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RECOMMENDATION METHOD AND APPARATUS BASED ON 

AUTOMATIC FEATURE GROUPING 

[0001] This application claims priority to Chinese Patent Application No. 202010294506.3, 

filed with the China National Intellectual Property Administration on April 14, 2020 and entitled 

"RECOMMENDATION METHOD AND APPARATUS BASED ON AUTOMATIC FEATURE 5 

GROUPING", which is incorporated herein by reference in its entirety. 

TECHNICAL FIELD 

[0002][0001] This application relates to the field of artificial intelligence, and in particular, to 

a recommendation method and apparatus based on automatic feature grouping. 

BACKGROUND 10 

[0003][0002] A personalized recommendation system analyzes users and information about 

user behavior, to accurately predict user behavior. A good recommendation system is vital to user 

experience and enterprise benefits. Therefore, user behavior prediction is of great significance. 

[0004][0003] In all user behavior prediction scenarios, predicting an advertisement click-

through rate is an important scenario of user behavior prediction. In a scenario of predicting an 15 

advertisement click-through rate, the recommendation system analyzes advertisement click history 

of a user, predicts a possibility that the user clicks each candidate advertisement provided by an 

advertiser, and displays an advertisement with a highest click possibility to the user, to improve an 

advertisement click-through rate. Historical advertisement click data usually includes a large 

quantity of information. The information is classified into different categories, for example, age, 20 

gender, city, week, time, and IP address of a user. The specific information is referred to as features, 

and categories of the features are referred to as feature categories. There is a complex interaction 

relationship between different features. How to identify a relationship between features becomes 

a major challenge to improving prediction accuracy of the personalized recommendation system. 

[0005][0004] There may be three methods for processing interaction between discrete features 25 
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in an existing model: 

[0006][0005] Method 1: Completely ignore feature interaction, and do not perform modeling 

on feature interaction in a model. Method 2: Perform implicit modeling on feature interaction by 

using a model such as a neural network. Method 3: Perform explicit modeling on feature 

interaction by using a model structure. Method 3 is classified into the following two types based 5 

on a quantity of features related to each interaction. 

[0007][0006] Method 3.1: In an explicit two-order interaction model, enumerate all interaction 

in pairs, where each interaction includes only two features. 

[0008][0007] Method 3.2: In an explicit higher-order interaction model, enumerate all higher-

order interaction, where each interaction includes more than two features. 10 

[0009][0008] In Method 1, interaction between features is completely ignored. In Method 2, 

interaction between features cannot be explained through implicit modeling by using a neural 

network. Although explicit modeling is performed on feature interaction of different orders in 

Method 3, all feature interaction of a current order is simply enumerated in Methods 3.1 and 

Method 3.2. There are two problems: First, not all feature interaction is useful. Redundant feature 15 

interaction needs to be automatically identified by a model, which may have side effect on model 

optimization and compromise model effect. Second, because there are a plurality of higher-order 

interaction, direct enumeration causes huge training time overheads and storage overheads. 

SUMMARY 

[0010][0009] Embodiments of this application provide a recommendation method and 20 

apparatus based on automatic feature grouping. In the solution in embodiments of this application, 

automatic feature grouping and feature interaction are performed on association features of a 

candidate recommended object, to automatically search for important higher-order interaction 

information. This can improve recommendation accuracy. 

[0011][0010] According to a first aspect, an embodiment of this application provides a 25 

recommendation method based on automatic feature grouping, including: 

obtaining a plurality of candidate recommended objects and a plurality of association 

features of each of the plurality of candidate recommended objects; performing multi-order 

automatic feature grouping on the plurality of association features of each of the plurality of 

candidate recommended objects, to obtain a multi-order feature interaction set of each candidate 30 
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recommended object, where each-order feature interaction set in the multi-order feature interaction 

set of each of the plurality of candidate recommended objects includes one or more feature 

interaction groups, each of the one or more feature interaction groups includes at least one of the 

plurality of association features of the candidate recommended object, in each feature interaction 

group in a kth-order feature interaction set in the multi-order feature interaction set, a quantity of 5 

association features used in a non-linear mathematical operation is k, and k is an integer greater 

than 0; obtaining an interaction feature contribution value of each candidate recommended object 

through calculation based on the plurality of association features in the multi-order feature 

interaction set of each of the plurality of candidate recommended objects; obtaining a prediction 

score of each candidate recommended object through calculation based on the interaction feature 10 

contribution value of each of the plurality of candidate recommended objects; and determining one 

or more corresponding candidate recommended objects with a high prediction score in the plurality 

of candidate recommended objects as a target recommended object. 

[0012][0011] The candidate recommended object may be an object previously clicked by a 

user, or an object related to an object previously clicked by a user, for example, an application 15 

clicked and viewed by the user or an application previously downloaded by the user in an 

application store, or news information clicked and viewed by the user. 

[0013][0012] Optionally, the non-linear mathematical operation may be a vector inner product 

operation, matrix multiplication, or a non-linear mathematical operation in another form. 

[0014][0013] Automatic feature grouping is performed on the plurality of association features 20 

of the candidate recommended object, to automatically search for important higher-order 

interaction information, and the interaction information is used for recommendation. This can 

improve recommendation accuracy. 

[0015][0014] In a possible embodiment, the obtaining an interaction feature contribution value 

of each candidate recommended object through calculation based on the plurality of association 25 

features in the multi-order feature interaction set of each of the plurality of candidate recommended 

objects includes: 

for the multi-order feature interaction set of each of the plurality of candidate 

recommended objects, 

obtaining a kth-order interaction result of each feature interaction group through 30 

calculation based on a plurality of association features of each feature interaction group in the kth-
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order feature interaction set; and obtaining the interaction feature contribution value of the 

candidate recommended object through calculation based on a corresponding-order interaction 

result of a feature interaction group in the multi-order feature interaction set of the candidate 

recommended object. 

[0016][0015] In a possible embodiment, the obtaining a kth-order interaction result of the 5 

feature interaction group through calculation based on a plurality of association features of each 

feature interaction group in the kth-order feature interaction set includes: 

inputting the plurality of association features of each feature interaction group in the 

kth-order feature interaction set to a feature interaction model for calculation, to obtain the kth-order 

interaction result of the feature interaction group. 10 

[0017][0016] In a possible embodiment, the inputting the plurality of association features of 

each feature interaction group in the kth-order feature interaction set to a feature interaction model 

for calculation, to obtain the kth-order interaction result of the feature interaction group includes: 

performing the following steps on each feature interaction group in the kth-order feature 

interaction set: 15 

obtaining a feature vector of each association feature of the feature interaction group 

and a weight corresponding to the feature vector; performing weighted summation on the feature 

vector of each association feature of the feature interaction group and the weight corresponding to 

the feature vector, to obtain a feature value of the feature interaction group; and determining the 

kth-order interaction result of the feature interaction group based on the feature vector of each 20 

association feature of the feature interaction group, the weight corresponding to the feature vector, 

and the feature value of the feature interaction group. 

[0018][0017] Optionally, an interaction result of a jth feature interaction group in the kth-order 

feature interaction set may be represented as: 

𝐼𝑗
𝑘 =  {

(𝑔𝑗
𝑘)

𝑘
 − ∑ (𝑤𝑖,𝑗

𝑘 𝑒𝑖)
𝑘
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𝑘
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25 

[0019][0018] 𝑔𝑗
𝑘 = ∑ 𝑤𝑖,𝑗

𝑘 𝑒𝑖𝑓𝑖∈𝑠𝑗
𝑘 , 𝑔𝑗

𝑘 is a feature value of 𝑠𝑗
𝑘, 𝑠𝑗

𝑘 is the jth feature interaction 

group in the kth-order feature interaction set, 𝑓𝑖  is an ith association feature in a plurality of 

association features of a candidate recommended object A, 𝑒𝑖 is a feature vector, corresponding 

to 𝑓𝑖, whose dimension is m, 𝑤𝑖,𝑗
𝑘  is a weight of ei of the jth feature interaction group in the kth-
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order feature interaction set, and 𝑅𝑚 is a feature vector set, corresponding to the feature vector, 

whose dimension is m. 

[0020][0019] A kth power operation (v)k on a feature vector v is defined as first performing 

a kth power operation on each number of the feature vector, to obtain a kth power result of each 

number; and then adding kth power results of all numbers, to obtain a real number. 5 

[0021][0020] By using the foregoing designed interaction function 𝐼𝑗
𝑘, any specified feature 

interaction group is enabled to generate specified-order feature interaction. The interaction 

function is implemented in an efficient and simple way, and can be promoted in different 

recommendation tasks. 

[0022][0021] In a possible embodiment, the obtaining the interaction feature contribution 10 

value of the candidate recommended object through calculation based on a corresponding-order 

interaction result of a feature interaction group in the multi-order feature interaction set of the 

candidate recommended object includes: 

obtaining an interaction feature vector based on the corresponding-order interaction 

result of the feature interaction group in the multi-order feature interaction set of the candidate 15 

recommended object; and inputting the interaction feature vector of the candidate recommended 

object to a neural network model for calculation, to obtain the interaction feature contribution 

value of the candidate recommended object, where the neural network model is obtained based on 

a fully connected neural network. 

[0023][0022] The interaction feature vector is further processed by using the neural network 20 

model, to extract potential feature interaction information that is difficult to detect in the 

association features. This can further improve recommendation accuracy. 

[0024][0023] In a possible embodiment, the performing multi-order automatic feature 

grouping on the plurality of association features of each of the plurality of candidate recommended 

objects, to obtain a multi-order feature interaction set of each candidate recommended object 25 

includes: 

inputting the plurality of association features of each of the plurality of candidate 

recommended objects to an automatic feature grouping model for processing, to obtain the multi-

order feature interaction set of each candidate recommended object. 

[0025][0024] Further, the inputting the plurality of association features of each of the plurality 30 

of candidate recommended objects to an automatic feature grouping model for processing, to 
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obtain the multi-order feature interaction set of each candidate recommended object includes: 

for kth-order feature interaction of each candidate recommended object, obtaining an 

allocation probability of each of the plurality of association features of each candidate 

recommended object, where the allocation probability of each of the plurality of association 

features of the candidate recommended object is a probability that the association feature is 5 

allocated to the jth feature interaction group in the kth-order feature interaction set, and the jth feature 

interaction group is any feature interaction group in the kth-order feature interaction set; and 

obtaining the kth-order feature interaction set of each candidate recommended object based on the 

allocation probability of each of the plurality of association features of the candidate recommended 

object. 10 

[0026][0025] The association feature is allocated to the jth feature interaction group in the kth-

order feature interaction set in uniform distribution, normal distribution, mean square distribution, 

or the like. Therefore, the allocation probability of the association feature may be obtained based 

on a uniform distribution probability function, a normal distribution probability function, or a 

mean square distribution probability function. 15 

[0027][0026] It should be noted that a grouping operation performed on the association feature 

based on the allocation probability of the association feature is a discrete process. Therefore, to 

make the grouping operation continuous, the allocation probability of the association feature is 

processed, to obtain a processed probability, namely, an allocation value; and then the association 

feature is grouped based on the allocation value. 20 

[0028][0027] Specifically, the obtaining the kth-order feature interaction set of the candidate 

recommended object based on the allocation probability of each of the plurality of association 

features of the candidate recommended object includes: 

determining an allocation value of the association feature based on the allocation 

probability of each of the plurality of association features of the candidate recommended object, 25 

where the allocation value is a probability that each association feature is allocated to the jth feature 

interaction group in the kth-order feature interaction set; and if the allocation value of the 

association feature is greater than a preset threshold, allocating the association feature to the jth

feature interaction group in the kth-order feature interaction set; or if the allocation value of the 

association feature is not greater than a preset threshold, skipping allocating the association feature 30 

to the jth feature interaction group in the kth-order feature interaction set. 
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[0029][0028] Optionally, a manner of processing the allocation probability of the association 

feature may be a Gumbel-Softmax operation or another operation. The allocation value may be 

represented as: 

(Π𝑖,𝑗
𝑘 )

𝑜
=  

exp (
𝑙𝑜𝑔 𝛼𝑜 + 𝐺𝑜

𝜏 ) 

∑ exp (
𝑙𝑜𝑔 𝛼𝑜 + 𝐺𝑜

𝜏 )o∈{0,1}

[0030][0029] 𝛼0 = 𝑝𝑖,𝑗
𝑘 , and 𝛼1 = 1 − 𝑝𝑖,𝑗

𝑘 . 𝛼0 indicates a probability that the ith association 5 

feature in the plurality of association features of the candidate recommended object A is not 

allocated to the jth feature interaction group in the kth-order feature interaction set, 𝛼0 indicates a 

probability that the ith association feature in the plurality of association features of the candidate 

recommended object A is allocated to the jth feature interaction group in the kth-order feature 

interaction set, and Go is a random number that complies with Gumbel distribution. Whether the 10 

ith association feature is allocated to the jth feature interaction group in the kth-order feature 

interaction set is determined based on a value relationship between (Π𝑖,𝑗
𝑘 )

0
  and (Π𝑖,𝑗

𝑘 )
1
 . In 

(Π𝑖,𝑗
𝑘 )

0
 and (Π𝑖,𝑗

𝑘 )
1
, a sum of (Π𝑖,𝑗

𝑘 )
0
 and (Π𝑖,𝑗

𝑘 )
1
 is 1. If (Π𝑖,𝑗

𝑘 )
0
 is larger, the ith association 

feature in the plurality of association features is not allocated to the jth feature interaction group in 

the kth-order feature interaction set. If (Π𝑖,𝑗
𝑘 )

1
 is larger, the ith association feature is allocated to 15 

the jth feature interaction group in the kth-order feature interaction set. 

[0031][0030] (Π𝑖,𝑗
𝑘 )

1
  is the allocation value. Optionally, when (Π𝑖,𝑗

𝑘 )
1
  is greater than the 

preset threshold, the ith association feature is allocated to the jth feature interaction group in the kth-

order feature interaction set. When (Π𝑖,𝑗
𝑘 )

1
  is not greater than the preset threshold, the ith

association feature is not allocated to the jth feature interaction group in the kth-order feature 20 

interaction set. 

[0032][0031] The preset threshold may be 0.5, 0.6, 0.7, or another value, and 0.5 is a priority. 

[0033][0032] Go = –log – logu, where u may comply with uniform distribution, mean square 

distribution, or normal distribution. 

[0034][0033] Automatic feature grouping is performed on the association features, to 25 

automatically search for important higher-order interaction information, and the higher-order 

interaction information is used for recommendation. This can improve accuracy of a recommended 

object. 
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[0035][0034] According to a second aspect, an embodiment of this application provides a 

training method based on a prediction model, including: 

obtaining training sample data, where the training sample data includes a plurality of 

candidate recommended object samples and a recommended object sample clicked by a user;

obtaining a plurality of association features of each of the plurality of candidate recommended 5 

object samples; inputting the plurality of association features of each of the plurality of candidate 

recommended object samples to a multi-order automatic feature grouping model for automatic 

feature grouping, to obtain a multi-order feature interaction set of each candidate recommended 

object sample, where each-order feature interaction set in the multi-order feature interaction set of 

each of the plurality of candidate recommended object samples includes one or more feature 10 

interaction groups, each of the one or more feature interaction groups includes at least one of the 

plurality of association features of the candidate recommended object sample, in each feature 

interaction group in a kth-order feature interaction set in the multi-order feature interaction set, a 

quantity of association features used in a non-linear mathematical operation is k, and k is an integer 

greater than 0; inputting the multi-order feature interaction set of each of the plurality of candidate 15 

recommended object samples to a feature interaction model for calculation, to obtain an interaction 

feature contribution value of each candidate recommended object sample; obtaining a prediction 

score of each candidate recommended object sample through calculation based on the interaction 

feature contribution value of each of the plurality of candidate recommended object samples; and 

adjusting a parameter of the automatic feature grouping model and a parameter of the feature 20 

interaction model based on a candidate recommended object sample corresponding to a maximum 

prediction score and an object sample clicked by the user, to obtain an adjusted automatic feature 

grouping model and an adjusted feature interaction model. 

[0036][0035] Optionally, the non-linear mathematical operation may be a vector inner product 

operation, matrix multiplication, or a non-linear mathematical operation in another form. 25 

[0037][0036] The plurality of candidate recommended object samples may be special-purpose 

training data during training, or candidate recommended object samples during historical 

recommendation. 

[0038][0037] Important higher-order interaction information can be automatically searched for 

through automatic feature grouping during training. This can reduce optimization difficulty during 30 

training, and greatly improve precision of a prediction model. 
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[0039][0038] In a possible embodiment, the inputting the multi-order feature interaction set of 

each of the plurality of candidate recommended object samples to a feature interaction model for 

calculation, to obtain an interaction feature contribution value of each candidate recommended 

object sample includes: 

for the multi-order feature interaction set of each candidate recommended object 5 

sample, obtaining a kth-order interaction result of the feature interaction group through calculation 

based on association features of each feature interaction group in the kth-order feature interaction 

set, where the kth-order feature interaction set is any-order feature interaction set in the multi-order 

feature interaction set of the candidate recommended object sample; and obtaining the interaction 

feature contribution value of the candidate recommended object sample through calculation based 10 

on a corresponding-order interaction result of a feature interaction group in the multi-order feature 

interaction set of the candidate recommended object sample. 

[0040][0039] In a possible embodiment, the obtaining a kth-order interaction result of the 

feature interaction group through calculation based on association features of each feature 

interaction group in the kth-order feature interaction set includes: 15 

performing the following steps on each feature interaction group in the kth-order feature 

interaction set: 

obtaining a feature vector of each association feature of each feature interaction group 

and a weight corresponding to the feature vector; performing weighted summation on the feature 

vector of each association feature of the feature interaction group and the weight corresponding to 20 

the feature vector, to obtain a feature value of the feature interaction group; and determining the 

kth-order interaction result of the feature interaction group based on the feature vector of each 

association feature of the feature interaction group, the weight corresponding to the feature vector, 

and the feature value of the feature interaction group. 

[0041][0040] In a possible embodiment, the obtaining the interaction feature contribution 25 

value of the candidate recommended object sample through calculation based on a corresponding-

order interaction result of a feature interaction group in the multi-order feature interaction set of 

the candidate recommended object sample includes: 

obtaining an interaction feature vector based on the corresponding-order interaction 

result of the feature interaction group in the multi-order feature interaction set of each candidate 30 

recommended object sample; and inputting the interaction feature vector to a neural network model 
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for calculation, to obtain the interaction feature contribution value of the candidate recommended 

object sample, where the neural network model is obtained based on a fully connected neural 

network. 

[0042][0041] The interaction feature vector is further processed by using the neural network 

model, to extract potential feature interaction information that is difficult to detect in the 5 

association features. This can further improve recommendation accuracy. 

