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INFORMATION RECOMMENDATION METHOD, 

APPARATUS, RECOMMENDATION SERVER AND STORAGE 

MEDIUM 

 

CROSS-REFERENCE TO RELATED DISCLOSURE 

[0001] This application claims priority to the Chinese Patent Application No. 201911053819.3, 

filed on October 31, 2019, the content of which is herein incorporated by reference in its entirety. 

 

TECHNICAL FIELD 

[0002] The present disclosure relates to the field of machine learning technologies, and in 

particular, relates to a method and apparatus for recommending information, and a 

recommendation server and a storage medium thereof. 

 

BACKGROUND 

[0003] With the rapid development of artificial intelligence interaction technologies, pre-trained 

machine learning models have been widely used in large data scenarios of service types, for 

example, recommendation, searching, advertisement, and the like. For the search needs of the user, 

the background may acquire a plurality of relevant recommended information. In this case, the 

click through rate (CTR) of the plurality of recommended information needs to be predicted, so as 

to push the optimal information for the user based on the click through rate of the plurality of 

recommended information.  

[0004] Conventionally, a service prediction model most fitting click behaviors of users on 

recommended information is trained by the logistic regress algorithm, and the service prediction 

model includes model weight coefficients in each feature dimension in the recommended 

information. When predicting the click through rate of each recommended information, the feature 

values in each feature dimension in the recommended information and the corresponding model 

weight coefficients are necessary to look up. In this case, due to the presence of a large number of 

high-dimensional sparse features in the recommended information, such as the user identity (ID), 

the anchor ID, or the device ID, and the like, in the identity dimension in the recommended 

information, which may reach a dimension of 1 billion, the service prediction model may occupy 

a large amount of memory when storing a large number of high-dimensional sparse features in the 

recommended information, thereby causing insufficient memory. For recommended information 

including a large number of features, it is necessary to spend a long time to look up the model 
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weight coefficients in each feature dimension in the recommended information, which causes 

excessive task of the service prediction model and lower prediction efficiency of the recommended 

information. 

 

SUMMARY 

[0005] Embodiments of the present disclosure provide a method and apparatus for recommending 

information, and a recommendation server and a storage medium thereof, which reduce a size of 

a recommendation model, and improve information recommendation efficiency on the premise of 

recommendation accuracy. 

[0006] In a first aspect, the embodiments of the present disclosure provide a method for 

recommending information. The method includes:  

[0007] acquiring a click through rate of recommended information by predicting a feature vector 

of the recommended information by a recommendation model, wherein model parameters 

corresponding to features that are the same as features of the feature vector and have frequencies 

less than or equal to a first threshold are removed from the recommendation model; and 

[0008] issuing the recommended information based on the click through rate. 

[0009] In a second aspect, the embodiments of the present disclosure provide an apparatus for 

information recommendation. The apparatus includes: 

[0010] a click predicting module, configured to acquire a click through rate of recommended 

information by predicting a feature vector of the recommended information by a recommendation 

model, wherein model parameters corresponding to features that are the same as features of the 

feature vector and have frequencies less than or equal to a first threshold are removed from the 

recommendation model; and 

[0011] an information recommending module, configured to issue the recommended information 

based on the click through rate. 

[0012] In a third aspect, the embodiments of the present disclosure provide a recommendation 

server. The recommendation server includes:  

[0013] at least one processor; and 

[0014] a memory configured to store the at least one program; 

[0015] wherein the at least one program, when loaded and run by the at least one processor, causes 

the at least one processor to perform the method for recommending information according to any 

embodiment of the present disclosure. 

[0016] In a fourth aspect, the embodiments of the present disclosure provide a system for training 

a model. The system includes: a training server cluster and a parameter server cluster; wherein the 
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parameter server cluster is configured to store model parameters corresponding to different 

features in a preset machine learning model; 

[0017] the training server cluster is configured to sequentially acquire latest model parameters 

corresponding to different features in the machine learning model from the parameter server 

cluster, acquire a corresponding click through rate by processing a history feature vector of history 

recommended information based on the model parameter, calculate a loss coefficient of model 

parameters corresponding to features with frequencies greater than a first threshold in the machine 

learning model, and return the loss coefficient to the parameter server cluster; and 

[0018] the parameter server cluster is further configured to update the corresponding model 

parameters by the loss coefficient and feed the updated model parameters back to the training 

server cluster, remove model parameters corresponding to features with frequencies less than or 

equal to the first threshold upon completion of the training of the machine learning model, acquire 

remaining model parameters, and generate a corresponding recommendation model based on the 

remaining model parameters. 

[0019] In a fifth aspect, the embodiments of the present disclosure provide a computer-readable 

storage medium. The computer-readable storage medium stores a computer program; wherein the 

computer program, when loaded and run by a processor, causes the processor to perform the 

method for recommending information according to any embodiment of the present disclosure. 

