COLLABORATIVE FILTERING METHOD, APPARATUS, SERVER AND
STORAGE MEDIUM IN COMBINATION WITH TIME FACTOR

CROSS-REFERENCE TO RELATED APPLICATION
[0001] This application claims priority to Chinese Patent Application No.
2016110052001, entitled “COLLABORATIVE FILTERING METHOD AND
APPARATUS IN COMBINATION WITH TIME FACTOR" filed on November 15,
2016, the contents of which is expressly incorporated by reference herein in its
entirety.

FIELD OF THE INVENTION

[0002] The present disclosure relates to the field of computer technology,
particularly relates to a collaborative filtering method, an apparatus, a server and a
storage medium in combination with time factor.

BACKGROUND OF THE INVENTION

[0003] By gathering preferences of users and performing data analyzing and data
mining, the accuracy of product information pushing can be effectively improved. In
a conventional manner, the user preference degree over certain product is typically
established by the user behavior. For example, the user behavior includes: clicking,
collecting, purchasing . When a prediction is made to a unknown user preference
degree value, a consideration on the factor of time is therefore missing. Suppose that
a user purchased certain product one year ago and ceased to purchase the same this
year. If a prediction of the user preference degree over the product this year is made
according to the preference degree of such product of such user from last year, the
prediction result apparently cannot reflect the real case. As such, it is a technical
problem to be addressed to, in combination with the factor of time, perform an
effective prediction over the user preference degree value of a specified product.
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SUMMARY OF THE INVENTION

[0004] According to various embodiments of the present disclosure, a method, an
apparatus, a server and a storage medium in combination with time factor are
provided.

[0005] A method of collaborative filtering in combination with time factor
includes:

[0006] establishing an exponential smoothing model;

[0007] acquiring a time period proposed for the exponential smoothing model, the
time period includes a plurality of time cycles;

[0008] acquiring a plurality of user identifiers and user preference degree values of
the user identifiers over a specified product during the plurality of time cycles;

[0009] performing iterative calculations of the user preference degree values
utilizing the exponential smoothing model, and obtaining smoothing results
corresponding to the time cycles;

[0010] generating a sparse matrix utilizing the user identifiers and the smoothing
result corresponding to the time cycles, the sparse matrix includes a plurality of user
preference degrees to be predicted;

[0011] acquiring a collaborative filtering model and inputting the smoothing results
corresponding to the time cycles into the collaborative filtering model; and

[0012] training through the collaborative filtering model, calculating and obtaining
predictive values of the plurality of user preference degrees to be predicted in the
sparse matrix.

[0013] An apparatus of collaborative filtering in combination with time factor,
which includes:

[0014] a model establishing module configured to establish an exponential
smoothing model;

[0015] an acquiring module configured to acquire a plurality of user identifiers and
user preference degree values of the user identifiers over a specified product during a
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plurality of time cycles;

[0016] a smoothing module configured to perform iterative calculations of the user
preference degree values utilizing the exponential smoothing model, and obtain
smoothing results corresponding to the time cycles;

[0017] a matrix generating module configured to generate a sparse matrix utilizing
the user identifiers and the smoothing results corresponding to the time cycles, the
sparse matrix includes a plurality of user preference degrees to be predicted;

[0018] the acquiring module is further configured to acquire a collaborative
filtering model; and

[0019] a first training module configured to input the smoothing results
corresponding to the time cycles to the collaborative filtering model; the first training
module is configured to train through the collaborative filtering model, and
calculating and obtaining predictive values of the plurality of user preference degrees
to be predicted.

[0020] A server including a processor; and a memory storing instructions, which,
when executed by the processor cause the processor to perform steps include:

[0021] establishing an exponential smoothing model;

[0022] acquiring a time period proposed for the exponential smoothing model, the
time period includes a plurality of time cycles;

[0023] acquiring a plurality of user identifiers and user preference degree values of
the user identifiers over a specified product during a plurality of time cycles;

[0024] performing iterative calculations of the user preference degree values
utilizing the exponential smoothing model, and obtaining smoothing results
corresponding to the time cycles;

[0025] generating a sparse matrix utilizing the user identifiers and the smoothing
results corresponding to the time cycles, the sparse matrix includes a plurality of user
preference degrees to be predicted,;

[0026] acquiring a collaborative filtering model and inputting the smoothing results
corresponding to the time cycles into the collaborative filtering model; and

[0027] training through the collaborative filtering model, calculating and obtaining
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predictive values of the plurality of user preference degrees to be predicted in the
sparse matrix.

[0028] At least one non-transitory computer-readable storage medium storing
computer-readable instructions that, when executed by at least one processors, cause
the at least one processor to perform steps include:

[0029] establishing an exponential smoothing model;

[0030] acquiring a time period proposed for the exponential smoothing model, the
time period includes a plurality of time cycles;

[0031] acquiring a plurality of user identifiers and user preference degree values of
the user identifiers over a specified product during a plurality of time cycles;

[0032] performing iterative calculations of the user preference degree values
utilizing the exponential smoothing model, and obtaining smoothing results
corresponding to the time cycles;

[0033] generating a sparse matrix utilizing the user identifiers and the smoothing
results corresponding to the time cycles, the sparse matrix includes a plurality of user
preference degrees to be predicted;

[0034] acquiring a collaborative filtering model and inputting the smoothing results
corresponding to the time cycles into the collaborative filtering model; and

[0035] training through the collaborative filtering model, calculating and obtaining
predictive values of the plurality of user preference degrees to be predicted in the
sparse matrix.

