includes: displaying a first interface, where the first interface includes a learning list of at least one
application, a learning list of a first application in the learning list of the at least one application
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includes at least one option, and each of the at least one option is associated with one application;
sensing a first operation performed by a user on the first interface; and enabling or disabling, in
response to the first operation, a cross-domain recommendation function of the first application in
an application associated with some or all options in the learning list of the first application.
{8041}[0042] _ According to the solution in this embodiment of this application, knowledge (for
example, an interest and a preference of a user) is migrated and shared between different domains,
and all historical records of user interaction in both a source domain and a target domain are
incorporated into learning, so that a recommendation model can better learn of a preference of a
user. Therefore, the recommendation model can also fit the interest and preference of the user well
in the target domain, and recommend, to the user, a recommendation result that matches the interest
of the user, to realize a cross-domain recommendation and alleviate a cold start problem.
{60421[0043] ___For example, each of the at least one option is associated with one application,
and the option associated with the application is used to control the first application to obtain data
in the application, to perform a cross-domain recommendation.

{8043}[0044] __In other words, after the first operation is performed, the user may learn from the
interface whether the cross-domain recommendation function of the first application is in an
enabled state or a disabled state.

{60441[0045] ___ Optionally, the first operation may be a tap operation, a double-tap operation, a
press-and-hold operation, a slide operation, or the like.

{60645}[0046]  With reference to the third aspect, in some implementations of the third aspect,
the-method-further-includes:-the first operation is performed on a first option, and the enabling or
disabling, in response to the first operation, a cross-domain recommendation function of the first
application in an application associated with some or all options in the learning list of the first
application includes: enabling or disabling, in response to the first operation performed by the user
on the first option, a cross-domain recommendation function of the first application in an
application associated with the first option, where the first option is located in the learning list of
the first application.

{60646}[0047]  With reference to the third aspect, in some implementations of the third aspect,
the first operation is performed on a switch control corresponding to the learning list of the first
application, and the enabling or disabling, in response to the first operation, a cross-domain
recommendation function of the first application in an application associated with some or all
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options in the learning list of the first application includes: enabling or disabling, in response to
the first operation performed by the user on the switch control, a cross-domain recommendation
function of the first application in an application associated with all options in the learning list of
the first application.

{80471[0048]  With reference to the third aspect, in some implementations of the third aspect,
the method further includes: displaying a second interface, where the second interface is
configured to present one or more recommended objects and prompt information of the one or
more recommended objects, and the prompt information of the one or more recommended objects
is used to indicate that the one or more recommended objects are determined based on user
behavior data in an application in the at least one application.

{0048}[0049] _ With reference to the third aspect, in some implementations of the third aspect,
the one or more recommended objects are determined by inputting information about the user and
information about a candidate recommended object into a recommendation model, to predict a
probability that the user performs an operation action on the candidate recommended object.
{8049}[0050] __ With reference to the third aspect, in some implementations of the third aspect,
a model parameter of the recommendation model is obtained by training a first recommendation
model based on n first training samples and weights corresponding to the n first training samples,
the first recommendation model is obtained through training based on the n first training samples,
a weight corresponding to each first training sample is determined based on an impact function
value of each first training sample with respect to a verification loss of m second training samples
in the first recommendation model, the first training sample includes information about a first user,
information about a first recommended object, and a sample label of the first training sample, the
sample label of the first training sample is used to indicate whether the first user performs an
operation action on the first recommended object, n is an integer greater than 1, the second training
sample includes information about a second user, information about a second recommended object,
and a sample label of the second training sample, the sample label of the second training sample
is used to indicate whether the second user performs an operation action on the second
recommended object, m is an integer greater than 1, the m second training samples are determined
based on user behavior data in an application in an application associated with the at least one
option, and the n first training samples are determined based on user behavior data in the first
application.
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{80656}[0051] It should be understood that an extension, a limitation, an explanation, and a
description of related content in the first aspect are also applicable to same content in the second
aspect and the third aspect.

{8654[0052] _ According to a fourth aspect, a recommendation model training apparatus is
provided. The apparatus includes modules/units configured to perform the method in any one of
the first aspect or the implementations of the first aspect.

f80652}[0053] _ According to a fifth aspect, a recommendation apparatus is provided. The
apparatus includes modules/units configured to perform the method in any one of the second aspect
or the implementations of the second aspect.

{606531[0054] ___According to a sixth aspect, an apparatus is provided. The apparatus is included
in an electronic device, and the apparatus has a function of implementing behavior of the electronic
device in any one of the third aspect and the possible implementations of the third aspect. The
functions may be implemented by hardware, or may be implemented by hardware by executing
corresponding software. The hardware or the software includes one or more modules or units
corresponding to the foregoing functions.

{806541[0055] ___According to a seventh aspect, a recommendation model training apparatus is
provided, including an input/output interface, a processor, and a memory. The processor is
configured to control the input/output interface to send and receive information. The memory is
configured to store a computer program. The processor is configured to invoke the computer
program from the memory and run the computer program, so that the training apparatus performs
the method in any one of the first aspect or the implementations of the first aspect.

{60655}[0056] ___ Optionally, the training apparatus may be a terminal device/server, or may be a
chip in the terminal device/server.

{606561[0057] ___ Optionally, the memory may be located in the processor, and for example, may
be a cache (cache) in the processor. The memory may alternatively be located outside the processor
and independent of the processor, and for example, may be an internal memory (memory) of the
training apparatus.

{665A4[0058] _ According to an eighth aspect, a recommendation apparatus is provided,
including an input/output interface, a processor, and a memory. The processor is configured to
control the input/output interface to send and receive information. The memory is configured to
store a computer program. The processor is configured to invoke the computer program from the
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memory and run the computer program, so that the apparatus performs the method in any one of
the second aspect or the implementations of the second aspect.

f0058}[0059] _ Optionally, the apparatus may be a terminal device/server, or may be a chip in
the terminal device/server.

{80659}[0060] __ Optionally, the memory may be located in the processor, and for example, may
be a cache (cache) in the processor. The memory may alternatively be located outside the processor
and independent of the processor, and for example, may be an internal memory (memory) of the
apparatus.

{6060}[0061]  According to a ninth aspect, an electronic device is provided, including a
processor and a memory. The memory is coupled to the processor, and the memory is configured
to store computer program code. The computer program code includes computer instructions.
When the processor executes the computer instructions, the electronic device performs the
recommendation method in any one of the third aspect and the possible implementations of the
third aspect.

f8061}[0062]  According to a tenth aspect, a computer program product is provided. The
computer program product includes computer program code; and when the computer program
code is run on a computer, the computer is enabled to perform the methods in the foregoing aspects.
{60621[0063] It should be noted that some or all of the computer program code may be stored
in a first storage medium. The first storage medium may be encapsulated with a processor, or may
be encapsulated separately from a processor. This is not specifically limited in the embodiments
of this application.

{6063}[0064] __According to an eleventh aspect, a computer-readable medium is provided. The
computer-readable medium stores program code; and when the computer program code is run on

a computer, the computer is enabled to perform the methods in the foregoing aspects.

BRIEF DESCRIPTION OF DRAWINGS

{806641[0065]  FIG. 1 is a schematic diagram of an application scenario according to an
embodiment of this application;
{6065}[0066] __ FIG. 2 is a diagram of an architecture of a recommendation system according to

an embodiment of this application;
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f0066}[0067] _ FIG. 3 is a schematic diagram of a structure of a system architecture according
to an embodiment of this application;

f0067}[0068] _ FIG. 4 is a schematic diagram of a system architecture according to an
embodiment of this application;

f0068}[0069] __ FIG. 5 is a schematic block diagram of a recommendation framework according
to an embodiment of this application;

f8069}[0070] _ FIG. 6 is a schematic flowchart of a recommendation model training method
according to an embodiment of this application;

fe0706}[0071]  FIG. 7 is a schematic flowchart of a recommendation method according to an
embodiment of this application;

f8074}[0072]  FIG. 8 is a schematic diagram of an application market according to an
embodiment of this application;

f8072}[0073] __ FIG. 9 is a schematic flowchart of a recommendation process;

{8673}[0074] _ FIG. 10 is a schematic block diagram of lifelong learning according to an
embodiment of this application;

{86741[0075] __ FIG. 11 is a schematic flowchart of a cross-domain recommendation;
f8075}[0076] _ FIG. 12 is a schematic flowchart of a cross-domain recommendation according
to an embodiment of this application;

feo76}[0077] _ FIG. 13(a) to FIG. 13(d) are a schematic diagram of a group of graphical user
interfaces according to an embodiment of this application;

fe07A[0078] _ FIG. 14(a) and FIG. 14(b) are a schematic diagram of another group of graphical
user interfaces according to an embodiment of this application;

{6078}[0079] __ FIG. 15(a) and FIG. 15(b) are a schematic diagram of still another group of
graphical user interfaces according to an embodiment of this application;

f8679}[0080] __ FIG. 16 is a schematic flowchart of a recommendation method according to an
embodiment of this application;

f6086}[0081]  FIG. 17 is a schematic block diagram of a recommendation model training
apparatus according to an embodiment of this application;

{6081}[0082] _ FIG. 18 is a schematic block diagram of a recommendation apparatus according
to an embodiment of this application;

f0082}[0083] _ FIG. 19 is a schematic block diagram of a recommendation model training
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apparatus according to an embodiment of this application;

{6683}[0084] _ FIG. 20 is a schematic block diagram of a recommendation apparatus according
to an embodiment of this application; and

{60841[0085] _ FIG. 21 is a schematic block diagram of an electronic device according to an

embodiment of this application.

DESCRIPTION OF EMBODIMENTS

{8085}[0086] __The following describes technical solutions in this application with reference to
accompanying drawings.

f2086}[0087] _ FIG. 1 shows some application scenarios according to an embodiment of this
application. A recommendation method provided in embodiments of this application is applicable
to all scenarios in which recommendation is required. For example, as shown in FIG. 1, the
recommendation method provided in embodiments of this application is applicable to scenarios
such as an application market recommendation scenario, a music application recommendation
scenario, a video website recommendation scenario, an e-commerce recommendation scenario,
and a search term recommendation scenario in which recommendation is required. The following
briefly describes three common application scenarios.

{60871[0088] _ Application scenario 1: Application market recommendation

{60881[0089] __Some applications may be displayed in an application market. A
recommendation system may be configured to determine a to-be-displayed application and a
corresponding display location of the application. When the user enters the application market, a
recommendation request (request) is triggered. Due to an application display location limitation,
when receiving the recommendation request, the recommendation system may rank all to-be-
displayed applications based on expected revenues, then select one or more most valuable
applications, and display the applications at corresponding display locations. For example, in a
cost per click (cost per click, CPC) system, an advertiser needs to pay only when an application is
clicked by a user. In the CPC system, a value of the application is usually determined based on an
expected profit from the application. In the CPC system, expected revenues of each application
are related to a predicted click-through rate (click-through rate, CTR) of the application. In this

case, the CTR may be understood as a probability of tapping each application (application, app).
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To rank expected revenues, predicted CTRs need to be obtained.

{60891[0090] ___Specifically, predicted CTRs of all the to-be-displayed applications are obtained,
the expected revenues of all the applications are calculated and ranked based on the predicted
CTRs of the applications, and a to-be-displayed application and a corresponding display location
of the application are determined based on a ranking result.

{60901[0091] _ The predicted CTRs of all the to-be-displayed applications may be obtained
according to the recommendation method in embodiments of this application. All the to-be-
displayed applications can be ranked based on the obtained predicted CTRs, and then the to-be-
displayed application and the corresponding display location can be determined based on the
ranking result.

{8091}[0092]  Application scenario 2: Search term recommendation

{60921[0093] _ When a user performs search, search terms usually include: a search term
actively entered by the user and a search term recommended by a system to the user. Behavior that
the user actively enters the search term is user behavior that the system cannot intervene. The
search term recommended by the system to the user means that a recommendation request is
triggered when the user enters a search scenario. When receiving the recommendation request, a
recommendation system may calculate scores of all to-be-presented search terms and rank the
scores. For example, a score of a search term may be a probability of tapping the search term. A
to-be-presented search term and a corresponding presentation location of the search term may be
determined based on a ranking result.

f093}[0094] _ The scores of all the search terms may be calculated according to the
recommendation method in embodiments of this application. All the to-be-displayed search terms
can be ranked based on the obtained scores, and then the to-be-displayed search term and the
corresponding display location can be determined based on the ranking result.

{80941[0095] _ Application scenario 3: Cross-domain recommendation

{60951[0096] A recommendation system usually makes a recommendation to a user in a single-
domain recommendation manner. Specifically, the recommendation system learns of a preference
of the user in a recommendation scenario or a domain based on historical data of the user in the
recommendation scenario, and then makes a recommendation to the user based on the preference
of the user. Only data in a single domain is considered in both a learning phase (training phase)
and an implementation phase (application phase) of a recommendation model. However, in an
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initial launching phase of a new recommendation scenario, an interaction history of the user is
lacked. If an interest and a preference of the user is learned of based on historical data in a local
domain, accuracy of a model obtained through learning may be low. In other words, a cold start
problem exists.

f8096}[0097] __ The cross-domain recommendation is to integrate historical data of the user in a
source domain, learn of a preference of the user in this domain, and then guide a recommendation
result in a target domain based on the learned preference of the user.

{8697 [0098] _ The cross-domain recommendation may be applied to a lifelong learning project.
FIG. 10 is a schematic diagram of a lifelong learning framework. The framework in FIG. 10 mainly
includes an event collection module, a big data platform module, a cross-domain learning module,
and a service verification module.

{80698}[0099] __Interaction behavior data of the user is obtained in a plurality of scenarios such
as a video app, a music app, and a browser app in FIG. 10, and then processed by the event
collection module, to obtain an event log. The event log is stored in a big data platform module.
For example, the event collection module processes the interaction behavior data of the user,
including operations such as generating an event, collecting an event, concatenating a field, and
cleaning a field. The cross-domain learning module may derive data in related domains (the source
domain and the target domain) from the big data platform module for training, for example,
generate a recommendation model after performing operations such as association analysis, causal
inference, and knowledge transfer, and push the recommendation model into the service
verification module, for example, an information flow recommendation engine, to be launched and
take effect. The recommendation model is used to guide a platform to make a recommendation to
the user. After the model is launched, the user initiates a recommendation request. The
recommendation model performs processing such as recall and ranking on candidate content, and
then the recommendation model recommends related content to the user in an information flow
app, so that the user interacts, to implement a closed loop of the system.

{80699}[00100] __ The cross-domain recommendation may be applied to the cross-domain learning
module.

{861063[00101] It should be understood that the lifelong learning framework in FIG. 10 is merely
an example, and the lifelong learning framework may further include more or fewer modules than
those shown in FIG. 10, to perform a corresponding function.
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{8610643[00102] The cross-domain recommendation may be performed in a method in the
embodiments of this application. The preference of the user that is learned of from the source
domain is used to guide a training process of a recommendation model in the target domain, to
obtain a recommendation model that can be applied to the target domain, and then make a
recommendation to the user in the target domain.

{66102}[00103] _The following describes, from a model training side and a model application side,
the method provided in this application.

{661063}[00104] The recommendation model training method provided in the embodiments of
this application may be specifically applied to a data processing method such as data training,
machine learning, or deep learning, to perform symbolic and formal intelligent information
modeling, extraction, preprocessing, training, and the like on training data (for example, a first
training sample in this application), so as to finally obtain a trained recommendation model. In
addition, in the recommendation method provided in the embodiments of this application, the
foregoing trained recommendation model may be used, and input data (for example, information
about a target user and information about a candidate recommended object in this application) is
input into the trained recommendation model, to obtain output data (for example, a predicted
probability that the target user performs an operation action on the candidate recommended object
in this application). It should be noted that the recommendation model training method and the
recommendation method that are provided in embodiments of this application are inventions
generated based on a same concept, and may also be understood as two parts of a system, or two
phases of an entire process, for example, a model training phase and a model application phase.
{661644[00105] To facilitate understanding of embodiments of this application, the following
first describes related concepts of related terms in embodiments of this application.
{66105}[00106] (1) Recommendation system

{661061[00107] The recommendation system is a system in which analysis is performed based
on historical data of a user and a new recommendation request is predicted based on an analysis
result, to obtain a recommendation result.

{66107}[00108] A task of the recommendation system is to recommend, to the user by
comprehensively considering factors such as the user, items, and current context information, an
item that the user is most interested in. In an actual modeling process, the items are ranked based
on a probability that the user is most likely to perform tapping or a conversion probability, and a
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recommendation result is presented.

{66108}[00109] FIG. 2 is an architectural diagram of a recommendation system according to an
embodiment of this application. When the user enters the system, a recommendation request is
triggered. The recommendation system inputs the recommendation request and related information
into a recommendation model to predict a selection rate of the user for an item in the system.
Further, items are ranked based on predicted selection rates or functions of the selection rates. The
recommendation system may determine, based on a ranking result, an item to be presented to the
user and a location on which the item is to be presented, and feed back, to the user as a
recommendation result the item to be presented to the user and the location on which the item is
to be presented. The user browses the displayed item and may perform an operation action, such
as a browsing action or downloading action. The operation action of the user may be stored in a
user behavior log, and training data may be obtained by processing the user behavior log. The
recommendation model may be trained based on the training data, or a model parameter of the
recommendation model may be continuously updated, to improve a prediction effect of the
recommendation model.

{6610694[00110] For example, when the user opens an application market in an intelligent terminal
(for example, a mobile phone), a recommendation system in the application market may be
triggered, that is, a recommendation request is triggered in the recommendation system. The
recommendation system may predict, based on a historical behavior log of the user, for example,
a historical download record of the user, and a feature of the application market, for example,
environment feature information such as a time and a location, a probability that the user
downloads each candidate application in the recommendation system. The recommendation
system may display candidate applications in descending order of predicted download
probabilities, to improve download probabilities of the candidate applications.

{6061161[00111] For example, when there are p display locations in the application market (where
p is a positive integer), the recommendation system may select p candidate applications with
highest predicted download probabilities for display, display an application with a higher predicted
download probability in the p candidate applications at a higher-ranking location, and display an
application with a lower predicted download probability in the p candidate applications at a lower-
ranking location.

f80111}[00112] The foregoing recommendation model may be a neural network model. The

19



10

15

20

25

30

following describes related terms and concepts of a neural network that may be used in the
embodiments of this application.
{864121[00113] (2) Neural network
{66413}[00114] The neural network may include a neural unit. The neural unit may be an
operation unit that uses xs and an intercept 1 as an input, and an output of the operation unit may
be shown in formula (1):

My (X)=F(Wx)=F(3" W,x, +b) M
{601141[00115] Herein,s=1, 2, ..., n, nis a natural number greater than 1, W5 represents a weight
of Xs, b represents a bias of the neuron, and f is an activation function (activation functions) of the
neural unit, and the activation function is used to perform non-linear transformation on a feature
in the neural network, to convert an input signal in the neural unit into an output signal. The output
signal of the activation function may be used as an input of a next convolution layer. The activation
function may be a sigmoid function. The neural network is a network formed by joining many
single neurons together. To be specific, an output of a neuron may be an input of another neuron.
An input of each neuron may be connected to a local receptive field of a previous layer to extract
a feature of the local receptive field. The local receptive field may be a region including several
neurons.
{064151[00116] (3) Deep neural network
{6061161[00117] The deep neural network (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. The DNN is divided based on positions of different layers. Neural networks inside
the DNN may be classified into three types: an input layer, a hidden layer, and an output layer.
Generally, the first layer is the input layer, the last layer is the output layer, and the middle layer is
the hidden layer. Layers are fully connected. To be specific, any neuron in an i layer is necessarily
connected to any neuron in an (i + 1) layer.

{6061173[00118] Although the DNN seems complex, work of each layer is not complex. For

— =

simplicity, a linear expression is as follows: = (WX +b). Herein, X isan input vector,

is an output vector, p is the offset vector, W Wis a weight matrix (also referred to as a

coefficient), and a() ,( )isan activation function. At each layer, only such a simple operation is
performed on the input vector, to obtain the output vector. Because the DNN includes a plurality
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of layers, there is also a large quantity of coefficients W and a large quantity of offset vectors.
Definitions of these parameters in the DNN are as follows: The coefficient W is used as an example.
It is assumed that in a DNN having three layers, a linear coefficient from the fourth neuron at the

second layer to the second neuron at the third layer is defined as ;s . A superscript 3 represents
24

a number of a layer in which the coefficient W is located, and a subscript corresponds to an index
2 of the third layer for output and an index 4 of the second layer for input.

f00418}[00119] In conclusion, a coefficient of connecting the k' neuron at the (L—1)"" layer and
the j™ neuron at the L™ layer is defined as W ;; WiKL.

{861191[00120] It should be noted that there is no parameter W for the input layer. 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
"capacity". 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 of the training
IS to obtain a weight matrix of all layers of the trained deep neural network (a weight matrix formed
by vectors W at many layers).

{606120}[00121] (4) Loss function

f801243[00122] In a process of training the deep neural network, because it is expected that an
output of the deep neural network is as much as possible close to a predicted value that is actually
expected, a predicted value of a current network and a target value that is actually expected may
be compared, and then a weight vector of each layer of the neural network is updated based on a
difference between the predicted value and the target value (certainly, there is usually 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 target value that is actually expected or a
value that is very close to the target value that is actually expected. Therefore, "how to obtain,
through comparison, the difference between the predicted value and the target value” needs to be
predefined. This is the loss function (loss function) or an objective function (objective function).
The loss function and the objective function are important equations used to measure the difference

between the predicted value and the target value. The loss function is used as an example. A higher
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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.

{861221[00123] (5) Backpropagation algorithm

{66123}[00124] A neural network may correct a value of a parameter of an initial neural network
model in a training process based on an error backpropagation (backpropagation, BP) algorithm,
so that a reconstruction error and loss of the neural network model becomes smaller. Specifically,
an input signal is forward transferred until an error loss occurs during output, and the parameters
in the initial neural network model are updated based on backpropagation error loss information,
so that the error loss is reduced. The backpropagation algorithm is backpropagation motion
dominated by the error loss, and aims to obtain a parameter of an optimal neural network model,
for example, a weight matrix.

{661241[00125] The following describes in detail a system architecture in an embodiment of this
application with reference to FIG. 3.