 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0020] FIG. 1A is a flowchart of a method for recommending information according to an 

embodiment of the present disclosure;  

[0021] FIG. 1B is a schematic diagram of a principle of an information recommendation process 

according to an embodiment of the present disclosure;  

[0022] FIG. 2A is a flowchart of training a recommendation model in a method for recommending 

information according to an embodiment of the present disclosure;  

[0023] FIG. 2B is a schematic diagram of a principle of a process of training recommendation 

model according to an embodiment of the present disclosure;  

[0024] FIG. 3A is a flowchart of training a recommendation model in another method for 

recommending information according to an embodiment of the present disclosure;  

[0025] FIG. 3B is a schematic diagram of a principle of training a recommendation model in 

another method for recommending information according to an embodiment of the present 

disclosure;  
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[0026] FIG. 4 is a flowchart of another method for recommending information according to an 

embodiment of the present disclosure;  

[0027] FIG. 5 is a schematic structural diagram of an apparatus for recommending information 

according to an embodiment of the present disclosure;  

[0028] FIG. 6 is a schematic architectural diagram of a system for training a model according to 

an embodiment of the present disclosure; and 

[0029] FIG. 7 is a schematic structural diagram of a recommendation server according to an 

embodiment of the present disclosure. 

 

DETAILED DESCRIPTION 

[0030] FIG. 1A is a flowchart of a method for recommending information according to an 

embodiment of the present disclosure, and the embodiment may be applicable to any of a 

background recommendation server that may provide a user with an issue request service for 

relevant recommended information. The technical solutions in the embodiment of the present 

disclosure are applicable in a case of recommending relevant information to a user. The method 

for recommending information according to the embodiments may be performed by an apparatus 

for recommending information according to the embodiments. The apparatus may be implemented 

by software and/or hardware and integrated in a recommendation server for performing the method.  

[0031] Referring to FIG. 1A, the method may include processes S110 to S120.  

[0032] In S110, a click through rate of recommended information is acquired by predicting a 

feature vector of the recommended information by a recommendation model.  

[0033] The push information is a large amount of recommended information corresponding to a 

current issue request and is looked up by the push server based on a received issue from a client 

and history behavior data of the user through an object recommendation itemCF algorithm, a user 

recommendation userCF algorithm, a content recommendation content-based algorithm, or a 

service recommendation vector-base algorithm, or the like in the related art. 

[0034] Illustratively, in the case that the user requires the recommendation server to recommend 

the corresponding relevant information, the issue request is an instruction of the request 

correspondingly generated by performing a corresponding content refresh operation or a lookup 

operation for the information on the client. In the case that the issue request does not include 

specific request content, news, information, music, or short video and other content of interest to 

the user may be determined by analyzing history behavior data of the user, so as to look up 

corresponding data content as the recommended information corresponding to the request. The 

request method is generally directed to the case that the user does not determine the requires 
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specific information when performing the content refresh operation in a corresponding software 

product on the client. In this case, by analyzing the corresponding recommended information based 

on the history behavior data, quality information is recommended to the user. In the case that the 

issue request includes specific request content, news, information, music, or short video and other 

content associated with the specific content of the request may be looked up by analyzing the 

specific content of the request, and looked up associated information acts as the corresponding 

recommended information of the request. The request method is generally directed to the case 

where the user performs the lookup operation of the associated information in a corresponding 

software product on the client. In this case, the corresponding push information is determined 

based on specific content of the request, and hence, matched information is recommended to the 

user.  

[0035] A feature vector of the recommended information refers to feature data in different 

dimensions that are analyzed based on various features of the recommended information. For 

example, where a video is analyzed in the aspects of "like," "forward," and "comment," results in 

these three aspects may constitute a three-dimensional feature vector of the video. 

[0036] In addition, the recommendation model is a pre-trained network model configured to 

quickly filter the most matching recommended information for the user, and the pre-training is a 

training of a click behavior of the user on each history recommended information for the feature 

vector corresponding to each history recommended information. In the training in the related art, 

the preset model parameters corresponding to the features in the network model that are the same 

as the features in the feature vector corresponding to the recommended information are 

consecutively updated, such that the trained network model includes the model parameters 

corresponding to the features in the feature vector corresponding to the recommended information 

to analyze the features in the feature vector. In the recommendation scenario such as searching, 

personalized pushing service, advertisement notification, the recommended information includes 

a large number of different types of features, such that the trained network model further includes 

model parameters corresponding to a large number of different types of features, and the memory 

is excessively occupied. In addition, when predicting a click behavior of the user for the 

recommended information, a longer time may be spent on looking up the model parameters 

corresponding to the features from a large number of model parameters, thereby reducing the 

efficiency of the model operation. 