[0036] The details of at least one embodiments of the present disclosure will be
described with reference to the following drawings and description. Other
characteristic, purposes and advantages of the present disclosure will be more
apparent from the specification, drawing and claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0037] To illustrate the technical solutions according to the embodiments of the
present disclosure or in the prior art more clearly, the accompanying drawings for
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describing the embodiments or the prior art are introduced briefly in the following.
Apparently, the accompanying drawings in the following description are only some
embodiments of the present disclosure, and persons of ordinary skill in the art can
derive other drawings from the accompanying drawings without creative efforts.
[0038] FIG. 1 is a schematic diagram illustrating an application scenario of a
method of collaborative filtering in combination with time factor according to an
embodiment;

[0039] FIG. 2 is a flow chart of a method of collaborative filtering in combination
with time factor according to an embodiment;

[0040] FIG. 3 is a schematic diagram of record points in a two-dimensional space
according to an embodiment;

[0041] FIG. 4 is a block diagram of a server according to an embodiment;

[0042] FIG. 5 is a block diagram of an apparatus of collaborative filtering in
combination with time factor according to an embodiment;

[0043] FIG. 6 is a block diagram of an apparatus of collaborative filtering in
combination with time factor according to another embodiment;

[0044] FIG. 7 is a block diagram of an apparatus of collaborative filtering in
combination with time factor according to yet another embodiment; and

[0045] FIG. 8 is a block diagram of an apparatus of collaborative filtering in
combination with time factor according to yet another embodiment.

DETAILED DESCRIPTION OF THE EMBODIMENTS

[0046] The present disclosure will be described in details in combination with the
accompanying drawings and embodiments such that the purpose, technical solution
and advantages of the present disclosure will be more apparent. It should be
understood that the particular embodiments are described for the purpose of
illustrating as opposed to restricting the present disclosure.

[0047] The method of collaborative filtering in combination with time factor
according to an embodiment can be applied in an application scenario illustrated in
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FIG. 1. The terminal 102 and server 104 are connected through network. There
can be a plurality of terminals 102. the terminal 102 is installed with an application
that can access the server, when a user access the server 104 via the application, the
server 104 returns a corresponding page to the terminal 102. The user can click,
favorite and purchase etc., the product exhibited on the page. When the user
operates through the terminal 102, the server 104 can gather the user identifier and
the foregoing user behaviors. The server 104 can obtain a user preference degree
value by gathering the user behavior in a preset time cycle with respect to a specified
product. The server 104 establishes an exponential smoothing model. The server
104 can propose a corresponding time period for the exponential smoothing model,
there can be a plurality of time cycles in the time period. The server 104 acquires a
plurality of user identifiers and user preference degree value of the user identifiers
over a specified product during a plurality of time cycles. The server 104 inputs the
user preference degree value corresponding to a plurality of time cycles into the
exponential smoothing model, performs iterative calculations of the user preference
degree values during a plurality of time cycles, and obtains smoothing results
corresponding to the time cycles. The server 104 generates a sparse matrix utilizing
the user identifiers and the smoothing results corresponding to the time cycles, the
sparse matrix includes a plurality of user preference degrees to be predicted. The
server 104 acquires the collaborative filtering model and inputs the smoothing results
corresponding to the time cycles into the collaborative filtering model. By training
through the collaborative filtering model, predictive values of the plurality of user
preference degrees to be predicted are calculated and obtained.

[0048] In an embodiment, as shown in FIG. 2, a method of collaborative filtering in
combination with time factor is provided. It should be understood that, although the
various steps in the flow chart in FIG. 2 are successively illustrated following the
arrows, these steps do not necessarily have to be carried out according to the
sequence indicated by the arrows. Unless otherwise described herein, there is no
strict sequence restriction of the execution of these steps which can be executed in
difference sequences. Also, at least a part of the steps in FIG. 2 can include several

6



sub-steps or several stages that do not necessarily have to be performed at a same
time but can be performed at different moments; and they do not necessarily have to
be performed successively but can be performed in turn or in alternate with other
steps, sub-steps, stages or at least a part thereof. Take the application of the method
on a server for example, in particular:

[0049] In step S202, an exponential smoothing model is established.

[0050] In step S204, a time period proposed for the exponential smoothing model
Is acquired, the time period includes a plurality of time cycles.

[0051] The user preference degree refers to a preference degree of a user over a
specified product. The user preference degree can be represented by a value. User
preference data is pre-stored on the server. The user preference data includes user
identifiers, product identifiers and corresponding user preference degree values.
The user preference degree value can be obtained by the server which gathers user
behaviors over a specified product in a preset time cycle, user behaviors includes:
clicking, purchasing, collecting. The user preference degree corresponds to the time
cycle. For different specified products, the time cycles corresponding to the user
preference degrees can be the same or otherwise different. For example, for game
products, the time cycles corresponding to the user preference degrees can be a date.
For insurance products, the time cycles corresponding to the user preference degrees
can be a month or a month and.

[0052] For the purpose of an effective combination of the user preference degree
over a specified product with the factor of time, the exponential smoothing model is
established by the server. Through the exponential smoothing model, user
preference degrees of a plurality of time cycles are fused.

[0053] In an embodiment, the formula of the exponential smoothing model
includes Pw1=a*P+(1-a)*P.1, where a is an exponential coefficient corresponding to a
product identifier; P is the user preference degree value corresponding to the next
time cycle; P; is the user preference degree value corresponding to the current time
cycle; and Py is the user preference degree value corresponding to the last time cycle.
[0054] The server can propose a corresponding time period for the exponential
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smoothing model, there can be several time cycles in the time period. The time
period can be proposed according to the characteristics of the specified product, and
different specified products can be proposed with different time periods. For example,
the time period proposed for the exponential smoothing model of a finance product
can be a month, the time cycle in such time period can be measured by days. The
time period proposed for the exponential smoothing model of an insurance product
can be a year, the time cycle in such time period can be measured by months.