{60425}[00126] FIG. 3 is a schematic diagram of a system architecture according to an
embodiment of this application. As shown in FIG. 3, the system architecture 100 includes an
execution device 110, a training device 120, a database 130, a client device 140, a data storage
system 150, and a data collection device 160.

{606126}[00127] _In addition, the execution device 110 includes a calculation module 111, an 1/O

interface 112, a preprocessing module 113, and a preprocessing module 114. The calculation
module 111 may include a target model/rule 101, and the preprocessing module 113 and the
preprocessing module 114 are optional.

{66127[00128] The data collection device 160 is configured to collect training data. In a
recommendation model training method in embodiments of this application, a recommendation
model may be further trained based on the training data.

{661281[00129] For example, in this embodiment of this application, the training data may
include a first training sample and a sample label of the first training sample. The first training
sample may include attribute information of a first user and information about a first recommended
object. The sample label of the first training sample indicates whether the first user performs an
operation action on the first recommended object. Whether the first user performs an operation
action on the first recommended object may be understood as whether the first user selects the first
recommended object.
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{861291[00130] After collecting the training data, the data collection device 160 stores the
training data in the database 130. The training device 120 performs training based on the training
data maintained in the database 130, to obtain the target model/rule 101.

{606436}[00131] The following describes how the training device 120 obtains the target
model/rule 101 based on the training data. The training device 120 processes an input training
sample, and compares an output prediction label with the sample label, until a difference between
the prediction label output by the training device 120 and the sample label is less than a specific
threshold, to obtain a trained recommendation model. In other words, the trained recommendation
model may be the target model/rule 101.

{66431}[00132] The target model/rule 101 can be used to predict whether the user selects the
recommended object or predict a probability that the user selects the recommended object. The
target model/rule 101 in this embodiment of this application may be specifically a neural network,
a logistic regression model, or the like.

{86132}[00133] It should be noted that, in actual application, the training data maintained in the
database 130 is not necessarily collected by the data collection device 160, but may be received
from another device. It should be further noted that the training device 120 may not necessarily
train the target model/rule 101 completely based on the training data maintained in the database
130, or may obtain training data from a cloud or another place to perform model training. The
foregoing description should not be construed as a limitation on the embodiments of this
application.

{86433}[00134] The target model/rule 101 obtained by the training device 120 through training
may be applied to different systems or devices, for example, applied to the execution device 110
shown in FIG. 3. The execution device 110 may be a terminal, such as a mobile phone terminal, a
tablet computer, a notebook computer, an augmented reality (augmented reality, AR) terminal, a
virtual reality (virtual reality, VR) terminal, or a vehicle-mounted terminal, or may be a server, a
cloud, or the like. In FIG. 3, the execution device 110 is provided with the input/output
(input/output, 1/0) interface 112, configured to exchange data with an external device. A user may
input data to the 1/O interface 112 through the client device 140. The input data in this embodiment
of this application may include training data input through the client device, recommendation
request triggered by the user, or the like. The client device 140 herein may be specifically a
terminal device.
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{8064343[00135] The preprocessing module 113 and the preprocessing module 114 are configured
to perform preprocessing on the input data received by the 1/O interface 112. For example, the
preprocessing module 113 may be configured to perform data cleaning on the input data, for
example, extract a key field. For example, the preprocessing module 114 may be configured to
extract a feature of the input data.

{86135}[00136] _In this embodiment of this application, there may be no preprocessing module
113 or the preprocessing module 114, or there may be only one preprocessing module. When the
preprocessing module 113 and the preprocessing module 114 do not exist, the calculation module
111 may be directly used to process the input data.

{861361[00137] In a process in which the execution device 110 performs preprocessing on the
input data or the calculation module 111 of the execution device 110 performs related processing
such as calculation, the execution device 110 may invoke data, code, and the like in a data storage
system 150 for corresponding processing, and may also store data, instructions, and the like
obtained through corresponding processing into the data storage system 150.

{86437[00138] Finally, the I/O interface 112 provides a processing result for the user. For
example, in a recommendation system, the target model/rule 101 may be used to predict whether
the target user selects a candidate recommended object or a probability of selecting a candidate
recommended object, and obtain a recommendation result based on whether the target user selects
the candidate recommended object or the probability of selecting the candidate recommended
object. The recommendation result is presented to the client device 140, so that the
recommendation result is provided for the user.

{66138}[00139] For example, in this embodiment of this application, the recommendation result
may be a recommendation sequence of candidate recommended objects that is obtained based on
the probability that the target user selects the candidate recommended object, or the
recommendation result may be a target recommended object obtained based on the probability that
the target user selects the candidate recommended object. The target recommended object may be
one or more candidate recommended objects with highest probabilities.

{66139}[00140] It should be noted that the training device 120 may generate, based on different
training samples, corresponding target models/rules 101 for different targets or different tasks. The
corresponding target models/rules 101 may be used to implement the foregoing targets or complete
the foregoing tasks, to provide a desired result for the user.
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{861463[00141] In a case shown in FIG. 3, the user may manually provide the input data. The
manual provision may be performed in a user interface provided by the 1/O interface 112.
{861413[00142] In another case, the client device 140 may automatically send input data to the
I/0 interface 112. If it is required that the client device 140 needs to obtain authorization from the
user to automatically send the input data, the user may set corresponding permission on the client
device 140. The user may view, on the client device 140, a result output by the execution device
110. Specifically, the result may be presented in a form of displaying, a sound, an action, or the
like. The client device 140 may also be used as a data collection end to collect, as new training
data, input data that is input into the 1/O interface 112 and an output result that is output from the
I/0 interface 112 that are shown in the figure, and store the new sample data into the database 130.
Certainly, the client device 140 may alternatively not perform collection, but the 1/O interface 112
directly stores, as new sample data into the database 130, input data that is input into the 1/0O
interface 112 and an output result that is output from the 1/O interface 112 that are shown in the
figure.

{861423[00143] It should be noted that FIG. 3 is merely a schematic diagram of a system
architecture according to an embodiment of this application. A location relationship between the
devices, the components, the modules, and the like shown in the figure does not constitute any
limitation. For example, in FIG. 3, the data storage system 150 is an external memory relative to
the execution device 110, but in another case, the data storage system 150 may alternatively be
disposed in the execution device 110.

{06061431[00144] FIG. 4 shows a system architecture 200 to which a recommendation model
training method and a recommendation method in the embodiments of this application are applied
according to an embodiment of this application. The system architecture 200 may include a local
device 220, a local device 230, an execution device 210, and a data storage system 250. The local
device 220 and the local device 230 are connected to the execution device 210 through a
communications network.

{86061443[00145] The execution device 210 is implemented by one or more servers. Optionally,
the execution 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
implement the recommendation model training method and the recommendation method in the
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embodiments of this application by using data in the data storage system 250 or by invoking
program code in the data storage system 250.
{86145}[00146] For example, the data storage system 250 may be deployed in the local device
220 or the local device 230. For example, the data storage system 250 may be configured to store
training data.
{606146}[00147] It should be noted that the execution device 210 may also be referred to as a
cloud device. In this case, the execution device 210 may be deployed on the cloud.
{66147[00148] Specifically, the execution device 210 may perform the following process:
obtaining a first recommendation model, where a model parameter of the first
recommendation model is obtained through training based on n first training samples, the first
training sample includes information about a first user, information about a first recommended
object, and a sample label of the first training sample, the sample label of the first training sample
is used to indicate whether the first user performs an operation action on the first recommended
object, and n is an integer greater than 1; determining an impact function value of each first training
sample with respect to a verification loss of m second training samples in the first recommendation
model, where the second training sample includes information about a second user, information
about a second recommended object, and a sample label of the second training sample, the sample
label of the second training sample is used to indicate whether the second user performs an
operation action on the second recommended object, and m is an integer greater than 1;
determining, based on the impact function value of each first training sample with respect to the
verification loss of the m second training samples in the first recommendation model, a weight
corresponding to each first training sample; and training the first recommendation model based on
the n first training samples and the weights corresponding to the n first training samples, to obtain
a target recommendation model.
{6061481[00149] The execution device 210 can perform the foregoing process, to obtain a
recommendation model through training, and can more accurately predict, by using the
recommendation model, a probability that the target user performs an operation action on a
candidate recommended object.
{861493[00150] In a possible implementation, the training method performed by the execution
device 210 may be a training method performed on the cloud.
{861563[00151] Users may operate respective user equipment (for example, the local device 220
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and the local device 230) to interact with the execution device 210. Each local device may be any
computing device, such as 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.

{861513[00152] A local device of each user may interact with the execution device 210 through
a communications network of any communications mechanism/communications standard. The
communications network may be a wide area network, a local area network, a point-to-point
connection, or any combination thereof.

{861523[00153] _In an implementation, the local device 220 or the local device 230 may obtain a
related parameter of the recommendation model from the execution device 210, and the local
device 220 or the local device 230 predicts, by using the recommendation model, the probability
that the target user performs an operation action on the candidate recommended object.
{86153}[00154] _In another implementation, the recommendation model may be directly deployed
on the execution device 210, and the execution device 210 obtains a recommendation request and
related information such as information about the target user and information about the candidate
recommended object from the local device 220 and the local device 230, and predicts, by using
the recommendation model, the probability that the target user performs an operation action on the
candidate recommended object.

{8061543[00155] For example, the data storage system 250 may be deployed in the local device
220 or the local device 230, and configured to store training data of the local device.
{806155}[00156] For example, the data storage system 250 may be independent of the local device
220 or the local device 230, and is independently deployed on a storage device. The storage device
may interact with the local device, obtain a user behavior log in the local device, and store the user
behavior log in the storage device.

{861561[00157] Usually, the recommendation model may learn of a preference of the user from
historical data of the user, predict, based on the preference of the user, the probability that the user
selects the candidate recommended object, determine a recommendation result based on the
predicted probability, and present the recommendation result to the user.

{86157[00158] The recommendation model is obtained through training based on the historical
data of the user. Therefore, the historical data of the user that is used for training has a large impact
on a prediction result of the recommendation model. When distribution of data used for training is
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inconsistent with distribution of actual data, the data used for training has a bias relative to the
actual data. A recommendation model obtained through training based on the data with a bias also
has a bias, and affects accuracy of the prediction result.

{606158}[00159] Therefore, how to improve accuracy of the recommendation model becomes an
urgent problem to be resolved.

{66159}[00160] The embodiments of this application provide a recommendation model training
method and a recommendation method, to resolve a problem of data distribution inconsistency and
improve accuracy of a recommendation result.

{80616063[00161] FIG. 5 is a schematic diagram of a recommendation framework 500 according
to an embodiment of this application. To better understand the method in the embodiments of this
application, the following briefly describes a function of each module in FIG. 5.

{66161}[00162] The recommendation framework 500 includes a feature engineering module 510,
a model training module 520, an impact function module 530, and a weight adjustment module
540.

{806162}[00163] The feature engineering module 510 may be configured to extract a feature from
original data of a data set, to obtain a training sample.

{0061631[00164] For example, the original data may be a user behavior log.

{601641[00165] The feature extracted from the original data in the data set includes a feature such
as information about a user and information about a recommended object.

{66165}[00166] As shown in FIG. 5, a first data set and a second data set are input into the feature
engineering module 510, to obtain a first training set and a second training set. The first training
set includes n first training samples. The second training set includes m second training samples.
Herein, n is an integer greater than 1, and m is an integer greater than 1.

{60166}[00167] The first training sample includes information about a first user, information
about a first recommended object, and a sample label of the first training sample. The sample label
of the first training sample is used to indicate whether the first user performs an operation action
on the first recommended object.

{60167}[00168] The second training sample includes information about a second user,
information about a second recommended object, and a sample label of the second training sample.
The sample label of the second training sample is used to indicate whether the second user
performs an operation action on the second recommended object.
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{006168}[00169] Further, the feature engineering module 510 may be configured to process data
in the data set, to obtain a training sample in a uniform format, for example, a training sample in a
format such as libSVM.

{66169}[00170] It should be noted that, the feature engineering module 510 is an optional module,
and the training sample may be obtained in another manner. For example, a neural network is used
to extract the feature from the original data in the data set, to obtain the training sample.
Alternatively, the training sample is prestored. For example, the training sample may be stored in
the database 130 shown in FIG. 2. Alternatively, the training sample may be received from another
device.

{661476}[00171] The model training module 520 may be configured to train a recommendation
model, to obtain a model parameter of the recommendation model.

{86174}[00172] The recommendation model may be configured to predict a probability that the
user in the input data performs an operation action on a candidate recommended object.
{66172}[00173] Specifically, as shown in FIG. 5, the model training module 520 may be
configured to train the recommendation model based on the first training set, to obtain a first
recommendation model, or obtain a model parameter of the first recommendation model. The first
recommendation model is a recommendation model obtained through training based on the first
training set.

{806173}[00174] The model training module 520 may be further configured to train the first
recommendation model based on a first training set with a weight, to obtain a target
recommendation model, or to obtain a model parameter of the target recommendation model.
{861744[00175] The first training set with a weight includes a first training sample with a weight.
{806475}[00176] The impact function module 530 may be configured to determine an impact
function value of each first training sample with respect to a verification loss of the m second
training samples in the first recommendation model.

{66476}[00177] The weight adjustment module 540 may be configured to determine, based on
an impact function value of each first training sample with respect to a prediction loss of the m
second training samples in the first recommendation model, a weight corresponding to each first
training sample.

{80177[00178] The first training sample with a weight may be obtained based on the first
training sample and the weight corresponding to the first training sample.
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{601781[00179] For example, the recommendation framework 500 may be configured to perform
a process including two phases, namely, a training phase and a recommendation phase. The
following separately describes the training phase and the recommendation phase.

{661791[00180] Training phase:

{661863[00181] S1: Obtain the first training set and the second training set.

{661813[00182] The first training set includes the n first training samples. The second training set
includes the m second training samples.

{66482}[00183] For example, as shown in FIG. 5, the first data set and the second data set are
separately input into the feature engineering module 510, to separately obtain the first training set
and the second training set.

{66183}[00184] It should be noted that step S1 is an optional step. For example, the first training
set and the second training set may alternatively be prestored data. For example, the first training
set and the second training set may be data stored in the database 130 in FIG. 2.

{66184}[00185] _S2: Train the recommendation model based on the first training set, to obtain the
model parameter of the first recommendation model.

{66185}[00186] For example, as shown in FIG. 5, the n first training samples in the first training
set are input into the model training module 520 for training, to obtain the first recommendation
model, or to obtain the model parameter of the first recommendation model.

{6064861[00187] It should be noted that step S2 is an optional step. For example, the first
recommendation model may alternatively be a recommendation model received from another
device. The model parameter of the first recommendation model is obtained through training based
on the n first training samples.

{66187[00188] S3: Determine the impact function value of each first training sample with
respect to the verification loss of the m second training samples in the first recommendation model.
{66188}[00189] As shown in FIG. 5, step S3 may be performed by the impact function module
530.

{661893[00190] S4: Determine, based on the impact function value of each first training sample
with respect to a prediction loss of the second training set in the first recommendation model, the
weight corresponding to each first training sample.

{661964[00191] In other words, the weight corresponding to each first training sample is
determined based on the impact function value of each first training sample with respect to the
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prediction loss of the m second training samples in the first recommendation model.
{66191}[00192] As shown in FIG. 5, step S4 may be performed by the weight adjustment module
540.

{66192}[00193] _S5: Train the first recommendation model based on the first training set with a
weight, to obtain the model parameter of the target recommendation model.

{66193}[00194] _In other words, the first recommendation model is trained based on the n first
training samples and the weights of the n_first training samples, to obtain the target
recommendation model, or to obtain the model parameter of the target recommendation model.
{861943[00195] As shown in FIG. 5, step S5 may be performed by the model training module
520.

{6061951[00196] For example, the recommendation model may be a low-rank model. For example,
the recommendation model may be a matrix factorization (matrix factorization, MF) model, a
factorization machine (factorization machine, FM), an FFM, or the like.

{66196}[00197] Recommendation phase:

{86197[00198] In the recommendation phase, only the target recommendation model needs to
be deployed. After receiving a recommendation request, a recommendation system inputs
information about a target user and information about the candidate recommended object into the
target recommendation model, and predicts, by using the target recommendation model, the
probability that the target user performs an operation action on the candidate recommended object
or predicts whether the target user performs an operation action on the candidate recommended
object.

{60198}[00199] For example, the target user may be a user that triggers the recommendation
request.

{66199}[00200] For example, the recommendation system may construct an input vector based
on feature information, and predict, by using the target recommendation model, the probability
that the user performs an operation action on the recommended object. The feature information
includes the information about the target user and the information about the candidate
recommended object.

{8062003[00201] For specific descriptions of the training phase, refer to a method 600 in the
following, and for specific descriptions of the recommendation phase, refer to a method 700 in the
following.
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{862043[00202] According to the method in the embodiments of this application, importance of
a first training sample to a verification loss is evaluated based on an impact function value. In other
words, the importance of the first training sample is determined by measuring impact of data
disturbance on a verification loss of the first recommendation model on a second training sample.
A weight corresponding to the first training sample is determined based on the importance. A
recommendation model obtained through retraining based on the first training sample with a
weight can better fit data distribution of the second training sample, to improve accuracy of
predicting the second training sample by the recommendation model. In this way, user experience
can be improved, user stickiness can be enhanced, more suppliers can be attracted to join, and a
profit from a recommendation system can be increased.

{8062023[00203] The following describes the recommendation model training method and the
recommendation method in the embodiments of this application with reference to FIG. 6 to FIG.
12.

{66203}[00204] FIG. 6 shows a recommendation model training method 600 according to an
embodiment of this application. The method shown in FIG. 6 may be performed by a
recommendation model training apparatus. The training apparatus may be a cloud service device,
may be a terminal device, for example, an apparatus such as a computer or a server whose
computing capability is sufficient to perform the recommendation model training method, or may
be a system including a cloud service device and a terminal device. For example, the method 600
may be performed by the training device 120 in FIG. 3, the execution device 210 in FIG. 4, or a
local device.

{862041[00205] For example, the method 600 may specifically be performed by the training
device 120 shown in FIG. 3, and a first training sample and a second training sample in the method
600 may be training data maintained in the database 130 shown in FIG. 3.

{806205}[00206] The method 600 includes step S610 to step S640. The following describes step
S610 to step S640 in detail.

{8062061[00207] S610: Obtain a first recommendation model.

{602071[00208] A model parameter of the first recommendation model is obtained through
training based on n first training samples. The first training sample includes information about a
first user, information about a first recommended object, and a sample label of the first training

sampleafirstrecommendation-sample. The sample label of the first training sample is used to
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indicate whether the first user performs an operation action on the first recommended object. n is
an integer greater than 1.

{862083[00209] It should be noted that n first users in the n first training samples may be the same
or may be different, and n first recommended objects in the n first training samples may be the
same or may be different.

{862091[00210] For example, a first user in a training sample 1# (an example of the first training
sample) is a user A, the first recommended object is an item A, a first user in a training sample 2#
(an example of the first training sample) is a user B, and the first recommended object is the item
A. For another example, a first user in a training sample 1# (an example of the first training sample)
is a user A, the first recommended object is an item A, a first user in a training sample 2# (an
example of the first training sample) is the user A, and the first recommended object is an item B.
{602106}[00211] Information about a user may include an identifier of the user, for example, a
user ID. The information about the user may include some personalized attribute information of a
user, for example, a gender of the user, an age of the user, an occupation of the user, an income of
the user, a hobby of the user, and an educational level of the user.

{60211}[00212] The information about the first user may include one or more items in the
foregoing information about the user.

{60212}[00213] A recommended object is an object recommended by a recommendation system
to the user. For example, the recommended object may be a recommended application in an
application market of a terminal device in the foregoing application scenario 1. Alternatively, the
recommended object may be a search term recommended by a system in the foregoing application
scenario 2. It should be understood that specific content of the recommended object may be
different in different recommendation scenarios, and the specific content of the recommended
object is not limited in this embodiment of this application.

{8062131[00214] The first recommended object may be one of the foregoing recommended objects.
{862144[00215] Information about the recommended object may include an identifier of the
recommended object, for example, a recommended object ID. The information about the
recommended object may further include some attribute information of the recommended object,
for example, a name of the recommended object and a type of the recommended object. The
recommended object may have different attribute information in different recommendation
scenarios.
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{806215}[00216] For example, in the foregoing application scenario 1, the recommended object
may be an application in the application market, and information about the recommended object
may be information about the application. The information about the application may include an
identifier of the application, for example, an application ID. The information about the application
may further include some attribute information of the application, for example, a name of the
application, a developer of the application, a type of the application, a package size of the
application, a score of the application, or a comment on the application.

{60216}[00217] For another example, in a content recommendation scenario, the recommended
object may be an article, and information about the recommended object may be a type of an article,
a keyword of the article, a theme of the article, a comment on the article, or an expression form of
the article.

{60217}[00218] For another example, in an advertisement recommendation scenario, the
recommended object may be an advertisement, and information of the recommended object may
be a type of the advertisement, an audience of the advertisement, or the like.

{806218}[00219] The information about the first recommended object may include one or more
items in the foregoing information about the recommended object.

{8062191[00220] _Information about the first user and information about the first recommended
object may be used as first feature information of the first training sample.

{802201[00221] Further, the first feature information further includes first context information.
In other words, the first training sample may further include the first context information.
{802213[00222] Context information may include status information related to operation behavior,
for example, a time point at which the user interacts with the recommended object, a location on
which the user interacts with the recommended object, or a network used when the user interacts
with the recommended object, for example, 4G or Wi-Fi.

{8062221[00223] _Interaction between the user and the recommended object indicates that the user
performs an operation action on the recommended object or does not perform an operation action
on the recommended object.

{862231[00224] The first context information may include one or more items of the foregoing
context information.

{662244[00225] A sample label may be used to mark a training sample as a positive sample or a
negative sample. For example, the label may be 0 or 1, a label of the positive sample may be 1,
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and a label of the negative sample may be 0. For another example, the label may alternatively be
a specific value. To be specific, a probability that the training sample is the positive sample or the
negative sample is marked by using the specific value.

{60225}[00226] The sample label may be obtained based on whether the user performs an
operation action on the recommended object.