[0037] In this embodiment, considering that the feature vector of the recommended information 

may include a large number of high-dimensional sparse features, such as ID of the user, anchor 

ID, or device ID, and the like, the click behavior of the user on the different recommended 
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information may be not affected in the case that such high-dimensional sparse features are rarely 

participated in the training process of the click behavior of the user on the recommended 

information. Therefore, in the model training process, as shown in FIG. 1B, the training of such 

features in the feature vector of the history recommended information may be excluded, and the 

training of the features that have a greater effect on the click behavior of the user may be remained, 

such that the trained recommendation model is merely remained the model parameters 

corresponding to the features that exert a great effect on the click behavior of the user. In the 

embodiments, the times of occurrences of each feature in the network model (the frequency of the 

feature in the embodiments) may be determined based on the feature vector of the history 

recommended information in the model training process, and the times of occurrences represent 

the effect of the features on the click behavior of the user. Therefore, the model parameters 

corresponding to the features that are the same as the features of the feature vector and have the 

frequencies less than or equal to a first threshold are removed from the trained recommendation 

model in the embodiments, and only the model parameters corresponding to the features with the 

frequencies greater than the first threshold are remained in the trained recommendation model. In 

this way, the size of the recommendation model is decreased, and the occupied memory of the 

model parameters in the recommendation model is reduced. Illustratively, the model parameters 

in the recommendation model in the embodiments may be weight coefficients corresponding to 

different features in the recommendation model, wherein the weight coefficient is configured to 

represent the effect of each feature on the click behavior of the user. 

[0038] In this case, the click through rate of the recommended information refers to a click arrival 

rate of the recommended information that is filtered from all recommended information, 

recommended to the client of the user, and clicked and view by the user. That is, the actual number 

of clicks on the recommended information is divided by the total amount of the recommended 

information, and thus the quality of each recommended information issued to the user is 

determined.  

[0039] Illustratively, the user performs the corresponding content refresh operation or the lookup 

operation on the information on the client, so as to generate the corresponding issue request and 

send the corresponding issue request to the recommendation server. The recommendation server 

looks up a large amount of recommended information corresponding to the issue request by a 

similarity algorithm in the related art based on the history behavior data of the user, and acquires 

a corresponding feature vector from a feature service storing the different types of the features of 

the upload information based on the identification information of each recommended information, 

and hence inputs the feature vector of each recommended information into the pre-trained 
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recommendation model of the embodiments. Furthermore, the corresponding features in the 

feature vector of the recommended information are analyzed based on the model parameters 

corresponding to the features that are remained in the recommendation model and have frequencies 

greater than the first threshold, such that the click through rate of the acquired recommended 

information is predicted.  

[0040] In S120, the recommended information is issued based on the click through rate. 

[0041] Illustratively, upon acquisition of the click through rate of each recommended information, 

the preference of the user for each recommended information may be determined explicitly, and 

the corresponding recommended information is filtered from all recommended information based 

on the issue request and the click through rate of the user and is issued to the user. Illustratively, 

the recommended information with the highest click through rate is issued to the user in the case 

that the user is currently required to acquire the optimal piece of information, and a plurality of 

recommended information with the top click through rate is issued to the user in the case that the 

user is required to acquire the plurality of recommended information at one-time. 

[0042] In the technical solution according to this embodiment, in the process of training the 

recommendation model, the model parameters corresponding to features that are the same as the 

features in the feature vector of the recommended information and have the frequencies less than 

or equal to the first threshold are removed, and the model parameters corresponding to the features 

with the frequencies greater than the first threshold are remained, thereby reducing the size of the 

recommendation model and the occupied memory of the model parameters in the recommendation 

model. In addition, in the case that the feature vector of the recommended information is predicted 

based on the model parameters in the recommendation model, it is unnecessary to look up all the 

model parameters that correspond to the features in the feature vector, thereby reducing the time 

spent in the lookup process. The features in the feature vector of the recommended information 

that correspond to the model parameters remained in the recommendation model are analyzed. In 

this way, the efficiency of information recommendation is improved while the accuracy is ensured. 

[0043] FIG. 2A is a flowchart of training a recommendation model in a method for recommending 

information according to an embodiment of the present disclosure, and FIG. 2B is a schematic 

diagram of a principle of a process of training recommendation model according to an embodiment 

of the present disclosure. The embodiments are refined based on the embodiments described above. 

The training of the recommendation model in the embodiments may be performed offline, and the 

processes of the offline training of the recommendation model and predicting the click through 

rate of each recommended information with the trained recommendation model online may be 

implemented on different devices, such that the recommendation model may be trained by a pre-
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architecture model training system in the embodiments. Upon completion of the training, the 

recommendation model is issued to the recommendation server to online perform the method for 

recommending information according to any one of the embodiments of the present disclosure. 

Detailed explanations are made in the this embodiment to describe the process of offline training 

the recommendation model. 

[0044] As shown in FIG. 2A, this embodiment includes processes S210 to S230.  

[0045] In S210, the model parameters corresponding to the features with the frequencies greater 

than the first threshold in a machine learning model are sequentially updated based on the click 

through rate of a history feature vector of the history recommended information in the preset 

machine learning model. 