[0055] Different specified products can correspond to different exponential
coefficients. The exponential coefficient can reflect the significance of the influence
by a time cycle over a user preference degree. The greater the exponential
coefficient, the greater the significance of the influence by the time cycle over the
user preference degree. The closer between time cycles, the greater the influence
over the user preference degree.

[0056] In step S206, a plurality of user identifiers and user preference degree
values of the user identifiers over a specified product during a plurality of time cycles
are acquired.

[0057] The time period proposed by the server for the exponential smoothing
model includes several time cycles, the server acquires a plurality of user identifiers
and user preference degree values of the user identifiers over a specified product
during the plurality of time cycles. The user preference degree values of the user
identifiers over a specified product during the plurality of time cycles can be the user
preference degree value of one user, or user preference degree values of several users.
[0058] In step208, iterative calculations are performed on the user preference
degree value with the exponential smoothing model, and smoothing results
corresponding to the time cycle is obtained.

[0059] The server inputs the user preference degree value corresponding to several
time cycles into the exponential smoothing model, performs iterative calculations of
the user preference degree values during several time cycles, and obtains several
smoothing results corresponding to the time cycles. In particular, the server acquires
an exponential coefficient corresponding to the exponential smoothing model
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according to the product identifier. The server multiplies the user preference degree
value corresponding to the first time cycle in the proposed time period with the
exponential coefficient and uses the product as an initial value of the exponential
smoothing model, the initial value can also be called smoothing results corresponding
to the first time cycle. The performs iterative calculations with the smoothing
results corresponding to the first time cycle, the user preference degree value
corresponding to the second time cycle and the exponential coefficient inputting
exponential smoothing model, and obtains smoothing results corresponding to the
second time cycle. Similarly, the server calculates to obtain smoothing results
corresponding to several time cycles.

[0060] Assuming that the specified product is product 1, the time cycle is one day,
the exponential coefficient in the smoothing exponential model is 0.3, the proposed
time period is 4 days, and now the user preference degree value of day 5 is required
to be predicted. Firstly, respective iterative calculation to the user preference degree
values over the previous 4 days should be performed using the exponential smoothing
model, the corresponding smoothing results obtained are as follows in Table 1:

Table 1
Time cycles Day 1 Day 2 Day 3 Day 4
User preference (8) 9) @) (3)
degree values
Smoothing results (2.4) (4.38) (4.566) (4.096)

[0061] The smoothing results of the first day is: 0.3*8=2.4; the smoothing result of
the second day is: 0.3*9+(1-0.3)*2.4=4.38; the smoothing result of the third day is:
0.3*5+(1-0.3)*4.38=4.566; The smoothing result of the fourth day is:
0.3*3+(1-0.3)*4.566=4.096. Through the exponential smoothing model, the user
preference degree value over a specified product is thereby fused with the factor of
time.

[0062] In step S210, a sparse matrix is generated utilizing the user identifiers and
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the smoothing results corresponding to the time cycles, the sparse matrix includes a
plurality of user preference degrees to be predicted.

[0063] The server generates a sparse matrix where the user identifiers correspond
to the product identifiers utilizing the user identifiers and the smoothing results
corresponding to the time cycles. The sparse matrix includes several user identifiers
and one product identifier, or otherwise includes several user identifiers and several
product identifiers. The coefficient matrix includes known user preference degree
values and unknown user preference degree values. unknown user preference
degree values are the predictive values of user preference degrees to be predicted
[0064] In the sparse matrix, the predictive values of user preference degrees to be
predicted can be represented by preset characters, such as "?". For example, the row
in the sparse matrix is product identifiers, the column is user identifiers, the values in
the sparse matrix are user preference degree values of a user over a product, shown in
Table 2 as follows:

Product identifier

Product identifier

Product identifier

Product identifier

1 2 3 4
User identifier 1 (47.46) (83.17) (78.69) (78.51)
User identifier 2 (32.47) (25.12) (91.37) (64.43)
User identifier 3 (67.58) ? (55.45) ?
User identifier 4 ? (24.80) (44.13) (57.71)
User identifier 5 (48.31) ? (61.97) (85.53)

[0065]

As the user preference degree values in the sparse matrix are smoothing

results corresponding to the time cycles, the sparse matrix is also effectively fused
with the time factor. When it is required to predict unknown user preference degree
value in a next time cycle, the server acquires the product identifier, user identifier
and the smoothing results of user preference degree values in the present time cycle
to generate the sparse matrix where the user identifier and product identifier
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correspond.

[0066] In step S212, a collaborative filtering model is acquired and the smoothing
results corresponding to the time cycles are input into the collaborative filtering
model.

[0067] In step S214, by training through the collaborative filtering model,
predictive values of the plurality of user preference degrees to be predicted in the
sparse matrix are calculated and obtained.

[0068] The collaborative filtering model can be a conventional collaborative
filtering model. The server acquires the collaborative filtering model and inputs the
smoothing results corresponding to the time cycles into the collaborative filtering
model. By training through the collaborative filtering model, predictive values of
the plurality of user preference degrees to be predicted are calculated and obtained.
[0069] In particular, when an unknown user preference degree value in a next time
cycle is to be predicted, the server acquires smoothing results of several user
identifiers in the last time cycle and inputs the same to the collaborative filtering
model. By training through the collaborative filtering model, predictive values of
the plurality of user preference degrees to be predicted in the sparse matrix where the
user identifier and product identifier correspond and over the next time cycle are
calculated and obtained.