[0043][0042] In a possible embodiment, the adjusting a parameter of the automatic feature 

grouping model and a parameter of the feature interaction model based on a candidate 

recommended object sample corresponding to a maximum prediction score and an object sample 

clicked by the user, to obtain an adjusted automatic feature grouping model and an adjusted feature 10 

interaction model includes: 

adjusting the parameter of the automatic feature grouping model, the parameter of the 

feature interaction model, and a parameter of the neural network model based on the candidate 

recommended object sample corresponding to the maximum prediction score and the object 

sample clicked by the user, to obtain an adjusted automatic feature grouping model, an adjusted 15 

feature interaction model, and an adjusted neural network model. 

[0044][0043] In a possible embodiment, the inputting the plurality of association features of 

each of the plurality of candidate recommended object samples to an automatic feature grouping 

model for multi-order automatic feature grouping, to obtain a multi-order feature interaction set of 

each candidate recommended object sample includes: 20 

for kth-order feature interaction of each candidate recommended object sample, 

obtaining an allocation probability of each of the plurality of association features of the candidate 

recommended object sample, where the allocation probability of each of the plurality of 

association features of the candidate recommended object sample is a probability that the 

association feature is allocated to a jth feature interaction group in the kth-order feature interaction 25 

set, and the jth feature interaction group is any feature interaction group in the kth-order feature 

interaction set; and obtaining the kth-order feature interaction set of the candidate recommended 

object sample based on the allocation probability of each of the plurality of association features of 

the candidate recommended object sample. 

[0045][0044] In a possible embodiment, the obtaining the kth-order feature interaction set of 30 

the candidate recommended object sample based on the allocation probability of each of the 
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plurality of association features of the candidate recommended object sample includes: 

determining an allocation value of the association feature based on the allocation 

probability of each of the plurality of association features of the candidate recommended object 

sample, where the allocation value is a probability that each association feature is allocated to the 

jth feature interaction group in the kth-order feature interaction set; and if the allocation value of 5 

the association feature is greater than a preset threshold, allocating the association feature to the jth

feature interaction group in the kth-order feature interaction set; or if the allocation value of the 

association feature is not greater than a preset threshold, skipping allocating the association feature 

to the jth feature interaction group in the kth-order feature interaction set. 

[0046][0045] According to a third aspect, an embodiment of this application provides a 10 

recommendation apparatus based on automatic feature grouping, including: 

an obtaining unit, configured to obtain a plurality of candidate recommended objects 

and a plurality of association features of each of the plurality of candidate recommended objects;

an automatic feature grouping unit, configured to perform automatic feature grouping 

on the plurality of association features of each of the plurality of candidate recommended objects, 15 

to obtain a multi-order feature interaction set of each candidate recommended object, where each-

order feature interaction set in the multi-order feature interaction set of each of the plurality of 

candidate recommended objects includes one or more feature interaction groups, each of the one 

or more feature interaction groups includes at least one of the plurality of association features of 

the candidate recommended object, in each feature interaction group in a kth-order feature 20 

interaction set in the multi-order feature interaction set, a quantity of association features used in 

a non-linear mathematical operation is k, and k is an integer greater than 0;

a calculation unit, configured to: obtain an interaction feature contribution value of 

each candidate recommended object through calculation based on the plurality of association 

features in the multi-order feature interaction set of each of the plurality of candidate recommended 25 

objects; and obtain a prediction score of each candidate recommended object through calculation 

based on the interaction feature contribution value of each of the plurality of candidate 

recommended objects; and 

a determining unit, configured to determine one or more corresponding candidate 

recommended objects with a high prediction score in the plurality of candidate recommended 30 

objects as a target recommended object. 
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[0047][0046] In a possible embodiment, when obtaining the interaction feature contribution 

value of each candidate recommended object through calculation based on the plurality of 

association features in the multi-order feature interaction set of each of the plurality of candidate 

recommended objects, the calculation unit is specifically configured to: 

for the multi-order feature interaction set of each of the plurality of candidate 5 

recommended objects, 

obtain a kth-order interaction result of each feature interaction group through 

calculation based on a plurality of association features of each feature interaction group in the kth-

order feature interaction set; and obtain the interaction feature contribution value of the candidate 

recommended object through calculation based on a corresponding-order interaction result of a 10 

feature interaction group in the multi-order feature interaction set of the candidate recommended 

object. 

[0048][0047] In a possible embodiment, when obtaining the kth-order interaction result of the 

feature interaction group through calculation based on the plurality of association features of each 

feature interaction group in the kth-order feature interaction set, the calculation unit is specifically 15 

configured to: 

input the plurality of association features of each feature interaction group in the kth-

order feature interaction set to a feature interaction model for calculation, to obtain the kth-order 

interaction result of each feature interaction group. 

[0049][0048] In a possible embodiment, when inputting the plurality of association features of 20 

each feature interaction group in the kth-order feature interaction set to the feature interaction 

model for calculation, to obtain the kth-order interaction result of each feature interaction group, 

the calculation unit is configured to: 

perform the following steps on each feature interaction group in the kth-order feature 

interaction set: 25 

obtaining a feature vector of each association feature of each feature interaction group 

and a weight corresponding to the feature vector; performing weighted summation on the feature 

vector of each association feature of the feature interaction group and the weight corresponding to 

the feature vector, to obtain a feature value of the feature interaction group; and determining the 

kth-order interaction result of the feature interaction group based on the feature vector of each 30 

association feature of the feature interaction group, the weight corresponding to the feature vector, 
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and the feature value of the feature interaction group. 

[0050][0049] In a possible embodiment, when obtaining the interaction feature contribution 

value of each candidate recommended object through calculation based on the corresponding-

order interaction result of the feature interaction group in the multi-order feature interaction set of 

each candidate recommended object, the calculation unit is configured to: 5 

obtain an interaction feature vector based on the corresponding-order interaction result 

of the feature interaction group in the multi-order feature interaction set of each candidate 

recommended object; and input the interaction feature vector to a neural network model for 

calculation, to obtain the interaction feature contribution value of the candidate recommended 

object, where the neural network model is obtained based on a fully connected neural network. 10 

[0051][0050] In a possible embodiment, the automatic feature grouping unit is specifically 

configured to: 

input the plurality of association features of each of the plurality of candidate 

recommended objects to an automatic feature grouping model for processing, to obtain the multi-

order feature interaction set of each candidate recommended object. 15 

[0052][0051] Specifically, the automatic feature grouping unit is specifically configured to: 

for kth-order feature interaction of each candidate recommended object, obtain an 

allocation probability of each of the plurality of association features of each candidate 

recommended object, where the allocation probability of each of the plurality of association 

features of the candidate recommended object is a probability that each association feature is 20 

allocated to a jth feature interaction group in the kth-order feature interaction set, and the jth feature 

interaction group is any feature interaction group in the kth-order feature interaction set; and obtain 

the kth-order feature interaction set of each candidate recommended object based on the allocation 

probability of each of the plurality of association features of each candidate recommended object. 

[0053][0052] Further, when obtaining the kth-order feature interaction set of the candidate 25 

recommended object based on the allocation probability of each of the plurality of association 

features of the candidate recommended object, the automatic feature grouping unit is specifically 

configured to: 

determine an allocation value of the association feature based on the allocation 

probability of each of the plurality of association features of the candidate recommended object, 30 

where the allocation value is a probability that each association feature is allocated to the jth feature 
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interaction group in the kth-order feature interaction set; and if the allocation value of the 

association feature is greater than a preset threshold, allocate the association feature to the jth

feature interaction group in the kth-order feature interaction set; or if the allocation value of the 

association feature is not greater than a preset threshold, skip allocating the association feature to 

the jth feature interaction group in the kth-order feature interaction set. 5 

[0054][0053] Optionally, the non-linear mathematical operation may be a vector inner product 

operation, matrix multiplication, or another non-linear mathematical operation. 

[0055][0054] According to a fourth aspect, an embodiment of this application provides a 

training device based on a prediction model, including: 

an obtaining unit, configured to obtain training sample data, where the training sample 10 

data includes a plurality of candidate recommended object samples and a recommended object 

sample clicked by a user; and obtain a plurality of association features of each of the plurality of 

candidate recommended object samples;

an automatic feature grouping unit, configured to input the plurality of association 

features of each of the plurality of candidate recommended object samples to a multi-order 15 

automatic feature grouping model for automatic feature grouping, to obtain a multi-order feature 

interaction set of each candidate recommended object sample, where each-order feature interaction 

set in the multi-order feature interaction set of each of the plurality of candidate recommended 

object samples includes one or more feature interaction groups, each of the one or more feature 

interaction groups includes at least one of the plurality of association features of the candidate 20 

recommended object sample, in each feature interaction group in a kth-order feature interaction set 

in the multi-order feature interaction set, a quantity of association features used in a non-linear 

mathematical operation is k, and k is an integer greater than 0;

a calculation unit, configured to: input the multi-order feature interaction set of each of 

the plurality of candidate recommended object samples to a feature interaction model for 25 

calculation, to obtain an interaction feature contribution value of each candidate recommended 

object sample; and obtain a prediction score of each candidate recommended object sample 

through calculation based on the interaction feature contribution value of each of the plurality of 

candidate recommended object samples; and 

an adjustment unit, configured to adjust a parameter of the automatic feature grouping 30 

model and a parameter of the feature interaction model based on a candidate recommended object 
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sample corresponding to a maximum prediction score and an object sample clicked by the user, to 

obtain an adjusted automatic feature grouping model and an adjusted feature interaction model. 

[0056][0055] Optionally, the non-linear mathematical operation may be a vector inner product 

operation, matrix multiplication, or another non-linear mathematical operation. 

[0057][0056] In a possible embodiment, when inputting the multi-order feature interaction set 5 

of each of the plurality of candidate recommended object samples to the feature interaction model 

for calculation, to obtain the interaction feature contribution value of each candidate recommended 

object sample, the calculation unit is specifically configured to: 

for the multi-order feature interaction set of each candidate recommended object 

sample, obtain a kth-order interaction result of the feature interaction group through calculation 10 

based on association features of each feature interaction group in the kth-order feature interaction 

set, where the kth-order feature interaction set is any-order feature interaction set in the multi-order 

feature interaction set of the candidate recommended object sample; and obtain the interaction 

feature contribution value of the candidate recommended object sample B through calculation 

based on a corresponding-order interaction result of a feature interaction group in the multi-order 15 

feature interaction set of the candidate recommended object sample. 

[0058][0057] In a possible embodiment, when obtaining the kth-order interaction result of the 

feature interaction group through calculation based on the association features of each feature 

interaction group in the kth-order feature interaction set, the calculation unit is specifically 

configured to: 20 

perform the following steps on each feature interaction group in the kth-order feature 

interaction set: 

obtaining a feature vector of each association feature of each feature interaction group 

and a weight corresponding to the feature vector; performing weighted summation on the feature 

vector of each association feature of the feature interaction group and the weight corresponding to 25 

the feature vector, to obtain a feature value of the feature interaction group; and determining the 

kth-order interaction result of the feature interaction group based on the feature vector of each 

association feature of the feature interaction group, the weight corresponding to the feature vector, 

and the feature value of the feature interaction group. 

[0059][0058] In a possible embodiment, when obtaining the interaction feature contribution 30 

value of the candidate recommended object sample through calculation based on the 
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corresponding-order interaction result of the feature interaction group in the multi-order feature 

interaction set of the candidate recommended object sample, the calculation unit is specifically 

configured to: 

obtain an interaction feature vector based on the corresponding-order interaction result 

of the feature interaction group in the multi-order feature interaction set of each candidate 5 

recommended object sample; and input the interaction feature vector to a neural network model 

for calculation, to obtain the interaction feature contribution value of the candidate recommended 

object sample, where the neural network model is obtained based on a fully connected neural 

network. 

[0060][0059] In a possible embodiment, the adjustment unit is specifically configured to: 10 

adjust the parameter of the automatic feature grouping model, the parameter of the 

feature interaction model, and a parameter of the neural network model based on the candidate 

recommended object sample corresponding to the maximum prediction score and the object 

sample clicked by the user, to obtain an adjusted automatic feature grouping model, an adjusted 

feature interaction model, and an adjusted neural network model. 15 

[0061][0060] Optionally, the automatic feature grouping unit is specifically configured to: 

for kth-order feature interaction of each candidate recommended object sample, obtain 

an allocation probability of each of the plurality of association features of the candidate 

recommended object sample, where the allocation probability of each of the plurality of 

association features of the candidate recommended object sample is a probability that the 20 

association feature is allocated to a jth feature interaction group in the kth-order feature interaction 

set, and the jth feature interaction group is any feature interaction group in the kth-order feature 

interaction set; and obtain the kth-order feature interaction set of the candidate recommended object 

sample based on the allocation probability of each of the plurality of association features of the 

candidate recommended object sample. 25 

[0062][0061] In a possible embodiment, when obtaining the kth-order feature interaction set of 

the candidate recommended object sample based on the allocation probability of each of the 

plurality of association features of the candidate recommended object sample, the automatic 

feature grouping unit is specifically configured to: 

determine an allocation value of the association feature based on the allocation 30 

probability of each of the plurality of association features of the candidate recommended object 
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sample, where the allocation value is a probability that each association feature is allocated to the 

jth feature interaction group in the kth-order feature interaction set; and if the allocation value of 

the association feature is greater than a preset threshold, allocate the association feature to the jth

feature interaction group in the kth-order feature interaction set; or if the allocation value of the 

association feature is not greater than a preset threshold, skip allocating the association feature to 5 

the jth feature interaction group in the kth-order feature interaction set. 

[0063][0062] According to a fifth aspect, an embodiment of this application provides another 

recommendation apparatus based on automatic feature grouping, including: 

a memory, configured to store instructions; and 

at least one processor, coupled to the memory. 10 

[0064][0063] When the at least one processor executes the instructions, the instructions enable 

the processor to perform some or all methods in the first aspect. 

[0065][0064] According to a sixth aspect, an embodiment of this application provides another 

training device based on a prediction model, including: 

a memory, configured to store instructions; and 15 

at least one processor, coupled to the memory. 

[0066][0065] When the at least one processor executes the instructions, the instructions enable 

the processor to perform some or all methods in the second aspect. 

[0067][0066] According to a seventh aspect, an embodiment of this application provides a chip 

system. The chip system is applied to an electronic device, and the chip system includes one or 20 

more interface circuits and one or more processors. The interface circuit and the processor are 

interconnected by using a line, the interface circuit is configured to receive a signal from a memory 

of the electronic device, and send the signal to the processor, and the signal includes computer 

instructions stored in the memory. When the processor executes the computer instructions, the 

electronic device performs some or all methods in the first aspect or the second aspect. 25 

[0068][0067] According to an eighth aspect, an embodiment of this application provides a 

computer storage medium. The computer storage medium stores a computer program, the 

computer program includes program instructions, and when the program instructions are executed 

by a processor, the processor performs some or all methods in the first aspect or the second aspect. 

[0069][0068] According to a ninth aspect, an embodiment of this application provides a 30 

computer program product including computer instructions. When the computer instructions are 
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run on a recommendation apparatus, the recommendation apparatus is enabled to perform some or 

all methods in the first aspect or the second aspect. 

[0070][0069] These or other aspects of this application are more concise and easier to 

understand in descriptions of the following embodiments. 

DESCRIPTION OF DRAWINGS 5 

[0071][0070] To describe technical solutions in embodiments of this application or in the 

conventional technology more clearly, the following briefly describes the accompanying drawings 

for describing embodiments or the conventional technology. It is clear that the accompanying 

drawings in the following descriptions show some embodiments of this application, and a person 

of ordinary skill in the art may still derive other drawings from these accompanying drawings 10 

without creative efforts. 

[0072][0071] FIG. 1a is a schematic diagram of an architecture of a recommendation system 

according to an embodiment of this application;

[0073][0072] FIG. 1b is a schematic diagram of an architecture of another recommendation 

system according to an embodiment of this application;15 

[0074][0073] FIG. 1c is a schematic diagram of an architecture of another recommendation 

system according to an embodiment of this application;

[0075][0074] FIG. 2 is a schematic flowchart of a recommendation method based on automatic 

feature grouping according to an embodiment of this application;

[0076][0075] FIG. 3 is a schematic diagram of a neural network model according to an 20 

embodiment of this application;

[0077][0076] FIG. 4 is a schematic diagram of a structure of a recommendation apparatus 

according to an embodiment of this application;

[0078][0077] FIG. 5 is a schematic diagram of a structure of another recommendation 

apparatus according to an embodiment of this application;25 

[0079][0078] FIG. 6 is a schematic flowchart of a training method based on a prediction model 

according to an embodiment of this application;

[0080][0079] FIG. 7 is a schematic diagram of a structure of another recommendation 

apparatus according to an embodiment of this application;

[0081][0080] FIG. 8 is a schematic diagram of a structure of a training device based on a 30 
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prediction model according to an embodiment of this application;

[0082][0081] FIG. 9 is a schematic diagram of a structure of another recommendation 

apparatus according to an embodiment of this application; and 

[0083][0082] FIG. 10 is a schematic diagram of a structure of another training device based on 

a prediction model according to an embodiment of this application. 5 

DESCRIPTION OF EMBODIMENTS 

[0084][0083] First, it should be noted that in this application, "perform a first operation on each 

of a plurality of objects (for example, M objects)" is the same as "perform a first operation on a jth

object in a plurality of objects, where j=1, 2, ..., or M". 

[0085][0084] The following describes embodiments of this application with reference to the 10 

accompanying drawings. 

[0086][0085] FIG. 1a is a schematic diagram of an architecture of a recommendation system 

according to an embodiment of this application. As shown in FIG. 1a, the recommendation system 

includes a prediction model, a learning module, and a log database. 

[0087][0086] Each time a user triggers a request, the recommendation system inputs the 15 

request and corresponding information to the prediction model. The prediction model predicts 

behavior of the user based on each input feature, and provides a prediction score for each piece of 

behavior. The recommendation system finds most possible behavior of the user based on the 

prediction score, and recommends to the user. In addition, actual behavior (for example, clicking 

a recommended object or not clicking a recommended object) of the user is stored in the log 20 

database as training data. The learning module continuously updates a parameter of the prediction 

model, to improve prediction effect of the model. This application corresponds to a prediction 

model part of the recommendation system. 

[0088][0087] For example, when the user opens an application store of a mobile phone, the 

application store is triggered to provide a recommended application. The application store predicts, 25 

based on information such as a historical download record of the user, a feature of an application, 

time, a location, and another environment feature, a possibility that the user downloads each 

specific candidate application. An application that is most likely to be downloaded by the user may 

be displayed based on a result obtained through calculation, so that the user can download the 

application. This can improve an application download rate. Each click of the user is also stored 30 
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in a log, and the learning module trains and updates the parameter of the prediction model by using 

the log. 