[0046] Prior to training the recommendation model, the machine learning model is pre-

architecture, and initial values of corresponding model parameters are preset for each feature of 

different types in the machine learning model. By prediction errors of click through rates of a large 

number of history recommended information of different types, the model parameters 

corresponding to the features in the machine learning model are sequentially revised until the click 

through rate of any type history recommended information can be accurately predicted.  

[0047] Illustratively, a large amount of history recommended information of different types are 

acquired to accurately analyze click behaviors of the user for different types of information, 

thereby determining the preference of the user. A plurality of history feature vectors of the history 

recommended information are input into a preset machine learning model, and the corresponding 

features in the history feature vector are analyzed based on the preset current model parameters in 

the machine learning model, thereby acquiring a click through rate of each history recommended 

information. The prediction error in the machine learning model under current model parameters 

is predicted by comparing a history tag and a click through rate of the history recommended 

information. Simultaneously, the number of occurrences each feature in the machine learning 

model, i.e., the frequencies of the features in this embodiment, are determined based on the features 

in the feature vector of the history recommended information, and the prediction error is back-

propagated in the machine learning model to modify the selected model parameters corresponding 

to the features with the frequencies greater than the first threshold in the machine learning model, 

to improve the accuracy of the prediction result subsequently.  

[0048] Illustratively, as shown in FIG. 2B, sequentially updating the model parameters 

corresponding to the features with the frequencies greater than the first threshold in a machine 

learning model based on the click through rate of a history feature vector of the history 

recommended information in the preset machine learning model in the embodiments may include: 
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acquiring the corresponding current click through rate by predicting the history feature vector of 

the current history recommended information by the machine learning model; calculating, by a 

preset loss function, a loss coefficient of the current click through rate under the model parameters 

corresponding to the features with the frequencies greater than the first threshold, modifying the 

corresponding model parameters in the machine learning model by the loss coefficient, predicting 

the history feature vector of the next history recommended information by the machine learning 

model, and modifying the model parameters corresponding to the features with the frequencies 

less than the first threshold in the machine learning model until training of the machine learning 

model is completed. 

[0049] Illustratively, the history feature vector of the current history recommended information is 

input into the preset machine learning model, the corresponding features in the history feature 

vector of the current history recommended information is analyzed based on the current model 

parameter, and the current click through rate of the current history recommended information is 

acquired. The frequencies of the features in the machine learning model are analyzed based on the 

features in the history feature vector of the history recommended information, thereby marking the 

model parameters corresponding to the features with the frequencies greater than the first threshold. 

The loss coefficient, that is, the difference value of the model parameters capable of accurately 

analyzing the click through rate of the history recommended information, under the model 

parameters corresponding to the features with the frequencies greater than the first threshold in the 

machine learning model is determined by the preset loss function, and the corresponding model 

parameters in the machine learning model are modified by the loss coefficient. After modifying, 

the history feature vector of the next history recommended information is acquired, and is input 

into the modified machine learning model. The features corresponding to the model parameters in 

the history feature vector of the next history recommended information are analyzed based on the 

modified model parameters (the model parameters corresponding to the features with the 

frequencies greater than the first threshold) in the machine learning model, the features with the 

frequencies less than or equal to the first threshold are excluded, thereby acquiring the next click 

through rate of the next history recommended information. The model parameters corresponding 

to the features with the frequencies greater than the first threshold in the machine learning model 

are modified consecutively. The processes are sequentially cycled until the prediction error of the 

click through rate of the history recommended information is less than the preset error threshold, 

and the training of the machine learning model is completed. 

[0050] In S220, the remaining model parameters are acquired by removing model parameters 

corresponding to features with frequencies less than or equal to the first threshold upon completion 
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of the training of the machine learning model, and the recommendation model is generated based 

on the remaining model parameters. 

[0051] The remaining model parameters are the model parameters corresponding to features with 

the frequencies less than the first threshold in the machine learning model. 

[0052] Illustratively, as the features with the frequencies less than or equal to the first threshold 

in the machine learning model contribute little to predicting the click behavior of the user, 

considering that the efficiency of the recommendation model, upon completion of the training of 

the machine learning model in this embodiment, the model parameters corresponding to the 

features with the frequencies less than or equal to the first threshold in the machine learning model 

may be removed directly based on the markings on the model parameters corresponding to the 

features with the frequencies greater than the first threshold in the model training process, which 

does not affect the predicted result of the click through rate of the recommended information. The 

corresponding recommendation model is generated based on the remaining model parameters 

upon the removal of the model parameters corresponding to the features with the frequencies less 

than or equal to the first threshold (the model parameters corresponding to the features with the 

frequencies greater than the first threshold in the machine learning model), such that the 

recommendation model is merely remained the model parameters corresponding to the features 

with the frequencies less than the first threshold, thereby reducing the size of the recommendation 

model and improving the efficiency of the recommendation model on the premise of ensuring the 

accuracy of the recommendation.  