[0070] The server inputs the user preference degree value corresponding to several
time cycles into the exponential smoothing model, performs iterative calculations of
the user preference degree values during several time cycles, and obtains several
smoothing results corresponding to the time cycles. When a unknown user
preference degree value in a next time cycle is to be predicted, a sparse matrix can be
generated utilizing the user identifiers and smoothing results corresponding to the
time cycles, input the smoothing results corresponding to the time cycles to the
collaborative filtering model, training is performed through the collaborative filtering
model, and predictive values of the plurality of user preference degrees to be
predicted in the sparse matrix are calculated and obtained. As the smoothing results
input to the collaborative model are fused with the time factor, time factor relevant
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user preference degree value over a specified product can be predicted. An effective
prediction over the user preference degree value of a specified product and combining
the time factor is implemented.

[0071] In an embodiment, after predictive values of the plurality of user preference
degrees to be predicted in the sparse matrix are calculated and obtained, the method
further includes: acquiring a dimension corresponding to the user preference degree
value; collecting statistics of the user preference degree values in a plurality of
dimensions according to the user identifiers; regularizing a statistical result and
obtaining a multi-dimensional vector corresponding to the user identifiers; and
calculating the similarity degree of user preferences between the user identifiers
according to the multi-dimensional vector.

[0072] In the present embodiment, after the corresponding predictive values of the
plurality of user preference degrees to be predicted in the sparse matrix are calculated
by the server, a similarity calculation of known and predicted user preference degree
values can be performed to obtain a plurality of user identifiers with similar user
preference degrees.

[0073] The server can use the product identifier as the dimension corresponding to
the user preference degree value. Different product identifiers are different
dimensions. The user preference degree value can be regarded as record points
scattered in the space. Taking a two dimensional space map for example, as
illustrated in FIG. 3, each record point can be represented by longitude and latitude.
The X axis can be the latitude, the Y axis can be the longitude. Suppose that the
record point of the user preference degree value of user identifier 1 is noted by a
black dot in FIG. 3, and the record point of the user preference degree value of user
identifier 2 is noted by a gray dot in FIG. 3. There are four record dots of user
identifier 1 and three record dots of user identifier 2. As the longitudes and latitudes
of each of the record points are different, a similarity degree comparison cannot be
performed directly. If a comparison is performed with the average point composed
of the latitude average and the longitude average, the average point has apparently
deviated from the user record point and cannot represent the actual user preference
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degree value.

[0074] To perform an effective comparison of the user preference degree value, the
server clusters all the record points, for example, the server can adopt KMeans
algorithm (a clustering algorithm) to perform clustering and obtain several classes.
Each of the classes has a corresponding dimension. Each of the classes includes
user preference degree value record points corresponding to several user identifiers.
[0075] The server collects statistics of the user preference degree value in a
plurality of dimensions according to the user identifiers and obtains the statistical
result of the user preference degree value. The server regularizes the statistical
result to obtain a multi-dimension vector corresponding to the user identifier,
calculates the similarity distance between the user identifiers according to the
multi-dimension vector, and uses the similarity distance as the similarity degree of
user preferences.

[0076] Description will now be made taking the record points corresponding to the
user identifier 1 and user identifier 2 in FIG. 3 as an example. The server clusters
the record points in FIG. 3 to obtain three dimensions. The user identifier 1 has two
record points in the first dimension, 1 record point in the second dimension and 1
record point in the third dimension. The user identifier 2 has two record points in
the first dimension, 1 record point in the second dimension and 0 record point in the
third dimension. The server collects the statistics that the number of the user
preference degree value record points corresponding to user identifier 1 is four in
total, and the number of the user preference degree value record points corresponding
to user identifier 2 is three in total. The server regularizes the statistical result and
obtains a multi-dimensional vector (2/4, 1/4, 1/4) corresponding to the user identifier
1; and a multi-dimensional vector (2/4, 1/4, 1/4) corresponding to the user identifier 1.
The similarity distance between the user identifier 1 and user identifier 2 is calculated
according to the multi-dimension vectors, and takes the similarity distance as the user
preference similarity degree. There can be various ways of similarity distance
calculation, such as calculating the similarity distance using an Euclidean distance
calculation.

13



[0077] By calculating the user preference similarity between user identifiers, users
with similar user preferences can thus be effectively extracted from massive users,
thereby facilitating the pushing of messages and the predicting of consumption
tendency toward users with similar user preferences.

[0078] In an embodiment, the method further includes: acquiring positive samples
and negative samples corresponding to the user preference degree values according to
product identifiers and user identifiers; splitting the negative samples, and obtaining a
plurality of split negative samples, a difference between a number of split negative
samples and a number of positive samples is within a preset range; acquiring a
disaggregated model, training the disaggregated model utilizing the positive samples
and the split negative samples, and obtaining a plurality of trained disaggregated
models; and fitting the plurality of trained disaggregated models and calculating and
obtaining a disaggregating weight corresponding to each trained disaggregated
model.

[0079] In the present embodiment, the server can acquire positive samples and
negative samples corresponding to the user preference degree values according to
product identifiers and user identifiers. The positive samples represent that the user
likes a product while the negative samples represent that the user dislikes a product.
for example, the positive sample is user 1 likes iPhone 7 (a kind of mobile phone),
while the negative sample is the user 2 dislikes iPhone 7. The user preference
degree value includes known user preference degree values and predicted user
preference degree values. The server can use known user preference degree value
for disaggregated training, or use known user preference degree values and predicted
user preference degree values for disaggregated training.

[0080] Both positive samples and negative samples can be referred as samples.
Corresponding sample data is pre-stored on the server, the sample data includes user
characteristic data and product characteristic data. The user characteristic data
includes the age and gender of a user and the product characteristic data includes the
product identifier and the product type.

[0081] Typically, when a new product is released, the number of users liking the
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new product is far less than the number of users disliking the new product. As such,
the number of positive samples is far less than the number of negative samples of a
user toward a product.