{60226}[00227] Operation actions performed by the user on the recommended object may include
a clicking action of the user, a downloading action of the user, a purchasing action of the user, a
browsing action of the user, or a negative comment action of the user.

f80227[00228] The sample label indicates whether the user performs an operation action on the
recommended object. For example, there may be the following several cases in which the sample
label is determined based on whether the user performs an operation action on the recommended
object.

{802281[00229] Case 1: If the user performs an operation action on the recommended object, the
sample label is 1. If the user performs no operation action on the recommended object, the sample
label is 0.

{662291[00230] For example, in an application market recommendation scenario, the operation
action may be a downloading action. Specifically, when a user in the training sample 1# (an
example of the first training sample) performs a downloading action on a recommended object in
the training sample 1#, the training sample 1# is a positive sample, and a sample label of the
training sample 1# is 1. When a user in training sample 1# does not perform a downloading action
on a recommended object in training sample 1#, the training sample 1# is a negative sample, and
a sample label of the training sample 1# is 0.

{80623063[00231] Case 2: If the user performs an operation action on the recommended object, the
sample label is 0. If the user performs no operation action on the recommended object, the sample
label is 1.

{66231}[00232] For example, in an application market recommendation scenario, the operation
action may be a negative comment action. Specifically, when a user in the training sample 1# (an
example of the first training sample) performs a negative comment action on a recommended
object in the training sample 1#, the training sample 1# is a negative sample, and a sample label
of the training sample 1# is 0. When a user in training sample 1# does not perform a negative
comment action on a recommended object in training sample 1#, the training sample 1# is a
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positive sample, and a sample label of the training sample 1# is 1.

{60232}[00233] Case 3: If the user performs a first type of operation action on the recommended
object, the sample label is 1. If the user performs a second type of operation action on the
recommended object, the sample label is 0.

{8062331[00234] For example, in an application scenario of paid music recommendation, the first
type of operation action may include a purchasing action or the like, and the second type of
operation action may include a browsing action or the like. Specifically, when a user in the training
sample 1# (an example of the first training sample) performs a browsing action on a recommended
object in the training sample 1#, the training sample 1# is a negative sample, and a sample label
of the training sample 1# is 0. When a user in training sample 1# performs a purchase action on a
recommended object in training sample 1#, the training sample 1# is a positive sample, and a
sample label of the training sample 1# is 1. It should be understood that in this embodiment of this
application, only the purchasing action and the browsing action are used as examples to describe
a process of determining the sample label, but this should not be considered as a limitation on this
embodiment of this application. In an actual application, the sample label corresponding to the
operation action may be determined based on a specific application scenario. For example, in some
scenarios, the first type of operation action may include a browsing action or the like, and the
second type of operation action may include a negative comment action or the like.
{8062343[00235] _It should be further understood that, in this embodiment of this application, only
one type of operation behavior (the case 1 and the case 2) and two types of operation behavior (the
case 3) are used as examples to describe a process of determining the sample label, and should not
be considered as a limitation to this embodiment of this application. In an actual application, more
than two types of operation actions may be further included, and a sample label corresponding to
the operation action may be determined based on a specific application scenario. For example, a
first type of operation action is a downloading action, a second type of operation action is a
browsing action, and a third type of operation action is a negative comment action. If the user
performs only the downloading action on the recommended object, the sample label may be 1. If
the user performs only the browsing action on the recommended object, the sample label may be
0. If the user performs only the negative comment action on the recommended object, the sample
label may be 0. For example, when a user performs both the downloading action and the negative
comment action on the recommended object, the sample label is 0.
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{806235}[00236] The following describes a training sample by using an example.
{60236}[00237] For example, in the application market application scenario, the recommended
object is an application. The training sample 1# (an example of the first training sample) may
include four types of attribute data, namely, a user ID in the training sample 1#, a gender of the
user, an occupation of the user, an 1D of the application, and a type of the application. In other
words, feature information of the training sample 1# includes four features.

{80237[00238] For example, the training sample 1# is a positive sample. The training sample 1#
may be represented as z = [1, 28a85y62, male, teacher, 78ht1c9a, social contact], and 1 in the first
place indicates that the sample label of the training sample 1# is 1. The sample label may indicate
whether the user performs a downloading action on the application, and the sample label 1 may
indicate that the user has downloaded the application.

{60238}[00239] _For another example, in the advertisement recommendation application scenario,
the recommended object is an advertisement. The training sample 1# (an example of the first
training sample) may include six types of attribute data, namely, a user ID, an advertisement ID,
an advertisement presentation type, an advertisement provider, an advertisement content category,
and an advertisement click-through rate in the training sample 1#. In other words, feature
information of the training sample 1# includes six features.

{60239}[00240] _For example, the training sample 1# is a positive sample. The sample label of the
training sample 1# is 1. The training sample 1# may be represented as z = [1, 25¢83¢98, 68fd1e64,
picture, provider 1, news, 0.032], and 1 in the first place indicates that the sample label of the
training sample 1# is 1. The sample label may indicate whether the user performs a tap action on
the advertisement. The sample label 1 may indicate that the user clicks the advertisement.
{8062463[00241] It should be understood that the foregoing training sample representation manner
is merely an example. In a specific application scenario, a training sample represented in another
form may alternatively be used, or the training sample may be further processed and then input
into a recommendation model. This is not limited in this application.

{802413[00242] For example, the first training sample may be data stored in the data storage
system 250 shown in FIG. 4 or data stored in the database 130 shown in FIG. 3.

{802421100243] For example, the first training sample may alternatively be obtained in another
manner. For example, the first training sample is received from another device.

{802431[00244] For another example, the first training sample may alternatively be obtained in
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the following manner.

{602441[00245] Data preprocessing is performed on original data, and a feature is extracted, to
obtain a training sample. The training sample may be the first training sample.

{60245}[00246] For example, this obtaining process may be performed by the feature engineering
module 510 in FIG. 5. To be specific, a first data set is input into the feature engineering module
510 for processing, to obtain a first training set. The first training set includes n first training
samples.

{60246}[00247] The first data set includes original data. For example, the original data may be a
user behavior log. In this case, it may be understood that the first training set is determined based
on the user behavior log. In other words, the first training sample may be determined based on the
user behavior log.

{602473[00248] _Specifically, the training sample may be obtained by using the following steps.
{602481[00249] Step (1): Perform data preprocessing on the original data.

{80249}[00250] _For example, the data preprocessing may include data cleaning.

{8062563[00251] The original data (for example, the user behavior log) is filtered, to retain or
select only required content, for example, a key field.

{802513[00252] Step (2): Extract a feature.

{80252}[00253] For example, the feature may be extracted through feature engineering.
f806253}[00254] Specifically, processing such as manual crossing or feature selection may be
performed on a feature in each dimension in the user behavior log or a preprocessed user behavior
log, to obtain a required feature.

{602541[00255] For another example, a neural network model may alternatively be used to
extract a feature.

{60255}[00256] Specifically, a feature in each dimension in the user behavior log or a
preprocessed user behavior log may be input into the neural network model, and the neural network
model outputs a required feature.

{8062561[00257] Step (3): Process a missing value.

{662571[00258] Some fields are missing due to data concatenation or no feedback from the user.
Usually, the missing value may be supplemented by setting a default value.

{60258}[00259] Step (4): Discrete processing.

{8062593[00260] A continuous feature is converted into a discrete feature, or a plurality of
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categories are classified into one category.

{662601[00261] Discretization is a process of converting or dividing continuous attributes,
features or variables into discrete or nominal attributes/features/variables/intervals. After the
features are discretized, the model is more stable, and a risk that the model is overfitted is reduced.
f802613[00262] For example, the continuous feature is converted into the discrete feature through
bucket discretization.

{80262}[00263] For example, in the advertisement recommendation scenario, the advertisement
click-through rate is a continuous feature, and the continuous feature may be converted into a
discrete feature through bucket discretization.

{60263}[00264] For example, in the advertisement recommendation scenario, the advertisement
presentation category includes a picture, a video, an article, and the like. The picture and the video
are classified into a visual category, and the article is classified into a text category.
{802643[00265] Step (5): Allocate a feature ID.

{606265}[00266] The feature ID is allocated to each feature value.

{802661[00267] For example, the feature ID may be allocated by generating a hash value (hash)
or in an auto-increment manner. For specific descriptions, refer to the method 900 in the following.
{802673[00268] It should be understood that the foregoing sequence of steps is merely a
description sequence, and should not be considered as an actual execution sequence. In an
execution process, the steps may be performed in a sequence of the foregoing steps, or may not be
performed in a sequence of the foregoing steps. For example, step (3) is performed first and then
step (2) is performed.

{60268}[00269] _The first training sample may be obtained with reference to the foregoing manner.
{8062691[00270] For example, the first recommendation model may be a prestored or pretrained
model. For example, the first recommendation model may be stored in the data storage system 250
shown in FIG. 4 or in the database 130 shown in FIG. 3.

{662706}[00271] For example, the first recommendation model may alternatively be obtained in
another manner. For example, the first recommendation model is received from another device.
{86271}[00272] For another example, the first recommendation model may alternatively be
obtained in the following manner. The obtaining process may alternatively be understood as a
training process. For example, the training process may be performed by the model training
module 520 in FIG. 5. That is, the first training set is input into the model training module 520, to
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obtain the first recommendation model.

{86272}[00273] The recommendation model is trained based on the n first training samples, to
obtain the first recommendation model, or to obtain the model parameter of the first
recommendation model.

{802731[00274] Specifically, the first feature information is used as an input into the first
recommendation model, and the sample label of the first training sample is used as a target output
value of the first recommendation model for training, to obtain the first recommendation model.
{602741[00275] _The first feature information includes the information about the first user and the
information about the first recommended object. Further, the first feature information may further
include the first context information.

f80275}[00276] The recommendation model may be used to predict whether the user performs
an operation action on the recommended object when the recommended object is recommended

to the user. A value output by the recommendation modelaprediction-model is a prediction label.

The prediction label is used to indicate whether the user performs an operation action on the
recommended object. For example, the prediction label may be 0 or 1. In other words, 0 or 1 is
used to indicate whether the user performs an operation action on the recommended object. The
prediction label may alternatively be a probability value. In other words, the probability value is
used to represent a probability that the user performs an operation action on the recommended
object. In other words, an output of the recommendation model may be 0 or 1, or may be a
probability value. A specific form of an output value of the recommendation model is not limited
in this embodiment of this application.

{60276}[00277] For example, the recommendation model in this embodiment of this application
may be a plurality of types of models. For example, the recommendation model may be a simple
model such as an average advertisement CTR model or a logistic regression (logistic regression,
LR) model. For another example, the recommendation model may be a low-rank model such as a
matrix factorization (matrix factorization, MF) model, a factorization machine (factorization
machine, FM), or a field-aware factorization machine (field-aware factorization machines, FFM).
For another example, the recommendation model may be a deep model such as a deep FM (deep
FM) model or a DNN model.

{60277[00278] For example, the recommendation model may be constructed by using an
automatic differentiation deep learning framework, for example, by using a framework such as
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TensorFlow or PyTorch.

{60278}[00279] The recommendation model includes a loss function, and the loss function is
used to indicate a difference between a prediction label of the first training sample and the sample
label of the first training sample.

{8062791[00280] For example, the training process may be to continuously reduce a value of the
loss function until a convergence, to obtain the model parameters of the first recommendation
model.

{6062861[00281] The first recommendation model may satisfy the following formula:

min AR (w) + 29 where

w represents a model parameter, R(w) represents a regularization term, A represents a

hyperparameter that determines the regularization term, y; represents a sample label of the i" first

training sample, Yi represents a prediction label of the i" first training sample, n represents a

quantity of first training samples, |(yi , )7|) represents a difference between the sample label of

the i first training sample and the prediction label of the i" first training sample.

{60281}[00282] S620: Determine an impact function value of each first training sample with
respect to a verification loss of m second training samples in the first recommendation model.
{606282}[00283] The second training sample includes second feature information and a sample
label of the second training sample. The second feature information includes information about a
second user and information about a second recommended object. The sample label of the second
training sample is used to indicate whether the second user performs an operation action on the
second recommended object. m is an integer greater than 1.

{002831[00284] For example, step S620 may be performed by the impact function module 530 in
FIG. 5.

{6062843[00285] It should be noted that m second users in the m second training samples may be
the same or may be different, and m second recommended objects in the m second training samples
may be the same or may be different.

{60285}[00286] For example, a second user in a training sample 1# (an example of the second
training sample) is a user A, a second recommended object is an item A, a second user in a training
sample 2# (an example of the second training sample) is a user B, and the second recommended
object is the item A. For another example, a second user in a training sample 1# (an example of
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the second training sample) is a user A, a second recommended object is an item A, a second user
in a training sample 2# (an example of the second training sample) is the user A, and the second
recommended object is an item B.

{606286}[00287] It should be further understood that the first user and the second user may be the
same or may be different. The first recommended object and the second recommended object may
be the same or may be different.

{6062873[00288] The n first training samples may include some or all of the m second training
samples, or may not include the second training sample.

{00288}[00289] The information about the second user may include one or more items in the
attribute information of the user described in step S610.

{8062893[00290] The second recommended object may be one of the recommended objects
described in step S610.

{8062963[00291] The information about the second recommended object may include one or more
items of the information about the recommended object in step S610.

{8062943[00292] The information about the second user and the information about the second
recommended object may be used as the second feature information of the second training sample.
{8062921[00293] Further, the second feature information further includes second context
information. In other words, the second training sample may further include the second context
information.

{60293}[00294] The second context information may include one or more items of the context
information in step S610.

{602941[00295] _A description of the sample label of the second sample may be similar to that in
step S610, and details are not described herein.

{60295}[00296] For example, the second training sample may be data stored in the data storage
system 250 shown in FIG. 4 or data stored in the database 130 shown in FIG. 3.

{602961[00297] For example, the second training sample may alternatively be obtained in another
manner. For example, the second training sample is received from another device.
{66297[00298] For another example, the second training sample may alternatively be obtained
in the following manner.

{60298}[00299] Data preprocessing is performed on the original data, and a feature is extracted,
to obtain a training sample. The training sample may be the second training sample.
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{8062991[00300] For example, this obtaining process may be performed by the feature engineering
module 510 in FIG. 5. To be specific, a second data set is input into the feature engineering module
510 for processing, to obtain a second training set. The second training set includes the m second
training samples.

{806306063[00301] The second data set includes original data. For example, the original data may
be a user behavior log. In this case, it may be understood that the second training set is determined
based on the user behavior log. In other words, the second training sample may be determined
based on the user behavior log.

{863643[00302] For a specific manner of obtaining the second training sample based on the
original data, refer to the descriptions in step S610. Details are not described herein again.
{86362}[00303] Optionally, the second training sample is a training sample without a bias. The
first training sample may be a training sample with a bias. For a specific process, refer to a method
900 in the following.

{663063}[00304] _A training sample with bias may be understood as a training sample obtained
when a recommended object is displayed to a user according to a specific rule. For example, when
a recommendation request is received, candidate recommended objects are ranked based on
expected revenues of the candidate recommended objects, and a candidate recommended object
to be displayed to the user is determined based on ranking of the expected revenues. To be specific,
in this case, each recommended object has a different probability of being displayed to the user,
and a probability of displaying a recommended object with higher expected revenues to the user
is higher. In this case, an obtained training sample is a training sample with bias.

{606304}[00305] _In the training sample without a bias, recommended subjects have an equal
exposure probability and consistent distribution of presentation locations. In other words, the
training sample without a bias is a training sample obtained when there is a same probability that
candidate recommended objects in a candidate recommended object set are presented. When there
iIs more than one representation location in the recommendation system, the training sample
without a bias is obtained when there is a same probability that the candidate recommended objects
in the candidate recommended object set are presented, and the candidate recommended objects
are presented on a same location.

{60305}[00306] For example, the training sample without a bias is a training sample obtained
based on a random delivery policy.
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{80630663[00307] The random delivery policy is a delivery policy in which the candidate
recommended objects in the candidate recommended object set are presented to the user in a
random presentation manner. When the candidate recommended objects are randomly presented,
there is a same probability that the candidate recommended objects are recommended to the user.
In this case, an obtained training sample is a training sample without a bias.
{603067}[00308] For another example, the training sample without a bias is a training sample
obtained when the user actively searches for a candidate recommended object. When the user
actively searches for a candidate recommended object, the user does not interact based on a
presented recommended object, but actively interacts. For the user, there is a same probability that
the candidate recommended objects in the candidate recommended object set are presented to the
user, regardless of whether the candidate recommended objects are presented. In other words, it
may be understood that there is a same probability that the candidate recommended objects in the
candidate recommended object set are presented to the user.
{606308}[00309] Optionally, the m second training samples are obtained when there is a same
probability that the candidate recommended objects in the candidate recommended object set are
presented, and the second recommended object is a candidate recommended object in the candidate
recommended object set.
{606309}[00310] Optionally, the m second training samples are obtained when the candidate
recommended objects in the candidate recommended object set are randomly presented to the
second user; or

the m second training samples are obtained when the second user searches for the
second recommended object.
{863163[00311] The following describes the training sample without bias and the training sample
with bias by using an example in which a recommended object is a recommended application in
an application market.
{60314}[00312] For a recommendation request, an application is displayed according to a random
launch policy. To be specific, one or more applications in a plurality of candidate recommended
applications are randomly displayed to a user corresponding to the recommendation request, and
all candidate applications have a same probability of being displayed to the user corresponding to
the recommendation request. In this case, an obtained training sample is a training sample without
bias. For one recommendation request, the plurality of candidate applications are ranked based on
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an expected profit, and an application that is determined, based on ranking, to be presented to the
user. In this case, an obtained training sample is a training sample with a bias.

{806312}[00313] When the user enters the application market to actively search for an application,
the training sample obtained in this case is a training sample without a bias. For example, the user
may be considered as the second user, and the application actively searched for by the user may
be used as the second recommended object.

{806313}[00314] Optionally, an obtaining time point of the first training sample is earlier than an
obtaining time point of the second training sample. For a specific process, refer to a method 1000
in the following.

{60314}[00315] Optionally, the first training sample may be determined based on data in a target
domain, and the second training sample may be determined based on data in a source domain. For
a specific process, refer to a method 1100 in the following.

{806315}[00316] The verification loss of the m second training samples in the first
recommendation model is a difference between prediction labels of the m second training samples
obtained by processing the m second training samples by using the first recommendation model
and sample labels of the m second training samples. For ease of description, the verification loss
of the m second training samples in the first recommendation model is referred to as a verification
loss for short. The impact function value of the first training sample with respect to the verification
loss of the m second training samples in the first recommendation model is referred to as an impact
function value of the first training sample with respect to the verification loss for short.
{8063161[00317] The impact function value is obtained by performing data disturbance on the first
training sample and evaluating impact, on the verification loss, of a first recommendation model
obtained after disturbance.

{60317[00318] _In this manner, importance of the first training sample to the verification loss can
be determined. A higher degree of consistency between data distribution of the first training sample
and data distribution of the second training sample indicates higher importance of the first training
sample to the verification loss and a smaller impact function value of the first training sample.

{60318}[00319] Specifically, the impact function value satisfies the following formula:
¢(Zi) = Z j¢(2i, Zj) = —[Zjve|(2,-,é)]T Hglvel(ziaé)

, Where

z; represents the i first training sample, ¢(Zi) represents an impact function value of
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the i™ first training sample with respect to a prediction loss of the m second training samples in the
first recommendation model, namely, an impact function value of the i*" first training sample with

respect to a verification loss of all second training samples in the first recommendation model, z;
represents the ji" second training sample, and ¢(Z;,Z J-) represents an impact function value of the

i first training sample with respect to a verification loss of the j™ second training sample in the
first recommendation model. The verification loss of the j" second training sample is a difference

between a prediction label obtained by inputting the j second training sample into the first

recommendation model and a sample label of the j™ second training sample. Vgl(zj,é)

represents a gradient of z; on the first recommendation model 9, Z | V,l(z; ,0) represents a sum
of gradients of the m second training samples in the first recommendation model 4, a superscript
T represents a transpose matrix of a matrix, and Hgl represents an inverse matrix of a Hessian

matrix of all first training samples. The Hessian matrix of all the first training samples represents

an average value of a second derivative of all the first training samples in the first recommendation

model ;0. Specifically, H, = %ZLVEI (2,6).
{863194[00320] For example, the impact function value may be calculated by using the following
steps.

{66320}[00321] Step (1): Calculate gradients of all the second training samples in the first
> Vl(z,,0)

recommendation model 4, Oto obtain a sum of the gradients of all the second

training samples in the first recommendation model é'|V61(zj,6).

{8063213[00322] Step (2): Calculate the Hessian matrix of all the first training samples.
{863221[00323] The inverse matrix of the Hessian matrix is usually approximately solved by
using the implicit Hessian-vector product (Hessian-vector products, HVP), and the Hessian matrix
does not need to be calculated explicitly. For example, the inverse matrix of the Hessian matrix is
solved by using a conjugate gradient (conjugate gradients, CG) method or a stochastic estimation
(Stochastic estimation) method.

{806323}[00324] Step (3): Multiply an inverse matrix of a matrix obtained in step (1) and the
inverse matrix of the Hessian matrix obtained in step (2), to obtain a left half part IF_ of the impact
function. For impact function values of all first training samples, values of the left half part are the

same, and therefore, this part needs to be calculated only once.
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{6063241[00325] Step (4): Calculate an impact function value of each first training sample.
Specifically, IF_ in step (3) is separately multiplied by each first training sample in the first
recommendation model 6, to obtain Othe impact function value of each first training sample.
{606325}[00326] It should be understood that the foregoing calculation process is merely an
example, and the impact function value of the first training sample may be obtained through
calculation in another manner. This is not limited in this embodiment of this application.
{8063261[00327] S630: Adjust a weight corresponding to each first training sample based on the
impact function value of each first training sample with respect to the verification loss of the m
second training samples in a first prediction model.

{60327}[00328] For example, step S630 may be performed by the weight adjustment module 540
in FIG. 5.

{60328}[00329] As described above, a higher consistency between distribution of the first
training sample and distribution of the second training sample indicates a smaller value of the
impact function value of the first training sample. In addition, a higher consistency between the
distribution of the first training sample and the distribution of the second training sample indicates
higher importance of the first training sample to a prediction loss. Therefore, a larger weight is set
for a first training sample of higher importance, so that distribution of all the first training samples
can develop in a direction of the distribution of the second training sample.