[0053] Furthermore, in order to accurately determine the model parameters corresponding to the 

features with the frequencies less than or equal to the first threshold in the machine learning model, 

upon sequentially updating the model parameters corresponding to the features with the 

frequencies greater than the first threshold in the machine learning model, the embodiment further 

includes: setting the model parameters corresponding to the features with the frequencies less than 

or equal to the first threshold in the machine learning model as preset sparsity values to remove 

the preset sparsity values and acquire the remaining model parameters upon completion of the 

training of the machine learning model. 

[0054] Illustratively, in the process of training the model, the preset frequencies of the features in 

the machine learning model may be determined from the features in the history feature vector in 

the process of inputting of the history feature vector of each history recommended information 

into the machine learning model. In this case, the model parameters corresponding to the features 

with the frequencies less than the first threshold are modified, and the model parameters 

corresponding to the features with the frequencies less than or equal to the first threshold are set 
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as the preset sparsity values (the preset sparsity values are 0s in the embodiment) as the model 

parameters corresponding to the features with the frequencies less than or equal to the first 

threshold are no longer participated in the learning training. The model parameters set as the preset 

sparsity values are directly removed upon completion of the training on the machine learning 

model, thereby remaining the model parameters corresponding to the features with the frequencies 

greater than the first threshold. 

[0055] Illustratively, in this embodiment, an improved follow-the-regularized-leader (FTRL) 

algorithm is configured in the machine learning model, and the model parameters corresponding 

to the features with the frequencies greater than the first threshold are modified sequentially 

through the improved FTRL algorithm in the process of training the model. The FTRL algorithm 

in the related art is as follows: 
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[0056] In the above algorithm, g represents a loss coefficient of a model parameter corresponding 
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represent defined parameters of sparsity training.  
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[0058] In the above algorithm, f represents a frequency of a feature in a machine learning model, 

and λ3 represents a first threshold defined by the frequency of the feature; conventional training is 

still performed on the model parameters corresponding to the features with the frequencies less 

than the first threshold in the machine learning model through the improved FTRL algorithm, and 

the model parameters corresponding to the features with the frequencies less than or equal to the 

first threshold are directly sets as 0, which may not participate in a subsequent machine learning 

process. That is, in the process of training the machine learning model, the preset frequencies of 

the features in the machine learning model are determined based on the history feature vector of 

the history recommended information, machine learning model parameters corresponding to the 

features are trained in the case that the frequencies of the features are greater than the first threshold. 

Otherwise, the model parameters corresponding to the features are always set as 0. Upon 

completion of the training on the machine learning model, a corresponding recommendation model 

is generated based on the model parameters other than 0, which reduces the size of the 

recommendation model and improves the efficiency of the recommendation model on the premise 

of the accuracy of the recommendation. 

[0059] In S230, the recommendation model is published online.  

[0060] Illustratively, upon generation of the corresponding recommendation model, the 

recommendation model may be directly published online. That is, the recommendation model is 

applied in a recommendation server of the method for recommending information in any one of 

the embodiments of the present disclosure, so as to directly predict the click through rate of each 

recommended information by the recommendation model online, recommend more interesting 

content for the user, and improve the accuracy and efficiency of the information recommendation.  

[0061] In the technical solution according to this embodiment, the model parameters 

corresponding to the features with the frequencies less than the first threshold in the machine 

learning model are consecutively updated based on the click through rate of the history 

recommended information predicted by the machine learning model, the model parameters 

corresponding to the features with the frequencies less than or equal to the first threshold are 

removed upon completion of the training of the machine learning model, and the corresponding 

recommendation model is generated based on the remaining model parameters. The model 

parameters corresponding to the features with the frequencies less than or equal to the first 

threshold are not required to be modified each time, thereby improving efficiency of training the 

model, reducing the size of the recommendation model, and reducing occupied memory of the 

model parameters and the high-dimensional sparse feature.  
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[0062] FIG. 3A is a flowchart of training a recommendation model in another method for 

recommending information according to an embodiment of the present disclosure, and FIG. 3B is 

a schematic diagram of a principle of training a recommendation model in another method for 

recommending information according to an embodiment of the present disclosure. This 

embodiment is refined based on the embodiment described above. Upon completion of the training 

of the machine learning model, the prediction of the model may be congested in the case that the 

model scale reaches the memory limit. Therefore, the model parameters corresponding to the 

features with lower frequencies need to be further filtered to ensure the efficiency of the 

recommendation model. This embodiment primarily illustrates the further optimization process of 

the recommendation model.  

[0063] As shown in FIG. 3A, the method may include processes S310 to S340.  

[0064] In S310, model parameters corresponding to features with frequencies greater than a first 

threshold in a machine learning model are sequentially updated based on a click through rate of a 

history feature vector of a history recommended information in a preset machine learning model.  