[0082] There are mainly two ways of conventional disaggregated training. The
first conventional way is to perform under-sampling to the negative samples and
obtain a number of negative samples equivalent to the number of positive samples,
and perform the disaggregated training with the under-sampled negative samples and
the positive samples. Still, the under-sampled negative samples are only a small
portion of data in the negative samples, the total sample data is not completely
utilized, which results in an inaccurate disaggregated model. @ The second
conventional way is to duplicate the positive samples to cause the number of positive
samples to be generally even to the number of the negative samples. Although no
extra sample information is introduced in the second conventional way, yet, as the
number of negative samples is far greater than the number of positive samples, after
the positive sample duplication, the data volume to be calculated is caused to be
exploded, the calculation load of the server is thereby increased.

[0083] For the purpose of effectively addressing the problems of the insufficient
utilization of sample data and the server calculation overload caused by utilizing the
total sample data, a new disaggregated training manner is provided in the present
embodiment.

[0084] In particular, the server acquires positive samples and negative samples
corresponding to the user preference degree values according to product identifiers
and user identifiers. The server splits the negative samples according to the number
of the positive samples. The difference between number of split negative samples
and the number of positive samples is within a preset range. The number of split
negative samples and the number of positive samples are equal or close. The server
acquires a disaggregated model, the disaggregated model can be a conventional
disaggregated model. The server inputs each split negative sample and positive
sample into the disaggregated model for training and obtains a trained disaggregated
model that has the same number as the split negative samples.

15



[0085] The server acquires a regression model, which can be a conventional
regression model. The server inputs the output of several trained disaggregate
model into the regression model and thereby fits the plurality of trained disaggregated
models and calculating and obtaining a disaggregating weight corresponding to each
trained disaggregated model. In the entire process, not only the total present sample
data are sufficiently utilized, the data to be calculated is also not exploding, the
calculation load of the server is therefore effectively relieved.

[0086] In one of the embodiment, after the step of calculating and obtaining the
disaggregating weight corresponding to the trained disaggregated model, the method
further includes: acquiring sample data to be disaggregated; and disaggregating the
sample data to be disaggregated utilizing the trained disaggregated models and the
disaggregating weight.

[0087] The server can acquire sample data to be disaggregated, input the sample
data to be disaggregated into the trained disaggregated model, respectively, and
disaggregate the sample data to be disaggregated utilizing each trained disaggregated
model and disaggregating weight. As such, a swift and effective disaggregation can
be performed to the sample data to be disaggregated.

[0088] In an embodiment, as shown in FIG. 4, a server is provided which includes a
processor connected through the system bus, a non-transitory storage medium, a
memory device and a network interface. An operating system and computer
readable instructions are stored in the non-transitory storage medium of the server,
computer readable instructions are configured to implement a collaborative filtering
method in combination with time factor. The processor is configured to provide
calculation and control capability to support the operation of the entire server. The
network interface is configured for communication with external terminals through
network communication therethrough. The server can be an independent server or
be implemented by way of a server group composed of a plurality of servers. A
person skilled in the art should understand, FIG. 4 is exemplary to show the structure
of the terminal in accordance with an embodiment of the present disclosure and does
not limit the server to the embodiment; in other embodiments, compared with the
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structure shown in FIG.4, the particular server may include more or less components,
be configured with other components not shown in FIG. 4, or have a different
configuration.
[0089] In an embodiment, as shown in FIG. 5, a collaborative filtering apparatus in
combination with time factor is provided, which includes: a model establishing
module 502, an acquiring module 504, a smoothing module 506, a matrix generating
module 508 and a first training module 510:
[0090] The model establishing module 502 is configured to establish an
exponential smoothing model.
[0091] An acquiring module 504 configured to acquire a time period proposed for
the exponential smoothing model, the time period includes a plurality of time cycles;
and to acquire a plurality of user identifiers and user preference degree values of the
user identifiers over a specified product and during a plurality of time cycles.
[0092] A smoothing module 506 configured to perform iterative calculations of the
user preference degree values utilizing the exponential smoothing model, and obtain
smoothing results corresponding to the time cycles.
[0093] A matrix generating module 508 configured to generate a sparse matrix
utilizing the user identifiers and the smoothing results corresponding to the time
cycles, the sparse matrix includes a plurality of user preference degrees to be
predicted.
[0094] The acquiring module 504 is further configured to acquire a collaborative
filtering model.
[0095] The first training module 510 is configured to input the smoothing results
corresponding to the time cycle to the collaborative filtering model; The first training
module 510 is configured to train through the collaborative filtering model, and
calculate and obtain predictive values of the plurality of user preference degrees to be
predicted.
[0096] In an embodiment, the formula of the exponential smoothing model is as
follows.

Pu1=a*Pi+(1-a)*Pra;
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[0097] a is an exponential coefficient corresponding to a product identifier; P IS
the user preference degree value corresponding to the next time cycle; P; is the user
preference degree value corresponding to the current time cycle; and Py, is the user
preference degree value corresponding to the last time cycle.

[0098] In an embodiment, the acquiring module 504 is further configured to
acquire a dimension corresponding to the user preference degree value; as shown in
FIG. 5, the apparatus further includes: a statistics collecting module 512, a
regularization module 514 and a similarity calculation module 516.

[0099] The statistics collecting module 512 is configured to collect statistics of user
preference degree values in a plurality of dimensions according to the user identifiers.
[00100] The regularization module 514 is configured to regularize a statistical result
and obtaining multi-dimensional vectors corresponding to user identifiers.

[00101] The similarity statistics collecting module 516 is configured to calculate the
similarity degree of user preferences between the user identifiers according to the
multi-dimensional vectors.