[0089][0088] Refer to FIG. 1b. An embodiment of this application provides an architecture of 

another recommendation system 100. A data collection device 150 is configured to collect a 

plurality of pieces of training sample data and a plurality of association features of the training 5 

sample data from a network, and store the training sample data and the association features in a 

database 130. Each piece of training sample data includes a plurality of recommended object 

samples and a recommended object sample clicked by a user. A training device 120 performs 

training based on the training sample data and the plurality of association features of the training 

sample data that are maintained in the database 130, to obtain a prediction model 101. A calculation 10 

module 111 obtains a prediction score of a candidate recommended object based on the prediction 

model 101, where a higher prediction score indicates a higher probability that the candidate 

recommended object is clicked by the user; and then determines, based on the prediction score, 

whether to recommend the candidate recommended object to the user. The following describes in 

more detail how the training device 120 obtains the prediction model 101 based on the training 15 

sample data and the plurality of association features of the training sample data. 

[0090][0089] The prediction model includes an automatic feature grouping model, a feature 

interaction model, a neural network model, and a prediction integration model. The training device 

120 groups a plurality of association features of each of a plurality of candidate recommended 

object samples by using the automatic feature grouping model, to obtain a multi-order feature 20 

interaction set of the candidate recommended object sample. Each-order feature interaction set in 

the multi-order feature interaction set includes one or more feature interaction groups, and each 

feature interaction group includes at least one of the plurality of association features of the 

candidate recommended object sample. The training device 120 interacts, by using the feature 

interaction model a plurality of association features of the feature interaction group in the multi-25 

order feature interaction set of each of the plurality of candidate recommended object samples, to 

obtain an interaction feature vector of the candidate recommended object sample. The training 

device 120 obtains, by using the neural network model, an interaction feature contribution value 

of the candidate recommended object sample through calculation based on the input interaction 

feature vector of each candidate recommended object sample. The training device 120 obtains, by 30 

using the prediction integration model, a prediction score of each candidate recommended object 
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sample based on the interaction feature contribution value. 

[0091][0090] When training the prediction model, the training device 120 obtains the 

prediction score of the candidate recommended object sample based on the plurality of association 

features of each of the plurality of candidate recommended object samples; and then adjusts each 

parameter of the prediction model based on the prediction score and a recommended object sample 5 

clicked by the user, to obtain an adjusted prediction model. The foregoing process is repeated for 

a plurality of times, to obtain a final prediction model. 

[0092][0091] Because the automatic feature grouping model, the feature interaction model, the 

neural network model, and the prediction integration model are trained simultaneously, the 

foregoing training process may be considered as a joint training process. 10 

[0093][0092] The prediction model 101 obtained by the training device 120 may be applied to 

different systems or devices. In FIG. 1b, an I/O interface 112 is configured for an execution device 

110, to exchange data with an external device, for example, sending a target recommended object 

to user equipment 140. A "user" may output feedback information of the user by using the user 

equipment 140 to the I/O interface 112. The feedback information is the recommended object 15 

clicked by the user. 

[0094][0093] The calculation module 111 performs recommendation by using the prediction 

model 101. Specifically, after obtaining a plurality of recommended objects and a plurality of 

association features of each of the plurality of candidate recommended objects, the calculation 

module 111 inputs the plurality of association features of each candidate recommended object to 20 

the prediction model for calculation, to obtain a prediction score of the candidate recommended 

object; and then determines one or more corresponding candidate recommended objects with a 

high prediction score as a target recommended object. 

[0095][0094] Finally, if the execution device 110 determines to recommend the target 

recommended object to the user, the execution device 110 returns the target recommended object 25 

to the user equipment 140 through the I/O interface 112, to provide the target recommended object 

to the user. 

[0096][0095] More deeply, the training device 120 may generate, for different targets, 

corresponding prediction models 101 based on different data, to provide a better result for the user. 

[0097][0096] In the case shown in FIG. 1b, the user may view, on the user equipment 140, the 30 

target recommended object output by the execution device 110. A specific presentation form may 
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be a specific manner such as display, a sound, or an action. The user equipment 140 may also serve 

as a data collection end to store the collected training sample data in the database 130. 

[0098][0097] It should be noted that FIG. 1b is only a schematic diagram of the architecture of 

the system according to this embodiment of this application. A location relationship between a 

device, a component, a module, and the like shown in the figure constitutes no limitation. 5 

[0099][0098] The training device 120 obtains, from the database 130, recommendation 

information of one or more rounds that is obtained through sampling, where the recommendation 

information includes a target recommended object and feedback information of the user; and trains 

the prediction model 101 based on the recommendation information of the one or more rounds. 

[00100][0099] In a possible embodiment, training of the prediction model 101 is performed 10 

offline, that is, the training device 120 and the database are independent of the user equipment 140 

and the execution device 110. For example, the training device 120 is a third-party server. Before 

the execution device 110 works, the prediction model 101 is obtained from the third-party server. 

[00101][00100] In a possible embodiment, the training device 120 is integrated with the 

execution device 110, and the execution device 110 is disposed in the user equipment 140. 15 

[00102][00101] FIG. 1c is a schematic diagram of an architecture of another recommendation 

system according to an embodiment of this application. As shown in FIG. 1c, the architecture of 

the recommendation system includes user equipment 210, a recommendation apparatus 220, and 

a prediction apparatus 230. 

[00103][00102] After a user triggers a recommendation instruction, for example, the user opens 20 

an application store of the user equipment 210, the user equipment 210 sends a recommendation 

request to the recommendation apparatus 220. After receiving the recommendation request, the 

recommendation apparatus 220 sends candidate recommended objects, for example, various 

applications, to the prediction apparatus 230. The prediction apparatus 230 obtains a prediction 

score of each application by using a prediction model 101, and sends the prediction score of each 25 

application to the recommendation apparatus 220. The recommendation apparatus 220 sends a 

recommended application to the user equipment 210 based on the prediction score of each 

application. 

[00104][00103] The user equipment 210 records an application clicked by the user, and feeds 

back the application to the prediction apparatus 230 by using the recommendation apparatus 220, 30 

or directly feeds back the application to the prediction apparatus 230. The prediction apparatus 
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230 trains the prediction model based on the application clicked by the user and a prediction score 

of the application. 

[00105][00104] FIG. 2 is a schematic flowchart of a recommendation method based on automatic 

feature grouping according to an embodiment of this application. As shown in FIG. 2, the method 

includes the following steps. 5 

[00106][00105] S201: Obtain a plurality of candidate recommended objects and a plurality of 

association features of each of the plurality of candidate recommended objects. 

[00107][00106] For example, the candidate recommended object may be an object previously 

clicked by a user, or an object related to an object previously clicked by a user. For example, the 

candidate recommended object is an application clicked and viewed by the user or an application 10 

previously downloaded by the user in an application store, or an application of a same type as an 

application previously clicked and downloaded by the user or an application clicked and viewed 

by the user. For another example, the candidate recommended object is news information clicked 

and viewed by the user or news information of a same type as news information clicked and viewed 

by the user. 15 

[00108][00107] The association feature of the candidate recommended object includes an 

attribute of the candidate recommended object. For example, if the candidate recommended object 

is an advertisement, an attribute of the advertisement includes an advertisement type, an 

advertisement brand, a place and time to display the advertisement, and the like. The association 

feature of the candidate recommended object may further include an attribute of the user, for 20 

example, information such as gender and age of the user. It is clear that the association feature of 

the candidate recommended object further includes other related information. This is not 

enumerated one by one herein. 

[00109][00108] It is assumed that the candidate recommended object is an advertisement, and 

the association feature of the advertisement may include a place and time to display the 25 

advertisement, and an advertisement brand. For another example, if the candidate recommended 

object is news, the association feature of the news may include a place and time to display the 

news, a brief introduction to the news, a user type, and the like. 

[00110][00109] Two pieces of simple advertisement click data are used as an example. 

[00111][00110] Beijing, Tuesday, 17:00, Nike 30 

[00112][00111] Shanghai, Sunday, 11:20, Kentucky Fried Chicken 
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[00113][00112] Beijing and Nike are specific association features, and Shanghai and Beijing are 

specific features whose feature category is a city. The data indicates a place, a day of the week, 

and time to display the advertisement, and an advertisement brand. The second row shows that 

Kentucky Fried Chicken is pushed to a user in Shanghai at 11:20 a.m. on Sunday. 

[00114][00113] It should be noted herein that the candidate recommended objects and the 5 

plurality of association features of the candidate recommended object may be obtained from a log 

database of a recommendation apparatus, or may be obtained from a user terminal. 

[00115][00114] A prediction model is trained based on the data in the manner described in FIG. 

1b. 

[00116][00115] S202: Perform automatic feature grouping on the plurality of association features 10 

of each of the plurality of candidate recommended objects, to obtain a multi-order feature 

interaction set of the candidate recommended object. 

[00117][00116] Each-order feature interaction set in a multi-order feature interaction set of any 

candidate recommended object A in the plurality of candidate recommended objects includes one 

or more feature interaction groups, and each of the one or more feature interaction groups includes 15 

at least one of a plurality of association features of the candidate recommended object A. 

[00118][00117] It should be noted herein that, in each feature interaction group in a kth-order 

feature interaction set in the multi-order feature interaction set, a quantity of association features 

used in a non-linear mathematical operation is k, and k is an integer greater than 0. 

[00119][00118] Optionally, the performing automatic feature grouping on the plurality of 20 

association features of each of the plurality of candidate recommended objects, to obtain a multi-

order feature interaction set of the candidate recommended object includes: 

inputting the plurality of association features of each of the plurality of candidate 

recommended objects to an automatic feature grouping model for processing, to obtain the multi-

order feature interaction set of each candidate recommended object. 25 

[00120][00119] Specifically, the inputting the plurality of association features of each of the 

plurality of candidate recommended objects to an automatic feature grouping model for processing, 

to obtain the multi-order feature interaction set of each candidate recommended object includes: 

for kth-order feature interaction of the candidate recommended object A, obtaining an 

allocation probability of each of the plurality of association features of the candidate recommended 30 

object A, where the allocation probability of each of the plurality of association features of the 
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candidate recommended object A is a probability that the association feature is allocated to a jth

feature interaction group in the kth-order feature interaction set, and the jth feature interaction group 

is any feature interaction group in the kth-order feature interaction set; and obtaining the kth-order 

feature interaction set of the candidate recommended object A based on the allocation probability 

of each of the plurality of association features of the candidate recommended object A. 5 

[00121][00120] The association feature is allocated to the jth feature interaction group in the kth-

order feature interaction set in uniform distribution, normal distribution, mean square distribution, 

or the like. Therefore, the allocation probability of the association feature may be obtained based 

on a uniform distribution probability function, a normal distribution probability function, or a 

mean square distribution probability function. 10 

[00122][00121] It should be noted that a grouping operation performed on the association feature 

based on the allocation probability of the association feature is a discrete process. Therefore, to 

make the grouping operation continuous, the allocation probability of the association feature is 

processed, to obtain a processed allocation value; and then the association feature is grouped based 

on the allocation value. 15 

[00123][00122] The association feature is allocated to the jth feature interaction group in the kth-

order feature interaction set in uniform distribution, normal distribution, mean square distribution, 

or the like. Therefore, the allocation probability of the association feature may be obtained based 

on a uniform distribution probability function, a normal distribution probability function, or a 

mean square distribution probability function. 20 

[00124][00123] It should be noted that a grouping operation performed on the association feature 

based on the allocation probability of the association feature is a discrete process. Therefore, to 

make the grouping operation continuous, the allocation probability of the association feature is 

processed, to obtain a processed probability, namely, an allocation value; and then the association 

feature is grouped based on the allocation value. 25 

[00125][00124] Optionally, a manner of processing the allocation probability of the association 

feature may be a Gumbel-Softmax operation or another operation. The allocation value may be 

represented as the following formula: 

(Π𝑖,𝑗
𝑘 )

𝑜
=  

exp (
𝑙𝑜𝑔 𝛼𝑜 + 𝐺𝑜

𝜏 ) 

∑ exp (
𝑙𝑜𝑔 𝛼𝑜 + 𝐺𝑜

𝜏 )o∈{0,1}
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[00126][00125] 𝛼0 = 𝑝𝑖,𝑗
𝑘 , and 𝛼1 = 1 − 𝑝𝑖,𝑗

𝑘 . 𝛼0 indicates a probability that the ith association 

feature in the plurality of association features of the candidate recommended object A is not 

allocated to the jth feature interaction group in the kth-order feature interaction set, 𝛼1 indicates a 

probability that the ith association feature in the plurality of association features of the candidate 

recommended object A is allocated to the jth feature interaction group in the kth-order feature 5 

interaction set, and Go is a random number that complies with Gumbel distribution. In a training 

process, sampling may be performed on even distribution U (0, 1) according to the following 

formula: 

𝐺𝑜 = − log − log 𝑢

[00127][00126] u complies with even distribution U (0, 1), and after a continuous grouping 10 

operation is performed, whether the ith association feature is allocated to the jth feature interaction 

group in the kth-order feature interaction set is determined based on a value relationship between 

(Π𝑖,𝑗
𝑘 )

0
 and (Π𝑖,𝑗

𝑘 )
1
. In (Π𝑖,𝑗

𝑘 )
0
 and (Π𝑖,𝑗

𝑘 )
1
, a sum of (Π𝑖,𝑗

𝑘 )
0
 and (Π𝑖,𝑗

𝑘 )
1
 is 1. If (Π𝑖,𝑗

𝑘 )
0
 is 

larger, the ith association feature in the plurality of association features of the candidate 

recommended object is not allocated to the jth feature interaction group in the kth-order feature 15 

interaction set. If (Π𝑖,𝑗
𝑘 )

1
  is larger, the ith association feature is allocated to the jth feature 

interaction group in the kth-order feature interaction set. 

[00128][00127] (Π𝑖,𝑗
𝑘 )

1
  is the allocation value. Optionally, when (Π𝑖,𝑗

𝑘 )
1
  is greater than the 

preset threshold, the ith association feature is allocated to the jth feature interaction group in the kth-

order feature interaction set. When (Π𝑖,𝑗
𝑘 )

1
  is not greater than the preset threshold, the ith20 

association feature is not allocated to the jth feature interaction group in the kth-order feature 

interaction set. 

[00129][00128] The preset threshold may be 0.5, 0.6, 0.7, or another value, and 0.5 is a priority. 

[00130][00129] It should be noted herein that the formula may be considered as an automatic 

feature grouping model. 25 

[00131][00130] After automatic feature grouping is performed on the plurality of association 

features of the candidate recommended object A, different feature interaction groups of each order 

are obtained. For example, it is assumed that the plurality of association features of the candidate 

recommended object A include age, gender, hour, a recently watched movie, a recently 

downloaded video, and a favorite star. Three feature interaction groups are set in a second-order 30 
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feature interaction set. Possible grouping results are as follows: 

[00132][00131] Feature interaction group 1: {age, gender, favorite star} 

[00133][00132] Feature interaction group 2: {hour, recently downloaded video, recently watched 

movie} 

[00134][00133] Feature interaction group 3: {favorite star, recently watched movie, age} 5 

[00135][00134] S203: Obtain an interaction feature contribution value of the candidate 

recommended object through calculation based on the plurality of association features in the multi-

order feature interaction set of each of the plurality of candidate recommended objects. 

[00136][00135] Specifically, for the multi-order feature interaction set of the candidate 

recommended object A, a kth-order interaction result of each feature interaction group is obtained 10 

through calculation based on a plurality of association features of each feature interaction group 

in the kth-order feature interaction set in the multi-order feature interaction set. The kth-order 

feature interaction set is any-order feature interaction set in the multi-order feature interaction set. 

The interaction feature contribution value is obtained through calculation based on a 

corresponding-order feature interaction result of a feature interaction group in the multi-order 15 

feature interaction set. 

[00137][00136] Optionally, that a kth-order interaction result of each feature interaction group is 

obtained through calculation based on a plurality of association features of each feature interaction 

group in the kth-order feature interaction set in the multi-order feature interaction set may 

specifically include: 20 

inputting the plurality of association features of each feature interaction group in the 

kth-order feature interaction set in the multi-order feature interaction set to a feature interaction 

model for calculation, to obtain the kth-order interaction result of each feature interaction group. 

[00138][00137] Specifically, the inputting the plurality of association features of each feature 

interaction group in the kth-order feature interaction set in the multi-order feature interaction set to 25 

a feature interaction model for calculation, to obtain the kth-order interaction result of each feature 

interaction group includes: 

obtaining a feature vector of each association feature of the jth feature interaction group 

in the kth-order feature interaction set and a weight corresponding to the feature vector, where the 

jth feature interaction group is any feature interaction group in the kth-order feature interaction set;30 

determining a feature value of the jth feature interaction group based on the feature vector of each 
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association feature of the jth feature interaction group and the weight corresponding to the feature 

vector; and determining the kth-order interaction result of the jth feature interaction group based on 

the feature vector of each association feature of the jth feature interaction group, the weight 

corresponding to the feature vector, and the feature value of the jth feature interaction group. 

[00139][00138] Optionally, the kth-order interaction result of the jth feature interaction group may 5 

be represented as: 

𝐼𝑗
𝑘 =  {

(𝑔𝑗
𝑘)

𝑘
 − ∑ (𝑤𝑖,𝑗

𝑘 𝑒𝑖)
𝑘

𝑓𝑖∈𝑠𝑗
𝑘

∈ 𝑅,    𝑘 ≥ 2

𝑔𝑗
𝑘 ∈ 𝑅𝑚,    𝑘 = 1

[00140][00139] 𝑔𝑗
𝑘 = ∑ 𝑤𝑖,𝑗

𝑘 𝑒𝑖𝑓𝑖∈𝑠𝑗
𝑘 , 𝑔𝑗

𝑘 is a feature value of 𝑠𝑗
𝑘, 𝑠𝑗

𝑘 is the jth feature interaction 

group in the kth-order feature interaction set, 𝑓𝑖  is an ith association feature in a plurality of 

association features of a candidate recommended object A, 𝑒𝑖 is a feature vector, corresponding 10 

to 𝑓𝑖, whose dimension is m, 𝑤𝑖,𝑗
𝑘  is a weight of ei of the jth feature interaction group in the kth-

order feature interaction set, and 𝑅𝑚 is a feature vector set, corresponding to the feature vector, 

whose dimension is m. 

[00141][00140] A kth power operation (v)k on a feature vector v is defined as first performing 

a kth power operation on each number of the feature vector, to obtain a kth power result of each 15 

number; and then adding kth power results of all numbers, to obtain a real number. 