[0065] In S320, remaining model parameters are acquired by removing model parameters 

corresponding to features with frequencies less than or equal to the first threshold upon completion 

of the training of machine learning model, and in the case that the machine learning model scale 

reaches a memory limit, the model parameters corresponding to the features with the frequencies 

less than or equal to a second threshold in the remaining model parameters is filtered, and the 

recommendation model is generated based on the filtered remaining model parameters acquired 

upon the filtering.  

[0066] Illustratively, upon completion of the training of the machine learning model, the model 

parameters corresponding to the features with the frequencies less than or equal to the first 

threshold in the machine learning model may be removed. In the case that the machine learning 

model scale reaches the memory limit, the model parameters corresponding to the features with 

the frequencies less than or equal to a second threshold are filtered from the remaining model 

parameters upon the removal of the model parameters corresponding to features with frequencies 

less than or equal to the first threshold. In this case, the second threshold is greater than the first 

threshold, and the corresponding memory is released. The corresponding recommendation model 

is generated based on the filtered remaining model parameters acquired upon the filtering, thereby 

reducing the size of the recommendation model. 

[0067] In S330, upon completion of the training of the machine learning model within a current 

time period, the frequencies of the different features in the machine learning model are updated by 

a preset frequency attenuation coefficient, the model parameters corresponding to a features with 
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frequencies less than or equal to a third threshold are filtered from the remaining model parameters 

upon the removal of the model parameters corresponding to features with frequencies less than or 

equal to the first threshold, and the recommendation model is generated based on the remaining 

model parameters acquired upon the filtering within the current time period. 

[0068] Illustratively, as new recommended services are coming out in the information 

recommendation process, new features are constantly emerging. Where the features of the 

recommended service updated within a time period are merely popular within the period of time, 

the features of the service are no longer referred later. However, the features of the service are still 

referred in the latter training as the machine learning model has recorded that the frequencies of 

the features of the service are greater than the first threshold within the period of time, although 

the features of the service have no contribution to the training of the model. Therefore, to ensure 

the accuracy of the recommendation model, in this embodiment, the machine learning model may 

be trained by time division, the history recommended information is acquired within the current 

time period, and the model parameters corresponding to the features with the frequencies greater 

than the first threshold in the machine learning model are consecutively modified. Upon 

completion of the training of the machine learning model within the current time period, as features 

within the previous time period may be not present, the frequencies of the different features in the 

machine learning model are updated by the preset frequency attenuation coefficient. Where the 

features are not present all along, the frequencies of the features may be constantly attenuated until 

the features with frequencies less than or equal to the third threshold is removed. As shown in FIG. 

3B, the model parameters corresponding to the features with the frequencies less than or equal to 

the first threshold are first removed in this embodiment to acquire the remaining model parameters. 

Then, the frequencies of the different features in the machine learning model are updated by the 

preset frequency attenuation coefficient, and the model parameters corresponding to the features 

with the frequencies less than or equal to the third threshold are further filtered from the remaining 

model parameters, thereby generating the recommendation model based on the filtered remaining 

model parameters acquired upon the filtering within a current time period, and improving the 

accuracy and efficiency of the recommendation model.  

[0069] It is to be noted that, in this embodiment, the model parameters corresponding to the 

features with the frequencies less than or equal to the third threshold may be determined whether 

to filter based on the scale of the trained machine learning model. In the case that the scale of the 

machine learning model upon completion of the training within the current time period does not 

reach the memory limit, the model parameters corresponding to the features with the frequencies 

less than or equal to the third threshold may not be further filtered, and the corresponding 
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recommendation model is generated directly based on the remaining model parameters upon the 

removal of the model parameters corresponding to the features with the frequencies less than or 

equal to the first threshold. S320 or S330 in this embodiment may be selectively performed.  

[0070] In S340, the recommendation model is published online.  

[0071] In the technical solution according to this embodiment, upon completion of the training of 

the machine learning model, in the case that the machine learning model scale reaches the memory 

limit, the model parameters corresponding to the features with the frequencies less than or equal 

to a second threshold are filtered from the remaining model parameters upon the removal of the 

model parameters corresponding to features with frequencies less than or equal to the first 

threshold. The corresponding recommendation model is generated based on the filtered remaining 

model parameters acquired upon the filtering, thereby reducing the size of the recommendation 

model, reducing the occupied memory of the model parameters and the high dimensional sparse 

feature. In addition, the machine learning model may be trained by time division, and the 

frequencies of the different features are consecutively updated by the frequency attenuation 

coefficient, so as to ensure the accuracy and efficiency of the recommendation model at different 

periods. FIG. 4 is a flowchart of yet another method for recommending information according to 

an embodiment of the present disclosure. This embodiment is refined based on the embodiment 

described above. The specific information recommendation process is described in this 

embodiment. As shown in FIG. 4, this embodiment may include processes S410 to S430.  