[00102] In an embodiment, the acquiring module 504 is further configured to
acquire positive samples and negative samples corresponding to the user preference
degree values according to the product identifiers and user identifiers; as shown in
FIG. 6, the apparatus further includes a splitting module 518, a second training
module 520 and a fitting module 522:

[00103] The splitting module 518 is configured to split the negative samples, and
obtaining a plurality of split negative samples, a difference between a number of split
negative samples and a number of positive samples is within a preset range;

[00104] The acquiring module 504 is further configured to acquire a disaggregated
model.

[00105] The second training module 520 is configured to train the disaggregated
model utilizing the positive samples and the split negative samples, and obtaining a
plurality of trained disaggregated models.

[00106] The fitting module 522 is configured to fit the plurality of trained
disaggregated models and calculate and obtain a disaggregating weight corresponding
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to each trained disaggregated model.

[00107] In an embodiment, the acquiring module 504 is further configured to
acquire disaggregated sample data; as shown in FIG. 7, the apparatus further includes:
disaggregating module 524 configured to disaggregate the sample data to be
disaggregated utilizing the trained disaggregated model and disaggregating weight.
[00108] The various modules of the foregoing collaborative filtering apparatus in
combination with time factor can be implemented, in part or as a whole, by software,
hardware or the combinations thereof. The foregoing modules can be embedded in
or independent from the processor of a base station and in the form of hardware, or be
stored in a memory of base station and in the form of software, so as to facilitate the
processor to call and execute corresponding operations of the foregoing various
modules. The processor can be a CPU or a microprocessor etc.

[00109] In an embodiment, at least one non-transitory storage medium storing
computer-readable instructions is provided, the computer-readable instructions are
executed by at least one processor to perform the step as follows.

[00110] establishing an exponential smoothing model;

[00111] acquiring a time period proposed for the exponential smoothing model, the
time period includes a plurality of time cycles;

[00112] acquiring a plurality of user identifiers and user preference degree values of
the user identifiers over a specified product during a plurality of time cycles;

[00113] performing iterative calculations of the user preference degree values
utilizing the exponential smoothing model, and obtaining smoothing results
corresponding to the time cycles;

[00114] generating a sparse matrix utilizing the user identifiers and the smoothing
results corresponding to the time cycles, the sparse matrix includes a plurality of user
preference degrees to be predicted,;

[00115] acquiring a collaborative filtering model and inputting the smoothing results
corresponding to the time cycles into the collaborative filtering model; and

[00116] training through the collaborative filtering model, calculating and obtaining
predictive values of the plurality of user preference degrees to be predicted in the
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sparse matrix.
[00117] In an embodiment, the formula of the exponential smoothing model is as
follows.

Pu1=a*Pi+(1-a)*Pry;
[00118] a is an exponential coefficient corresponding to a product identifier; Py IS
the user preference degree value corresponding to the next time cycle; P; is the user
preference degree value corresponding to the current time cycle; and Py, is the user
preference degree value corresponding to the last time cycle.
[00119] In an embodiment, after predictive values of the plurality of user preference
degrees to be predicted in the sparse matrix are calculated and obtained, the
instructions are further executed by at least one processor to perform: acquiring a
dimension corresponding to the user preference degree value; collecting statistics of
the user preference degree value in a plurality of dimensions according to the user
identifiers; regularizing the statistical result and obtaining multi-dimensional vector
corresponding to the user identifiers; and calculating the similarity degree of user
preferences between the user identifiers according to the multi-dimensional vector.
[00120] In an embodiment, the instructions are further executed by at least one
processor to perform: acquiring positive samples and negative samples corresponding
to the user preference degree values according to product identifiers and user
identifiers; splitting the negative samples, and obtaining a plurality of split negative
samples, a difference between a quantity of split negative samples and a quantity of
positive samples is within a preset range; acquiring a classification model, training
the classification model utilizing the positive samples and the split negative samples,
and obtaining a plurality of trained classification models; and fitting the plurality of
trained classification models and calculating and obtaining a classification weight
corresponding to each trained classification model.
[00121] In one of the embodiment, after the step of calculating and obtaining the
disaggregating weight corresponding to the trained disaggregated model, the
instructions are further executed by at least one processor to perform: acquiring
sample data to be disaggregated; and disaggregating the sample data to be
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disaggregated utilizing the trained disaggregated models and the disaggregating
weight.

[00122] A person skilled in the art should understand that the processes of the
methods in the above embodiments can be, in full or in part, implemented by
computer programs instructing underlying hardware, the programs can be stored in a
non-volatile computer-readable storage medium, the program can include the
processes in the embodiments of the various methods when it is being executed.
The storage medium can be a disk, a CD, a Read-Only Memory (ROM).

[00123] Although the respective embodiments have been described one by one, it
shall be appreciated that the respective embodiments will not be isolated. Those
skilled in the art can apparently appreciate upon reading the disclosure of the
application that the respective technical features involved in the respective
embodiments can be combined arbitrarily between the respective embodiments as
long as they have no collision with each other.