[00142][00141] For any feature group, an interaction relationship between internal features of the 

feature interaction group of a specific order is calculated according to the foregoing formula. For 

example, a feature interaction group in a second-order feature interaction set is {favorite star, 

recently watched movie, age}, and a feature value of the feature interaction group may be 20 

represented as: 

(efavorite star  +  erecently watchedmovie  +  eage)
2

− efavorite star
2 −

erecently watchedmovie
2 − eage

2 = efavorite star ⋅ 𝑒recently watchedmovie+eage ⋅

𝑒recently watchedmovie + efavorite star ⋅ 𝑒age

[00143][00142] It can be learned that a quantity of association features, in the feature interaction 25 

group, used in a non-linear mathematical operation is two, and the non-linear mathematical 

operation is a vector inner product operation. 

[00144][00143] For another example, if a feature interaction group in a third-order feature 
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interaction set is {age, gender, favorite star}, a feature value of the feature interaction group may 

be represented as: 

(eage  +  egender  +  efavorite star)
3

− eage
3 − egender

3 − efavorite star
3  = eage

2 ⋅ egender +

eage
2 ⋅ efavorite star + egender

2 ⋅ efavorite star + egender
2 ⋅ eage + efavorite star

2 ⋅ egender + efavorite star
2 ⋅

eage+egender ⋅ efavorite star ⋅ 𝑒age5 

[00145][00144] It can be learned that a quantity of association features, in the feature interaction 

group, used in a non-linear mathematical operation is three, and the non-linear mathematical 

operation is a vector inner product operation. 

[00146][00145] After the corresponding-order interaction result of the feature interaction group 

in the multi-order feature interaction set of the candidate recommended object A is obtained, an 10 

interaction feature vector of the candidate recommended object A is obtained based on the 

corresponding-order interaction result of the feature interaction group in the multi-order feature 

interaction set. The interaction feature vector of the candidate recommended object A is input to a 

neural network model for calculation, to obtain the interaction feature contribution value. The 

neural network model is obtained based on a fully connected neural network. 15 

[00147][00146] For example, the candidate recommended object A has feature interaction sets of 

three orders, and each-order feature interaction set includes two feature interaction groups. Feature 

values of two feature interaction groups in a first-order feature interaction set are I0
1  and I1

1 , 

feature values of two feature interaction groups in a second-order feature interaction set are 𝐼0
2

and 𝐼1
2, feature values of two feature interaction groups in a third-order feature interaction set are 20 

𝐼0
3 and 𝐼1

3, and an interaction feature vector corresponding to the third-order feature interaction 

set is [I0
1, I1

1, 𝐼0
2, 𝐼1

2, 𝐼0
3, 𝐼1

3]. Then, the interaction feature vector [I0
1, I1

1, 𝐼0
2, 𝐼1

2, 𝐼0
3, 𝐼1

3] is input to the 

neural network model for calculation, to obtain the interaction feature contribution value of the 

candidate recommended object A. 

[00148][00147] After the interaction feature vector of the candidate recommended object A is 25 

obtained, the interaction feature vector is used as an input of the neural network model, and a value 

of each neuron node is calculated layer by layer. Finally, the neural network model outputs the 

interaction feature contribution value of the candidate recommended object. 

[00149][00148] As shown in FIG. 3, an input layer of the neural network is a bottom layer of the 

entire network, and the output layer is a top layer. Each layer of neuron in the neural network is 30 
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connected to one or more neurons at an adjacent layer, and each link includes a weight and an 

offset. During calculation, the neural network performs calculation from a lower layer to an upper 

layer starting from the input layer. A value of each neuron is determined based on a value of a 

neuron that is at a next layer and that is connected to the neuron. A contribution value of each 

lower-layer neuron to the neuron connected to the lower-layer neuron is obtained after a value of 5 

the lower-layer neuron is multiplied by a weight of a corresponding link plus an offset. A value of 

the neuron is obtained through obtaining a sum of contribution values of all lower-layer neurons 

and calculating by using an activation function (which is usually a non-linear function for mapping 

all real numbers to a fixed interval, to ensure that the value of each neuron falls within a fixed 

range). The foregoing process is repeated until a value of the neuron at the output layer is obtained 10 

through calculation, and the value is the output of the entire neural network. The output of the 

neural network is the interaction feature contribution value. 

[00150][00149] S204: Obtain a prediction score of the candidate recommended object through 

calculation based on the interaction feature contribution value of each of the plurality of candidate 

recommended objects; and determine one or more candidate recommended objects with a high 15 

prediction score as a target recommended object. 

[00151][00150] Optionally, a prediction score of each candidate recommended object is the 

interaction feature contribution value of the candidate recommended object. 

[00152][00151] Optionally, when k is greater than 1, the interaction feature contribution value of 

the candidate recommended object A does not cover first-order feature interaction information of 20 

the candidate recommended object A. Therefore, the prediction score of the candidate 

recommended object A may be obtained through performing weighted summation based on the 

interaction feature contribution value and a first-order contribution value of the candidate 

recommended object. 

[00153][00152] Optionally, the first-order contribution value of the candidate recommended 25 

object A may be obtained in the following manner: 

obtaining an ID of each of the plurality of association features of the candidate 

recommended object A; obtaining a contribution value of each association feature based on the ID 

of each of the plurality of association features of the candidate recommended object A; and 

determining the first-order contribution value based on the contribution value of each of the 30 

plurality of association features of the candidate recommended object A and a reference 
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contribution value, where the first-order contribution value is a sum of contribution values of the 

plurality of association features of the candidate recommended object A and the reference 

contribution value. 

[00154][00153] Specifically, after the plurality of association features of the candidate 

recommended object A are obtained, ID processing is performed on the plurality of association 5 

features of the candidate recommended object A, to obtain the ID of each of the plurality of 

association features of the candidate recommended object A. Then, a feature category 

corresponding to each association feature is determined based on the ID of each association feature, 

and the contribution value corresponding to the association feature is determined based on the 

feature category corresponding to the association feature. The first-order contribution value is 10 

obtained based on a plurality of contribution values corresponding to the plurality of association 

features and the reference contribution value. 

[00155][00154] The prediction score of the candidate recommended object is determined based 

on the first-order contribution value and the interaction feature contribution value. The prediction 

score of the candidate recommended object may be a sum of the first-order contribution value and 15 

the interaction feature contribution value, or may be a weighted sum of the first-order contribution 

value and the interaction feature contribution value, and a weight is preset. 

[00156][00155] For example, the prediction score = k1 x first-order contribution value + k2 x 

interaction feature contribution value. The formula may be considered as a prediction integration 

model, where k1 and k2 are parameters of the prediction model. 20 

[00157][00156] In the foregoing method, a prediction score of each of the plurality of candidate 

recommended objects may be obtained, one or more corresponding candidate recommended 

objects with a high prediction score in the plurality of candidate recommended objects are 

determined as the target recommended object, and the target recommended object is pushed to the 

user terminal. 25 

[00158][00157] Optionally, when the user clicks one target recommended object, the user 

terminal feeds back the recommended object clicked by the user to the recommendation apparatus 

for subsequent training of the prediction model. 

[00159][00158] By using the automatic machine learning technology, important association 

features are placed in a corresponding feature interaction group, and then the designed interaction 30 

function is used for each feature interaction group, to generate a feature value of a specific order. 
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In this method, an important feature combination can be automatically searched for from 

association features, and a useless feature combination is removed. This can avoid an operation of 

obtaining specific-order interaction through enumeration based on an original feature in the 

conventional technology, and simplify parameter complexity of a model. In addition, in 

comparison with the conventional technology, the interaction function provided in this application 5 

can efficiently calculate a feature value of each feature interaction group of a specific order, to 

enable the interaction function to be applied to an actual scenario. 

[00160][00159] Offline experiments are performed on the technologies in this application, and 

several existing technologies (logistic regression (logistic regression, LR) technology, gradient-

boosted decision tree (gradient-boosted decision tree, GBDT) technology, FM, FFM, AFM, 10 

DeepFM, IPNN, PIN, xDeepFM, and FGCNN) are compared. Three public datasets are used: 

Criteo, Avazu, and iPinyou. The Criteo dataset includes advertisement click records in one month. 

In this experiment, data on the sixth day is selected as a training set, and data on the thirteenth day 

is selected as a test set. In addition, down-sampling is performed on negative samples, to ensure 

that a ratio of positive samples to negative samples in a final dataset is 1:1. For the Avazu dataset, 15 

80% of data in a public dataset is randomly selected as a training set, and the remaining 20% data 

is selected as a test set. In addition, a category that appears less than 20 times in data samples is 

deleted. The iPinyou dataset is small and provides a training set and a test set. Therefore, the 

iPinyou dataset can be directly used in this experiment. Industry-recognized test indicators AUC 

and Logloss are selected. After the experiment, the following conclusions are drawn: 20 

[00161][00160] 1. In this application, best experimental results are obtained on a plurality of real 

datasets, and in comparison with the FGCNN model, the AUC is improved by 0.07% to 0.5%. 

[00162][00161] 2. Analysis is performed from a perspective of feature modeling. Compared with 

best models in the industry such as xDeepFM, PIN, and FGCNN, the prediction model in this 

application can automatically select, instead of performing enumeration, an important higher-order 25 

feature combination from data. Therefore, the prediction model can focus on optimizing selected 

feature interaction during training and using. This can improve performance of the model. In 

addition, compared with another model, the prediction model in this application can alleviate 

overfitting during training. 

[00163][00162] It can be learned that in the solution of this application, important higher-order 30 

interaction information in association features can be automatically searched for through automatic 
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feature grouping, to improve recommendation accuracy. Specific-order feature interaction in any 

specific group may be generated by using the designed interaction function. The interaction 

function is implemented in an efficient and simple way, and can be promoted in different 

recommendation tasks. An interaction feature vector is further processed by using a neural network, 

to extract potential feature interaction information, in the association features, that is difficult to 5 

extract. This can further improve recommendation accuracy. 

[00164][00163] It should be noted herein that for different recommendation scenarios, for 

example, news and an application store, automatic feature grouping can be implemented by using 

different technical solutions. This can implement a specific model requirement and improve model 

scalability. 10 

[00165][00164] FIG. 4 is a schematic flowchart of a training method based on a prediction model 

according to an embodiment of this application. As shown in FIG. 4, the method includes the 

following steps. 

[00166][00165] S401: Obtain training sample data, where the training sample data includes a 

plurality of candidate recommended object samples and a recommended object sample clicked by 15 

a user; and obtain a plurality of association features of each of the plurality of candidate 

recommended object samples. 

[00167][00166] S402: Input the plurality of association features of each of the plurality of 

candidate recommended object samples to a multi-order automatic feature grouping model for 

automatic feature grouping, to obtain a multi-order feature interaction set of each candidate 20 

recommended object sample. 

[00168][00167] Each-order feature interaction set in a multi-order feature interaction set of any 

candidate recommended object sample B in the plurality of candidate recommended object 

samples includes one or more feature interaction groups, each of the one or more feature 

interaction groups includes at least one of a plurality of association features of the candidate 25 

recommended object sample B, in each feature interaction group in a kth-order feature interaction 

set in the multi-order feature interaction set, a quantity of association features used in a non-linear 

mathematical operation is k, and k is an integer greater than 0. 

[00169][00168] Optionally, the non-linear mathematical operation may be a vector inner product 

operation, matrix multiplication, or a non-linear mathematical operation in another form. 30 

[00170][00169] The plurality of candidate recommended object samples may be special-purpose 
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training data during training, or candidate recommended object samples during historical 

recommendation. 

[00171][00170] Optionally, the inputting the plurality of association features of each of the 

plurality of candidate recommended object samples to an automatic feature grouping model for 

multi-order automatic feature grouping, to obtain a multi-order feature interaction set of each 5 

candidate recommended object sample includes: 

for kth-order feature interaction of the candidate recommended object sample B, 

obtaining an allocation probability of each of the plurality of association features of the candidate 

recommended object sample B, where the allocation probability of each of the plurality of 

association features of the candidate recommended object sample B is a probability that the 10 

association feature is allocated to a jth feature interaction group in the kth-order feature interaction 

set, and the jth feature interaction group is any feature interaction group in the kth-order feature 

interaction set; and obtaining the kth-order feature interaction set of the candidate recommended 

object sample B based on the allocation probability of each of the plurality of association features 

of the candidate recommended object sample B. 15 

[00172][00171] Further, the obtaining the kth-order feature interaction set of the candidate 

recommended object sample B based on the allocation probability of each of the plurality of 

association features of the candidate recommended object sample B includes: 

determining an allocation value of the association feature based on the allocation 

probability of each of the plurality of association features of the candidate recommended object 20 

sample B, where the allocation value is a probability that each association feature is allocated to 

the jth feature interaction group in the kth-order feature interaction set; and if the allocation value 

of the association feature is greater than a preset threshold, allocating the association feature to the 

jth feature interaction group in the kth-order feature interaction set; or if the allocation value of the 

association feature is not greater than a preset threshold, skipping allocating the association feature 25 

to the jth feature interaction group in the kth-order feature interaction set. 

[00173][00172] S403: Input the multi-order feature interaction set of each of the plurality of 

candidate recommended object samples to a feature interaction model for calculation, to obtain an 

interaction feature contribution value of each candidate recommended object sample. 

[00174][00173] Optionally, in a possible embodiment, the inputting the multi-order feature 30 

interaction set of each of the plurality of candidate recommended object samples to a feature 



35 

interaction model for calculation, to obtain an interaction feature contribution value of each 

candidate recommended object sample includes: 

for the multi-order feature interaction set of the candidate recommended object sample 

B, obtaining a kth-order interaction result of the feature interaction group through calculation based 

on association features of each feature interaction group in the kth-order feature interaction set, 5 

where the kth-order feature interaction set is any-order feature interaction set in the multi-order 

feature interaction set of the candidate recommended object sample B; and obtaining the 

interaction feature contribution value of the candidate recommended object sample B through 

calculation based on a corresponding-order interaction result of a feature interaction group in the 

multi-order feature interaction set of the candidate recommended object sample B. 10 

[00175][00174] Optionally, the obtaining a kth-order interaction result of the feature interaction 

group through calculation based on association features of each feature interaction group in the 

kth-order feature interaction set includes: 

obtaining a feature vector of each association feature of the jth feature interaction group 

in the kth-order feature interaction set and a weight corresponding to the feature vector, where the 15 

jth feature interaction group is any feature interaction group in the kth-order feature interaction set;

performing weighted summation on the feature vector of each association feature of the jth feature 

interaction group and the weight corresponding to the feature vector, to obtain a feature value of 

the jth feature interaction group; and determining the kth-order interaction result of the jth feature 

interaction group based on the feature vector of each association feature of the jth feature 20 

interaction group, the weight corresponding to the feature vector, and the feature value of the jth

feature interaction group. 

[00176][00175] Optionally, the obtaining the interaction feature contribution value of the 

candidate recommended object sample B through calculation based on a corresponding-order 

interaction result of a feature interaction group in the multi-order feature interaction set of the 25 

candidate recommended object sample B includes: 

obtaining an interaction feature vector based on the corresponding-order interaction 

result of the feature interaction group in the multi-order feature interaction set of the candidate 

recommended object sample B; and inputting the interaction feature vector to a neural network 

model for calculation, to obtain the interaction feature contribution value of the candidate 30 

recommended object sample B, where the neural network model is obtained based on a fully 
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connected neural network. 

[00177][00176] S404: Obtain a prediction score of each candidate recommended object sample 

through calculation based on the interaction feature contribution value of each of the plurality of 

candidate recommended object samples. 

[00178][00177] S405: Adjust a parameter of the automatic feature grouping model and a 5 

parameter of the feature interaction model based on a candidate recommended object sample 

corresponding to a maximum prediction score and an object sample clicked by the user, to obtain 

an adjusted automatic feature grouping model and an adjusted feature interaction model. 

[00179][00178] Optionally, the adjusting a parameter of the automatic feature grouping model 

and a parameter of the feature interaction model based on a candidate recommended object sample 10 

corresponding to a maximum prediction score and an object sample clicked by the user, to obtain 

an adjusted automatic feature grouping model and an adjusted feature interaction model includes: 

adjusting the parameter of the automatic feature grouping model, the parameter of the 

feature interaction model, and a parameter of the neural network model based on the candidate 

recommended object sample corresponding to the maximum prediction score and the object 15 

sample clicked by the user, to obtain an adjusted automatic feature grouping model, an adjusted 

feature interaction model, and an adjusted neural network model. 

[00180][00179] It should be noted herein that for specific descriptions of step S402 to step S404, 

refer to related descriptions of step S202 to step S204. Details are not described herein again. 

[00181][00180] FIG. 5 is a schematic diagram of a structure of a recommendation apparatus 500 20 

based on automatic feature grouping according to an embodiment of this application. As shown in 

FIG. 5, the recommendation apparatus 500 includes: 

a data generation module 501, configured to: obtain a recommended object from a log;

collect environment information at a prediction moment; and extract each association feature based 

on a predefined format, and obtain an ID of the association feature;25 

a width model module 502, configured to: obtain a contribution value of each 

association feature and a reference contribution value based on the association feature and the ID 

that are provided by the data generation module 501; and add the contribution value of each 

association feature and the reference contribution value, to obtain a first-order contribution value;

a feature interaction module 503, configured to perform automatic feature grouping 30 

and feature interaction, where when performing automatic feature grouping, the module allocates 



37 

a plurality of association features of the candidate recommended object that are provided by the 

data generation module 501 to a feature interaction group of an each-order feature interaction set, 

and when performing feature interaction, the module generates a feature value of a feature 

interaction group of an each-order feature interaction set based on a designed interaction function;

a neural network module 504, configured to input the feature value of the feature 5 

interaction group generated by the feature interaction module 503 to a multi-layer neural network 

for calculation, to obtain an interaction feature contribution value; and 

a prediction result integration module 505, configured to: receive the first-order 

contribution value output by the width model module 502 and the interaction feature contribution 

value output by the neural network module 504; and add the two values based on weights, to output 10 

a final prediction score. 

[00182][00181] Specifically, as shown in FIG. 6, after receiving a prediction request, the data 

generation module 501 extracts the association features, for example, feature data corresponding 

to a user and an advertisement and environment feature data, of the candidate recommended object 

from a log file; performs ID processing on all association features, to obtain a unique ID in each 15 

feature category; and arranges all IDs of the association features based on a predefined feature 

sequence (for example, a first feature is a week, and a second feature is a place) for combination, 

to generate a feature ID sequence, so as to meet input requirements of the width model module 

502 and the feature interaction module 503. 