[0072] In S410, the remaining model parameters are acquired from the recommendation model 

upon the removal of the model parameters corresponding to the features that are the same as the 

features of the feature vector and have the frequencies less than or equal to the first threshold.  

[0073] Illustratively, upon acquisition of a large amount of recommended information based on 

the request of the user, the feature vector of each recommended information needs to be predicted 

by a recommendation model published online. Therefore, the recommendation model published 

online is first determined, and the remaining model parameters upon the removal of the model 

parameters corresponding to the features that the same as the features of the feature vector and 

have the frequencies less than or equal to the first threshold, that is, the model parameters 

corresponding to features with the frequencies greater than the first threshold, are looked up in the 

recommendation model, so as to analyze corresponding features in the feature vector of each 

recommended information. 

[0074] In S420, the click through rate of the recommended information is calculated based on the 

remaining model parameters and features corresponding to the remaining model parameters in the 

feature vector. 
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[0075] Illustratively, the features corresponding to the remaining model parameters are filtered 

from the feature vector of each recommended information based on the remaining model 

parameters remaining in the recommendation model. In this case, the model parameters may be a 

weight coefficient of the feature. Each remaining model parameters and the features corresponding 

to the remaining model parameters in the feature vector of the recommended information are 

multiplied and summed in a weighted sum fashion, and the weighted sum result of the features 

corresponding to the remaining model parameters in the feature vector of the recommended 

information are acted as the click through rate of the recommended information in this embodiment, 

thereby reducing the amount of computation in the recommendation model and improving the 

efficiency of the information recommendation.  

[0076] In S430, the recommended information is ranked based on the click through rate, and a 

corresponding issue list is created to issue the recommended information to the user. 

[0077] Illustratively, upon acquisition of the click through rate of a plurality of recommended 

information, the plurality of recommended information are ranked based on the order of the click 

through rate. The top recommended information is selected based on the requirement of the user 

to create a corresponding issue list, and the issue list is shown to the user to ensure the accuracy 

of the information recommendation.  

[0078] In the technical solution according to this embodiment, in the process of training the 

recommendation model, the model parameters corresponding to features that are the same as the 

features in the feature vector of the recommended information and have the frequencies less than 

or equal to the first threshold are removed, and the model parameters corresponding to the features 

with the frequencies greater than the first threshold are remained, thereby reducing the size of the 

recommendation model and the occupied memory of the parameters in the recommendation model. 

In addition, in the case that the feature vector of the recommended information is predicted based 

on the model parameters in the recommendation model, not all the model parameters that 

correspond to the features in the feature vector are required to look up, thereby reducing the time 

spent in the lookup process. The features in the feature vector of the recommended information 

that correspond to the model parameters remained in the recommendation model are analyzed, 

which improves the accuracy and efficiency of information recommendation, pushes more quality 

content for the user, and improves the information push effect.  

[0079] FIG. 5 is a schematic structural diagram of an apparatus for recommending information 

according to an embodiment of the present disclosure. As shown in FIG. 5, the apparatus includes: 

[0080] a click predicting module 510, configured to acquire a click through rate of recommended 

information by predicting a feature vector of the recommended information by a recommendation 
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model, wherein model parameters corresponding to features that are the same as features of the 

feature vector and have frequencies less than or equal to a first threshold are removed from the 

recommendation model;  

[0081] an information recommending module 520, configured to issue the recommended 

information based on the click through rate. 

[0082] In the technical solution according to this embodiment, in the process of training the 

recommendation model, the model parameters corresponding to features that are the same as the 

features in the feature vector of the recommended information and have the frequencies less than 

or equal to the first threshold are removed, and the model parameters corresponding to the features 

with the frequencies greater than the first threshold are remained, thereby reducing the size of the 

recommendation model and the occupied memory of the parameters in the recommendation model. 

In addition, in the case that the feature vector of the recommended information is predicted based 

on the model parameters in the recommendation model, not all the model parameters that 

correspond to the features in the feature vector are required to look up, thereby reducing the time 

spent in the lookup process. The features in the feature vector of the recommended information 

that correspond to the model parameters remained in the recommendation model are analyzed, 

which improves the accuracy and efficiency of information recommendation.  

[0083] In an embodiment, the click predicting module 510 may be configured to:  

[0084] acquire remaining model parameters from the recommendation model upon the removal 

of the model parameters corresponding to the features that are the same as the features of the 

feature vector and have the frequencies less than or equal to the first threshold; and 

[0085] calculate the click through rate of the recommended information based on the remaining 

model parameters and features corresponding to the remaining model parameters in the feature 

vector. 

[0086] In an embodiment, the information recommendation model may be generated by a model 

parameter updating module and a recommendation model generating module in a model training 

system performing the following.  

[0087] A model parameter updating module configured to sequentially update the model 

parameters corresponding to the features with the frequencies greater than the first threshold in the 

machine learning model based on the click through rate of the history feature vector of the history 

recommended information in the preset machine learning model.  