[00124] The foregoing implementations are merely specific embodiments of the
present disclosure, and are not intended to limit the protection scope of the present
disclosure. It should be noted that any variation or replacement readily figured out
by persons skilled in the art within the technical scope disclosed in the present
disclosure shall all fall into the protection scope of the present disclosure. Therefore,
the protection scope of the present disclosure shall be subject to the protection scope
of the claims.
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What is claimed is:
1. A computer-implemented method of collaborative filtering in combination with time
factor for a user preference prediction, comprising:

establishing, by a server, an exponential smoothing model;

acquiring, by the server, a time period proposed for the exponential smoothing
model, the time period being defined based on a specified product and comprising a
plurality of time cycles associated with the specified product;

acquiring, by the server, a plurality of user identifiers and a plurality of user
preference degree values of the plurality of user identifiers over the specified product
during the plurality of time cycles, each of the plurality of user preference degree values
being associated with one of the plurality of user identifiers, one of the plurality of time
cycles, and the specified product;

performing, by the server, iterative calculations to the plurality of user preference
degree values utilizing the exponential smoothing model, and obtaining smoothing results
corresponding to the plurality of time cycles;

generating, by the server, a sparse matrix utilizing the plurality of user identifiers
and the smoothing results corresponding to the plurality of time cycles, the sparse matrix
comprising a plurality of user preference degrees to be predicted;

acquiring, by the server, a collaborative filtering model and inputting the smoothing
results corresponding to the plurality of time cycles into the collaborative filtering model;

training, by the server, through the collaborative filtering model, calculating and
obtaining predictive values of the plurality of user preference degrees to be predicted in
the sparse matrix;

acquiring positive samples and negative samples corresponding to the plurality of
the user preference degree values according to product identifiers and the plurality of user
identifiers;

splitting the negative samples, and obtaining a plurality of split negative samples,
wherein a difference between the number of split negative samples and the number of

positive samples is within a preset range;
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acquiring a disaggregated model, training the disaggregated model utilizing the
positive samples and the split negative samples, and obtaining a plurality of trained
disaggregated models; and

fitting the plurality of trained disaggregated models and calculating and obtaining a

disaggregating weight corresponding to each trained disaggregating model.

2. The computer-implemented method of claim 1, wherein a formula of the exponential
smoothing model comprises:
Pu1=a*Pi+(1-a)*Py.y
wherein a is an exponential coefficient corresponding to a product identifier; P is
the user preference degree value corresponding to the next time cycle; P is the user
preference degree value corresponding to the current time cycle; and Py is the user

preference degree value corresponding to the last time cycle.

3. The computer-implemented method of claim 1, wherein after calculating and obtaining
predictive values of the plurality of user preference degrees to be predicted, the method
further comprises:

acquiring a dimension corresponding to the user preference degree value;

collecting statistics of the user preference degree value in a plurality of dimensions
according to the user identifiers;

regularizing a statistical result and obtaining a multi-dimensional vector
corresponding to the user identifiers; and

calculating a similarity degree of user preferences between the user identifiers

according to multi-dimensional vectors.

4. The computer-implemented method of claim 1, wherein after calculating and obtaining
predictive values of the plurality of user preference degrees to be predicted, the method
further comprises:

acquiring sample data to be disaggregated; and
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disaggregating the sample data to be disaggregated utilizing the trained
disaggregated models and the disaggregating weight.

5. An apparatus of collaborative filtering in combination with time factor for a user
preference prediction, comprising:

a model establishing module configured to establish an exponential smoothing
model;

an acquiring module configured to acquire a time period proposed for the
exponential smoothing model, the time period being defined based on a specified product
and comprising a plurality of time cycles associated with the specified product, and to
acquire a plurality of user identifiers and a plurality of user preference degree values of
the plurality of user identifiers over the specified product during the plurality of time
cycles;

a smoothing module configured to perform iterative calculations to the plurality of
user preference degree values utilizing the exponential smoothing model, and obtain
smoothing results corresponding to the plurality of time cycles;

a matrix generating module configured to generate a sparse matrix utilizing the
plurality of user identifiers and the smoothing results corresponding to the plurality of
time cycles, the sparse matrix comprising a plurality of user preference degrees to be
predicted;

the acquiring module is further configured to acquire a collaborative filtering model;

a first training module configured to input the smoothing results corresponding to
the plurality of time cycles to the collaborative filtering model; the first training module
being configured to train through the collaborative filtering model, and calculate and
obtain predictive values of the plurality of user preference degrees to be predicted in the
sparse matrix;

the acquiring module is further configured to acquire positive samples and negative
samples corresponding to the plurality of user preference degree values according to

product identifiers and the plurality of user identifiers;
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a splitting module configured to split the negative samples, and obtaining a plurality
of split negative samples, wherein a difference between the number of split negative
samples and the number of positive samples is within a preset range;

the acquiring module is further configured to acquire a disaggregated model;

a second training module configured to train the disaggregated model utilizing the
positive samples and the split negative samples, and obtaining a plurality of trained
disaggregated models; and

a fitting module configured to fit the plurality of trained disaggregated models and
calculating and obtaining a disaggregating weight corresponding to each trained

disaggregated model.

6. The apparatus of claim 5, wherein a formula of the smoothing model comprises:
Pii=a*P+(1-2)*Pey;
wherein a is an exponential coefficient corresponding to a product identifier; P is
the user preference degree value corresponding to the next time cycle; P is the user
preference degree value corresponding to the current time cycle; and Py is the user

preference degree value corresponding to the last time cycle.

7. The apparatus of claim 5, wherein the acquiring module is further configured to
acquire a dimension corresponding to the user preference degree value;

the apparatus further comprises:

a statistic collecting module configured to collect statistics of user preference degree
values in a plurality of dimensions according to the user identifiers;

a regularization module configured to regularize a statistical result and obtaining
multi-dimensional vectors corresponding to the user identifiers; and

a similarity statistics collecting module configured to calculate the similarity degree
of user preferences between the user identifiers according to the multi-dimensional

vectors.
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8. The apparatus of claim 5, wherein the acquiring module is further configured to
acquire sample data to be disaggregated;

the apparatus further comprises:

a disaggregated module configured to disaggregate the sample data to be

disaggregated utilizing the trained disaggregated models and the disaggregating weight.