{86063291[00330] _For example, the weight may satisfy the following formula:

. n -1
argmfrmz‘=1ﬂlT¢(zi) where

mi represents a weight corresponding to the it" first training sample, 7, =14+neg;, mi e
[0, B], B represents a maximum value of the weight, €, represents a disturbance value of the i

first training sample, and ﬁz(ﬂl,ﬂz,...,ﬂn) is a set of weights corresponding to the n first

training samples.

{60633063[00331] Theoretically, this method is an optimal weight calculation method. However,
based on a convex optimization theory, the method does not meet a convex optimization condition
of Lipschitz continuity (Lipschitz continuity), and training overfitting easily occurs when the
weight is determined by using the method.

{8063343[00332] Optionally, the weight corresponding to the first training sample has a negative

47



10

15

20

25

30

correlation with the impact function value of the first training sample with respect to the
verification loss. In other words, a larger impact function value of the first training sample with
respect to the prediction loss indicates a smaller weight corresponding to the first training sample.

{66332}[00333] _Optionally, the weight satisfies the following formula:

B 1
i = (7))

1+ MA@ N-mindg (2 )})

, Where

a indicates a weight adjustment coefficient, max() indicates to obtain a maximum value

of an operation object, min() indicates to obtain a minimum value of the operation object, the
operation object {¢(Zi )} {d(zi)}represents a set of impact function values of the n first training

samples with respect to the verification loss of the m second training samples in the first
recommendation model, and this part can be used to unify a scale.

{8063333[00334] _In this weight calculation method, the weight value is calculated based on a
sigmoid function, to satisfy both a convex optimization condition and monotonic mapping. The
weight obtained in this method can lead to higher accuracy of a recommendation model obtained
through training.

{8063343[00335] It should be noted that, the foregoing method for calculating the weight value
based on the sigmoid function is merely an example, and another method that can satisfy both the
convex optimization condition and monotonic mapping can also be used for calculating the weight
value, for example, a linear mapping method.

{806335}[00336] S640: Train the first recommendation model based on the n first training samples
and the weights corresponding to the n first training samples, to obtain a target recommendation
model.

{606336}[00337] For example, step S640 may be performed by the model training module 520 in
FIG. 5.

{66337}[00338] Training samples including the n first training samples and the weights
corresponding to the n first training samples are n first training samples with a weight.
{86338}[00339] As shown in FIG. 5, a first training set with a weight is obtained based on the
first training set and the weight corresponding to the first training sample, and the first training set
with a weight includes n first training samples with a weight.

{8063393[00340] For a specific training method, refer to the descriptions in step S610.

{6063406}[00341] The recommendation model includes a loss function, and the loss function is
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used to indicate the difference between the prediction label of the first training sample and the
sample label of the first training sample.

{8063413[00342] For example, the training process in step S640 may be to continuously reduce a
sum of values of a loss function corresponding to all the first training samples with a weight until
a convergence, to obtain a model parameter of the target recommendation model. In other words,
a proportion of a value of the loss function of the first training sample in the sum of all values of
the loss function is adjusted by using the weight corresponding to the first training sample.

{66342}[00343] The target recommendation model may satisfy the following formula:

mwin AR(wW) + Zin:l”il(Yi: ¥i) where

w represents a model parameter, R(w) represents a regularization term, A represents a

hyperparameter that determines the regularization term, y; represents a sample label of the i" first

training sample, Yi represents a prediction label of the i" first training sample, n represents a

quantity of first training samples, |(yi,§/i) represents a difference between the sample label of the

i first training sample and the prediction label of the it" first training sample, and m; represents the
weight corresponding to the i" first training sample.

{806343}[00344] According to the method in this embodiment of this application, the importance
of the first training sample to the verification loss is evaluated based on the impact function value.
In other words, the importance of the first training sample is determined by measuring impact of
data disturbance on the verification loss of the first recommendation model on the second training
sample. The weight corresponding to the first training sample is determined based on the
importance. A recommendation model obtained through retraining based on the first training
sample with a weight can better fit data distribution of the second training sample, to improve
accuracy of predicting the second training sample by the recommendation model. In this way, user
experience can be improved, user stickiness can be enhanced, more suppliers can be attracted to
join, and a profit from the recommendation system can be increased.

{8063443[00345] FIG. 7 is a schematic diagram of a recommendation method 700 according to an
embodiment of this application. The method shown in FIG. 7 may be performed by a
recommendation apparatus. The apparatus may be a cloud service device, may be a terminal device,
for example, an apparatus such as a computer or a server whose computing capability is sufficient
to perform the recommendation method, or may be a system including a cloud service device and
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a terminal device. For example, the method 700 may be performed by the execution device 110 in
FIG. 3, the execution device 210 in FIG. 4, or a local device.

{806345}[00346] For example, the method 700 may be specifically executed by the execution
device 110 shown in FIG. 3, and a target user and a candidate recommended object in the method
700 may be data input by the I/O interface 112 shown in FIG. 3.

{606346}[00347] The method 700 includes step S710 to step S720. The following describes step
S710 and step S720 in detail.

{60347}[00348] S710: Obtain information about a target user and information about a candidate
recommended object.

{60348}[00349] For example, when a user enters a recommendation system, a recommendation
request is triggered. A user that triggers the recommendation request may be used as a target user
in the recommendation system, and a recommended object that may be presented to the user in the
recommendation system is used as a candidate recommended object.

{606349}[00350] For example, the information about the target user may include an identifier of
the user, for example, an ID of the target user, and the information about the target user may further
include some personalized attribute information of the user, for example, a gender of the target
user, an age of the target user, an occupation of the target user, an income of the target
recommended-user, a hobby of the target user, or education of the target user.

{8063563[00351] For example, the information about the candidate recommended object may
include an identifier of the candidate recommended object, for example, an ID of the candidate
recommended object. The information about the candidate recommended object may further
include some attribute information of the candidate recommended object, for example, a name of
the candidate recommended object or a type of the candidate recommended object.
{66351}[00352] _S720: Input the information about the target user and the information about the
candidate recommended object into a recommendation model, and predict a probability that the
target user performs an operation action on the candidate recommended object.

{806352}[00353] For example, candidate recommended objects in the candidate recommendation
set may be ranked based on predicted probabilities that the target user performs an operation action
on the candidate recommended objects, to obtain a recommendation result of the candidate
recommended objects. For example, a candidate recommended object with a highest probability
is selected and displayed to the user. For example, the candidate recommended object may be a
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candidate recommended application.

{606353}[00354] FIG. 8 shows a "recommendation” page in an application market. There may be
a plurality of ranking lists on the page. For example, the ranking lists may include a ranking list of
high-quality applications and a ranking list of featured games. The featured games are used as an
example. Arecommendation system of the application market predicts, based on information about
a user and information about candidate recommended applications, probabilities that the user
downloads (installs) the candidate recommended applications, ranks the candidate recommended
applications in descending order of the probabilities, and places, in the first place, an application
that is most likely to be downloaded.

{606354}[00355] For example, a recommendation result of the high-quality applications may be
that an app 5 is located at a recommendation location 1 in the featured games, an app 6 is located
at a recommendation location 2 in the featured games, an app 7 is located at a recommendation
location 3 in the featured games, and an app 8 is located at a recommendation location 4 in the
featured games. After the user sees the recommendation result in the application market, the user
may perform an operation action on the recommendation result based on interests of the user. After
being performed, the operation action of the user is stored in a user behavior log.

{806355}[00356] The application market shown in FIG. 8 may train a recommendation model
based on training data obtained from a user behavior log.

{8063561[00357] It should be understood that the foregoing example descriptions are intended to
help a person skilled in the art understand the embodiments of this application, but are not intended
to limit embodiments of this application to a specific value or a specific scenario in the examples.
A person skilled in the art definitely can make various equivalent modifications or changes
according to the examples described above, and such modifications or changes also fall within the
scope of the embodiments of this application.

{86357[00358] The recommendation model may be a target recommendation model obtained
through training by using the method 600. Details are not described herein again.

{806358}[00359] A model parameter of the recommendation model is obtained by training a first
recommendation model based on n first training samples and weights corresponding to the n first
training samples, and the first recommendation model is obtained through training based on the n
first training samples. A weight corresponding to each first training sample is determined based on
an impact function value of each first training sample with respect to a verification loss of m second
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training samples in the first recommendation model.
{606359}[00360] The first training sample includes information about a first user, information
about a first recommended object, and a sample label of the first training sample, the sample label
of the first training sample is used to indicate whether the first user performs an operation action
on the first recommended object, and n is an integer greater than 1.
{60360}[00361] The second training sample includes information about a second user,
information about a second recommended object, and a sample label of the second training sample,
the sample label of the second training sample is used to indicate whether the second user performs
an operation action on the second recommended object, and m is an integer greater than 1.
{60361}[00362] Optionally, that a weight corresponding to each first training sample is
determined based on an impact function value of each first training sample with respect to a
verification loss of m second training samples in the first recommendation model includes:

the weight corresponding to each first training sample has a negative correlation with
the impact function value of each first training sample with respect to the verification loss of the
m second training samples in the first recommendation model.
{606362}[00363] Optionally, the impact function value of each first training sample with respect
to the verification loss of the m second training samples in the first recommendation model satisfies

the following formula:

$(2) =2 $(z,2,) =12, V,l(z,,0)] H;'V,I(z,0)

, Where

zi represents the i first training sample, ¢(z,) d(zi)represents an impact function

value of the i first training sample with respect to the prediction loss of the m second training

samples in the first recommendation model, z; zjrepresents the j" second training sample,

#(Z,Z;) o(zi.zj)represents an impact function value of the i'" first training sample with respect to
a verification loss of the j second training sample in the first recommendation model, Vol(z;, é)
represents a gradient of z; on the first recommendation model 9, Z | V,l(z; ,0) represents a sum

of gradients of the m second training samples in the first recommendation model 9, and Hgfl

represents an inverse matrix of a Hessian matrix of all first training samples.
{60363}[00364] Optionally, that a weight corresponding to each first training sample is
determined based on an impact function value of each first training sample with respect to a
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verification loss of m second training samples in the first recommendation model includes: the

weight corresponding to each first training sample satisfies the following formula:

B 1
i = i)

1 -+ MA@ N-mindg(z)})

, Where

mi mirepresents a weight corresponding to the i first training sample, o represents a
weight adjustment coefficient, and {¢(Z,)} {d(zi)}represents a set of impact function values of

the n first training samples with respect to the verification loss of the m second training samples
in the first recommendation model.
{60364}[00365] Optionally, the m second training samples are obtained when there is a same
probability that candidate recommended objects in a candidate recommended object set are
presented, and the second recommended object is a candidate recommended object in the candidate
recommended object set.
{606365}[00366] Optionally, that the m second training samples are obtained when there is a same
probability that candidate recommended objects in a candidate recommended object set are
presented includes:

the m second training samples are obtained when the candidate recommended objects
in the candidate recommended object set are randomly presented to the second user; or the m
second training samples are obtained when the second user searches for the second recommended
object.
{8063661[00367] Optionally, the m second training samples belong to data in a source domain, and
the n first training samples belong to data in a target domain.
f803674[00368] It may be understood that the method 600 is a training phase of the
recommendation model (a phase performed by the training device 120 in FIG. 3), and specific
training is performed by using the recommendation model provided in the method 600. The
method 700 may be understood as an application phase of the recommendation model (a phase
executed by execution device 110 in FIG. 3) Specifically, the recommendation model obtained
through training in the method 600 may be used, and an output result, namely, a probability that
the target user performs an operation on the candidate recommended object is obtained based on
information about a target user and information about a candidate recommended object.
{806368}[00369] That the solutions in the embodiments of this application are applied to different

scenarios is described below by using three examples (an example 1, an example 2, and an example
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3). It should be understood that a recommendation model training method described below may
be considered as a specific implementation of the method 600. A recommendation method
described below may be considered as a specific implementation of the method 700. To avoid
unnecessary repetition, repeated descriptions are appropriately omitted when the three examples
in the embodiments of this application are described below.

{606369}[00370] Example 1:

f803763[00371] Asshownin FIG. 9, for each recommendation request, a recommendation system
usually needs to perform, based on a user profile, a plurality of processes such as recall, ranking,
or a manual rule on all items in an entire database, to generate a final recommendation result, and
then present the final recommendation result to a user. A quantity of items recommended to the
user is far smaller than a total quantity of items, and various bias problems such as a location bias
and a selection bias are introduced in this process.

{803743[00372] The user profile is a label set of personalized preferences of the user. For example,
the user profile may be generated based on an interaction history of the user.

f80372}1[00373] The selection bias means that collected data has bias due to an item display
probability difference. Ideal training data is obtained when items are displayed to the user at a
same display probability. Actually, because a quantity of presentation locations is limited, all items
cannot be presented. The recommendation system usually makes a recommendation to the user
based on a predicted rate of selecting an item by the user. The user can interact with only a
presented item, and an item that does not have an opportunity to be presented cannot be selected,
in other words, cannot participate in interaction. Consequently, opportunities of presenting the
items are different. In an entire recommendation process, for example, a plurality of processes
such as recall and ranking, a truncation operation occurs. In other words, some recommended
objects are selected from a candidate recommended object for presentation.

{80373}[00374] The location bias means that collected data has bias due to an item display
location difference. The recommendation system usually presents recommendation results in a top-
to-bottom sequence or a left-to-right sequence. Based on a browsing habit of a person, items in the
first place are more likely to be seen and a selection rate of the user is higher. For example, in a
ranking list in an application market, a same application (application, app) may be displayed in the
first place, or may be displayed in the last place. According to a random launch policy, it can be
verified that a download rate of the app displayed in the first place is far higher than a download
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rate of the app displayed in the last place. As shown in FIG. 9, a ranking process is performed,
thereby causing a difference in the presentation location of the item is caused, and introducing a
location bias.

{66374}[00375] Due to existence of the bias problem, there is a higher probability that the user
selects an item with more presentation opportunities, and the item is more likely to be
recommended to the user in a subsequent recommendation, thereby obtaining more presentation
opportunities, and being easily tapped by another user, aggravating impact of the bias problem,
causing a Matthew effect, and aggravating a long tail problem. Most personalized requirements of
a small crowd cannot be met due to the long tail problem, thereby affecting user experience. In
addition, many items in the recommendation system cannot generate an actual commercial value
because there is no exposure opportunity. Therefore, storage resources and computing resources
are consumed for nothing, thereby causing a waste of resources.

f80375}[00376] Embodiments of this application provide a recommendation model training
method and a recommendation method, to reduce impact of a bias problem on a recommendation
result, and improve accuracy of a recommendation model.

{60376}[00377] The training method 900 may be considered as a specific implementation of the
method 600. To avoid unnecessary repetition, repeated descriptions are appropriately omitted in
the following descriptions of the training method 900. The training method 900 includes step S910
to step S950. Step S910 to step S950 are described below.

{8637A[00378] S910: Obtain n first training samples and m second training samples.
{803783[00379] The first training sample includes information about a first user, information
about a first recommended object, and a sample label of the first training sample. The sample label
of the first training sample is used to indicate whether the first user performs an operation action
on the first recommended object. n is an integer greater than 1.

{86063793[00380] The second training sample includes information about a second user,
information about a second recommended object, and a sample label of the second training sample.
The sample label of the second training sample is used to indicate whether the second user
performs an operation action on the second recommended object. m is an integer greater than 1.
{6038063[00381] Further, the first training sample may further include first context information.
The second training sample may further include second context information.

{8063813[00382] The second training sample is a training sample without bias.
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{806382}[00383] _Specifically, the second training sample may be obtained when there is a same
probability that candidate recommended objects in a candidate recommended object set are
presented to the second user.

{606383}[00384] For example, the second training sample may be obtained when a random
delivery policy is used.

{60384}[00385] The random delivery policy is a delivery policy in which the candidate
recommended objects in the candidate recommended object set are presented to a user in a random
presentation manner. In this case, there is a same probability that the recommended objects are
recommended to the user, and a training sample obtained based on the random delivery policy is
a training sample without a bias.

{806385}[00386] For another example, the second training sample may be obtained when the user
actively searches for a recommended object.

{8063861[00387] When the user actively initiates a search, regardless of whether the candidate
recommended objects in the candidate recommended object set are presented to the user, there is
a same probability that the candidate recommended objects are presented to the user. In other
words, it may be understood that there is a same probability that the candidate recommended
objects are presented to the user.

{6063871[00388] _It should be noted that step S910 is an optional step. For specific descriptions of
this step, refer to step S610 in the method 600. Details are not described herein again.
{66388}[00389] An implementation of obtaining the training sample in step S910 is described
below by using an advertisement recommendation scenario as an example.

{863894[00390] Table 1 shows data obtained based on an interaction history (for example, a user

behavior log) of a user in an advertisement recommendation scenario.

Table 1
Label {User ID |Advertisement | Exhibition | Advertisement | Advertisement |Ad click-
ID type provider content through rate
category
1 25c83c98 |68fdle64 Image Provider 1 News 0.032
0 efead33b |0b153874 Video Provider 2 Entertainment |0.017

56




10

15

20

25

{863963[00391] A row in Table 1 represents a training sample. For example, the training sample
is a first training sample, and the first training sample includes the information about the first user
and the information about the first recommended object. The information about the first user
includes an ID of the first user, the first recommended object is an advertisement, and the
information about the first recommended object includes an ID of the first recommended object, a
presentation category of the first recommended object, an advertisement provider of the first
recommended object, an advertisement content category of the first recommended object, and an
advertisement click-through rate of the first recommended object. In other words, the first training
sample includes a total of six types of features.

{66394}[00392] It should be understood that Table 1 is merely an example, and information about
a user and information about a recommended object may further include information about more
or fewer items than those in Table 1, or more or fewer types of feature information.
{8063921[00393] _As described above, the second training sample is a training sample without a
bias. For example, if the second training sample is obtained based on the user behavior log, the
user behavior log may be obtained based on the random delivery policy or when the user actively
searches for a recommended object.

{8063931[00394] For example, a specific process of obtaining the training sample includes step
S911 to step S912. Both the first training sample and the second training sample may be obtained
in this manner.

{606394}[00395] Original data is formatted, so that data in a unified format is obtained and used
as a training sample.

{806395}[00396] S911: Perform discretization processing on a continuous feature.
{8063961[00397] For example, feature discretization may be performed through bucket
discretization.

f86397[00398] The advertisement click-through rate in Table 1 is used as an example. The
advertisement click-through rate is a continuous feature, and bucket discretization is performed on

the continuous feature, to obtain a discrete feature, as shown in Table 2.
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Ad click-through rate
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{6063981[00399] S912: Allocate a feature ID to each feature.

{66399}[00400] For example, the feature ID may be allocated by generating a hash value (hash)
or in an auto-increment manner.

{6640661[00401] For example, the feature ID that is of an advertisement presentation category and
that is allocated in the auto-increment manner may be as follows: A feature 1D of the advertisement
presentation category in the 1% training sample in Table 1 is 10, and a feature ID of the
advertisement presentation category in the 2" training sample is 20.

{60401}[00402] _Allocating the feature ID by generating a hash value means that each feature is

mapped to a hash value, as shown in Table 3.

Table 3
Label | User | Advertisement | Exhibition | Advertisement | Advertisement | Ad
ID ID type provider content click-
category through
rate
1 91687 | 6150 60736 19822 70404 93221
0 71431 | 57276 31344 32068 34632 47800

{8040623[00403] Further, data obtained in step S912 may be stored in a uniform format.

{60403}[00404] For example, the data obtained in step S912 is stored in a libSVM format. In this

way, a field obtained after the feature ID is encoded may be stored in a more compact manner.
{804041[00405] For example, the field may be stored in the following form:
191687:1 6150:1 60736:1 19822:1 70404:1 93221:1

0 71431:157276:1 31344:1 32068:1 34632:1 47800:1
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{80405}[00406] Herein, 1 following the feature ID indicates that the value exists, or this feature
value is determined based on an interaction history of the user. If O follows the feature ID, it
indicates that this feature value is missing. For example, in a data collection process, a problem
that some feature values are missing may occur. In this case, the feature ID may be a default value.
{604061[00407] The data is divided into two parts: a feature part and a label part, to obtain a
training sample.

{804067[00408] For example, refer to Table 4. The feature part is used to represent the
information about the user and the information about the recommended object. The label part is a

sample label of the training sample.

Table 4
Label Feature
1 91687:1 6150:1 60736:1 19822:1 70404:1 03221:1
0 71431:1 57276:1 31344:1 32068:1 34632:1 47800:1

{60408}[00409] For example, data used for the n first training samples may be obtained by
sampling some data in the data obtained in step S911. In other words, an amount of data obtained
in step S911 is greater than n.

{804093[00410] Alternatively, all data obtained in step S911 may be used as data used to obtain
the n first training samples. In other words, the amount of data obtained in step S911 is n.
{8064163[00411] It should be understood that the foregoing training sample representation manner
is merely an example. In a specific application scenario, a training sample represented in another
form may alternatively be used, or the training sample may be further processed and then input
into a recommendation model. This is not limited in this application.

{8064111[00412] S920: Perform training based on the n first training samples, to obtain a first
recommendation model.

{8041231100413] Specifically, first feature information is used as an input into the first
recommendation model, and the sample label of the first training sample is used as a target output
value of the first recommendation model for training, to obtain a model parameter of the first
recommendation model.

{8064131[00414] It should be noted that step S920 is an optional step. For specific descriptions,
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refer to step S610 in the method 600. Details are not described herein again.

{604141[00415] An implementation of step S920 is described below by using an advertisement
recommendation scenario as an example.

{60415}[00416] The first feature information is a feature part in the advertisement
recommendation scenario, and the sample label of the first training sample is a label part in the
advertisement recommendation scenario.

{804161[00417] For example, a specific process of step S920 includes step S921 to step S923.
{804171[00418] S921: Input the first feature information into the first recommendation model, to
perform forward derivation to obtain a prediction label.