[00183][00182] The width model module 502 pre-obtains and stores contribution values of all 20 

association features to a prediction result through training of a learning module based on historical 

data, and stores the reference contribution value. After receiving the feature ID sequence generated 

by the data generation module 501, the width model module 502 determines, based on a location 

of the feature ID in the entire sequence, a feature category corresponding to the ID, and searches, 

based on the corresponding feature category, for a contribution value corresponding to a feature 25 

indicated by the ID. Then, the width model module 502 performs summation on the contribution 

value of the association feature obtained based on an ID sequence index and the reference 

contribution value, to obtain the first-order contribution value. 

[00184][00183] The feature interaction module 503 performs automatic feature grouping on the 

association feature by using the AutoML technology, and searches for an important feature 30 

interaction group of each order; then obtains a feature value of the feature interaction group of 
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each order based on the interaction function; and then obtains an interaction feature vector based 

on the feature value of the feature interaction group of each order. 

[00185][00184] It should be noted herein that for specific steps performed by the feature 

interaction module 503, refer to related descriptions of step S202 and step S203. Details are not 

described herein again. 5 

[00186][00185] The neural network module 504 inputs the interaction feature vector output by 

the feature interaction module 503 to a trained multi-layer neural network for calculation, to obtain 

an interaction feature contribution value. The neural network model is obtained based on a fully 

connected neural network. 

[00187][00186] The prediction result integration module 505 performs weighted summation on 10 

the first-order contribution value output by the width model module 502 and the interaction feature 

contribution value output by the neural network module 504, to obtain a prediction score. 

[00188][00187] In a specific application scenario, a recommended advertisement is used as an 

example for description. 

[00189][00188] To simplify the scenario, a quantity of association features of a candidate 15 

recommended object is reduced to 5: an advertisement, an advertisement category, a user, a city, 

and time. An output of this application is a prediction score of behavior of clicking the 

advertisement by the user, and a higher prediction score indicates a higher possibility of 

recommending the advertisement to the user. 

[00190][00189] It is assumed that an ID corresponding to a feature of the advertisement is 7, an 20 

ID corresponding to the advertisement category is 12, an ID corresponding to the user is 35, an ID 

corresponding to the city is 48, and an ID corresponding to the time is 8. An ID sequence generated 

by the data generation module 501 is 7, 12, 35, 48, 8. 

[00191][00190] The width model module 502 first obtains, by indexing the stored data and based 

on the obtained ID sequence, contribution values c0, 7, c1, 12, c2, 35, c3, 48, and c4, 8 respectively 25 

corresponding to the ID 7 corresponding to the advertisement, the ID 12 corresponding to the 

advertisement category, the ID 35 corresponding to the user, the ID 48 corresponding to the city, 

and the ID 8 corresponding to the time. A first bit of the subscript herein indicates a feature category, 

namely, a location of the feature in the ID sequence, and a second bit indicates an ID of the feature 

in a specific feature category. Features of different categories may have a same ID, and different 30 

feature IDs of a same category are different and unique. In addition to the contribution value 
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corresponding to each feature, the width model module 502 further stores the reference 

contribution value cg. A final output (namely, the first-order contribution value) of the width model 

module 502 is: 

out502 = 𝑐0,7 + 𝑐1,12 + 𝑐2,35 + 𝑐3,48 + 𝑐4,8

[00192][00191] A processing process of the feature interaction module 503 is as follows: First, 5 

five association features are classified into different feature interaction groups of each order: 

 a first-order feature interaction group is {advertisement, advertisement category}, 

{user, city};

 a second-order feature interaction group is {advertisement, advertisement category, 

user}, {city, advertisement}; and 10 

 a third-order feature interaction group is {advertisement, advertisement category, 

user}, {advertisement, user, city}. 

[00193][00192] After the groups are obtained, a feature vector e0,7 corresponding to a feature 

of the ID 7 corresponding to the advertisement, a feature vector  e1,12 corresponding to a feature 

of the ID 12 corresponding to the advertisement category, a feature vector e2,35 corresponding to 15 

a feature of the ID 35 corresponding to the user, a feature vector e3,48 corresponding to a feature 

of the ID 48 corresponding to the city, and a feature vector e4,8 corresponding to a feature of the 

ID 8 corresponding to the time are obtained through indexing the stored data. A meaning of the 

subscript herein is similar to that in the width model module 502. Then, the feature vector is 

mapped to a feature group of each order. 20 

 First order: {e0,7,  e1,12}, {e2,35, e3,48};

 Second order: {e0,7,  e1,12, e2,35}, {e3,48, e0,7}; and 

 Third order: {e0,7,  e1,12, e2,35}, {e0,7, e2,35, e3,48}. 

[00194][00193] Interaction results of different feature interaction groups of each order are 

obtained through calculation according to the following formula: 25 

𝐼𝑗
𝑘 =  {

(𝑔𝑗
𝑘)

𝑘
 − ∑ (𝑤𝑖

𝑘𝑒𝑖)
𝑘

𝑓𝑖∈𝑠𝑗
𝑘

∈ 𝑅𝑚,    𝑘 ≥ 2

𝑔𝑗
𝑘 ∈ 𝑅𝑚,    𝑘 = 1

[00195][00194] 𝐼𝑗
𝑘 is an interaction result of a jth feature interaction group of a kth order, 𝑔𝑗

𝑘 is 

a feature value of the jth feature interaction group of the kth order, 𝑠𝑗
𝑘 is the jth feature interaction 

group in a kth-order feature interaction set, 𝑓𝑖 is an ith feature in the five association features, 𝑒𝑖
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is a vector of 𝑓𝑖 whose corresponding dimension is m, and 𝑤𝑖
𝑘 is a weight of 𝑒𝑖 in 𝑠𝑗

𝑘. 

[00196][00195] An interaction result of each feature interaction group of each order may be 

obtained according to the foregoing formula. For example, an interaction result of a first feature 

interaction group of a first order is I0
1 = 𝑒0,7 + 𝑒1,12, and an interaction result of a first feature 

interaction group of a second order is I0
2 = (𝑒0,7 + 𝑒1,12 + 𝑒2,35)

2
− (𝑒0,7)

2
− (𝑒1,12)

2
− (𝑒2,35)

2
. 5 

An interaction result of a first feature interaction group of a third order may be I0
3 =

(𝑒0,7 + 𝑒1,12 + 𝑒2,35)
3

− (𝑒0,7)
3

− (𝑒1,12)
3

− (𝑒2,35)
3
. 

[00197][00196] It should be noted herein that, for a first-order feature interaction group, an 

interaction result of the first-order feature interaction group is a vector, and for a second-order or 

higher-order feature interaction group, an interaction result corresponding to the second-order or 10 

higher-order feature interaction group is a value. 

[00198][00197] Finally, the feature interaction module 503 splices interaction results of feature 

interaction groups of different orders into one vector: 

V𝑓𝑒𝑎𝑡𝑢𝑟𝑒 = [I0
1, I1

1, I0
2 , I1

2, I0
3, I1

3]

[00199][00198] The vector V𝑓𝑒𝑎𝑡𝑢𝑟𝑒 may be referred to as an interaction feature vector. After 15 

the interaction feature vector V𝑓𝑒𝑎𝑡𝑢𝑟𝑒  is obtained, the vector is input to the neural network 

module 504. 

[00200][00199] The neural network module 504 calculates the interaction feature vector by using 

a neural network model obtained through training, to obtain the feature interaction contribution 

value. Specifically, the trained neural network model is a weight and an offset in a trained neural 20 

network. A value of a neuron at an output layer is obtained through calculation layer by layer based 

on a trained weight and offset, and the value is the feature interaction contribution value. 

[00201][00200] If rh indicates a neuron at an hth layer, Wh is a weight of a connection line between 

the neuron at the hth layer and a neuron at an (h+1)th layer, bh is an offset of a corresponding 

connection line, and A is an activation function, a calculation formula of the neuron at the hth layer 25 

in the neural network is as follows: 

rℎ+1 = 𝐴(Wℎrℎ + 𝑏ℎ)

[00202][00201] If the neural network has H layers in total, a value of a neuron at a final output 

layer is a feature interaction contribution value, namely, an output of the neural network module 

504: 30 
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𝑜𝑢𝑡504 = r𝐻 = 𝐴(W𝐻−1r𝐻−1 + 𝑏𝐻−1)

[00203][00202] A processing process of the prediction result integration module 505 is as follows: 

After an output result out502 of the width model module 502 and the output result 𝑜𝑢𝑡504 of the 

neural network module 504 are obtained, weighted summation is performed on the output results 

of the two modules based on weights k502 and k504 that are obtained through pre-training, to obtain 5 

a prediction score of clicking the advertisement 7 of the advertisement category 12 by the user 35 

in the city 48 at the moment 8: 

p = 𝑜𝑢𝑡502 ∗ 𝑘502+𝑜𝑢𝑡504 ∗ 𝑘504

[00204][00203] Finally, the prediction score may be used to determine whether to recommend 

the advertisement 7 of the advertisement category 12 to the user, or whether to recommend the 10 

advertisement 7 of the advertisement category 12 to the user 35 in the city 48 at the moment 8. 

[00205][00204] FIG. 7 is a schematic diagram of a structure of another recommendation 

apparatus 700 based on automatic feature grouping according to an embodiment of this application. 

As shown in FIG. 7, the recommendation apparatus 700 includes: 

an obtaining unit 701, configured to obtain a plurality of candidate recommended 15 

objects and a plurality of association features of each of the plurality of candidate recommended 

objects;

an automatic feature grouping unit 702, configured to perform automatic feature 

grouping on the plurality of association features of each of the plurality of candidate recommended 

objects, to obtain a multi-order feature interaction set of each candidate recommended object, 20 

where each-order feature interaction set in the multi-order feature interaction set of each of the 

plurality of candidate recommended objects includes one or more feature interaction groups, each 

of the one or more feature interaction groups includes at least one of the plurality of association 

features of the candidate recommended object, in each feature interaction group in a kth-order 

feature interaction set in the multi-order feature interaction set, a quantity of association features 25 

used in a non-linear mathematical operation is k, and k is an integer greater than 0;

a calculation unit 703, configured to: obtain an interaction feature contribution value 

of each candidate recommended object through calculation based on the plurality of association 

features in the multi-order feature interaction set of each of the plurality of candidate recommended 

objects; and obtain a prediction score of each candidate recommended object through calculation 30 

based on the interaction feature contribution value of each of the plurality of candidate 
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recommended objects; and 

a determining unit 704, configured to determine one or more corresponding candidate 

recommended objects with a high prediction score in the plurality of candidate recommended 

objects as a target recommended object. 

[00206][00205] In a possible embodiment, when obtaining the interaction feature contribution 5 

value of each candidate recommended object through calculation based on the plurality of 

association features in the multi-order feature interaction set of each of the plurality of candidate 

recommended objects, the calculation unit 703 is specifically configured to: 

for the multi-order feature interaction set of each of the plurality of candidate 

recommended objects, 10 

obtain a kth-order interaction result of each feature interaction group through 

calculation based on a plurality of association features of each feature interaction group in the kth-

order feature interaction set; and obtain the interaction feature contribution value of the candidate 

recommended object through calculation based on a corresponding-order interaction result of a 

feature interaction group in the multi-order feature interaction set of the candidate recommended 15 

object. 

[00207][00206] In a possible embodiment, when obtaining the kth-order interaction result of the 

feature interaction group through calculation based on the plurality of association features of each 

feature interaction group in the kth-order feature interaction set, the calculation unit 703 is 

specifically configured to: 20 

input the plurality of association features of each feature interaction group in the kth-

order feature interaction set to a feature interaction model for calculation, to obtain the kth-order 

interaction result of each feature interaction group. 

[00208][00207] In a possible embodiment, when inputting the plurality of association features of 

each feature interaction group in the kth-order feature interaction set to the feature interaction 25 

model for calculation, to obtain the kth-order interaction result of each feature interaction group, 

the calculation unit 703 is configured to: 

perform the following steps on each feature interaction group in the kth-order feature 

interaction set: 

obtaining a feature vector of each association feature of each feature interaction group 30 

and a weight corresponding to the feature vector; performing weighted summation on the feature 
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vector of each association feature of the feature interaction group and the weight corresponding to 

the feature vector, to obtain a feature value of the feature interaction group; and determining the 

kth-order interaction result of the feature interaction group based on the feature vector of each 

association feature of the feature interaction group, the weight corresponding to the feature vector, 

and the feature value of the feature interaction group. 5 

[00209][00208] In a possible embodiment, when obtaining the interaction feature contribution 

value of each candidate recommended object through calculation based on the corresponding-

order interaction result of the feature interaction group in the multi-order feature interaction set of 

each candidate recommended object, the calculation unit 703 is configured to: 

obtain an interaction feature vector based on the corresponding-order interaction result 10 

of the feature interaction group in the multi-order feature interaction set of each candidate 

recommended object; and input the interaction feature vector to a neural network model for 

calculation, to obtain the interaction feature contribution value of the candidate recommended 

object, where the neural network model is obtained based on a fully connected neural network. 

[00210][00209] In a possible embodiment, the automatic feature grouping unit 702 is specifically 15 

configured to: 

input the plurality of association features of each of the plurality of candidate 

recommended objects to an automatic feature grouping model for processing, to obtain the multi-

order feature interaction set of each candidate recommended object. 

[00211][00210] Specifically, the automatic feature grouping unit 702 is specifically configured 20 

to: 

for kth-order feature interaction of each candidate recommended object, obtain an 

allocation probability of each of the plurality of association features of each candidate 

recommended object, where the allocation probability of each of the plurality of association 

features of the candidate recommended object is a probability that each association feature is 25 

allocated to a jth feature interaction group in the kth-order feature interaction set, and the jth feature 

interaction group is any feature interaction group in the kth-order feature interaction set; and obtain 

the kth-order feature interaction set of each candidate recommended object based on the allocation 

probability of each of the plurality of association features of each candidate recommended object. 

[00212][00211] Further, when obtaining the kth-order feature interaction set of the candidate 30 

recommended object based on the allocation probability of each of the plurality of association 
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features of the candidate recommended object, the automatic feature grouping unit 702 is 

specifically configured to: 

determine an allocation value of the association feature based on the allocation 

probability of each of the plurality of association features of the candidate recommended object, 

where the allocation value is a probability that each association feature is allocated to the jth feature 5 

interaction group in the kth-order feature interaction set; and if the allocation value of the 

association feature is greater than a preset threshold, allocate the association feature to the jth

feature interaction group in the kth-order feature interaction set; or if the allocation value of the 

association feature is not greater than a preset threshold, skip allocating the association feature to 

the jth feature interaction group in the kth-order feature interaction set. 10 

[00213][00212] Optionally, the non-linear mathematical operation may be a vector inner product 

operation, matrix multiplication, or another non-linear mathematical operation. 

[00214][00213] It should be noted that the foregoing units (the obtaining unit 701, the automatic 

feature grouping unit 702, the calculation unit 703, and the determining unit 704) are configured 

to perform related content of the method shown in step S201 to step S204. 15 

[00215][00214] In this embodiment, the recommendation apparatus 700 is presented in a form of 

a unit. The "unit" herein may be an application-specific integrated circuit (application-specific 

integrated circuit, ASIC), a processor and a memory for executing one or more software or 

firmware programs, an integrated logic circuit, and/or another device that can provide the 

foregoing functions. In addition, the obtaining unit 701, the automatic feature grouping unit 702, 20 

the calculation unit 703, and the determining unit 704 in the recommendation apparatus 700 may 

be implemented by using a processor 901 of a recommendation apparatus shown in FIG. 9. 

[00216][00215] FIG. 8 is a schematic diagram of a structure of a training device 800 based on a 

prediction model according to an embodiment of this application. As shown in FIG. 8, the training 

device 800 includes: 25 

an obtaining unit 801, configured to obtain training sample data, where the training 

sample data includes a plurality of candidate recommended object samples and a recommended 

object sample clicked by a user; and obtain a plurality of association features of each of the 

plurality of candidate recommended object samples;

an automatic feature grouping unit 802, configured to input the plurality of association 30 

features of each of the plurality of candidate recommended object samples to a multi-order 
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automatic feature grouping model for automatic feature grouping, to obtain a multi-order feature 

interaction set of each candidate recommended object sample, where each-order feature interaction 

set in the multi-order feature interaction set of each of the plurality of candidate recommended 

object samples includes one or more feature interaction groups, each of the one or more feature 

interaction groups includes at least one of the plurality of association features of the candidate 5 

recommended object sample, in each feature interaction group in a kth-order feature interaction set 

in the multi-order feature interaction set, a quantity of association features used in a non-linear 

mathematical operation is k, and k is an integer greater than 0;

a calculation unit 803, configured to: input the multi-order feature interaction set of 

each of the plurality of candidate recommended object samples to a feature interaction model for 10 

calculation, to obtain an interaction feature contribution value of each candidate recommended 

object sample; and obtain a prediction score of each candidate recommended object sample 

through calculation based on the interaction feature contribution value of each of the plurality of 

candidate recommended object samples; and 

an adjustment unit 804, configured to adjust a parameter of the automatic feature 15 

grouping model and a parameter of the feature interaction model based on a candidate 

recommended object sample corresponding to a maximum prediction score and an object sample 

clicked by the user, to obtain an adjusted automatic feature grouping model and an adjusted feature 

interaction model. 

[00217][00216] Optionally, the non-linear mathematical operation may be a vector inner product 20 

operation, matrix multiplication, or another non-linear mathematical operation. 

[00218][00217] In a possible embodiment, when inputting the multi-order feature interaction set 

of each of the plurality of candidate recommended object samples to the feature interaction model 

for calculation, to obtain the interaction feature contribution value of each candidate recommended 

object sample, the calculation unit 803 is specifically configured to: 25 

for the multi-order feature interaction set of each candidate recommended object 

sample, obtain a kth-order interaction result of the feature interaction group through calculation 

based on association features of each feature interaction group in the kth-order feature interaction 

set, where the kth-order feature interaction set is any-order feature interaction set in the multi-order 

feature interaction set of the candidate recommended object sample; and obtain the interaction 30 

feature contribution value of the candidate recommended object sample B through calculation 
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based on a corresponding-order interaction result of a feature interaction group in the multi-order 

feature interaction set of the candidate recommended object sample. 