9. A server for a user preference prediction comprising a processor; and a memory storing
instructions, which, when executed by the processor cause the processor to perform steps
comprising:

establishing, by the server, an exponential smoothing model;

acquiring, by the server, a time period proposed for the exponential smoothing
model, the time period being defined based on a specified product and comprising a
plurality of time cycles associated with the specified product;

acquiring, by the server, a plurality of user identifiers and a plurality of user
preference degree values of the plurality of user identifiers over the specified product
during the plurality of time cycles, each of the plurality of user preference degree values
being associated with one of the plurality of user identifiers, one of the plurality of time
cycles, and the specified product;

performing, by the server, iterative calculations to the plurality of user preference
degree values utilizing the exponential smoothing model, and obtaining smoothing results
corresponding to the plurality of time cycles; '

generating, by the server, a sparse matrix utilizing the plurality of user identifiers
and the smoothing results corresponding to the plurality of time cycles, the sparse matrix
comprising a plurality of user preference degrees to be predicted;

acquiring, by the server, a collaborative filtering model and inputting the smoothing
results corresponding to the plurality of time cycles into the collaborative filtering model;

training, by the server, through the collaborative filtering model, calculating and
obtaining predictive values of the plurality of user preference degrees to be predicted in

the sparse matrix;
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acquiring positive samples and negative samples corresponding to the user
preference degree values according to product identifiers and the plurality of user
identifiers;

splitting the negative samples, and obtaining a plurality of split negative samples,
wherein a difference between the number of split negative samples and the number of
positive samples is within a preset range;

acquiring a disaggregated model, training the disaggregated model utilizing the
positive samples and the split negative samples, and obtaining a plurality of trained
disaggregated models; and

fitting the plurality of trained disaggregated models and calculating and obtaining a

disaggregating weight corresponding to each trained disaggregating model.

10. The server of claim 9, wherein a formula of the smoothing model comprises:
Pi1=a*PiH(1-2)*Py.y;
wherein a is an exponential coefficient corresponding to a product identifier; Pw is
the user preference degree value corresponding to the next time cycle; Py is the user
preference degree value corresponding to the current time cycle; and P is the user

preference degree value corresponding to the last time cycle.

11. The server of claim 9, wherein after calculating and obtaining predictive values of the
plurality of user preference degrees to be predicted in the sparse matrix, the method
further comprises:

acquiring a dimension corresponding to the user preference degree value;

collecting statistics of the user preference degree value in a plurality of dimensions
according to the user identifiers;

regularizing a statistical result and obtaining a multi-dimensional vector
corresponding to the user identifiers; and

calculating a similarity degree of user preferences between the user identifiers

according to the multi-dimensional vectors.
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12. The server of claim 9, wherein after calculating and obtaining a disaggregating weight
corresponding to each trained disaggregated model, the processor further executes the
instructions to provide:

acquiring sample data to be disaggregated; and

disaggregating the sample data to be disaggregated utilizing the trained
disaggregated models and the disaggregating weight.

13. At least one non-transitory computer-readable storage medium storing
computer-readable instructions for a user preference prediction that, when executed by at
least one processors, cause the at least one processor to perform steps comprising:

establishing, by the processor, an exponential smoothing model;

acquiring, by the processor, a time period proposed for the exponential smoothing
model, the time period being defined based on a specified product and comprising a
plurality of time cycles associated with the specified product;

acquiring, by the processor, a plurality of user identifiers and a plurality of user
preference degree values of the plurality of user identifiers over the specified product
during the plurality of time cycles, each of the plurality of user preference degree values
being associated with one of the plurality of user identifiers, one of the plurality of time
cycles, and the specified product;

performing, by the processor, iterative calculations to the plurality of user preference
degree values utilizing the exponential smoothing model, and obtaining smoothing results
corresponding to the plurality of time cycles;

generating, by the processor, a sparse matrix utilizing the plurality of user identifiers
and the smoothing results corresponding to the plurality of time cycles, the sparse matrix
comprising a plurality of user preference degrees to be predicted;

acquiring a collaborative filtering model and inputting the smoothing results
corresponding to the time cycles into the collaborative filtering model;

training through the collaborative filtering model, calculating and obtaining
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predictive values of the plurality of user preference degrees to be predicted in the sparse
matrix;

acquiring positive samples and negative samples corresponding to the user
preference degree values according to product identifiers and the plurality of user
identifiers;

splitting the negative samples, and obtaining a plurality of split negative samples,
wherein a difference between the number of split negative samples and the number of
positive samples is within a preset range;

acquiring a disaggregated model, training the disaggregated model utilizing the
positive samples and the split negative samples, and obtaining a plurality of trained
disaggregated models; and

fitting the plurality of trained disaggregated models and calculating and obtaining a

disaggregating weight corresponding to each trained disaggregating model.

14. The storage medium of claim 13, wherein a formula of the smoothing model
comprises:
Pi1=a*Pi+(1-2)*Py.;
wherein a is an exponential coefficient corresponding to a product identifier; P is
the user preference degree value corresponding to the next time cycle; P; is the user
preference degree value corresponding to the current time cycle; and Py is the user

preference degree value corresponding to the last time cycle.

15. The storage medium of claim 13, after calculating and obtaining predictive values of
the plurality of user preference degrees to be predicted, the at least one processor further
executes the instructions to provide:

acquiring a dimension corresponding to the user preference degree value;

collecting statistics of the user preference degree value in a plurality of dimensions
according to the user identifiers;

regularizing a statistical result and obtaining a multi-dimensional vector
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corresponding to the user identifiers; and
calculating a similarity degree of user preferences between the user identifiers

according to the multi-dimensional vectors.

16. The storage medium of claim 13, wherein after calculating and obtaining a
disaggregating weight corresponding to each trained disaggregated model, the at least one
processor further executes the instructions to provide:

acquiring sample data to be disaggregated; and

disaggregating the sample data to be disaggregated utilizing the trained
disaggregated models and the disaggregating weight.
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