{60418}[00419] For example, the first recommendation model is a logistic regression model, and

the prediction label obtained through forward derivation satisfies the following formula:

R =Wseg +Woiso +Weras +Wogz +Wopsgs + Wy +0 _Wwhere
{60419}[00420] Pctr represents a prediction label, for example, Pcr represents a click-through
ratechicking—probabitty predicted by the logistic regression model, wx represents a weight
corresponding to a feature x, for example, woieg7 represents a weight corresponding to a feature
whose feature ID is 91687, and b represents a bias term of the logistic regression model.
{80420}[00421] S922: Calculate a value of a loss function between a prediction label of the first
training sample and the sample label of the first training sample, and update a parameter of the
recommendation model based on a reverse gradient of the value of the loss function.
{804213[00422] For example, the loss function may be log loss.
{604221[00423] For example, the first recommendation model is a logistic regression model, and
the value of loss function loss satisfies the following formula:

loss =log P, +log(1-R, )
{604231[00424] S923: Verify prediction accuracy of the updated recommendation model by using
the verification set, and repeat step S921 to step S923 until a first iteration termination condition
IS met.
{6064241[00425] For example, the first iteration termination condition may be that an
improvement rate of the prediction accuracy of the recommendation model is less than a specified
threshold. In other words, step 921} to step 9¢23) are repeated until the accuracy of the

recommendation model is no longer improved or no longer significantly improved, to obtain the
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{80425}[00426] For example, the prediction accuracy may be evaluated by using an indicator,
namely, an area under the receiver operating characteristic (receiver operating characteristic, ROC)
curve (area under the ROC curve, AUC).

{804261[00427] For example, the verification set may include the m second training samples. In
other words, the prediction accuracy of the recommendation model may be evaluated based on the
m second training samples.

{8642714[00428] _In this case, the n first training samples may be understood as data in a training
set, and the m second training samples may be understood as data in the verification set.
{60428}[00429] S930: Determine an impact function value of each first training sample with
respect to a verification loss of the m second training samples in the first recommendation model.
The verification loss of the m second training samples in the first recommendation model is a
difference between prediction labels of the m second training samples obtained by processing the
m second training samples by using the first recommendation model and sample labels of the m
second training samples.

{60429}[00430] _Step S930 corresponds to step S620 in the foregoing method 600. For specific
descriptions, refer to step S620. Details are not described herein again.

{864361[00431] S940: Determine, based on the impact function value of each first training
sample with respect to the verification loss, a weight corresponding to each first training sample.
{60431}[00432] Step S940 corresponds to step S630 in the foregoing method 600. For specific
descriptions, refer to step S630. Details are not described herein again.

{606432}[00433] For example, weights corresponding to the n first training samples are
determined based on a sigmoid function. The foregoing advertisement recommendation scenario
is used as an example. The weight of the first training sample and the first training sample may be
concatenated, to obtain a first training sample with a weight. Weights corresponding to the two

training samples in Table 4 are shown in Table 5.

Table 5
Label | Weight | Feature
1 0.49 91687:1 | 6150:1 60736:1 | 19822:1 | 70404:1 |93221:1
0 0.67 71431:1 | 57276:1 | 31344:1 |32068:1 | 34632:1 |47800:1
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{80433}[00434] S950: Train the first recommendation model based on the n first training samples
and the weights corresponding to the n first training samples, to obtain a model parameter of a
target recommendation model.

{80434}[00435] _In other words, the first recommendation model is trained based on the first
training sample with a weight, to obtain the model parameter of the target recommendation model.
{60435}[00436] _Step S950 corresponds to step S640 in the foregoing method 600. For specific
descriptions, refer to step S640. Details are not described herein again.

{80436}[00437] The foregoing advertisement recommendation scenario is used as an example. A
training sample in Table 5 is used to train the first recommendation model. For example, the first
recommendation model is a logistic regression model, and a loss function of the first
recommendation model is a loss function with a weight.

[004373[00438] For the 1% training sample in Table 5, a value of a loss function loss satisfies the

following formula:

loss =0.49*(log P, +log(1-P,,))

{60438}[00439] A parameter of the recommendation model is updated based on a reverse gradient
of the value of the loss function, until a second iteration termination condition is met. For example,
the second iteration termination condition may be that the improvement rate of the prediction
accuracy of the recommendation model is less than a specified threshold. For a specific training
method, refer to step S920.

{8064393[00440] According to the solution in this embodiment of this application, importance of
the first training sample to the verification loss is evaluated based on the impact function value. In
other words, the importance of the first training sample is determined by measuring impact of data
disturbance on a verification loss of the first recommendation model on the second training sample.
The weight corresponding to the first training sample is determined based on the importance. A
recommendation model obtained through retraining based on the first training sample with a
weight can better fit data distribution of the second training sample. Because the second training
sample is a training sample without a bias, the weight of the first training sample is adjusted based
on the second training sample, so that the recommendation model can more accurately fit data
distribution without a bias, thereby reducing impact that is caused by avoiding a bias problem and
that is exerted on training, lessening a Matthew effect, and improving accuracy of the
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recommendation model. In the solution in this embodiment of this application, data distribution of
an observed sample is corrected in a counterfactual method, to enhance diversity of
recommendation results, eliminate a cocooning effect, improve user experience, enhance user
stickiness, enable the user to be immersed in the recommendation system for a longer period of
time, promote a virtuous circle of the recommendation system, increase a profit of a supplier,
attract more suppliers to join, and ensure long-term stable development of the recommendation
system.

{664464[00441] In addition, in a training process, only a small quantity of second training
samples are required to alleviate impact caused by the bias problem, to improve accuracy of the
recommendation model, avoid a case in which an overall profit of the system decreases when a
large quantity of second training samples are collected and randomly presented to the
recommended object, and further avoid a case in which training efficiency is reduced when a large
quantity of features needs to be used for training.

{604411[00442] The target recommendation model obtained in the method 600 may be used to
predict a probability that the user performs an operation action on a recommended object, in other
words, predict a probability that the user selects the recommended object. The recommendation
system may determine a recommendation result based on an output of the target recommendation
model, and present the recommendation result to the user.

{604423[00443] An embodiment of this application provides a recommendation method. A
recommendation model used in the recommendation method may be a target recommendation
model obtained through training in the method 900.

{6064433[00444] The recommendation method includes the following steps.

{604443[00445] Step S1: Obtain information about a target user and information about a
candidate recommended object.

{80445}[00446] This step corresponds to step S710 in the foregoing method 700. For specific
descriptions, refer to step S710. Details are not described herein again.

{004461[00447] The foregoing advertisement recommendation scenario is used as an example.
Original data may be processed in a manner in step S910, to obtain a feature that may be input into
a recommendation model, to be specific, the information about the target user and the information
about the candidate recommended object.

{0604473[00448] For example, a feature ID is obtained by searching a feature table:
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24387:1 3215:1 9736:1 38274:128304:192472:1.

{60448}[00449] Step S2: Input the information about the target user and the information about
the candidate recommended object into the recommendation model for processing, and predict a
probability that the target user selects the candidate recommended object.

{8064493[00450] This step corresponds to step S720 in the foregoing method 700. For specific
descriptions, refer to step S720. Details are not described herein again.

{804563[00451] The foregoing advertisement recommendation scenario is used as an example,
and a feature 1D may be input into the recommendation model for forward inference, to obtain the
prediction probability. For example, the recommendation model is the target recommendation

model obtained in step S950. The prediction probability Pct satisfies the following formula:

Pctr = \N24387 +V\é215 +V\6376 +V\68274 +V\68304 +V\62472 +b )

{804513[00452] A recommendation model obtained through training in the conventional
technology and the recommendation model provided in this application are tested by using a public
data set and an original advertisement data set and two indicators, namely, a negative logarithmic
loss (negative logarithmic loss, NLL) and an area under the receiver operating characteristic
(receiver operating characteristic, ROC) curve (area under the ROC curve, AUC). Accuracy of the
recommendation model in this embodiment of this application is more than 3%. higher than that
in the conventional technology in terms of the AUC. Based on actual experience, a click-through
rate/conversion rate may be improved by more than 10% because of such improvement.
{804521[00453] Example 2:

{80453}[00454] A recommendation model can learn of a preference of a user from an interaction
history of the user, predict a probability that the user selects a recommended object, and then
recommend related content to the user. To improve prediction accuracy, a large amount of
historical interaction data of the user is required to train the recommendation model. However, a
habit of a person may change over time, previous historical interaction data of the user has a bias
relative to current historical interaction data of the user. In other words, a drift of data distribution
occurs. A recommendation model obtained through training based on previous historical
interaction data of the user cannot learn of a current preference of the user, resulting in low
prediction accuracy. However, there is a small quantity of historical interaction data of the user
currently, and consequently, a training requirement of the recommendation model cannot be met.

For example, the recommendation model is obtained through training based on a large amount of
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offline data, and online prediction is performed after the recommendation model is launched.
Offline data has a bias relative to online data. Therefore, the recommendation model also has a
bias, and an online prediction result is poor.

{604541[00455] Therefore, how to improve prediction accuracy of the recommendation model
becomes an urgent problem to be resolved.

{80455}[00456] _An embodiment of this application provides a recommendation model training
method, to reduce impact of a drift of data distribution on a recommendation model training result,
and improve accuracy of a recommendation model.

{804561[00457] A training method 1000 may be considered as a specific implementation of the
method 600. To avoid unnecessary repetition, repeated descriptions are appropriately omitted in
the following descriptions of the training method 1000. The training method 1000 includes step
S1010 to step S1050. Step S1010 to Step S1050 are described below.

{804573[00458] It should be understood that, for a specific implementation process of the method
1000, refer to the foregoing method 900. A difference between the method 1000 and the method
900 lies in that a first training sample is different from a second training sample. In the method
1000, an obtaining time point of the first training sample is earlier than an obtaining time point of
the second training sample. For example, the first training sample is determined based on a
historical interaction data of a first user, and the second training sample is determined based on a
historical interaction data of a second user. A collection time point of the historical interaction data
of the first user is earlier than a collection time point of the historical interaction data of the second
user.

{80458}[00459] S1010: Obtain a first recommendation model.

{804593[00460] A model parameter of the first recommendation model is obtained through
training based on n first training samples. The first training sample includes information about a
first user, information about a first recommended object, and a sample label of a first
recommendation sample. The sample label of the first training sample is used to indicate whether
the first user performs an operation action on the first recommended object. n is an integer greater
than 1.

{804603[00461] Step S1010 corresponds to step S610 in the foregoing method 600. For specific
descriptions, refer to step S610. Details are not described herein again.

{804613[00462] For example, a recommendation model may usually be trained based on a large
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amount of offline data, so that the recommendation model learns of a preference of a user, and
then the trained recommendation model is used for online prediction.

{80462}[00463] For example, the n first training samples may be obtained based on a large
amount of offline data. The offline data may be a user behavior log.

{60463}[00464] S1020: Obtain m second training samples.

{604641[00465] The second training sample includes second feature information and a sample
label of the second training sample. The second feature information includes information about a
second user and information about a second recommended object. The sample label of the second
training sample is used to indicate whether the second user performs an operation action on the
second recommended object. m is an integer greater than 1.

{80465}[00466] For example, the second training sample may be obtained based on recently
obtained data. In other words, a collection time point of data used to determine the second training
sample is later than a collection time point of data used to determine the first training sample.
{60466}[00467] For another example, the trained recommendation model may be used for online
prediction, and the second training sample may be obtained based on a user behavior log in a most
recent period of time before a moment at which the recommendation model is launched for testing.
{804673[00468] For specific descriptions of step S1020, refer to descriptions in step S620. Details
are not described herein again.

{80468}[00469] S1030: Determine an impact function value of each first training sample with
respect to a verification loss of the m second training samples in the first recommendation model.
{804693[00470] Step S10930 corresponds to step S620 in the foregoing method 600. For specific
descriptions, refer to step S620. Details are not described herein again.

{804763[00471] S1040: Determine, based on the impact function value of each first training
sample with respect to the verification loss, a weight corresponding to each first training sample.
{804743[00472] Step S1040 corresponds to step S630 in the foregoing method 600. For specific
descriptions, refer to step S630. Details are not described herein again.

{80472}1[00473] For example, the weight corresponding to each first training sample is
determined based on a sigmoid function.

{80473}1[00474] S1050: Train the first recommendation model based on the n first training
samples and the weights corresponding to the n first training samples, to obtain a model parameter
of a target recommendation model.
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{804743[00475] Step S1050 corresponds to step S640 in the foregoing method 600. For specific
descriptions, refer to step S640. Details are not described herein again.

{80475}[00476] According to the solution in this embodiment of this application, importance of
the first training sample to the verification loss is evaluated based on the impact function value. In
other words, the importance of the first training sample is determined by measuring impact of data
disturbance on a verification loss of the first recommendation model on the second training sample.
The weight corresponding to the first training sample is determined based on the importance. A
recommendation model obtained through retraining based on a first training sample with a weight
can better fit data distribution of the second training sample. Because the obtaining time point of
the second training sample is later than the obtaining time point of the first training sample, a
recent preference of a user can be better reflected. The weight of the first training sample is
adjusted based on the second training sample, so that the recommendation model learns of a current
preference of the user more accurately, to reduce impact that is caused by avoiding a data drift
caused by a change in the preference of the user and that is exerted on training and improves the
accuracy of the recommendation model. The solution in this embodiment of this application is
used to enhance diversity of recommendation results, eliminate a cocooning effect, adapt to
interests and hobbies of the user at different stages, improve user experience, enhance user
stickiness, enable the user to be immersed in the recommendation system for a longer period of
time, promote a virtuous circle of the recommendation system, increase a profit of a supplier,
attract more suppliers to join, and ensure long-term stable development of the recommendation
system.

{8064761[00477] In addition, in a training process, only a small quantity of second training
samples are required to alleviate impact caused by a bias problem, and the recommendation model
can be continuously adjusted, thereby improving accuracy of the recommendation model.
{80477[00478] Example 3:

{60478}[00479] A lifelong learning project is a project in which a cognitive brain is constructed
based on historical data of a user in a plurality of fields such as video, music, and news by using
various models and algorithms and by simulating a human brain mechanism, to realize a goal of
lifelong learning.

{80479}[00480] FIG. 10 is a schematic diagram of a lifelong learning framework. The framework
includes a plurality of recommendation scenarios such as a video app, a reading app, and a browser
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app. In a conventional recommendation learning solution, a hidden rule of historical behavior of a
user in each recommendation scenario or domain is learned of, and then a recommendation is made
based on the learned rule. In an entire learning and implementation process, knowledge transfer
and sharing between domains are not considered at all.

{004863[00481] However, in an initial launching phase of a new recommendation scenario, an
interaction history of the user is lacked. If a recommendation model is obtained through learning
based on only an interaction history in a local domain, it is difficult to find a hidden rule of the
historical behavior of the user, and consequently, a prediction result is inaccurate. In other words,
a cold start problem exists in the new recommendation scenario.

{60481}[00482] A cross-domain recommendation is a recommendation method in which a
preference of the user in a source domain is learned of and applied to a target domain. Through the
cross-domain recommendation, the rule learned of in the source domain can be used to guide a
recommendation result in the target domain, to implement knowledge transfer and sharing between
domains, and resolve the cold start problem.

{004823[00483] For example, a preference of the user for music and a video is predicted based
on a reading preference of the user in the recommendation scenario of the reading app, to resolve
the cold start problem of the user in the recommendation scenario of the music app.
{866483}[00484] As shown in FIG. 11, in the recommendation scenario of the reading app, a book
is recommended to a user A, and an interest and a preference of the user A in the recommendation
scenario of the reading app may be learned of based on historical interaction data of the user A. A
neighboring user having a same interest as the user A may be determined based on the interest and
preference of the user A in the recommendation scenario of the reading app. In the recommendation
scenario of the music app, music is recommended to a user, and an interest and a preference of a
neighboring user in the recommendation scenario of the music app is learned of based on historical
interaction data of the neighboring user in the recommendation scenario of the music app. Then,
the learned interest and preference is used for a guide to provide the user A with a recommendation
result in the recommendation scenario of the music app. The recommendation scenario of the
reading app is the source domain, and the recommendation scenario of the music app is the target
domain. However, data distribution in the source domain is usually inconsistent with data
distribution in the target domain, and therefore, the data distribution in the source domain has a
bias relative to the data distribution in the target domain. In this case, if the cross-domain
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recommendation is directly made by using the foregoing association rule, a bias is introduced in a
learning process. The model makes a recommendation by giving more considerations to the
interest and preference of the user in the source domain. In other words, the trained model has a
bias. Consequently, a model obtained through learning based on data in source domain cannot be
generalized effectively in the target domain, and the model is at a risk of being distorted.
{604841[00485] _An embodiment of this application provides a recommendation model training
method 1100, to reduce impact of inconsistency between data distribution in a source domain and
data distribution in a target domain on a recommendation model training result, and improve
accuracy of a recommendation model.

{60485}[00486] The method 1100 may be considered as a specific implementation of the method
600. To avoid unnecessary repetition, repeated descriptions are appropriately omitted in the
following descriptions of the method 1100. The method 1100 includes step S1110 to step S1150.
Step S1110 to Step S1150 are described below.

{60486}[00487] It should be understood that, for a specific implementation process of the method
1100, refer to the foregoing method 900. A difference between the method 1100 and the method
900 lies in that a first training sample is different from a second training sample. In the method
1100, the first training sample is determined based on user interaction data in a target domain, and
the second training sample is determined based on user interaction data in a source domain.
{604873[00488] S1110: Obtain n first training samples and m second training samples.
{60488}[00489] The first training sample includes information about a first user, information
about a first recommended object, and a sample label of the first training sample. The sample label
of the first training sample is used to indicate whether the first user performs an operation action
on the first recommended object. n is an integer greater than 1.

{60489}[00490] The second training sample includes information about a second user,
information about a second recommended object, and a sample label of the second training sample.
The sample label of the second training sample is used to indicate whether the second user
performs an operation action on the second recommended object. m is an integer greater than 1.
{664961[00491] Further, the first training sample may further include first context information.
The second training sample may further include second context information.

{804911[00492] The first training sample belongs to data in the target domain, and the second
training sample belongs to data in the source domain.
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{8064921100493] It should be noted that step S1110 is an optional step. For specific descriptions
of this step, refer to step S610 in the method 600. Details are not described herein again.
{8064931/00494] An implementation of step S1110 is described below by using an example in
which a recommendation scenario of a reading app is used as the source domain and a
recommendation scenario of a video app is used as the target domain.

{804941[00495] _The recommendation scenario of the reading app is a recommendation scenario
in which a book is recommended to a user, and the recommendation scenario of the video app is a
recommendation scenario in which a video is recommended to the user.

{804951[00496] As shown in FIG. 12, the first training sample is obtained based on an interaction
history of the user in the recommendation scenario of the video app (the target domain). The first
training sample is used to train a first recommendation model, to obtain a model parameter of the
first recommendation model. Therefore, the first training sample may also be understood as data
in a training set of the first recommendation model.

{864961[00497] Table 6 shows data obtained based on the interaction history (for example, a user

behavior log) of the user in the recommendation scenario of the video app.

Table 6
Label | User ID Video ID. Label Filmmaker Actor Score
1 13718bbd 5316al7f Thriller Filmmaker 1 Zhang 6.8
San
0 0b153874 93bad2c0 Literary film Filmmaker 2 Li Si 7.1

{804973[00498] A row in Table 6 represents a training sample. For example, the training sample
is a first training sample, and the first training sample includes the information about the first user
and the information about the first recommended object. The information about the first user
includes an ID of the first user, the first recommended object is a video, and the information about
the first recommended object includes an ID of the first recommended object, a label of the first
recommended object, a filmmaker of the first recommended object, an actor of the first
recommended object, and a score of the first recommended object. In other words, the first training

sample includes a total of six types of features.
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{8064981[00499] It should be understood that Table 6 is merely an example, and information about
a user and information about a recommended object may further include information about more
or fewer items than those in Table 6, or more or fewer types of feature information.
{60499}[00500] _Further, data may be processed in the method in step S910, and the processed
data is stored in a libSVM format. For example, data in Table 6 may be stored in the following
form:

1 25173:1 38553:1 50053:1 50216:1 59109:1 98079:1

0 19468:1 19850:1 79800:1 81901:1 85533:1 13010:1

{605006}[00501] The n first training samples may be obtained based on the foregoing data.
{80650643[00502] As shown in FIG. 12, the second training sample is obtained based on an
interaction history of the user in the recommendation scenario of the reading app (the source
domain). It should be noted that FIG. 12 is merely an example. Data in the source domain may
further include data in another recommendation scenario, or may include data in a plurality of
recommendation scenarios. For example, the data in the source domain may include historical data
of the user in the recommendation scenario of the reading app and historical data of the user in the
recommendation scenario of the music app.

{66502}[00503] The second training sample may be used to verify a prediction effect of the first
recommendation model. Therefore, the second training sample may also be used as data in a
verification set of the first recommendation model. It should be understood that FIG. 12 is merely
an example, and the second training sample may alternatively not be used as data in the verification
set.

{8065063}[00504] Table 7 shows data obtained based on the interaction history (for example, a user

behavior log) of the user in the recommendation scenario of the reading app.

Table 7
Label User ID Book ID Label Publisher Author Score
1 25c83c98 68fd1e64 Suspense Publisher 1 | Zhang 6.8

San

0 efea433b 0b153874 Arts Publisher 2 Li Si 7.1
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{80650643[00505] A row in Table 7 represents a training sample. For example, the training sample
Is a second training sample, and the second training sample includes the information about the
second user and the information about the second recommended object. The information about the
second user includes an ID of the second user, the second recommended object is a book, and the
information about the second recommended object includes an ID of the second recommended
object, a label of the second recommended object, a publisher of the second recommended object,
an author of the second recommended object, and a score of the second recommended object. In
other words, the second training sample includes a total of six types of features.
{8065065}[00506] _It should be understood that Table 7 is merely an example, and information about
a user and information about a recommended object may further include information about more
or fewer items than those in Table 7, or more or fewer types of feature information.
{60506}[00507] Further, data may be processed in the method in step S910, and the processed
data is stored in a libSVM format. For example, data in Table 7 may be stored in the following
form:

177891:1 81901:1 82101:1 83267:1 83896:1 91899:1

055060:1 59115:1 60857:1 75847:1 97576:1 42803:1

{86507}[00508] The m second training samples may be obtained based on the foregoing data.
{806568}[00509] S1120: Perform training based on the n first training samples, to obtain the first
recommendation model.

f8065093[00510] Specifically, first feature information is used as an input into the first
recommendation model, and the sample label of the first training sample is used as a target output
value of the first recommendation model for training, to obtain a model parameter of the first
recommendation model.