[00219][00218] In a possible embodiment, when obtaining the kth-order interaction result of the 

feature interaction group through calculation based on the association features of each feature 

interaction group in the kth-order feature interaction set, the calculation unit 803 is specifically 5 

configured to: 

perform the following steps on each feature interaction group in the kth-order feature 

interaction set: 

obtaining a feature vector of each association feature of each feature interaction group 

and a weight corresponding to the feature vector; performing weighted summation on the feature 10 

vector of each association feature of the feature interaction group and the weight corresponding to 

the feature vector, to obtain a feature value of the feature interaction group; and determining the 

kth-order interaction result of the feature interaction group based on the feature vector of each 

association feature of the feature interaction group, the weight corresponding to the feature vector, 

and the feature value of the feature interaction group. 15 

[00220][00219] In a possible embodiment, when obtaining the interaction feature contribution 

value of the candidate recommended object sample through calculation based on the 

corresponding-order interaction result of the feature interaction group in the multi-order feature 

interaction set of the candidate recommended object sample, the calculation unit 803 is specifically 

configured to: 20 

obtain an interaction feature vector based on the corresponding-order interaction result 

of the feature interaction group in the multi-order feature interaction set of each candidate 

recommended object sample; and input the interaction feature vector to a neural network model for 

calculation, to obtain the interaction feature contribution value of the candidate recommended object 

sample, where the neural network model is obtained based on a fully connected neural network. 25 

[00221][00220] In a possible embodiment, the adjustment unit 804 is specifically configured to: 

adjust the parameter of the automatic feature grouping model, the parameter of the 

feature interaction model, and a parameter of the neural network model based on the candidate 

recommended object sample corresponding to the maximum prediction score and the object 

sample clicked by the user, to obtain an adjusted automatic feature grouping model, an adjusted 30 

feature interaction model, and an adjusted neural network model. 
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[00222][00221] Optionally, the automatic feature grouping unit 802 is specifically configured to: 

for kth-order feature interaction of each candidate recommended object sample, obtain 

an allocation probability of each of the plurality of association features of the candidate 

recommended object sample, where the allocation probability of each of the plurality of 

association features of the candidate recommended object sample is a probability that the 5 

association feature is allocated to a jth feature interaction group in the kth-order feature interaction 

set, and the jth feature interaction group is any feature interaction group in the kth-order feature 

interaction set; and obtain the kth-order feature interaction set of the candidate recommended object 

sample based on the allocation probability of each of the plurality of association features of the 

candidate recommended object sample. 10 

[00223][00222] In a possible embodiment, when obtaining the kth-order feature interaction set of 

the candidate recommended object sample based on the allocation probability of each of the 

plurality of association features of the candidate recommended object sample, the automatic 

feature grouping unit 802 is specifically configured to: 

determine an allocation value of the association feature based on the allocation 15 

probability of each of the plurality of association features of the candidate recommended object 

sample, where the allocation value is a probability that each association feature is allocated to the 

jth feature interaction group in the kth-order feature interaction set; and if the allocation value of 

the association feature is greater than a preset threshold, allocate the association feature to the jth

feature interaction group in the kth-order feature interaction set; or if the allocation value of the 20 

association feature is not greater than a preset threshold, skip allocating the association feature to 

the jth feature interaction group in the kth-order feature interaction set. 

[00224][00223] It should be noted that the foregoing units (the obtaining unit 801, the automatic 

feature grouping unit 802, the calculation unit 803, and the adjustment unit 804) are configured to 

perform related content of the method shown in step S401 to step S405. 25 

[00225][00224] In this embodiment, the training device 800 is presented in a form of a unit. The 

"unit" herein may be an application-specific integrated circuit (application-specific integrated 

circuit, ASIC), a processor and a memory for executing one or more software or firmware 

programs, an integrated logic circuit, and/or another device that can provide the foregoing 

functions. In addition, the obtaining unit 801, the automatic feature grouping unit 802, the 30 

calculation unit 803, and the adjustment unit 804 in the training device 800 may be implemented 
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by using a processor 1001 of a training device shown in FIG. 10. 

[00226][00225] A recommendation apparatus shown in FIG. 9 may be implemented by using a 

structure in FIG. 9. The recommendation apparatus includes at least one processor 901, at least 

one memory 902, and at least one communication interface 903. The processor 901, the memory 

902, and the communication interface 903 are connected to and communicate with each other by 5 

using a communication bus. 

[00227][00226] The communication interface 903 is configured to communicate with another 

device or a communication network, for example, the Ethernet, a radio access network (radio 

access network, RAN), or a wireless local area network (wireless local area networks, WLAN). 

[00228][00227] The memory 902 may be a read-only memory (read-only memory, ROM), 10 

another type of static storage device that can store static information and instructions, a random 

access memory (random access memory, RAM), or another type of dynamic storage device that 

can store information and instructions, or may be an electrically erasable programmable read-only 

memory (electrically erasable programmable read-only memory, EEPROM), a compact disc read-

only memory (compact disc read-only memory, CD-ROM) or another compact disc storage, an 15 

optical disc storage (including a compact disc, a laser disc, an optical disc, a digital versatile disc, 

a Blu-ray disc, or the like), a magnetic disk storage medium or another magnetic storage device, 

or any other medium that can be configured to carry or store expected program code in a form of 

an instruction or a data structure and that can be accessed by a computer. However, the memory is 

not limited thereto. The memory may exist independently, and is connected to the processor 20 

through the bus. The memory may alternatively be integrated with the processor. 

[00229][00228] The memory 902 is configured to store application program code used to execute 

the foregoing solution, and the processor 901 controls the execution. The processor 901 is 

configured to execute the application program code stored in the memory 902. 

[00230][00229] The code stored in the memory 902 may be used to perform the recommendation 25 

method based on automatic feature grouping. 

[00231][00230] The processor 901 may alternatively be one or more integrated circuits, and is 

configured to execute a related program, to implement the recommendation method based on 

automatic feature grouping in embodiments of this application. 

[00232][00231] The processor 901 may alternatively be an integrated circuit chip and has a signal 30 

processing capability. In an implementation process, steps of the recommendation method in this 
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application may be completed by using a hardware integrated logic circuit or an instruction in a 

form of software in the processor 901. In an implementation process, the steps of the 

recommendation method in this application may be completed by using a hardware integrated 

logic circuit or instructions in a form of software in the processor 901. Alternatively, the processor 

901 may be a general-purpose processor, a digital signal processor (digital signal processor, DSP), 5 

an ASIC, a field programmable gate array (field programmable gate array, FPGA) or another 

programmable logic device, a discrete gate or a transistor logic device, or a discrete hardware 

component. The processor 901 can implement or perform the methods, steps, and module block 

diagrams that are disclosed in the embodiments of this application. The general-purpose processor 

may be a microprocessor, or the processor may be any conventional processor or the like. Steps of 10 

the methods disclosed with reference to 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 the decoding processor. A 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 15 

programmable memory, a register, or the like. The storage medium is located in the memory 902. 

The processor 901 reads information in the memory 902, and completes the recommendation 

method or the model training method in embodiments of this application in combination with 

hardware of the processor 901. 

[00233][00232] The communication interface 903 uses a transceiver apparatus, such as but not 20 

limited to a transceiver, to implement communication between a recommendation apparatus or a 

training apparatus and another device or a communication network. For example, the 

communication interface 903 may be configured to obtain recommendation-related data or training 

data, or send a recommended object to user equipment and receive feedback information of a user 

for the recommended object. 25 

[00234][00233] The bus may include a path for transmitting information between the components 

(for example, the memory 902, the processor 901, and the communication interface 903) of the 

apparatus. In a possible embodiment, the processor 901 is specifically configured to: 

obtain a plurality of candidate recommended objects and a plurality of association 

features of each of the plurality of candidate recommended objects; perform multi-order automatic 30 

feature grouping on the plurality of association features of each of the plurality of candidate 
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recommended objects, to obtain a multi-order feature interaction set of each candidate 

recommended object, where each-order feature interaction set in the multi-order feature interaction 

set of each of the plurality of candidate recommended objects includes one or more feature 

interaction groups, each of the one or more feature interaction groups includes at least one of the 

plurality of association features of the candidate recommended object, in each feature interaction 5 

group in a kth-order feature interaction set in the multi-order feature interaction set, a quantity of 

association features used in a non-linear mathematical operation is k, and k is an integer greater 

than 0; obtain an interaction feature contribution value of each candidate recommended object 

through calculation based on the plurality of association features in the multi-order feature 

interaction set of each of the plurality of candidate recommended objects; obtain a prediction score 10 

of each candidate recommended object through calculation based on the interaction feature 

contribution value of each of the plurality of candidate recommended objects; and determine one 

or more corresponding candidate recommended objects with a high prediction score in the plurality 

of candidate recommended objects as a target recommended object. 

[00235][00234] In a possible embodiment, when obtaining the interaction feature contribution 15 

value of each candidate recommended object through calculation based on the plurality of 

association features in the multi-order feature interaction set of each of the plurality of candidate 

recommended objects, the processor 901 is specifically configured to: 

for the multi-order feature interaction set of each candidate recommended object, 

obtain a kth-order interaction result of each feature interaction group through 20 

calculation based on a plurality of association features of each feature interaction group in the kth-

order feature interaction set; and obtain the interaction feature contribution value of the candidate 

recommended object through calculation based on a corresponding-order interaction result of a 

feature interaction group in the multi-order feature interaction set. 

[00236][00235] In a possible embodiment, when obtaining the kth-order interaction result of the 25 

feature interaction group through calculation based on the plurality of association features of each 

feature interaction group in the kth-order feature interaction set, the processor 901 is specifically 

configured to: 

input the plurality of association features of each feature interaction group in the kth-

order feature interaction set to a feature interaction model for calculation, to obtain the kth-order 30 

interaction result of each feature interaction group. 
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[00237][00236] In a possible embodiment, when inputting the plurality of association features of 

each feature interaction group in the kth-order feature interaction set to the feature interaction 

model for calculation, to obtain the kth-order interaction result of each feature interaction group, 

the processor 901 is specifically configured to: 

perform the following steps on each feature interaction group in the kth-order feature 5 

interaction set: 

obtaining a feature vector of each association feature of the feature interaction group 

and a weight corresponding to the feature vector; performing weighted summation on the feature 

vector of each association feature of the feature interaction group and the weight corresponding to 

the feature vector, to obtain a feature value of the feature interaction group; and determining the 10 

kth-order interaction result of the feature interaction group based on the feature vector of each 

association feature of the feature interaction group, the weight corresponding to the feature vector, 

and the feature value of the feature interaction group. 

[00238][00237] In a possible embodiment, when obtaining the interaction feature contribution 

value of the candidate recommended object through calculation based on the corresponding-order 15 

interaction result of the feature interaction group in the multi-order feature interaction set of the 

candidate recommended object, the processor 901 is specifically configured to: 

obtain an interaction feature vector based on the corresponding-order interaction result 

of the feature interaction group in the multi-order feature interaction set of the candidate 

recommended object; and input the interaction feature vector to a neural network model for 20 

calculation, to obtain the interaction feature contribution value of the candidate recommended 

object, where the neural network model is obtained based on a fully connected neural network. 

[00239][00238] In a possible embodiment, the processor 901 is specifically configured to: 

input the plurality of association features of each of the plurality of candidate 

recommended objects to an automatic feature grouping model for processing, to obtain the multi-25 

order feature interaction set of each candidate recommended object. 

[00240][00239] Specifically, when inputting the plurality of association features of each of the 

plurality of candidate recommended objects to the automatic feature grouping model for 

processing, to obtain the multi-order feature interaction set of each candidate recommended object, 

the processor 901 is specifically configured to: 30 

for kth-order feature interaction of each candidate recommended object, obtain an 
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allocation probability of each of the plurality of association features of each candidate 

recommended object, where the allocation probability of each of the plurality of association 

features of the candidate recommended object is a probability that the association feature is 

allocated to the jth feature interaction group in the kth-order feature interaction set, and the jth feature 

interaction group is any feature interaction group in the kth-order feature interaction set; and obtain 5 

the kth-order feature interaction set of each candidate recommended object based on the allocation 

probability of each of the plurality of association features of the candidate recommended object. 

[00241][00240] Further, when obtaining the kth-order feature interaction set of the candidate 

recommended object based on the allocation probability of each of the plurality of association 

features of the candidate recommended object, the processor 901 is specifically configured to: 10 

determine an allocation value of the association feature based on the allocation 

probability of each of the plurality of association features of the candidate recommended object, 

where the allocation value is a probability that each association feature is allocated to the jth feature 

interaction group in the kth-order feature interaction set; and if the allocation value of the 

association feature is greater than a preset threshold, allocate the association feature to the jth15 

feature interaction group in the kth-order feature interaction set; or if the allocation value of the 

association feature is not greater than a preset threshold, skip allocating the association feature to 

the jth feature interaction group in the kth-order feature interaction set. 

[00242][00241] Optionally, the non-linear mathematical operation may be a vector inner product 

operation, matrix multiplication, or another non-linear mathematical operation. 20 

[00243][00242] A training device shown in FIG. 10 may be implemented by using a structure in 

FIG. 10. The training device includes at least one processor 1001, at least one memory 1002, and 

at least one communication interface 1003. The processor 1001, the memory 1002, and the 

communication interface 1003 are connected to and communicate with each other by using a 

communication bus. 25 

[00244][00243] The communication interface 1003 is configured to communicate with another 

device or a communication network, for example, the Ethernet, a radio access network (radio 

access network, RAN), or a wireless local area network (wireless local area networks, WLAN). 

[00245][00244] The memory 1002 may be a read-only memory (read-only memory, ROM), 

another type of static storage device that can store static information and instructions, a random 30 

access memory (random access memory, RAM), or another type of dynamic storage device that 
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can store information and instructions, or may be an electrically erasable programmable read-only 

memory (electrically erasable programmable read-only memory, EEPROM), a compact disc read-

only memory (compact disc read-only memory, CD-ROM) or another compact disc storage, an 

optical disc storage (including a compact disc, a laser disc, an optical disc, a digital versatile disc, 

a Blu-ray disc, or the like), a magnetic disk storage medium or another magnetic storage device, 5 

or any other medium that can be configured to carry or store expected program code in a form of 

an instruction or a data structure and that can be accessed by a computer. However, the memory is 

not limited thereto. The memory may exist independently, and is connected to the processor 

through the bus. The memory may alternatively be integrated with the processor. 

[00246][00245] The memory 1002 is configured to store application program code used to 10 

execute the foregoing solution, and the processor 1001 controls the execution. The processor 1001 

is configured to execute the application program code stored in the memory 1002. 

[00247][00246] The code stored in the memory 1002 may be used to perform the training method 

based on a prediction model. 

[00248][00247] The processor 1001 may alternatively be one or more integrated circuits, and is 15 

configured to execute a related program, to implement the recommendation method based on 

automatic feature grouping in embodiments of this application. 

[00249][00248] The processor 1001 may alternatively be an integrated circuit chip and has a 

signal processing capability. In an implementation process, steps of the recommendation method 

in this application may be completed by using a hardware integrated logic circuit or an instruction 20 

in a form of software in the processor 1001. In an implementation process, the steps of the 

recommendation method in this application may be completed by using a hardware integrated 

logic circuit or instructions in a form of software in the processor 1001. Alternatively, the processor 

1001 may be a general-purpose processor, a digital signal processor (digital signal processor, DSP), 

an ASIC, a field programmable gate array (field programmable gate array, FPGA) or another 25 

programmable logic device, a discrete gate or a transistor logic device, or a discrete hardware 

component. The processor 1001 can implement or perform the methods, steps, and module block 

diagrams that are disclosed in the embodiments of this application. 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 embodiments of this application may be directly executed 30 

and accomplished by using a hardware decoding processor, or may be executed and accomplished 
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by using a combination of hardware and software modules in the decoding processor. A 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, a register, or the like. The storage medium is located in the memory 1002. 

The processor 1001 reads information in the memory 1002, and completes the recommendation 5 

method or the model training method in embodiments of this application in combination with 

hardware of the processor 1001. 

[00250][00249] The communication interface 1003 uses a transceiver apparatus, such as but not 

limited to a transceiver, to implement communication between a recommendation apparatus or a 

training apparatus and another device or a communication network. For example, the 10 

communication interface 1003 may be configured to obtain recommendation-related data or 

training data, or send a recommended object to user equipment and receive feedback information 

of a user for the recommended object. 

[00251][00250] The bus may include a path for transmitting information between the components 

(for example, the memory 1002, the processor 1001, and the communication interface 1003) of 15 

the apparatus. In a possible embodiment, the processor 1001 is specifically configured to: 

obtain training sample data, where the training sample data includes a plurality of 

candidate recommended object samples and a recommended object sample clicked by a user;

obtain a plurality of association features of each of the plurality of candidate recommended object 

samples; input the plurality of association features of each of the plurality of candidate 20 

recommended object samples to a multi-order automatic feature grouping model for automatic 

feature grouping, to obtain a multi-order feature interaction set of each candidate recommended 

object sample, where each-order feature interaction set in the multi-order feature interaction set of 

each of the plurality of candidate recommended object samples includes one or more feature 

interaction groups, each of the one or more feature interaction groups includes at least one of the 25 

plurality of association features of the candidate recommended object sample, in each feature 

interaction group in a kth-order feature interaction set in the multi-order feature interaction set, a 

quantity of association features used in a non-linear mathematical operation is k, and k is an integer 

greater than 0; input the multi-order feature interaction set of each of the plurality of candidate 

recommended object samples to a feature interaction model for calculation, to obtain an interaction 30 

feature contribution value of each candidate recommended object sample; obtain a prediction score 

of each candidate recommended object sample through calculation based on the interaction feature 
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contribution value of each of the plurality of candidate recommended object samples; and adjust a 

parameter of the automatic feature grouping model and a parameter of the feature interaction 

model based on a candidate recommended object sample corresponding to a maximum prediction 

score and an object sample clicked by the user, to obtain an adjusted automatic feature grouping 

model and an adjusted feature interaction model. 5 

[00252][00251] Optionally, the non-linear mathematical operation may be a vector inner product 

operation, matrix multiplication, or another non-linear mathematical operation. 

[00253][00252] In a possible embodiment, when inputting the multi-order feature interaction set 

of each of the plurality of candidate recommended object samples to the feature interaction model 

for calculation, to obtain the interaction feature contribution value of each candidate recommended 10 

object sample, the processor 1001 is specifically configured to: 

for the multi-order feature interaction set of each candidate recommended object 

sample, obtain a kth-order interaction result of the feature interaction group through calculation 

based on association features of each feature interaction group in the kth-order feature interaction 

set, where the kth-order feature interaction set is any-order feature interaction set in the multi-order 15 

feature interaction set of the candidate recommended object sample; and obtain the interaction 

feature contribution value of the candidate recommended object sample through calculation based 

on a corresponding-order interaction result of a feature interaction group in the multi-order feature 

interaction set of the candidate recommended object sample. 

[00254][00253] In a possible embodiment, when obtaining the kth-order interaction result of the 20 

feature interaction group through calculation based on the association features of each feature 

interaction group in the kth-order feature interaction set, the processor 1001 is specifically 

configured to: 

perform the following steps on each feature interaction group in the kth-order feature 

interaction set: 25 

obtaining a feature vector of each association feature of each feature interaction group 

and a weight corresponding to the feature vector; performing weighted summation on the feature 

vector of each association feature of the feature interaction group and the weight corresponding to 

the feature vector, to obtain a feature value of the feature interaction group; and determining the 

kth-order interaction result of the feature interaction group based on the feature vector of each 30 

association feature of the feature interaction group, the weight corresponding to the feature vector, 

and the feature value of the feature interaction group. 

[00255][00254] In a possible embodiment, when obtaining the interaction feature contribution 
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value of the candidate recommended object sample through calculation based on the 

corresponding-order interaction result of the feature interaction group in the multi-order feature 

interaction set of the candidate recommended object sample, the processor 1001 is specifically 

configured to: 

obtain an interaction feature vector based on the corresponding-order interaction result 5 

of the feature interaction group in the multi-order feature interaction set of the candidate 

recommended object sample; and input the interaction feature vector to a neural network model 

for calculation, to obtain the interaction feature contribution value of the candidate recommended 

object sample, where the neural network model is obtained based on a fully connected neural 

network. 10 

[00256][00255] In a possible embodiment, when adjusting the parameter of the automatic feature 

grouping model and the parameter of the feature interaction model based on the candidate 

recommended object sample corresponding to the maximum prediction score and the object 

sample clicked by the user, to obtain the adjusted automatic feature grouping model and the 

adjusted feature interaction model, the processor 1001 is specifically configured to: 15 

adjust the parameter of the automatic feature grouping model, the parameter of the 

feature interaction model, and a parameter of the neural network model based on the candidate 

recommended object sample corresponding to the maximum prediction score and the object 

sample clicked by the user, to obtain an adjusted automatic feature grouping model, an adjusted 

feature interaction model, and an adjusted neural network model. 20 

[00257][00256] Optionally, when inputting the plurality of association features of each of the 

plurality of candidate recommended object samples to the multi-order automatic feature grouping 

model for automatic feature grouping, to obtain the multi-order feature interaction set of each 

candidate recommended object sample, the processor 1001 is specifically configured to: 

for kth-order feature interaction of each candidate recommended object sample, obtain 25 

an allocation probability of each of the plurality of association features of the candidate 

recommended object sample, where the allocation probability of each of the plurality of 

association features of the candidate recommended object sample is a probability that the 

association feature is allocated to a jth feature interaction group in the kth-order feature interaction 

set, and the jth feature interaction group is any feature interaction group in the kth-order feature 30 

interaction set; and obtain the kth-order feature interaction set of the candidate recommended object 

sample based on the allocation probability of each of the plurality of association features of the 

candidate recommended object sample. 
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[00258][00257] In a possible embodiment, when obtaining the kth-order feature interaction set of 

the candidate recommended object sample based on the allocation probability of each of the 

plurality of association features of the candidate recommended object sample, the processor 1001 

is specifically configured to: 

determine an allocation value of the association feature based on the allocation 5 

probability of each of the plurality of association features of the candidate recommended object 

sample, where the allocation value is a probability that each association feature is allocated to the 

jth feature interaction group in the kth-order feature interaction set; and if the allocation value of 

the association feature is greater than a preset threshold, allocate the association feature to the jth

feature interaction group in the kth-order feature interaction set; or if the allocation value of the 10 

association feature is not greater than a preset threshold, skip allocating the association feature to 

the jth feature interaction group in the kth-order feature interaction set. 

[00259][00258] An embodiment of this application provides a computer storage medium. The 

computer storage medium stores a computer program, the computer program includes program 

instructions, and when the program instructions are executed by a processor, the processor 15 

performs some or all steps of any recommendation method or training method based on a 

prediction model in the method embodiments. 

[00260][00259] It should be noted that, for brief description, the foregoing method embodiments 

are represented as a series of actions. However, a person skilled in the art should appreciate that 

this application is not limited to the described order of the actions, because according to this 20 

application, some steps may be performed in other orders or simultaneously. It should further be 

appreciated by a person skilled in the art that embodiments described in this specification all 

belong to optional embodiments, and the related actions and modules are not necessarily required 

by this application. 

[00261][00260] In the foregoing embodiments, descriptions of each embodiment have respective 25 

focuses. For a part that is not described in detail in an embodiment, refer to related descriptions in 

other embodiments. 

[00262][00261] In the several embodiments provided in this application, it should be understood 

that the disclosed apparatus may be implemented in other manners. For example, the described 

apparatus embodiments are merely examples. For example, division into the units is merely logical 30 

function division and may be other division during 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 
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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 or other forms. 

[00263][00262] 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, in other words, may be located in one 5 

position, 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 objectives of the solutions of the embodiments. 

[00264][00263] In addition, functional units in 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 may 

be integrated into one unit. The integrated unit may be implemented in a form of hardware, or may 10 

be implemented in a form of a software functional unit. 

[00265][00264] When the integrated unit is implemented in the form of a software functional unit 

and sold or used as an independent product, the integrated unit may be stored in a computer-

readable memory. Based on such an understanding, the technical solutions of this application 

essentially, or the part contributing to the conventional technology, or all or some of the technical 15 

solutions may be implemented in the form of a software product. The 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 methods described in embodiments of this application. The foregoing memory includes any 

medium that can store program code, such as a USB flash drive, a ROM, a RAM, a removable 20 

hard disk, a magnetic disk, or an optical disc. 

[00266][00265] A person of ordinary skill in the art may understand that all or some of the steps 

of the methods in the embodiments may be implemented by a program instructing related hardware. 

The program may be stored in a computer readable memory. The memory may include: a flash 

memory, a ROM, a RAM, a magnetic disk, or an optical disc. 25 

[00267][00266] The foregoing describes in detail embodiments of this application. The principle 

and implementations of this application are described herein through specific examples. The 

descriptions about embodiments of this application are merely provided to help understand the 

method and core ideas of this application. In addition, persons of ordinary skill in the art can make 

variations and modifications to this application in terms of the specific implementations and 30 

application scopes according to the ideas of this application. Therefore, the content of specification 

shall not be construed as a limit to this application. 
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CLAIMS 

What is claimed is: 

1. A recommendation method based on automatic feature grouping, comprising: 

obtaining a plurality of candidate recommended objects and a plurality of association features 

of each of the plurality of candidate recommended objects;5 

performing multi-order automatic feature grouping on the plurality of association features of 

each of the plurality of candidate recommended objects, to obtain a multi-order feature interaction 

set of each candidate recommended object, wherein each-order feature interaction set in the multi-

order feature interaction set of each of the plurality of candidate recommended objects comprises 

one or more feature interaction groups, each of the one or more feature interaction groups 10 

comprises at least one of the plurality of association features of the candidate recommended object, 

in each feature interaction group in a kth-order feature interaction set in the multi-order feature 

interaction set, a quantity of association features used in a non-linear mathematical operation is k, 

and k is an integer greater than 0;

obtaining an interaction feature contribution value of each candidate recommended object 15 

through calculation based on the plurality of association features in the multi-order feature 

interaction set of each of the plurality of candidate recommended objects;

obtaining a prediction score of each candidate recommended object through calculation based 

on the interaction feature contribution value of each of the plurality of candidate recommended 

objects; and 20 

determining one or more corresponding candidate recommended objects with a high 

prediction score in the plurality of candidate recommended objects as a target recommended object. 

2. The method according to claim 1, wherein the obtaining an interaction feature contribution 

value of each candidate recommended object through calculation based on the plurality of 

association features in the multi-order feature interaction set of each of the plurality of candidate 25 

recommended objects comprises: 

for the multi-order feature interaction set of each candidate recommended object, 

obtaining a kth-order interaction result of each feature interaction group through calculation 

based on a plurality of association features of each feature interaction group in the kth-order feature 

interaction set; and 30 
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obtaining the interaction feature contribution value of the candidate recommended object 

through calculation based on a corresponding-order interaction result of a feature interaction group 

in the multi-order feature interaction set of the candidate recommended object. 

3. The method according to claim 2, wherein the obtaining a kth-order interaction result of 

each feature interaction group through calculation based on a plurality of association features of 5 

each feature interaction group in the kth-order feature interaction set comprises: 

inputting the plurality of association features of each feature interaction group in the kth-order 

feature interaction set to a feature interaction model for calculation, to obtain the kth-order 

interaction result of each feature interaction group. 

4. The method according to claim 3, wherein the inputting the plurality of association features 10 

of each feature interaction group in the kth-order feature interaction set to a feature interaction 

model for calculation, to obtain the kth-order interaction result of the feature interaction group 

comprises: 

performing the following steps on each feature interaction group in the kth-order feature 

interaction set: 15 

obtaining a feature vector of each association feature of the interaction group and a weight 

corresponding to the feature vector;

performing weighted summation on the feature vector of each association feature of the 

feature interaction group and the weight corresponding to the feature vector, to obtain a feature 

value of the feature interaction group; and 20 

determining the kth-order interaction result of the feature interaction group based on the 

feature vector of each association feature of the feature interaction group, the weight corresponding 

to the feature vector, and the feature value of the feature interaction group. 

5. The method according to any one of claims 2 to 4, wherein the obtaining the interaction 

feature contribution value of the candidate recommended object through calculation based on a 25 

corresponding-order interaction result of a feature interaction group in the multi-order feature 

interaction set of the candidate recommended object comprises: 

obtaining an interaction feature vector based on the corresponding-order interaction result of 

the feature interaction group in the multi-order feature interaction set of the candidate 

recommended object; and 30 

inputting the interaction feature vector to a neural network model for calculation, to obtain 
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the interaction feature contribution value of the candidate recommended object, wherein the neural 

network model is obtained based on a fully connected neural network. 

6. The method according to any one of claims 1 to 5, wherein the performing multi-order 

automatic feature grouping on the plurality of association features of each of the plurality of 

candidate recommended objects, to obtain a multi-order feature interaction set of each candidate 5 

recommended object comprises: 

inputting the plurality of association features of each of the plurality of candidate 

recommended objects to an automatic feature grouping model for processing, to obtain the multi-

order feature interaction set of each candidate recommended object. 

7. The method according to claim 6, wherein the inputting the plurality of association features 10 

of each of the plurality of candidate recommended objects to an automatic feature grouping model 

for processing, to obtain the multi-order feature interaction set of each candidate recommended 

object comprises: 

for kth-order feature interaction of each candidate recommended object, obtaining an 

allocation probability of each of the plurality of association features of the candidate recommended 15 

object, wherein the allocation probability of each of the plurality of association features of the 

candidate recommended object is a probability that each association feature is allocated to a jth

feature interaction group in the kth-order feature interaction set, and the jth feature interaction group 

is any feature interaction group in the kth-order feature interaction set; and 

obtaining the kth-order feature interaction set of the candidate recommended object based on 20 

the allocation probability of each of the plurality of association features of the candidate 

recommended object. 

8. The method according to claim 7, wherein the obtaining the kth-order feature interaction 

set of the candidate recommended object based on the allocation probability of each of the plurality 

of association features of the candidate recommended object comprises: 25 

determining an allocation value of the association feature based on the allocation probability 

of each of the plurality of association features of the candidate recommended object, wherein the 

allocation value is a probability that each association feature is allocated to the jth feature 

interaction group in the kth-order feature interaction set; and 

if the allocation value of the association feature is greater than a preset threshold, allocating 30 

the association feature to the jth feature interaction group in the kth-order feature interaction set; or 
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if the allocation value of the association feature is not greater than a preset threshold, skipping 

allocating the association feature to the jth feature interaction group in the kth-order feature 

interaction set. 

9. The method according to any one of claims 1 to 8, wherein the non-linear mathematical 

operation comprises a vector inner product operation and matrix multiplication. 5 

10. A training method based on a prediction model, comprising: 

obtaining training sample data, wherein the training sample data comprises a plurality of 

candidate recommended object samples and a recommended object sample clicked by a user; and 

obtaining a plurality of association features of each of the plurality of candidate recommended 

object samples;10 

inputting the plurality of association features of each of the plurality of candidate 

recommended object samples to a multi-order automatic feature grouping model for automatic 

feature grouping, to obtain a multi-order feature interaction set of each candidate recommended 

object sample, wherein each-order feature interaction set in the multi-order feature interaction set 

of each of the plurality of candidate recommended object samples comprises one or more feature 15 

interaction groups, each of the one or more feature interaction groups comprises at least one of the 

plurality of association features of the candidate recommended object sample, in each feature 

interaction group in a kth-order feature interaction set in the multi-order feature interaction set, a 

quantity of association features used in a non-linear mathematical operation is k, and k is an integer 

greater than 0;20 

inputting the multi-order feature interaction set of each of the plurality of candidate 

recommended object samples to a feature interaction model for calculation, to obtain an interaction 

feature contribution value of each candidate recommended object sample;

obtaining a prediction score of each candidate recommended object sample through 

calculation based on the interaction feature contribution value of each of the plurality of candidate 25 

recommended object samples; and 

adjusting a parameter of the automatic feature grouping model and a parameter of the feature 

interaction model based on a candidate recommended object sample corresponding to a maximum 

prediction score and an object sample clicked by the user, to obtain an adjusted automatic feature 

grouping model and an adjusted feature interaction model. 30 

11. The method according to claim 10, wherein the inputting the multi-order feature 
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interaction set of each of the plurality of candidate recommended object samples to a feature 

interaction model for calculation, to obtain an interaction feature contribution value of each 

candidate recommended object sample comprises: 

for the multi-order feature interaction set of each candidate recommended object sample, 

obtaining a kth-order interaction result of the feature interaction group through calculation 5 

based on association features of each feature interaction group in the kth-order feature interaction 

set; and 

obtaining the interaction feature contribution value of the candidate recommended object 

sample through calculation based on a corresponding-order interaction result of a feature 

interaction group in the multi-order feature interaction set of the candidate recommended object 10 

sample. 

12. The method according to claim 11, wherein the obtaining a kth-order interaction result of 

the feature interaction group through calculation based on association features of each feature 

interaction group in the kth-order feature interaction set comprises: 

performing the following steps on each feature interaction group in the kth-order feature 15 

interaction set: 

obtaining a feature vector of each association feature of the feature interaction group and a 

weight corresponding to the feature vector;

performing weighted summation on the feature vector of each association feature of the 

feature interaction group and the weight corresponding to the feature vector, to obtain a feature 20 

value of the feature interaction group; and 

determining the kth-order interaction result of the feature interaction group based on the 

feature vector of each association feature of the feature interaction group, the weight corresponding 

to the feature vector, and the feature value of the feature interaction group. 

13. The method according to claim to 11 or 12, wherein the obtaining the interaction feature 25 

contribution value of the candidate recommended object sample through calculation based on a 

corresponding-order interaction result of a feature interaction group in the multi-order feature 

interaction set of the candidate recommended object sample comprises: 

obtaining an interaction feature vector based on the corresponding-order interaction result of 

the feature interaction group in the multi-order feature interaction set of each candidate 30 

recommended object sample; and 
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inputting the interaction feature vector to a neural network model for calculation, to obtain 

the interaction feature contribution value of the candidate recommended object sample, wherein 

the neural network model is obtained based on a fully connected neural network. 

14. The method according to claim 13, wherein the adjusting a parameter of the automatic 

feature grouping model and a parameter of the feature interaction model based on a candidate 5 

recommended object sample corresponding to a maximum prediction score and an object sample 

clicked by the user, to obtain an adjusted automatic feature grouping model and an adjusted feature 

interaction model comprises: 

adjusting the parameter of the automatic feature grouping model, the parameter of the feature 

interaction model, and a parameter of the neural network model based on the candidate 10 

recommended object sample corresponding to the maximum prediction score and the object 

sample clicked by the user, to obtain an adjusted automatic feature grouping model, an adjusted 

feature interaction model, and an adjusted neural network model. 

15. The method according to any one of claims 10 to 14, wherein the inputting the plurality 

of association features of each of the plurality of candidate recommended object samples to an 15 

automatic feature grouping model for multi-order automatic feature grouping, to obtain a multi-

order feature interaction set of each candidate recommended object sample comprises: 

for kth-order feature interaction of each candidate recommended object sample, obtaining an 

allocation probability of each of the plurality of association features of the candidate recommended 

object sample, wherein the allocation probability of each of the plurality of association features of 20 

the candidate recommended object sample is a probability that the association feature is allocated 

to a jth feature interaction group in the kth-order feature interaction set, and the jth feature interaction 

group is any feature interaction group in the kth-order feature interaction set; and 

obtaining the kth-order feature interaction set of the candidate recommended object sample 

based on the allocation probability of each of the plurality of association features of the candidate 25 

recommended object sample. 

16. The method according to claim 15, wherein the obtaining the kth-order feature interaction 

set of the candidate recommended object sample based on the allocation probability of each of the 

plurality of association features of the candidate recommended object sample comprises: 

determining an allocation value of the association feature based on the allocation probability 30 

of each of the plurality of association features of the candidate recommended object sample, 
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wherein the allocation value is a probability that each association feature is allocated to the jth

feature interaction group in the kth-order feature interaction set; and 

if the allocation value of the association feature is greater than a preset threshold, allocating 

the association feature to the jth feature interaction group in the kth-order feature interaction set; or 

if the allocation value of the association feature is not greater than a preset threshold, skipping 5 

allocating the association feature to the jth feature interaction group in the kth-order feature 

interaction set. 

17. The method according to any one of claims 10 to 16, wherein the non-linear mathematical 

operation comprises a vector inner product operation and matrix multiplication. 