{805163[00511] It should be noted that step S1120 is an optional step. For specific descriptions,
refer to step S610 in the method 600. Details are not described herein again.

{8065111[00512] For example, as shown in FIG. 12, data in the target domain is used as the training
set to perform training, to obtain the first recommendation model, and data in the source domain
is used as the verification set to verify the prediction effect of the first recommendation model.

{60512}[00513] S1130: Determine an impact function value of each first training sample with
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respect to a verification loss of the m second training samples in the first recommendation model.
The verification loss of the m second training samples in the first recommendation model is a
difference between prediction labels of the m second training samples obtained by processing the
m second training samples by using the first recommendation model and sample labels of the m
second training samples.
{60513}[00514] Step S1130 corresponds to step S620 in the foregoing method 600. For specific
descriptions, refer to step S620. Details are not described herein again.
{865144[00515] S1140: Determine, based on the impact function value of each first training
sample with respect to the verification loss, a weight corresponding to each first training sample.
{606515}[00516] Step S1140 corresponds to step S630 in the foregoing method 600. For specific
descriptions, refer to step S630. Details are not described herein again.
{86516}[00517] For example, weights corresponding to the n first training samples are
determined based on a sigmoid function. The weight of the first training sample and the first
training sample may be concatenated, to obtain a first training sample with a weight. For example,
the first training sample that has a weight and that is obtained based on the weight corresponding
to the first training sample in step S1110 is as follows:

10.83 25173:1 38553:1  50053:150216:1 59109:1 98079:1

00.45 19468:1 19850:1  79800:1 81901:1 85533:1 13010:1

{60517}[00518] S1150: Train the first recommendation model based on the n first training
samples and the weights corresponding to the n first training samples, to obtain a model parameter
of a target recommendation model.

{806518}[00519] In other words, the first recommendation model is trained based on the first
training sample with a weight, to obtain the model parameter of the target recommendation model.
{8065193[00520] Step S1150 corresponds to step S640 in the foregoing method 600. For specific
descriptions, refer to step S640. Details are not described herein again.

{8065203[00521] As shown in FIG. 12, a training set with a weight may be obtained based on the
training set and a weight of a training sample. The target recommendation model can be obtained
through training based on the training set with a weight.

{86521}[00522] The target recommendation model may be applied to the target domain, for
example, the recommendation scenario of the video app in FIG. 12.
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{8065221[00523] _Interaction data of the user in the recommendation scenario of the reading app is
more abundant than that in the recommendation scenario of the video app, and data distribution
can more accurately reflect a preference of the user. Based on intuitive inference and
interoperability between an interest of the user in a reading scenario and an interest of the user in
a video scenario and according to the solution in this embodiment of this application, the
recommendation model can better grasp a personalized preference of the user in the reading
scenario, to further guide a recommendation result in the video scenario, thereby improving
accuracy of the recommendation result.

{8065231[00524] According to the solution in this embodiment of this application, importance of
the first training sample to the verification loss is evaluated based on the impact function value. In
other words, the importance of the first training sample is determined by measuring impact of data
disturbance on a verification loss of the first recommendation model on the second training sample.
The weight corresponding to the first training sample is determined based on the importance. A
recommendation model obtained through retraining based on a first training sample with a weight
can better fit data distribution of the second training sample. The first training sample is data in
the target domain, and the second training sample is data in the source domain. The weight of the
first training sample is adjusted based on the second training sample, so that the recommendation
model can more accurately fit data distribution in the source domain, learn of a more accurate
preference of the user, and improve accuracy of the recommendation model in the target domain.
{6065241[00525] _Knowledge (for example, an interest and a preference of the user) is migrated
and shared between different domains, and an interaction history record of the user in the source
domain (for example, the recommendation scenario of the reading app) and the target domain (for
example, the recommendation scenario of the video app) are incorporated into learning. The data
in the target domain is disturbed, to determine impact of the data in the target domain on a
verification effect of the data in the source domain. A weight of the data in the target domain is
adjusted based on the impact, and then training is performed based on data with an adjusted weight,
so that a model obtained through training in this case has a better evaluation effect in the source
domain. In this case, the model obtained through training well captures the interest and preference
of the user in the source domain. However, in an approximate recommendation scenario, the
interest preference of the user is also similar. Therefore, the recommendation model can also fit
the interest and preference of the user well in the target domain, to recommend, to the user, a
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recommendation result that matches the interest of the user. Therefore, a cross-domain
recommendation implemented, and a cold start problem is alleviated.

{8065251[00526] The target recommendation model obtained in the method 1100 may predict a
probability that the user performs an operation action on a recommended object in the target
domain, in other words, predict a probability that the user selects the recommended object. The
target recommendation model is deployed in the target domain (for example, in the
recommendation scenario of the video app), and a recommendation system may determine the
recommendation result based on an output of the target recommendation model, and present the
recommendation result to the user.

{60526}[00527] As described above, in a conventional recommendation learning solution, a
hidden rule of historical behavior of the user in each recommendation scenario or domain is learned
of, and then a recommendation is made based on the learned rule. In an entire learning and
implementation process, knowledge transfer and sharing between domains are not considered at
all.

{86527[00528] Currently, many electronic devices such as a mobile phone and a tablet computer
have a plurality of applications, and each application may be considered as an application scenario.
When an application makes a recommendation to the user, the application usually learns of the
preference of the user based on only interaction data of the user in the application, and then makes
a recommendation to the user, without considering interaction data of the user in another
application.

{8065281[00529] However, in an application that is just downloaded by the user, interaction data
of the user is lacked. If a recommendation model is obtained through learning based on only an
interaction history in a local domain, it is difficult to find a hidden rule of the historical behavior
of the user, and consequently, a prediction result is inaccurate, and user experience is affected. In
other words, a cold start problem exists in a new recommendation scenario.

{66529}[00530] _An embodiment of this application provides a recommendation method and an
electronic device, so that a preference of a user in another domain can be learned of, to make a
recommendation to the user, thereby improving accuracy of a prediction result, and improving user
experience.

{865364[00531] It should be understood that, in this embodiment of this application, "user
behavior data”, "user interaction data"”, “interaction data", "behavior data”, and the like may be
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considered to express a same meaning, and each may be understood as data related to operation
behavior of the user when a recommended object is presented to the user.

f806531}[00532] For ease of understanding, in this application, a mobile phone is used as an
electronic device. Some human-computer interaction embodiments of this application are first
described. FIG. 13(a) to FIG. 13(d) are a schematic diagram of a group of graphical user interfaces
(graphical user interface, GUI) according to an embodiment of this application.

{806532}[00533] _A user may perform a tap operation on a setting application on the mobile phone.
In response to the tap/click operation, the mobile phone enters a home screen 301 of the setting
application. The home screen of the setting application may display content shown in FIG. 13(a).
The home screen 301 may include a bulk management control, a cross-domain recommendation
management control of each application, a sidebar alphabetical ranking index control, and the like.
The home screen 301 may further display whether a cross-domain recommendation function of
each application (for example, a music app, a reading app, a browser app, a news app, a video app,
or a shopping app) is "Enabled” or "Disabled". In some embodiments, the cross-domain
recommendation management control that is of each application and that is displayed on the home
screen 301 may be displayed in an order of application name initials from "A" to "Z". Each
application corresponds to a respective cross-domain recommendation management control. It
should be understood that the home screen 301 may alternatively include more, less, or similar
display content. This is not limited in this application.

{606533}[00534] When the user taps a cross-domain recommendation management control of an
application, the mobile phone may display a cross-domain recommendation management interface
corresponding to the application. For example, the user performs a tap operation on a cross-domain
recommendation management control of the browser app shown in FIG. 13(a). In response to the
tap operation, the mobile phone enters a cross-domain recommendation management interface 302
of the browser app. The cross-domain recommendation management interface 302 may display
content shown in FIG. 13(b). The cross-domain recommendation management interface 302 may
include a cross-domain recommendation allowing control. It should be understood that the cross-
domain recommendation management interface 302 may further include more or less other similar
display content, and the cross-domain recommendation management interface 302 may
alternatively include different display content based on different applications. This is not limited
in this embodiment of this application.
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{8065343[00535] Optionally, a default state of the cross-domain recommendation management
control may be an off state.

f806535}[00536] For example, as shown in FIG. 13(b), the cross-domain recommendation
allowing control is in an enabled state, and a cross-domain recommendation function of the
browser app is enabled. Correspondingly, the browser app may obtain user interaction data from a
plurality of apps and perform learning, to recommend a related video to the user. Further, when
the cross-domain recommendation allowing control is in the enabled state, the cross-domain
recommendation management interface 302 may further present a learning list of the browser app,
and the learning list includes a plurality of options. An option in the cross-domain recommendation
management interface 302 may be understood as a name of an application and a switch control
corresponding to the application. Therefore, in other words, the cross-domain recommendation
management interface 302 includes a cross-domain recommendation allowing control and a
plurality of options, each of the plurality of options is associated with an application, and an option
associated with the application is used to control enabling and disabling of permission of the
browser app to obtain user behavior data from the application. It may also be understood that an
option associated with an application is used to control the browser app to perform a cross-domain
recommendation function based on user behavior data in the application. For ease of understanding,
the switch control is still used to illustrate a meaning of an option in the following embodiments.
{8065361[00537] As described above, the learning list includes a plurality of options. In other
words, names of a plurality of applications and switch controls corresponding to the applications
are presented in the cross-domain recommendation management interface 302. As shown in FIG.
13(b), when a switch control corresponding to an application is in an enabled state, the video app
may obtain user behavior data from the app and perform learning, to make a recommendation to
the user. The cross-domain recommendation management interface 302 may further display an
application whose cross-domain recommendation function is "allowed" or "denied” and that
obtains user data in each application (for example, the music app, the reading app, the browser
app, the news app, the video app, or the shopping app). As shown in FIG. 13(b), when the cross-
domain recommendation allowing control is in an enabled state, a plurality of switch controls are
presented in a first interface, and the plurality of switch controls respectively correspond to
applications such as the music app, the reading app, the shopping app, the video app, the news app,
and a chat app. A control corresponding to the music app is used as an example. When the control
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corresponding to the music app is in an enabled state, in other words, there is an "Allowed" state
under the music app, the browser app may obtain user behavior data from the music app and
perform learning, to make a recommendation to the user.

{60537}[00538] _If the user performs a disabling operation on the control corresponding to the
music app, in response to the disabling operation, the mobile phone presents content shown in FIG.
13(c), and the browser app no longer obtains the user behavior data from the music app. In other
words, the browser app is not allowed to obtain the user behavior data from the music app. If the
user performs a disabling operation on the cross-domain recommendation allowing control, in
response to the disabling operation, the browser app disables the cross-domain recommendation
function. In other words, the browser app is not allowed to obtain user interaction data from
another app. For example, the user performs a tap operation on the cross-domain recommendation
allowing control as shown in FIG. 13(b), and in response to the tap operation, the mobile phone
disables the cross-domain recommendation function of the browser app. The cross-domain
recommendation management interface may display content shown in FIG. 13(d), and a cross-
domain recommendation function of the browser app in all applications in the learning list is
disabled. In this way, management efficiency can be improved, and user experience can be
improved.

{606538}[00539] Content recommended by an application to the user is a recommended object,
and the recommended object may be displayed in the application. When the user enters the
application, a recommendation request may be triggered, and a recommendation model
recommends related content to the user in response to the recommendation request.
{865394[00540] For example, an information flow recommended by the browser app to the user
may be displayed on a home screen of the browser app.

{865461[00541] For example, when the user performs a tap operation on the browser app, in
response to the tap operation, the mobile phone displays a home screen 303 of the browser app
shown in FIG. 14(a), and the home screen 303 of the browser app may display a recommendation
list of one or more pieces of recommended content. The one or more pieces of recommended
content is a recommended object in the browser app. It should be understood that the home screen
303 of the browser app may further include more or less other display content. This is not limited
in this application.

f805413[00542] The user may perform a specific operation on content presented in the

78



10

15

20

25

30

recommendation list on the home screen 303 of the browser app, to view recommended content,
delete (or ignore) the recommended content, view related information of the recommended content,
or the like. For example, the user taps specific recommended content, and in response to the tap
operation, the mobile phone may open the recommended content. For another example, the user
quickly slides specific recommended content to the left (or to the right), and in response to this
operation, the mobile phone may delete the recommended content from the recommendation list.
For still another example, if the user presses and holds specific recommended content, in response
to the press-and-hold operation, the mobile phone may display related information of the
recommended content. As shown in FIG. 14(a), the user performs the press-and-hold operation
shown in FIG. 14(a), and in response to the press-and-hold operation, the mobile phone may
display a prompt box shown in the figure. Prompt information is displayed in a selection box, and
the prompt information is used to prompt the user that the recommended content is recommended
based on user interaction data in another application. As shown in FIG. 14(a), the prompt
information is used to prompt the user that the recommended content is content recommended to
the user based on data of the user in the video app.

{8665421[00543] It should be understood that, in some other embodiments, the user may open a
video or delete the recommended content in another manner, or may invoke the related information
of the recommended content in another manner, for example, a manner of slowly sliding to the left
or the right. This is not limited in this embodiment of this application.

{8065431[00544] For example, when the user performs a tap operation on the browser app, in
response to the tap operation, the mobile phone may further display a home screen 304 of the
browser app shown in FIG. 14(b). The home screen 304 may display a recommendation list of one
or more pieces of recommended content and prompt information corresponding to the one or more
pieces of recommended content. The one or more pieces of recommended content is a
recommended object in the browser app. It should be understood that the home screen 304 may
alternatively include more or less display content. This is not limited in this application. The
prompt information is used to prompt the user that the recommended content is recommended
based on user interaction data in another application.

{8065443[00545] The user may perform a specific operation on a video presented in the
recommendation list on the home screen 304, to view the recommended content, delete (or ignore)
the recommended content, or the like. For example, the user taps specific recommended content,
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and in response to the tap operation, the mobile phone may open the recommended content. For
another example, the user quickly slides specific recommended content to the left (or to the right),
and in response to this operation, the mobile phone may delete the recommended content from the
recommendation list. It should be understood that, in some other embodiments, the user may open
the recommended content or delete the recommended content in another manner, or may delete
related information of the recommended content in another manner, for example, a manner of
slowly sliding to the left or the right. This is not limited in this embodiment of this application.
{86545}[00546] It should be understood that the prompt information mainly provides reference
information for the user, so that the user learns that a current recommended object is obtained
based on the cross-domain recommendation function. Content of the prompt information may
alternatively be in another form. This is not limited in this embodiment of this application.
{865461[00547] It should be noted that, in this embodiment of this application, that the user
deletes the recommended content from the home screen may be understood as follows: The user
only deletes specific recommended content from the recommendation list on the home screen, in
other words, the user is not interested in the recommended content. This behavior may be recorded
in a user behavior log and used as training data of the recommendation model, for example, used
as the first training sample in the foregoing methods.

{605471[00548] When there are a large quantity of applications on the mobile phone, a cross-
domain recommendation function of an application that needs to make a cross-domain
recommendation may be enabled. For example, the cross-domain recommendation function of the
application may be enabled or disabled in the following two manners.

{86548}[00549] In one manner, a cross-domain recommendation function of an application is
disabled or enabled at a single point. For example, as shown in FIG. 13(a) to FIG. 13(d), in a cross-
domain recommendation management interface corresponding to an application, a cross-domain
recommendation allowing control is enabled or disabled, to enable or disable of the cross-domain
recommendation function of the application at a single point.

{8065493[00550] _In the other manner, cross-domain recommendation functions of all applications
are disabled or enabled in bulk. For example, FIG. 15(a) shows a same interface as FIG. 13(a).
The user performs a tap operation on the bulk management control shown in FIG. 15(a), and in
response to the tap operation, the user enters a bulk management interface 305. The bulk
management interface 305 may include a search application control, a cross-domain
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recommendation master switch control, a cross-domain recommendation switch control of each
application, a sidebar alphabetical ranking index control, and the like. The user may control
enabling or disabling of the cross-domain recommendation master switch control (namely, a

switch after "All" in the figure), to enable the cross-domain recommendation learning-functions of

all the applications as a whole or disable the cross-domain recommendation functions of all the
applications as a whole. The bulk management interface 305 further includes a cross-domain
recommendation switch control of each application. The user may alternatively control enabling
and disabling of a cross-domain recommendation switch control of an application, to implement
enabling and disabling of a cross-domain recommendation function of a single application. In
some embodiments, the cross-domain recommendation switch control that is of each application
and that is displayed in the bulk management interface 305 may be displayed in an order of
application name initials from "A" to "Z", and a cross-domain recommendation function of each
application is controlled by a cross-domain recommendation switch control of the application.
{865564[00551] It should be understood that, in this embodiment of this application, "disabling
cross-domain recommendation”, "“disabling cross-domain recommendation of an application”,
"disabling a cross-domain recommendation function”, and "disabling a cross-domain
recommendation function of an application™ may be considered to express a same meaning, and
each may be understood as follows: The cross-domain recommendation function of the application
is disabled, and the application does not perform cross-domain recommendation. Similarly,
"enabling cross-domain recommendation”, "enabling cross-domain recommendation of an
application™, "enabling a cross-domain recommendation function™, and "enabling a cross-domain
recommendation function of an application” may be considered to express a same meaning, and
each may be understood as follows: The cross-domain recommendation function of the application
is enabled, and the application may perform cross-domain recommendation.

f805543[00552] With reference to the foregoing embodiments and related accompanying
drawings, an embodiment of this application provides a recommendation method. The method
may be implemented in an electronic device (for example, a mobile phone or a tablet computer).
FIG. 16 is a schematic flowchart of a recommendation method according to an embodiment of this
application. As shown in FIG. 16, the method 1200 may include the following steps.
{86552}[00553] S1210: Display a first interface.

f805531[00554] The first interface may include a learning list of at least one application, a
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learning list of a first application in the learning list of the at least one application includes at least
one option, and each of the at least one option is associated with one application.

f8065543[00555] For example, as shown in FIG. 13(b), the first interface may be a cross-domain
recommendation management interface 302 of a browser app. The cross-domain recommendation
management interface 302 is used to control enabling and disabling of a cross-domain
recommendation function of the browser app.

f80555}[00556] For example, as shown in FIG. 13(b), the learning list of the first application may
be a learning list of the browser app.

f805561[00557] For example, as shown in FIG. 13(b), the at least one option may have a same
name as an application, for example, a "shopping" option, a "map" option, a "health™ option, or a
"video" option. Each of the at least one option is associated with one application, and an option
associated with an application is used to control enabling and disabling of a function of learning
user behavior in the application. In other words, the option associated with the application is used
to control whether the first application is allowed to obtain data of the application to make a cross-
domain recommendation.

{80557}[00558] S1220: Sense a first operation performed by the user on the first interface.
f80558}[00559] The first operation may be a tap operation, a double-tap operation, a press-and-
hold operation, a slide operation, or the like.

{8065593[00560] S1230: Enable or disable, in response to the first operation, a cross-domain
recommendation function of the first application in an application associated with some or all
options in the learning list of the first application.

{60560}[00561] _In other words, the first application is allowed to obtain user behavior data in the
application associated with the some or all options, and learn of a preference of the user in the
application, to make a recommendation to the user in the first application.

f00561}[00562] After the first operation is performed, the user may learn from the interface
whether a cross-domain recommendation function of the first application is in an enabled state or
a disabled state.

{60562}[00563] In an embodiment, the first operation is performed on a first option, and in
response to the first operation performed by the user on the first option, a cross-domain
recommendation function of the first application in an application associated with the first option
is enabled or disabled. The first option is located in the learning list of the first application.
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f805631[00564] For example, as shown in FIG. 13(c), the first option may be a "music" option in
the first interface. It should be understood that the first option may be any option that is associated
with an application and that is in the learning list of the first application in the first interface, for
example, a "music" option, a "shopping™ option, or a "browser" option.

{805643[00565] For example, as shown in FIG. 13(c), the first operation may be an enabling
operation or a disabling operation performed on a switch control corresponding to the first option.
For example, when the switch control corresponding to the first option is in the enabled state, the
first operation may be used to disable the switch control corresponding to the first option, and
correspondingly, the cross-domain recommendation function of the first application in the
application associated with the first option is disabled. For example, when the switch control
corresponding to the first option is in the disabled state, the first operation may be used to enable
the switch control corresponding to the first option, and correspondingly, the cross-domain
recommendation function of the first application in the application associated with the first option
is enabled. In this way, the user may separately control enabling and disabling of a cross-domain
recommendation function of the first application in each other application.

{60565}[00566] In an embodiment, the first operation is performed on a switch control
corresponding to the learning list of the first application, and in response to the first operation
performed by the user on the switch control, a cross-domain recommendation function of the first
application in an application associated with all options in the learning list of the first application
is enabled or disabled.

{005661[00567] For example, as shown in FIG. 13(b), the first operation may be a disabling
operation performed on the cross-domain recommendation allowing control. Optionally, if the
cross-domain recommendation allowing control is in a disabled state before the first operation is
performed, the first operation may be an enabling operation performed on the cross-domain
recommendation allowing control. In this way, the user may control the cross-domain
recommendation function of the first application as a whole, thereby improving management
efficiency and improving user experience.

{66564[00568] In an embodiment, the method 1200 further includes: displaying a second
interface, where the second interface is configured to present one or more recommended objects
and prompt information of the one or more recommended objects, and the prompt information of
the one or more recommended objects is used to indicate that the one or more recommended
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objects are determined based on user behavior data in an application in the at least one application.
{60568}[00569] For example, as shown in FIG. 14(a), the second interface may be the home
screen 303 of the browser app.

{60569}[00570] For example, as shown in FIG. 14(b), the second interface may be the home
screen 304 of the browser app.

{8065764[00571] For example, as shown in FIG. 14(a) and FIG. 14(b), the prompt information
may be used to prompt the user that currently recommended content is obtained based on data in
the video app.

f805743[00572] In an embodiment, the one or more recommended objects are determined by
inputting information about the user and information about a candidate recommended object into
a recommendation model, to predict a probability that the user performs an operation action on the
candidate recommended object.

f80572}[00573] For example, user behavior data in the video app is used as data in a source
domain, and user behavior_data in the browser app is used as data in a target domain, and the
recommendation model may be obtained by performing the foregoing method 1100. The
recommendation model may be used to predict the probability that the user performs an operation
action on the candidate recommended object. Recommended content is determined based on a
value of the probability, and then content shown in FIG. 14(a) and FIG. 14(b) is displayed.
{80573}1[00574] _In an embodiment, a model parameter of the recommendation model is obtained
by training a first recommendation model based on n first training samples and weights
corresponding to the n first training samples, the first recommendation model is obtained through
training based on the n first training samples, a weight corresponding to each first training sample
is determined based on an impact function value of each first training sample with respect to a
verification loss of m second training samples in the first recommendation model, the first training
sample includes information about a first user, information about a first recommended object, and
a sample label of the first training sample, the sample label of the first training sample is used to
indicate whether the first user performs an operation action on the first recommended object, n is
an integer greater than 1, the second training sample includes information about a second user,
information about a second recommended object, and a sample label of the second training sample,
the sample label of the second training sample is used to indicate whether the second user performs
an operation action on the second recommended object, m is an integer greater than 1, the m second
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training samples are determined based on user behavior data in an application in an application
associated with the at least one option, and the n first training samples are determined based on
user behavior data in the first application.

{60574}[00575] For example, when the user allows the first application to enable the cross-
domain recommendation function, the first application may obtain the user behavior data from the
application associated with the first option, and use the user behavior data in the application
associated with the first option as the data in the source domain. It should be understood that the
data in the source domain may further include user behavior data in another application. For
example, when the user allows the first application to perform cross-domain learning in the
application associated with all options in the learning list of the first application, the first
application may obtain user behavior data from the application associated with all the options, and
use the obtained user behavior data as the data in the source domain.

f80575}[00576] For example, the recommendation model may be trained in the foregoing method
1100. For specific descriptions, refer to the foregoing method 1100. Details are not described
herein again.

{8657%61[00577] In an embodiment, before the first interface is displayed, the method 1200 further
includes: displaying a third interface, where the third interface includes a switch control
corresponding to at least one application; detecting, in the third interface, a third operation
performed by the user on a switch control of the first application in the switch control
corresponding to the at least one application; and displaying the first interface in response to the
third operation.

{80577}[00578] For example, as shown in FIG. 13(a), the third interface may be the home screen
301 of the setting app.

{60578}[00579] For example, as shown in FIG. 13(a), the switch control of the first application
may be the cross-domain recommendation management control of the browser app.
{60579}[00580] _For example, as shown in FIG. 13(a), the third operation may be a tap operation
performed on the switch control corresponding to the first application, and an interface shown in
FIG. 13(b) is displayed in response to the tap operation.

{8065863[00581] According to the solution in this embodiment of this application, knowledge (for
example, an interest and a preference of a user) is migrated and shared between different domains,
and all historical records of user interaction in both the source domain and the target domain are
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incorporated into learning, so that the recommendation model can better learn of the preference of
the user. Therefore, the recommendation model can also fit the interest and preference of the user
well in the target domain, and recommend, to the user, a recommendation result that matches the
interest of the user, to realize a cross-domain recommendation and alleviate a cold start problem.
f8065813[00582] The following describes a training apparatus and a recommendation apparatus in
the embodiments of this application in detail with reference to the accompanying drawings. It
should be understood that the recommendation apparatus described below can perform the
recommendation model training method in the foregoing embodiments of this application, and the
recommendation apparatus can perform the recommendation method in the foregoing
embodiments of this application. To avoid unnecessary repetition, repeated descriptions are
properly omitted below when the recommendation apparatus in embodiments of this application
Is described.

f006582}[00583] FIG. 17 is a schematic block diagram of a recommendation model training
apparatus according to an embodiment of this application. The recommendation model training
apparatus 3000 shown in FIG. 17 includes an obtaining unit 3010 and a processing unit 3020.
{60583}[00584] The obtaining unit 3010 and the processing unit 3020 may be configured to
perform the recommendation model training method in the embodiments of this application, and
specifically, may be configured to perform the method 600, the method 900, the method 1000, or
the method 1100.

{60584}[00585] The obtaining unit 3010 is configured to obtain a first recommendation model,
where a model parameter of the first recommendation model is obtained through training based on
n first training samples, the first training sample includes information about a first user,
information about a first recommended object, and a sample label of the first training sample, the
sample label of the first training sample is used to indicate whether the first user performs an
operation action on the first recommended object, and n is an integer greater than 1. The processing
unit 3020 is configured to: determine an impact function value of each first training sample with
respect to a verification loss of m second training samples in the first recommendation model,
where the second training sample includes information about a second user, information about a
second recommended object, and a sample label of the second training sample, the sample label
of the second training sample is used to indicate whether the second user performs an operation
action on the second recommended object, and m is an integer greater than 1; determine, based on
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the impact function value of each first training sample with respect to the verification loss of the
m second training samples in the first recommendation model, a weight corresponding to each first
training sample; and train the first recommendation model based on the n first training samples
and the weights corresponding to the n first training samples, to obtain a target recommendation
model.
{60585}[00586] Optionally, in an embodiment, the determining, based on the impact function
value of each first training sample with respect to the verification loss of the m second training
samples in the first recommendation model, a weight corresponding to each first training sample
includes:

the weight corresponding to each first training sample has a negative correlation with
the impact function value of each first training sample with respect to the verification loss of the
m second training samples.
{0065861[00587] Optionally, in an embodiment, an impact function value of each first training
sample with respect to a prediction loss of the m second training samples in the first

recommendation model satisfies the following formula:

$(z) =Y, #(z.2)) = -[2 Vol(z;, 0 H;V,I(z,0)

, Where

z; represents the i first training sample, ¢(Zi) represents an impact function value of
the i first training sample with respect to the prediction loss of the m second training samples in
the first recommendation model, z; represents the j second training sample, #(Z,Z.) represents
an impact function value of the i first training sample with respect to a verification loss of the j

second training sample in the first recommendation model, Vgl(zj,é) represents a gradient of z;
on the first recommendation model 4, Z,-%'(Z,-,é) represents a sum of gradients of the m

second training samples in the first recommendation model ¢, and H(gl represents an inverse

matrix of a Hessian matrix of all first training samples.
{806587[00588] Optionally, in an embodiment, the processing unit 3020 is specifically configured
to:

the weight corresponding to each first training sample satisfies the following formula:

B 1
= ()

1+ emaX({¢(Zi H-min({4(z)})

, Where
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i represents a weight corresponding to the it" first training sample, o represents a
weight adjustment coefficient, and {¢(Zi )} represents a set of impact function values of the n first

training samples with respect to the verification loss of the m second training samples in the first
recommendation model.

{60588}[00589] Optionally, in an embodiment, the m second training samples are obtained when
there is a same probability that candidate recommended objects in a candidate recommended object
set are presented, and the second recommended object is a candidate recommended object in the
candidate recommended object set.

{60589}[00590] Optionally, in an embodiment, that the m second training samples are obtained
when there is a same probability that candidate recommended objects in a candidate recommended
object set are presented includes: the m second training samples are obtained when the candidate
recommended objects in the candidate recommended object set are randomly presented to the
second user; or the m second training samples are obtained when the second user searches for the
second recommended object.

{606590}[00591] Optionally, in an embodiment, the m second training samples belong to data in a
source domain, and the n first training samples belong to data in a target domain.

{60591}[00592] FIG. 18 is a schematic block diagram of a recommendation apparatus 4000
according to an embodiment of this application. The recommendation apparatus 4000 shown in
FIG. 18 includes an obtaining unit 4010 and a processing unit 4020.

{8065921[00593] The obtaining unit 4010 and the processing unit 4020 may be configured to
perform the recommendation method in this embodiment of this application, for example, may be
configured to perform the method 700.

{606593}[00594] The obtaining unit 4010 is configured to obtain information about a target user
and information about a candidate recommended object. The processing unit 4020 is configured
to input the information about the target user and the information about the candidate
recommended object into a recommendation model, to predict a probability that the target user
performs an operation action on the candidate recommended object, where a model parameter of
the recommendation model is obtained by training a first recommendation model based on n first
training samples and weights corresponding to the n first training samples, the first
recommendation model is obtained through training based on the n first training samples, a weight

corresponding to each first training sample is determined based on an impact function value of
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each first training sample with respect to a verification loss of m second training samples in the
first recommendation model, the first training sample includes information about a first user,
information about a first recommended object, and a sample label of the first training sample, the
sample label of the first training sample is used to indicate whether the first user performs an
operation action on the first recommended object, n is an integer greater than 1, the second training
sample includes information about a second user, information about a second recommended object,
and a sample label of the second training sample, the sample label of the second training sample
is used to indicate whether the second user performs an operation action on the second
recommended object, and m is an integer greater than 1.

{865944[00595] Optionally, in an embodiment, that a weight corresponding to each first training
sample is determined based on an impact function value of each first training sample with respect
to a verification loss of m second training samples in the first recommendation model includes:
the weight corresponding to each first training sample has a negative correlation with the impact
function value of each first training sample with respect to the verification loss of the m second
training samples in the first recommendation model.

{60595}[00596] Optionally, in an embodiment, the impact function value of each first training
sample with respect to the verification loss of the m second training samples in the first

recommendation model satisfies the following formula:

$(2) =2 $(z,2,) =12, V,l(z,,0)] H;'V,I(z,0)

, Where

z; represents the i first training sample, ¢(Zi) represents an impact function value of
the i™ first training sample with respect to a prediction loss of the m second training samples in the
first recommendation model, z; represents the j™" second training sample, #(z,z j) represents an
impact function value of the i" first training sample with respect to a verification loss of the jt"

second training sample in the first recommendation model, Vgl(zj,é) represents a gradient of z;
on the first recommendation model 4, ). J-V9|(Zj,é) represents a sum of gradients of the m

.. . . . ~ 1 .
second training samples in the first recommendation model 4, and H ; represents an inverse

matrix of a Hessian matrix of all first training samples.
{865961[00597] Optionally, in an embodiment, that a weight corresponding to each first training
sample is determined based on an impact function value of each first training sample with respect
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to a verification loss of m second training samples in the first recommendation model includes:

the weight corresponding to each first training sample satisfies the following formula:

B 1
i = i)

1 -+ MA@ N-mindg(z)})

, Where
mi represents a weight corresponding to the it first training sample, o represents a

weight adjustment coefficient, and {¢(Zi )} represents a set of impact function values of the n first

training samples with respect to the verification loss of the m second training samples in the first
recommendation model.

{605971[00598] Optionally, in an embodiment, the m second training samples are obtained when
there is a same probability that candidate recommended objects in a candidate recommended object
set are presented, and the second recommended object is a candidate recommended object in the
candidate recommended object set.

{60598}[00599] Optionally, in an embodiment, that the m second training samples are obtained
when there is a same probability that candidate recommended objects in a candidate recommended
object set are presented includes: the m second training samples are obtained when the candidate
recommended objects in the candidate recommended object set are randomly presented to the
second user; or the m second training samples are obtained when the second user searches for the
second recommended object.

{66599}[00600] _Optionally, in an embodiment, the m second training samples belong to data in a
source domain, and the n first training samples belong to data in a target domain.

{60600}[00601] It should be noted that the training apparatus 3000 and the apparatus 4000 are
embodied in a form of function units. The term "unit™ herein may be implemented in a form of
software and/or hardware. This is not specifically limited.

{606043[00602] For example, "unit* may be a software program, a hardware circuit, or a
combination thereof that implements the foregoing functions. The hardware circuit may include
an application-specific integrated circuit (application-specific integrated circuit, ASIC), an
electronic circuit, a processor (for example, a shared processor, a dedicated processor, or a group
processor) and a memory that are configured to execute one or more software or firmware
programs, a merged logic circuit, and/or another suitable component that supports the described
functions.

{60602}[00603] Therefore, the units in the examples described in the embodiments of this
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application can be implemented by electronic hardware or a combination of computer software
and electronic hardware. Whether the functions are performed by hardware or software depends
on particular applications and design constraint conditions of the technical solutions. A person
skilled in the art may use different methods to implement the described functions of each particular
application, but it should not be considered that the implementation goes beyond the scope of this
application.

{00603}1[00604] FIG. 19 is a schematic diagram of a hardware structure of a recommendation
model training apparatus according to an embodiment of this application. A training apparatus
5000 (the apparatus 5000 may be specifically a computer device) shown in FIG. 19 includes a
memory 5010, a processor 5020, a communications interface 5030, and a bus 5040. A
communication connection is implemented between the memory 5010, the processor 5020, and
the communications interface 5030 through the bus 5040.

{606043[00605] The memory 5010 may be a read only memory (read only memory, ROM), a
static storage device, a dynamic storage device, or a random access memory (random access
memory, RAM). The memory 5010 may store a program. When the program stored in the memory
5010 is executed by the processor 5020, the processor 5020 is configured to perform the steps of
the recommendation model training method in embodiments of this application, for example,
perform the steps shown in FIG. 6.

{8066051[00606] It should be understood that the training apparatus shown in this embodiment of
this application may be a server, for example, may be a server in the cloud, or may be a chip
configured in the server in the cloud.

{60606}[00607] The processor 5020 may be a general-purpose central processing unit (central
processing unit, CPU), a microprocessor, an application-specific integrated circuit (application-
specific integrated circuit, ASIC), a graphics processing unit (graphics processing unit, GPU), or
one or more integrated circuits, and is configured to execute a related program, to implement the
recommendation model training method in the method embodiments of this application.
{806067[00608] _Alternatively, the processor 5020 may be an integrated circuit chip and has a
signal processing capability. In an implementation process, steps of the recommendation model
training method in this application may be completed by using a hardware integrated logic circuit
or an instruction in a form of software in the processor 5020.

{060608}[00609] The processor 5020 may alternatively be a general-purpose processor, a digital
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signal processor (digital signal processor, DSP), an application-specific integrated circuit (ASIC),
a field programmable gate array (field programmable gate array, FPGA) or another programmable
logic device, a discrete gate or transistor logic device, or a discrete hardware component. The
methods, the steps, and logic block diagrams that are disclosed in the embodiments of this
application may be implemented or performed. The general-purpose processor may be a
microprocessor, or the processor may be any conventional processor or the like. Steps of the
methods disclosed with reference to the embodiments of this application may be directly executed
and accomplished by using a hardware decoding processor, or may be executed and accomplished
by using a combination of hardware and software modules in a 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 5010. The
processor 5020 reads information in the memory 5010, and completes, in combination with
hardware of the processor 5020, functions that need to be performed by the units included in the
training apparatus shown in FIG. 17 in the embodiments of this application, or performs the
recommendation model training method shown in FIG. 6 in the method embodiments of this
application.

{8660694[00610] The communications interface 5030 uses a transceiver apparatus, for example
but not for limitation, a transceiver, to implement communication between the training apparatus
5000 and another device or a communications network.

{606163[00611] The bus 5040 may include a path for transmitting information between the
components (for example, the memory 5010, the processor 5020, and the communications
interface 5030) of the training apparatus 5000.

{60611}[00612] FIG. 20 is a schematic diagram of a hardware structure of a recommendation
apparatus according to an embodiment of this application. A recommendation apparatus 6000 (the
apparatus 6000 may be specifically a computer device) shown in FIG. 20 includes a memory 6010,
a processor 6020, a communications interface 6030, and a bus 6040. A communication connection
is implemented between the memory 6010, the processor 6020, and the communications interface
6030 through the bus 6040.

{60612}[00613] The memory 6010 may be a read only memory (read only memory, ROM), a
static storage device, a dynamic storage device, or a random access memory (random access
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memory, RAM). The memory 6010 may store a program. When the program stored in the memory
6010 is executed by the processor 6020, the processor 6020 is configured to perform the steps of
the recommendation method in embodiments of this application, for example, perform the steps
shown in FIG. 7.

{806131[00614] It should be understood that the apparatus shown in this embodiment of this
application may be an intelligent terminal, or may be a chip configured in the intelligent terminal.
{806141[00615] The processor 6020 may be a general-purpose central processing unit (central
processing unit, CPU), a microprocessor, an application-specific integrated circuit (application-
specific integrated circuit, ASIC), a graphics processing unit (graphics processing unit, GPU), or
one or more integrated circuits, and is configured to execute a related program, to implement the
selection probability prediction method in the method embodiments of this application.
{60615}[00616] Alternatively, the processor 6020 may be an integrated circuit chip and has a
signal processing capability. In an implementation process, the steps of the selection probability
prediction method in this application may be completed by using a hardware integrated logic
circuit or an instruction in a form of software in the processor 6020.

{60616}[00617] The processor 6020 may alternatively be a general-purpose processor, a digital
signal processor (digital signal processor, DSP), an application-specific integrated circuit (ASIC),
a field programmable gate array (field programmable gate array, FPGA) or another programmable
logic device, a discrete gate or transistor logic device, or a discrete hardware component. The
methods, the steps, and logic block diagrams that are disclosed in the embodiments of this
application may be implemented or performed. The general-purpose processor may be a
microprocessor, or the processor may be any conventional processor or the like. Steps of the
methods disclosed with reference to the embodiments of this application may be directly executed
and accomplished by using a hardware decoding processor, or may be executed and accomplished
by using a combination of hardware and software modules in a 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 6010. The
processor 6020 reads information in the memory 6010, and completes, in combination with
hardware of the processor 6020, functions that need to be performed by the units included in the
apparatus shown in FIG. 18 in the embodiments of this application, or performs the
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recommendation method shown in FIG. 7 in the method embodiments of this application.
{86617[00618] The communications interface 6030 uses a transceiver apparatus, for example,
but not limited to, a transceiver, to implement communication between the apparatus 6000 and
another device or a communications network.

{060618}[00619] The bus 6040 may include a path for transmitting information between
components (for example, the memory 6010, the processor 6020, and the communications
interface 6030) of the apparatus 6000.

{866194[00620] It should be noted that, although only the memory, the processor, and the
communications interface are shown in each of the training apparatus 5000 and the apparatus 6000,
in a specific implementation process, a person skilled in the art should understand that the training
apparatus 5000 and the apparatus 6000 each may further include another component necessary for
normal running. In addition, based on a specific requirement, a person skilled in the art should
understand that the training apparatus 5000 and the apparatus 6000 each may further include a
hardware component for implementing another additional function. In addition, a person skilled
in the art should understand that the training apparatus 5000 and the apparatus 6000 each may
include only components necessary for implementing the embodiments of this application, but not
necessarily include all the components shown in FIG. 19 or FIG. 20.

{60620}[00621] _In the embodiments, the electronic device may be divided into function modules
based on the foregoing method examples. For example, each function module corresponding to
each function may be obtained through division, or two or more functions may be integrated into
one processing module. The integrated module may be implemented in a form of hardware. It
should be noted that, in the embodiments, division into modules is an example, and is merely
logical function division. During actual implementation, there may be another division manner.
{60621}[00622] When each function module is obtained through division based on each
corresponding function, FIG. 21 is a possible schematic diagram of composition of an electronic
device 7000 in the foregoing embodiment. As shown in FIG. 21, the electronic device 7000 may
include a displaying unit 7001 and a processing unit 7002.

{60622}[00623] The displaying unit 7001 may be configured to support the electronic device
7000 in performing the foregoing step S1210, and/or is configured in another process of the
technology described in this specification.

{806231[00624] The processing unit 7002 may be configured to support the electronic device
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7000 to perform step S1220 and/or another process of the technology described in this
specification.

{8066243[00625] The displaying unit 7001 may be configured to support the electronic device
7000 in performing the foregoing step S1230, and/or is configured in another process of the
technology described in this specification.

{866251[00626] It should be noted that all related content of the steps in the foregoing method
embodiments may be cited in function descriptions of corresponding functional modules. Details
are not described herein again.

{806261[00627] The electronic device provided in this embodiment is configured to perform the
recommendation method. Effects that are the same as those of the foregoing implementation
method can be achieved.

{86627[00628] When an integrated unit is used, the electronic device may include a processing
module, a storage module, and a communications module. The processing module may be
configured to control and manage actions of the electronic device, for example, may be configured
to support the electronic device in performing the operations performed by the displaying unit
7001 and the processing unit 7002. The storage module may be configured to support the electronic
device in storing program code, data, and the like. The communications module may be configured
to support communication between the electronic device and another device.

{806281[00629] The processing module may be a processor or a controller. The processor may
implement or execute various example logical blocks, modules, and circuits described with
reference to content disclosed in this application. The processor may alternatively be a
combination of processors implementing a calculation function, for example, a combination of one
or more microprocessors or a combination of a digital signal processor (digital signal processing,
DSP) and a microprocessor. The storage module may be a memory. The communications module
may be specifically a device, for example, a radio frequency circuit, a Bluetooth chip, or a Wi-Fi
chip, that interacts with another electronic device.

{866291[00630] An embodiment further provides a computer storage medium. The computer
storage medium stores computer instructions; and when the computer instructions are run, an
electronic device is enabled to perform the foregoing related method steps, to implement the
recommendation method in the foregoing embodiments.

{86063063[00631] An embodiment further provides a computer program product. When the
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computer program product runs on a computer, the computer is enabled to perform the foregoing
related steps, to implement the recommendation method in the foregoing embodiments.
{8066313[00632] _In addition, an embodiment of this application further provides an apparatus. The
apparatus may be specifically a chip, a component, or a module. The apparatus may include a
processor and a memory that are connected to each other. The memory is configured to store
computer-executable instructions. When the apparatus runs, the processor may execute the
computer-executable instructions stored in the memory, to enable the chip to perform the
recommendation method in the foregoing method embodiments.

{80632}1[00633] The electronic device, the computer storage medium, the computer program
product, or the chip provided in the embodiments is configured to perform the corresponding
method provided above. Therefore, for beneficial effects that can be achieved, refer to the
beneficial effects in the corresponding method provided above. Details are not described herein
again.

{86633}[00634] It should be further understood that, in the embodiments of this application, the
memory may include a read-only memory and a random access memory, and provide an instruction
and data for the processor. A part of the processor may further include a non-volatile random access
memory. For example, the processor may further store information of a device type.
{866344[00635] It should be understood that, the term "and/or" in this specification describes only
an association relationship for describing associated objects and represents that three relationships
may exist. For example, A and/or B may represent the following three cases: Only A exists, both
A and B exist, and only B exists. In addition, the character "/" in this specification generally
indicates an "or" relationship between the associated objects.