18. A recommendation apparatus based on automatic feature grouping, comprising: 10 

an obtaining unit, configured to obtain a plurality of candidate recommended objects and a 

plurality of association features of each of the plurality of candidate recommended objects;

an automatic feature grouping unit, configured to perform automatic feature grouping on the 

plurality of association features of each of the plurality of candidate recommended objects, to 

obtain a multi-order feature interaction set of each candidate recommended object, wherein each-15 

order feature interaction set in the multi-order feature interaction set of each of the plurality of 

candidate recommended objects comprises one or more feature interaction groups, each of the one 

or more feature interaction groups comprises at least one of the plurality of association features of 

the candidate recommended object, in each feature interaction group in a kth-order feature 

interaction set in the multi-order feature interaction set, a quantity of association features used in 20 

a non-linear mathematical operation is k, and k is an integer greater than 0;

a calculation unit, configured to: obtain an interaction feature contribution value of each 

candidate recommended object through calculation based on the plurality of association features 

in the multi-order feature interaction set of each of the plurality of candidate recommended objects;

and obtain a prediction score of each candidate recommended object through calculation based on 25 

the interaction feature contribution value of each of the plurality of candidate recommended 

objects; and 

a determining unit, configured to determine one or more corresponding candidate 

recommended objects with a high prediction score in the plurality of candidate recommended 

objects as a target recommended object. 30 

19. The apparatus according to claim 18, wherein when obtaining the interaction feature 
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contribution value of each candidate recommended object through calculation based on the 

plurality of association features in the multi-order feature interaction set of each of the plurality of 

candidate recommended objects, the calculation unit is specifically configured to: 

for the multi-order feature interaction set of each candidate recommended object, 

obtain a kth-order interaction result of the feature interaction group through calculation based 5 

on a plurality of association features of each feature interaction group in the kth-order feature 

interaction set; and 

obtain the interaction feature contribution value of the candidate recommended object 

through calculation based on a corresponding-order interaction result of a feature interaction group 

in the multi-order feature interaction set. 10 

20. The apparatus according to claim 19, wherein when obtaining the kth-order interaction 

result of the feature interaction group through calculation based on the plurality of association 

features of each feature interaction group in the kth-order feature interaction set, the calculation 

unit is specifically configured to: 

input the plurality of association features of each feature interaction group in the kth-order 15 

feature interaction set to a feature interaction model for calculation, to obtain the kth-order 

interaction result of each feature interaction group. 

21. The apparatus according to claim 20, wherein when inputting the plurality of association 

features of each feature interaction group in the kth-order feature interaction set to the feature 

interaction model for calculation, to obtain the kth-order interaction result of each feature 20 

interaction group, the calculation unit is configured to: 

perform the following steps on each feature interaction group in the kth-order feature 

interaction set: 

obtaining a feature vector of each association feature of the interaction group and a weight 

corresponding to the feature vector;25 

performing weighted summation on the feature vector of each association feature of the 

feature interaction group and the weight corresponding to the feature vector, to obtain a feature 

value of the feature interaction group; and 

determining the kth-order interaction result of the feature interaction group based on the 

feature vector of each association feature of the feature interaction group, the weight corresponding 30 

to the feature vector, and the feature value of the feature interaction group. 
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22. The apparatus according to any one of claims 19 to 21, wherein when obtaining the 

interaction feature contribution value of the candidate recommended object through calculation 

based on the corresponding-order interaction result of the feature interaction group in the multi-

order feature interaction set of the candidate recommended object, the calculation unit is 

configured to: 5 

obtain an interaction feature vector based on the corresponding-order interaction result of the 

feature interaction group in the multi-order feature interaction set of the candidate recommended 

object; and 

input the interaction feature vector to a neural network model for calculation, to obtain the 

interaction feature contribution value of the candidate recommended object, wherein the neural 10 

network model is obtained based on a fully connected neural network. 

23. The apparatus according to any one of claims 18 to 22, wherein the automatic feature 

grouping unit is specifically configured to: 

input the plurality of association features of each of the plurality of candidate recommended 

objects to an automatic feature grouping model for processing, to obtain the multi-order feature 15 

interaction set of each candidate recommended object. 

24. The apparatus according to claim 23, wherein the automatic feature grouping unit is 

specifically configured to: 

for kth-order feature interaction of each candidate recommended object, obtain an allocation 

probability of each of the plurality of association features of the candidate recommended object, 20 

wherein the allocation probability of each of the plurality of association features of the candidate 

recommended object is a probability that each association feature is allocated to a jth feature 

interaction group in the kth-order feature interaction set, and the jth feature interaction group is any 

feature interaction group in the kth-order feature interaction set; and 

obtain the kth-order feature interaction set of the candidate recommended object based on the 25 

allocation probability of each of the plurality of association features of the candidate recommended 

object. 

25. The apparatus according to claim 24, wherein when obtaining the kth-order feature 

interaction set of the candidate recommended object based on the allocation probability of each of 

the plurality of association features of the candidate recommended object, the automatic feature 30 

grouping unit is specifically configured to: 
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determine an allocation value of the association feature based on the allocation probability of 

each of the plurality of association features of the candidate recommended object, wherein the 

allocation value is a probability that each association feature is allocated to the jth feature 

interaction group in the kth-order feature interaction set; and 

if the allocation value of the association feature is greater than a preset threshold, allocate the 5 

association feature to the jth feature interaction group in the kth-order feature interaction set; or 

if the allocation value of the association feature is not greater than a preset threshold, skip 

allocating the association feature to the jth feature interaction group in the kth-order feature 

interaction set. 

26. The apparatus according to any one of claims 18 to 25, wherein the non-linear 10 

mathematical operation comprises a vector inner product operation or matrix multiplication. 

27. A training device based on a prediction model, comprising: 

an obtaining unit, configured to obtain training sample data, wherein the training sample data 

comprises a plurality of candidate recommended object samples and a recommended object sample 

clicked by a user; and obtain a plurality of association features of each of the plurality of candidate 15 

recommended object samples;

an automatic feature grouping unit, configured to input the plurality of association features 

of each of the plurality of candidate recommended object samples to a multi-order automatic 

feature grouping model for automatic feature grouping, to obtain a multi-order feature interaction 

set of each candidate recommended object sample, wherein each-order feature interaction set in 20 

the multi-order feature interaction set of each of the plurality of candidate recommended object 

samples comprises one or more feature interaction groups, each of the one or more feature 

interaction groups comprises at least one of the plurality of association features of the candidate 

recommended object sample, in each feature interaction group in a kth-order feature interaction set 

in the multi-order feature interaction set, a quantity of association features used in a non-linear 25 

mathematical operation is k, and k is an integer greater than 0;

a calculation unit, configured to: input the multi-order feature interaction set of each of the 

plurality of candidate recommended object samples to a feature interaction model for calculation, 

to obtain an interaction feature contribution value of each candidate recommended object sample;

and obtain a prediction score of each candidate recommended object sample through calculation 30 

based on the interaction feature contribution value of each of the plurality of candidate 
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recommended object samples; and 

an adjustment unit, configured to adjust a parameter of the automatic feature grouping model 

and a parameter of the feature interaction model based on a candidate recommended object sample 

corresponding to a maximum prediction score and an object sample clicked by the user, to obtain 

an adjusted automatic feature grouping model and an adjusted feature interaction model. 5 

28. The training device according to claim 27, wherein when inputting the multi-order feature 

interaction set of each of the plurality of candidate recommended object samples to the feature 

interaction model for calculation, to obtain the interaction feature contribution value of each 

candidate recommended object sample, the calculation unit is specifically configured to: 

for the multi-order feature interaction set of each candidate recommended object sample, 10 

obtain a kth-order interaction result of the feature interaction group through calculation based on 

association features of each feature interaction group in the kth-order feature interaction set, 

wherein the kth-order feature interaction set is any-order feature interaction set in the multi-order 

feature interaction set of the candidate recommended object sample; and 

obtain the interaction feature contribution value of the candidate recommended object sample 15 

through calculation based on a corresponding-order interaction result of a feature interaction group 

in the multi-order feature interaction set of the candidate recommended object sample. 

29. The training device according to claim 28, wherein when obtaining the kth-order 

interaction result of the feature interaction group through calculation based on the association 

features of each feature interaction group in the kth-order feature interaction set, the calculation 20 

unit is specifically configured to: 

perform the following steps on each feature interaction group in the kth-order feature 

interaction set: 

obtaining a feature vector of each association feature of the feature interaction group and a 

weight corresponding to the feature vector;25 

performing weighted summation on the feature vector of each association feature of the 

feature interaction group and the weight corresponding to the feature vector, to obtain a feature 

value of the feature interaction group; and 

determining the kth-order interaction result of the feature interaction group based on the 

feature vector of each association feature of the feature interaction group, the weight corresponding 30 

to the feature vector, and the feature value of the feature interaction group. 
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30. The training device according to claim 28 or 29, wherein when obtaining the interaction 

feature contribution value of the candidate recommended object sample through calculation based 

on the corresponding-order interaction result of the feature interaction group in the multi-order 

feature interaction set of the candidate recommended object sample, the calculation unit is 

specifically configured to: 5 

obtain an interaction feature vector based on the corresponding-order interaction result of the 

feature interaction group in the multi-order feature interaction set of each candidate recommended 

object sample; and 

input the interaction feature vector to a neural network model for calculation, to obtain the 

interaction feature contribution value of the candidate recommended object sample, wherein the 10 

neural network model is obtained based on a fully connected neural network. 

31. The training device according to claim 30, wherein the adjustment unit is specifically 

configured to: 

adjust the parameter of the automatic feature grouping model, the parameter of the feature 

interaction model, and a parameter of the neural network model based on the candidate 15 

recommended object sample corresponding to the maximum prediction score and the object 

sample clicked by the user, to obtain an adjusted automatic feature grouping model, an adjusted 

feature interaction model, and an adjusted neural network model. 

32. The training device according to any one of claims 27 to 31, wherein the automatic feature 

grouping unit is specifically configured to: 20 

for kth-order feature interaction of each candidate recommended object sample, obtain an 

allocation probability of each of the plurality of association features of the candidate recommended 

object sample, wherein the allocation probability of each of the plurality of association features of 

the candidate recommended object sample is a probability that the association feature is allocated 

to a jth feature interaction group in the kth-order feature interaction set, and the jth feature interaction 25 

group is any feature interaction group in the kth-order feature interaction set; and 

obtain the kth-order feature interaction set of the candidate recommended object sample based 

on the allocation probability of each of the plurality of association features of the candidate 

recommended object sample. 

33. The training device according to claim 32, wherein when obtaining the kth-order feature 30 

interaction set of the candidate recommended object based on the allocation probability of each of 
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the plurality of association features of the candidate recommended object sample, the automatic 

feature grouping unit is specifically configured to: 

determine an allocation value of the association feature based on the allocation probability of 

each of the plurality of association features of the candidate recommended object sample, wherein 

the allocation value is a probability that each association feature is allocated to the jth feature 5 

interaction group in the kth-order feature interaction set; and 

if the allocation value of the association feature is greater than a preset threshold, allocate the 

association feature to the jth feature interaction group in the kth-order feature interaction set; or 

if the allocation value of the association feature is not greater than a preset threshold, skip 

allocating the association feature to the jth feature interaction group in the kth-order feature 10 

interaction set. 

34. The training device according to any one of claims 27 to 33, wherein the non-linear 

mathematical operation comprises a vector inner product operation and matrix multiplication. 

359. A recommendation apparatus based on automatic feature grouping, comprising: 

a memory, configured to store instructions; and 15 

a processor, coupled to the memory, wherein 

when executing the instructions, the processor performs the method according to any one of 

claims 1 to 9.: 

obtaining a plurality of candidate recommended objects and a plurality of association features 

of each of the plurality of candidate recommended objects;20 

performing multi-order automatic feature grouping on the plurality of association features of 

each of the plurality of candidate recommended objects, to obtain a multi-order feature interaction 

set of each candidate recommended object, wherein each-order feature interaction set in the multi-

order feature interaction set of each of the plurality of candidate recommended objects comprises 

one or more feature interaction groups, each of the one or more feature interaction groups 25 

comprises at least one of the plurality of association features of the candidate recommended object, 

in each feature interaction group in a kth-order feature interaction set in the multi-order feature 

interaction set, a quantity of association features used in a non-linear mathematical operation is k, 

and k is an integer greater than 0;

obtaining an interaction feature contribution value of each candidate recommended object 30 

through calculation based on the plurality of association features in the multi-order feature 
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interaction set of each of the plurality of candidate recommended objects;

obtaining a prediction score of each candidate recommended object through calculation based 

on the interaction feature contribution value of each of the plurality of candidate recommended 

objects; and

determining one or more corresponding candidate recommended objects with a high 5 

prediction score in the plurality of candidate recommended objects as a target recommended object. 

10. The apparatus according to claim 9, wherein the obtaining an interaction feature 

contribution value of each candidate recommended object through calculation based on the 

plurality of association features in the multi-order feature interaction set of each of the plurality of 

candidate recommended objects comprises: 10 

for the multi-order feature interaction set of each candidate recommended object, 

obtaining a kth-order interaction result of each feature interaction group through calculation 

based on a plurality of association features of each feature interaction group in the kth-order feature 

interaction set; and

obtaining the interaction feature contribution value of the candidate recommended object 15 

through calculation based on a corresponding-order interaction result of a feature interaction group 

in the multi-order feature interaction set of the candidate recommended object. 

11. The apparatus according to claim 10, wherein the obtaining a kth-order interaction result 

of each feature interaction group through calculation based on a plurality of association features 

of each feature interaction group in the kth-order feature interaction set comprises: 20 

inputting the plurality of association features of each feature interaction group in the kth-order 

feature interaction set to a feature interaction model for calculation, to obtain the kth-order 

interaction result of each feature interaction group. 

12. The apparatus according to claim 11, wherein the inputting the plurality of association 

features of each feature interaction group in the kth-order feature interaction set to a feature 25 

interaction model for calculation, to obtain the kth-order interaction result of the feature interaction 

group comprises: 

performing the following steps on each feature interaction group in the kth-order feature 

interaction set: 

obtaining a feature vector of each association feature of the interaction group and a weight 30 

corresponding to the feature vector;
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performing weighted summation on the feature vector of each association feature of the 

feature interaction group and the weight corresponding to the feature vector, to obtain a feature 

value of the feature interaction group; and

determining the kth-order interaction result of the feature interaction group based on the 

feature vector of each association feature of the feature interaction group, the weight corresponding 5 

to the feature vector, and the feature value of the feature interaction group. 

13. The apparatus according to any one of claims 10 to 12, wherein the obtaining the 

interaction feature contribution value of the candidate recommended object through calculation 

based on a corresponding-order interaction result of a feature interaction group in the multi-order 

feature interaction set of the candidate recommended object comprises: 10 

obtaining an interaction feature vector based on the corresponding-order interaction result of 

the feature interaction group in the multi-order feature interaction set of the candidate 

recommended object; and

inputting the interaction feature vector to a neural network model for calculation, to obtain 

the interaction feature contribution value of the candidate recommended object, wherein the neural 15 

network model is obtained based on a fully connected neural network. 

14. The apparatus according to any one of claims 9 to 13, wherein the performing multi-order 

automatic feature grouping on the plurality of association features of each of the plurality of 

candidate recommended objects, to obtain a multi-order feature interaction set of each candidate 

recommended object comprises: 20 

inputting the plurality of association features of each of the plurality of candidate 

recommended objects to an automatic feature grouping model for processing, to obtain the multi-

order feature interaction set of each candidate recommended object. 

15. The apparatus according to claim 14, wherein the inputting the plurality of association 

features of each of the plurality of candidate recommended objects to an automatic feature 25 

grouping model for processing, to obtain the multi-order feature interaction set of each candidate 

recommended object comprises: 

for kth-order feature interaction of each candidate recommended object, obtaining an 

allocation probability of each of the plurality of association features of the candidate recommended 

object, wherein the allocation probability of each of the plurality of association features of the 30 

candidate recommended object is a probability that each association feature is allocated to a jth
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feature interaction group in the kth-order feature interaction set, and the jth feature interaction group 

is any feature interaction group in the kth-order feature interaction set; and

obtaining the kth-order feature interaction set of the candidate recommended object based on 

the allocation probability of each of the plurality of association features of the candidate 

recommended object. 5 

16. The apparatus according to claim 15, wherein the obtaining the kth-order feature 

interaction set of the candidate recommended object based on the allocation probability of each of 

the plurality of association features of the candidate recommended object comprises: 

determining an allocation value of the association feature based on the allocation probability 

of each of the plurality of association features of the candidate recommended object, wherein the 10 

allocation value is a probability that each association feature is allocated to the jth feature 

interaction group in the kth-order feature interaction set; and

if the allocation value of the association feature is greater than a preset threshold, allocating 

the association feature to the jth feature interaction group in the kth-order feature interaction set; or

if the allocation value of the association feature is not greater than a preset threshold, skipping 15 

allocating the association feature to the jth feature interaction group in the kth-order feature 

interaction set. 

36. A training device based on a prediction model, comprising: 

a memory, configured to store instructions; and 20 

a processor, coupled to the memory, wherein 

when executing the instructions, the processor performs the method according to any one of 

claims 10 to 17. 

3717. A chip system, wherein the chip system is applied to an electronic device, the chip 

system comprises one or more interface circuits and one or more processors, the interface circuit 25 

and the processor are interconnected by using a line, the interface circuit is configured to receive 

a signal from a memory of the electronic device, and send the signal to the processor, the signal 

comprises computer instructions stored in the memory, and when the processor executes the 

computer instructions, the electronic device performs the method according to any one of claims 

1 to 17.: 30 

obtaining a plurality of candidate recommended objects and a plurality of association features 
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of each of the plurality of candidate recommended objects;

performing multi-order automatic feature grouping on the plurality of association features of 

each of the plurality of candidate recommended objects, to obtain a multi-order feature interaction 

set of each candidate recommended object, wherein each-order feature interaction set in the multi-

order feature interaction set of each of the plurality of candidate recommended objects comprises 5 

one or more feature interaction groups, each of the one or more feature interaction groups 

comprises at least one of the plurality of association features of the candidate recommended object, 

in each feature interaction group in a kth-order feature interaction set in the multi-order feature 

interaction set, a quantity of association features used in a non-linear mathematical operation is k, 

and k is an integer greater than 0;10 

obtaining an interaction feature contribution value of each candidate recommended object 

through calculation based on the plurality of association features in the multi-order feature 

interaction set of each of the plurality of candidate recommended objects;

obtaining a prediction score of each candidate recommended object through calculation based 

on the interaction feature contribution value of each of the plurality of candidate recommended 15 

objects; and

determining one or more corresponding candidate recommended objects with a high 

prediction score in the plurality of candidate recommended objects as a target recommended object. 

18. The chip system according to claim 17, wherein the obtaining an interaction feature 

contribution value of each candidate recommended object through calculation based on the 20 

plurality of association features in the multi-order feature interaction set of each of the plurality of 

candidate recommended objects comprises: 

for the multi-order feature interaction set of each candidate recommended object, 

obtaining a kth-order interaction result of each feature interaction group through calculation 

based on a plurality of association features of each feature interaction group in the kth-order feature 25 

interaction set; and

obtaining the interaction feature contribution value of the candidate recommended object 

through calculation based on a corresponding-order interaction result of a feature interaction group 

in the multi-order feature interaction set of the candidate recommended object. 

30 

3819. A computer storage medium, wherein the computer storage medium stores a computer 
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program, the computer program comprises program instructions, and when executing the program 

instructions, a processor performs the method according to any one of claims 1 to 178. 

3920. A computer program product, comprising computer instructions, wherein when the 

computer instructions are run on a recommendation apparatus, the recommendation apparatus is 

enabled to perform the method according to any one of claims 1 to 178. 5 