{806635}[00636] _It should be understood that sequence numbers of the foregoing processes do not
mean execution sequences in various embodiments of this application. The execution sequences
of the processes should be determined based on functions and internal logic of the processes, and
should not be construed as any limitation on the implementation processes of the embodiments of
this application.

{60636}[00637] A person of ordinary skill in the art may be aware that, in combination with units
and algorithm steps in the examples described in the embodiments disclosed in this specification,
the embodiments may be implemented by electronic hardware or a combination of computer
software and electronic hardware. Whether the functions are performed by hardware or software
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depends on particular applications and design constraint conditions of the technical solutions. A
person skilled in the art may use different methods to implement the described functions of each
particular application, but it should not be considered that the implementation goes beyond the
scope of this application.

{80637[00638] It may be clearly understood by a person skilled in the art that, for the purpose
of convenient and brief description, for a detailed working process of the foregoing system,
apparatus, and unit, refer to a corresponding process in the foregoing method embodiments. Details
are not described herein again.

{8066383[00639] _In the several embodiments provided in this application, it should be understood
that the disclosed system, apparatus, and method may be implemented in other manners. For
example, the described apparatus embodiment is merely an example. For example, division into
units is merely logical function division and may be other division in actual implementation. For
example, a plurality of units or components may be combined or integrated into another system,
or some features may be ignored or not performed. In addition, the displayed or discussed mutual
couplings or direct couplings or communication connections may be implemented through some
interfaces. The indirect couplings or communication connections between the apparatuses or units
may be implemented in electronic, mechanical, or other forms.

{60639}[00640] _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 location, or may
be distributed on a plurality of network units. Some or all of the units may be selected based on
actual requirements to achieve the objectives of the solutions of the embodiments.
{866461[00641] In addition, function units in the embodiments of this application may be
integrated into one processing unit, or each of the units may exist alone physically, or two or more
units are integrated into one unit.

{806413[00642] When the functions are implemented in a form of a software function unit and
sold or used as an independent product, the functions may be stored in a computer-readable storage
medium. Based on such an understanding, the technical solutions of this application essentially, or
the part contributing to the conventional technology, or some of the technical solutions may be
implemented in a form of a software product. The computer software product is stored in a storage
medium, and includes several instructions for instructing a computer device (which may be a
personal computer, a server, or a network device) to perform all or some of the steps of the method
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described in the embodiments of this application. The foregoing storage medium includes any
medium that can store program code, such as a universal serial bus flash disk (USB flash disk,
UFD), a removable hard disk, a read-only memory (read-only memory, ROM), a random access
memory (random access memory, RAM), a magnetic disk, or a compact disc. The UFD may also
be briefly referred to as a USB flash drive or a USB flash drive.

{60642}[00643] The foregoing descriptions are merely specific implementations of this
application, but are not intended to limit the protection scope of this application. Any variation or
replacement readily figured out by a person skilled in the art within the technical scope disclosed
in this application shall fall within the protection scope of this application. Therefore, the

protection scope of this application shall be subject to the protection scope of the claims.
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CLAIMS

What is claimed is:

1. A recommendation model training method, comprising:

obtaining a first recommendation model, wherein a model parameter of the first
recommendation model is obtained through training based on n first training samples, the first
training sample comprises information about a first user, information about a first recommended
object, and a sample label of the first training sample, the sample label of the first training sample
is used to indicate whether the first user performs an operation action on the first recommended
object, and n is an integer greater than 1;

determining an impact function value of each first training sample with respect to a
verification loss of m second training samples in the first recommendation model, wherein the
second training sample comprises information about a second user, information about a second
recommended object, and a sample label of the second training sample, the sample label of the
second training sample is used to indicate whether the second user performs an operation action
on the second recommended object, and m is an integer greater than 1;

determining, based on the impact function value of each first training sample with respect to
the verification loss of the m second training samples in the first recommendation model, a weight
corresponding to each first training sample; and

training the first recommendation model based on the n first training samples and the weights

corresponding to the n first training samples, to obtain a target recommendation model.

2. The method according to claim 1, wherein the-determining;-based-on-the-impact-function

the weight corresponding to each first training sample has a negative correlation with the

impact function value of each first training sample with respect to the verification loss of the m
second training samples.

3. The method according to claim 1 or 2, wherein an impact function value of each first
training sample with respect to a prediction loss of the m second training samples in the first

recommendation model satisfies the following formula:
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, Wherein

zi represents the-a i first training sample, @(Z;) o(zi)represents an impact function value of
the i first training sample with respect to the prediction loss of the m second training samples in
the first recommendation model, zj zjrepresents the j second training sample, (/’)(Zi,Zj)
o(zi,zj)represents an impact function value of the i first training sample with respect to a

verification loss of the j second training sample in the first recommendation model, Vgl(zj,é)
represents a gradient of z; on the first recommendation model 9, Z J. V,l(z; ,0) represents a sum

of gradients of the m second training samples in the first recommendation model 9, and Hefl

represents an inverse matrix of a Hessian matrix of all first training samples.

4. The method according to claim 3, wherein the determining, based on the impact function
value of each first training sample with respect to the verification loss of the m second training
samples in the first recommendation model, a weight corresponding to each first training sample

comprises: the weight corresponding to each first training sample satisfies the following formula:

B 1
= w(z)

1+ emaX({¢(Zi H-min({4(z)})

, Wherein

mi mirepresents a weight corresponding to the it" first training sample, o represents a weight
adjustment coefficient, and {¢(Zi )} {&(zi)}represents a set of impact function values of the n first

training samples with respect to the verification loss of the m second training samples in the first
recommendation model.

5. The method according to any one of claims 1 to 4, wherein the m second training samples
are obtained when there is a same probability that candidate recommended objects in a candidate
recommended object set are presented, and the second recommended object is a candidate
recommended object in the candidate recommended object set.

6. The method according to claim 5, wherein that the m second training samples are obtained
when there is a same probability that candidate recommended objects in a candidate recommended
object set are presented comprises:

the m second training samples are obtained when the candidate recommended objects in the
candidate recommended object set are randomly presented to the second user; or

the m second training samples are obtained when the second user searches for the second
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recommended object.

7. The method according to any one of claims 1 to 5, wherein the m second training samples
belong to data in a source domain, and the n first training samples belong to data in a target domain.

8. A recommendation method, comprising:

obtaining information about a target user and information about a candidate recommended
object; and

inputting the information about the target user and the information about the candidate
recommended object into a recommendation model, to predict a probability that the target user
performs an operation action on the candidate recommended object, wherein

a model parameter of the recommendation model is obtained by training a first
recommendation model based on n first training samples and weights corresponding to the n first
training samples, the first recommendation model is obtained through training based on the n first
training samples, a weight corresponding to each first training sample is determined based on an
impact function value of each first training sample with respect to a verification loss of m second
training samples in the first recommendation model, the first training sample comprises
information about a first user, information about a first recommended object, and a sample label
of the first training sample, the sample label of the first training sample is used to indicate whether
the first user performs an operation action on the first recommended object, n is an integer greater
than 1, the second training sample comprises information about a second user, information about
a second recommended object, and a sample label of the second training sample, the sample label
of the second training sample is used to indicate whether the second user performs an operation
action on the second recommended object, and m is an integer greater than 1.

9. The method according to claim 8, wherein that a weight corresponding to each first training
sample is determined based on an impact function value of each first training sample with respect
to a verification loss of m second training samples in the first recommendation model comprises:

the weight corresponding to each first training sample has a negative correlation with the
impact function value of each first training sample with respect to the verification loss of the m
second training samples in the first recommendation model.

10. The method according to claim 8 or 9, wherein the impact function value of each first
training sample with respect to the verification loss of the m second training samples in the first
recommendation model satisfies the following formula:
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, Wherein

Z represents the i first training sample, ¢)(Zi) represents an impact function value of the
i first training sample with respect to a prediction loss of the m second training samples in the
first recommendation model, Z; represents the j" second training sample, (/)(Zi,Zj) represents
an impact function value of the i™" first training sample with respect to a verification loss of the j*"

second training sample in the first recommendation model, Vgl(zj,é) represents a gradient of Z
on the first recommendation model 4, ). J-V9|(Zj,é) represents a sum of gradients of the m

.. . . . ~ 1 .
second training samples in the first recommendation model 4, and H ; Tepresents an inverse

matrix of a Hessian matrix of all first training samples.

11. The method according to claim 10, wherein that a weight corresponding to each first
training sample is determined based on an impact function value of each first training sample with
respect to a verification loss of m second training samples in the first recommendation model

comprises: the weight corresponding to each first training sample satisfies the following formula:

B 1
= w(z)

1+ emaX({¢(Zi H-min({4(z)})

, Wherein

7 represents a weight corresponding to the i*" first training sample, ¢ represents a weight
adjustment coefficient, and {¢(Zi)} represents a set of impact function values of the n first

training samples with respect to the verification loss of the m second training samples in the first
recommendation model.

12. The method according to any one of claims 8 to 11, wherein the m second training samples
are obtained when there is a same probability that candidate recommended objects in a candidate
recommended object set are presented, and the second recommended object is a candidate
recommended object in the candidate recommended object set.

13. The method according to claim 12, wherein that the m second training samples are
obtained when there is a same probability that candidate recommended objects in a candidate
recommended object set are presented comprises:

the m second training samples are obtained when the candidate recommended objects in the

candidate recommended object set are randomly presented to the second user; or

102



10

15

20

25

30

the m second training samples are obtained when the second user searches for the second
recommended object.

14. The method according to any one of claims 8 to 13, wherein the m second training samples
belong to data in a source domain, and the n first training samples belong to data in a target domain.

15. A recommendation method, comprising: displaying a first interface, wherein the first
interface comprises a learning list of at least one application, a learning list of a first application in
the learning list of the at least one application comprises at least one option, and each of the at
least one option is associated with one application;

sensing a first operation performed by a user on the first interface; and

enabling or disabling, in response to the first operation, a cross-domain recommendation
function of the first application in an application associated with some or all options in the learning
list of the first application.

16. The method according to claim 15, wherein the first operation is performed on a first
option, and the enabling or disabling, in response to the first operation, a cross-domain
recommendation function of the first application in an application associated with some or all
options in the learning list of the first application comprises:

enabling or disabling, in response to the first operation performed by the user on the first
option, a cross-domain recommendation function of the first application in an application
associated with the first option, wherein

the first option is located in the learning list of the first application.

17. The method according to claim 15, wherein the first operation is performed on a switch
control corresponding to the learning list of the first application, and the enabling or disabling, in
response to the first operation, a cross-domain recommendation function of the first application in
an application associated with some or all options in the learning list of the first application
comprises:

enabling or disabling, in response to the first operation performed by the user on the switch
control, a cross-domain recommendation function of the first application in an application
associated with all options in the learning list of the first application.

18. The method according to any one of claims 15 to 17, wherein the method further
comprises:

displaying a second interface, wherein the second interface is configured to present one or
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more recommended objects and prompt information of the one or more recommended objects, and
the prompt information of the one or more recommended objects is used to indicate that the one
or more recommended objects are determined based on user behavior data in an application in the
at least one application.

19. The method according to claim 18, wherein the one or more recommended objects are
determined by inputting information about the user and information about a candidate
recommended object into a recommendation model, to predict a probability that the user performs
an operation action on the candidate recommended object.

20. The method according to claim 19, wherein a model parameter of the recommendation
model is obtained by training a first recommendation model based on n first training samples and
weights corresponding to the n first training samples, the first recommendation model is obtained
through training based on the n first training samples, a weight corresponding to each first training
sample is determined based on an impact function value of each first training sample with respect
to a verification loss of m second training samples in the first recommendation model, the first
training sample comprises information about a first user, information about a first recommended
object, and a sample label of the first training sample, the sample label of the first training sample
is used to indicate whether the first user performs an operation action on the first recommended
object, n is an integer greater than 1, the second training sample comprises information about a
second user, information about a second recommended object, and a sample label of the second
training sample, the sample label of the second training sample is used to indicate whether the
second user performs an operation action on the second recommended object, m is an integer
greater than 1, the m second training samples are determined based on user behavior data in an
application in an application associated with the at least one option, and the n first training samples
are determined based on user behavior data in the first application.

21. A recommendation model training apparatus, comprising:

an obtaining unit, configured to obtain a first recommendation model, wherein a model
parameter of the first recommendation model is obtained through training based on n first training
samples, the first training sample comprises information about a first user, information about a
first recommended object, and a sample label of the first training sample, the sample label of the
first training sample is used to indicate whether the first user performs an operation action on the
first recommended object, and n is an integer greater than 1; and

104



10

15

20

25

a processing unit, configured to:

determine an impact function value of each first training sample with respect to a verification
loss of m second training samples in the first recommendation model, wherein the second training
sample comprises information about a second user, information about a second recommended
object, and a sample label of the second training sample, the sample label of the second training
sample is used to indicate whether the second user performs an operation action on the second
recommended object, and m is an integer greater than 1;

determine, based on the impact function value of each first training sample with respect to
the verification loss of the m second training samples in the first recommendation model, a weight
corresponding to each first training sample; and

train the first recommendation model based on the n first training samples and the weights
corresponding to the n first training samples, to obtain a target recommendation model.

22. The training apparatus according to claim 21, wherein the determining, based on the
impact function value of each first training sample with respect to the verification loss of the m
second training samples in the first recommendation model, a weight corresponding to each first
training sample comprises:

the weight corresponding to each first training sample has a negative correlation with the
impact function value of each first training sample with respect to the verification loss of the m
second training samples.

23. The training apparatus according to claim 21 or 22, wherein an impact function value of
each first training sample with respect to a prediction loss of the m second training samples in the

first recommendation model satisfies the following formula:

$(2) =2 $(z,2,) =12, V,l(z2,,0)] H;'V,I(z,0)

, Wherein
Z represents the i first training sample, ¢)(Zi) represents an impact function value of the
i first training sample with respect to the prediction loss of the m second training samples in the

first recommendation model, Z; represents the j™ second training sample, (/)(Zi,Zj) represents

J

an impact function value of the i™" first training sample with respect to a verification loss of the j*"

second training sample in the first recommendation model, Vgl(zj,é) represents a gradient of Z

on the first recommendation model 4, ), J-V9|(Zj,é) represents a sum of gradients of the m
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second training samples in the first recommendation model 4, and H ; represents an inverse

matrix of a Hessian matrix of all first training samples.
24. The training apparatus according to claim 23, wherein the processing unit is specifically
configured to:

the weight corresponding to each first training sample satisfies the following formula:

B 1
= i)

1+ emax({¢(2i JH-min({$(z )}

) , Wherein
& represents a weight corresponding to the i*" first training sample, & represents a weight
adjustment coefficient, and {@(Z)} represents a set of impact function values of the n first

training samples with respect to the verification loss of the m second training samples in the first
recommendation model.

25. The training apparatus according to any one of claims 21 to 24, wherein the m second
training samples are obtained when there is a same probability that candidate recommended objects
in a candidate recommended object set are presented, and the second recommended object is a
candidate recommended object in the candidate recommended object set.

26. The training apparatus according to claim 25, wherein that the m second training samples
are obtained when there is a same probability that candidate recommended objects in a candidate
recommended object set are presented comprises:

the m second training samples are obtained when the candidate recommended objects in the
candidate recommended object set are randomly presented to the second user; or

the m second training samples are obtained when the second user searches for the second
recommended object.

27. The training apparatus according to any one of claims 21 to 26, wherein the m second
training samples belong to data in a source domain, and the n first training samples belong to data
in a target domain.

28. A recommendation apparatus, comprising:

an obtaining unit, configured to obtain information about a target user and information about
a candidate recommended object; and

a processing unit, configured to input the information about the target user and the
information about the candidate recommended object into a recommendation model, to predict a
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probability that the target user performs an operation action on the candidate recommended object,
wherein

a model parameter of the recommendation model is obtained by training a first
recommendation model based on n first training samples and weights corresponding to the n first
training samples, the first recommendation model is obtained through training based on the n first
training samples, a weight corresponding to each first training sample is determined based on an
impact function value of each first training sample with respect to a verification loss of m second
training samples in the first recommendation model, the first training sample comprises
information about a first user, information about a first recommended object, and a sample label
of the first training sample, the sample label of the first training sample is used to indicate whether
the first user performs an operation action on the first recommended object, n is an integer greater
than 1, the second training sample comprises information about a second user, information about
a second recommended object, and a sample label of the second training sample, the sample label
of the second training sample is used to indicate whether the second user performs an operation
action on the second recommended object, and m is an integer greater than 1.

29. The recommendation apparatus according to claim 28, wherein that a weight
corresponding to each first training sample is determined based on an impact function value of
each first training sample with respect to a verification loss of m second training samples in the
first recommendation model comprises:

the weight corresponding to each first training sample has a negative correlation with the
impact function value of each first training sample with respect to the verification loss of the m
second training samples in the first recommendation model.

30. The recommendation apparatus according to claim 28 or 29, wherein the impact function
value of each first training sample with respect to the verification loss of the m second training

samples in the first recommendation model satisfies the following formula:

$(z) =Y, #(z.2)) = -I2 Vol(z;, 0 H;V,I(z,0)

, Wherein

Z represents the i first training sample, ¢(Zi) represents an impact function value of the
i first training sample with respect to a prediction loss of the m second training samples in the
first recommendation model, Z; represents the ji second training sample, #(Z;,Z;) represents

an impact function value of the i first training sample with respect to a verification loss of the j
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second training sample in the first recommendation model, V(,I(zj,é) represents a gradient of Z
on the first recommendation model 4, ), J-V9|(Zj,é) represents a sum of gradients of the m

.. . . . ~ ) .
second training samples in the first recommendation model 4, and H ; Tepresents an inverse

matrix of a Hessian matrix of all first training samples.

31. The recommendation apparatus according to claim 30, wherein that a weight
corresponding to each first training sample is determined based on an impact function value of
each first training sample with respect to a verification loss of m second training samples in the
first recommendation model comprises: the weight corresponding to each first training sample

satisfies the following formula:

B 1
i = i)

1 -+ MA@ N)-mindg(z)})

, Wherein
& represents a weight corresponding to the i*" first training sample, O represents a weight
adjustment coefficient, and {¢(Zi)} represents a set of impact function values of the n first

training samples with respect to the verification loss of the m second training samples in the first
recommendation model.

32. The recommendation apparatus according to any one of claims 28 to 31, wherein the m
second training samples are obtained when there is a same probability that candidate recommended
objects in a candidate recommended object set are presented, and the second recommended object
is a candidate recommended object in the candidate recommended object set.

33. The recommendation apparatus according to claim 32, wherein that the m second training
samples are obtained when there is a same probability that candidate recommended objects in a
candidate recommended object set are presented comprises:

the m second training samples are obtained when the candidate recommended objects in the
candidate recommended object set are randomly presented to the second user; or

the m second training samples are obtained when the second user searches for the second
recommended object.

34. The recommendation apparatus according to any one of claims 28 to 33, wherein the m
second training samples belong to data in a source domain, and the n first training samples belong

to data in a target domain.
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35. An electronic device, comprising:

a displaying unit, wherein the displaying unit is configured to display a first interface, the
first interface comprises a learning list of at least one application, a learning list of a first
application in the learning list of the at least one application comprises at least one option, and
each of the at least one option is associated with one application;

a processing unit, wherein the processing unit is configured to sense a first operation
performed by a user on the first interface; and

the displaying unit is further configured to enable or disable, in response to the first operation,
a cross-domain recommendation function of the first application in an application associated with
some or all options in the learning list of the first application.

36. The electronic device according to claim 35, wherein the first operation is performed on
a first option, and the displaying unit is specifically configured to:

enable or disable, in response to the first operation performed by the user on the first option,
a cross-domain recommendation function of the first application in an application associated with
the first option, wherein

the first option is located in the learning list of the first application.

37. The electronic device according to claim 35, wherein the first operation is performed on
a switch control corresponding to the learning list of the first application, and the displaying unit
is specifically configured to:

enable or disable, in response to the first operation performed by the user on the switch control,
a cross-domain recommendation function of the first application in an application associated with
all options in the learning list of the first application.

38. The electronic device according to any one of claims 35 to 37, wherein the displaying unit
is further configured to:

display a second interface, wherein the second interface is configured to present one or more
recommended objects and prompt information of the one or more recommended objects, and the
prompt information of the one or more recommended objects is used to indicate that the one or
more recommended objects are determined based on user behavior data in an application in the at
least one application.

39. The electronic device according to claim 38, wherein the one or more recommended
objects are determined by inputting information about the user and information about a candidate
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recommended object into a recommendation model, to predict a probability that the user performs
an operation action on the candidate recommended object.

40. The electronic device according to claim 39, wherein a model parameter of the
recommendation model is obtained by training a first recommendation model based on n first
training samples and weights corresponding to the n first training samples, the first
recommendation model is obtained through training based on the n first training samples, a weight
corresponding to each first training sample is determined based on an impact function value of
each first training sample with respect to a verification loss of m second training samples in the
first recommendation model, the first training sample comprises information about a first user,
information about a first recommended object, and a sample label of the first training sample, the
sample label of the first training sample is used to indicate whether the first user performs an
operation action on the first recommended object, n is an integer greater than 1, the second training
sample comprises information about a second user, information about a second recommended
object, and a sample label of the second training sample, the sample label of the second training
sample is used to indicate whether the second user performs an operation action on the second
recommended object, m is an integer greater than 1, the m second training samples are determined
based on user behavior data in an application in an application associated with the at least one
option, and the n first training samples are determined based on user behavior data in the first
application.

41. A recommendation model training apparatus, comprising at least one processor and a
memory, wherein the at least one processor is coupled to the memory, and is configured to read
and execute instructions in the memory, to perform the training method according to any one of
claims1to 7.

42. A recommendation apparatus, comprising at least one processor and a memory, wherein
the at least one processor is coupled to the memory, and is configured to read and execute
instructions in the memory, to perform the recommendation method according to any one of claims
8to 14.

43. An electronic device, comprising a processor and a memory, wherein the memory stores
one or more computer programs, the one or more computer programs comprise instructions, and
when the instructions are executed by one or more processors, the electronic device is enabled to
perform the method according to any one of claims 15 to 20.
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44. A computer-readable medium, wherein the computer-readable medium stores computer
program code, and when the computer program code runs on a computer, the computer is enabled

to perform the method according to any one of claims 1 to 7, claims 8 to 14, or claims 15 to 20.
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