[0088] A recommendation model generating module configured to acquire the remaining model 

parameters by removing model parameters corresponding to features with frequencies less than or 

equal to the first threshold upon completion of the training of the machine learning model, and 
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generate the recommendation model based on the remaining model parameters, wherein the 

remaining model parameters is model parameters corresponding to the features with the 

frequencies less than the first threshold in the machine learning model.  

[0089] In an embodiment, the model parameter updating module may be configured to:  

[0090] acquire a corresponding current click through rate by predicting the history feature vector 

of the current history recommended information by the machine learning model; and 

[0091] calculate a loss coefficient of the current click through rate at the model parameters 

corresponding to the features with the frequencies greater than the first threshold by the loss 

function, modify the corresponding model parameters in the machine learning model by the loss 

coefficient, predict the history feature vector of the next history recommended information by the 

machine learning model, and modify the model parameters corresponding to the features with the 

frequencies greater than the first threshold in the machine learning model until training of the 

machine learning model is completed.  

[0092] In an embodiment, the system for training the model described above may further include:  

[0093] a sparse parameter setting module, configured to set the model parameters corresponding 

to the features with the frequencies less than or equal to the first threshold in the machine learning 

model as preset sparsity values to remove the model parameters set as the preset sparsity values 

upon completion of the training of the machine learning model. 

[0094] In an embodiment, the recommendation model generating module may be configured to:  

[0095] filter, in the case that the machine learning model scale reaches a memory limit, the model 

parameters corresponding to the features with the frequencies less than or equal to a second 

threshold from the remaining model parameters, and generate the recommendation model based 

on the remaining model parameters acquired upon the filtering, wherein the second threshold is 

greater than the first threshold. 

[0096] In an embodiment, the recommendation model generating module may be further 

configured to:  

[0097] upon completion of the training of the machine learning model within a current time period, 

update the frequencies of the different features in the machine learning model by a preset frequency 

attenuation coefficient, filter the model parameters corresponding to features with frequencies less 

than or equal to a third threshold from the remaining model parameters upon the removal of the 

model parameters corresponding to features with frequencies less than or equal to the first 

threshold, and generate the recommendation model based on the filtered remaining model 

parameters acquired upon the filtering within a current time period. 

[0098] In an embodiment, the system for training the model described above may further include:  
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[0099] a model publishing module configured to publish the recommendation model online.  

[00100] In an embodiment, the model parameters are weight coefficients of different 

features in the recommendation model.  

[00101] In an embodiment, the information recommendation module 520 may be 

configured to:  

[00102] rank the recommended information based on the click through rate, and create a 

corresponding issue list to issue the recommended information to a user. 

[00103] The apparatus for recommending information according to this embodiment is 

applicable to the methods for recommending information according to any of the embodiments 

described above.  

[00104] FIG. 6 is a schematic architectural diagram of a system for training a model 

according to an embodiment of the present disclosure. This embodiment is refined based on the 

embodiments described above. Referring to FIG. 6, the system for training the model may include 

a training server cluster 610 and a parameter server cluster 620, wherein the parameter server 

cluster is configured to store model parameters corresponding to different features in the preset 

machine learning model.  

[00105] Illustratively, the training server cluster 610 is configured to sequentially acquire 

latest model parameters corresponding to the different features in the machine learning model from 

the parameter server cluster 620, acquire a corresponding click through rate by processing a history 

feature vector of history recommended information based on the model parameter, calculate a loss 

coefficient of the model parameters corresponding to the features with the frequencies greater than 

a first threshold in the machine learning model, and return the loss coefficient to the parameter 

server cluster 620; and the parameter server cluster 620 is further configured to update the 

corresponding model parameters by the loss coefficient and feed the updated model parameters 

back to the training server cluster 610, remove model parameters corresponding to features with 

frequencies less than or equal to the first threshold upon completion of the training of the machine 

learning model, acquire remaining model parameters, and generate a corresponding 

recommendation model based on the remaining model parameters.  

[00106] The training server cluster 610 is further configured to set the model parameters 

corresponding to the features with the frequencies less than or equal to the first threshold in the 

machine learning model as the preset sparsity values, and return the preset sparsity values to return 

to the parameter server cluster 620; the parameter server cluster 620 is further configured to modify 

the model parameters corresponding to the features with the frequencies less than or equal to the 

first threshold in the machine learning model as the preset sparsity values, and remove the model 
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parameters set as the preset sparse values upon completion of the training of the machine learning 

model. 

[00107] In an embodiment, to ensure the efficiency of the model, upon completion of the 

training of the machine learning model, the parameter server cluster 620 is further configured to 

filter, in the case that the machine learning model scale reaches a memory limit, the model 

parameters corresponding to the features with the frequencies less than or equal to a second 

threshold from the remaining model parameters, and generate the recommendation model based 

on the remaining model parameters acquired upon the filtering, wherein the second threshold is 

greater than the first threshold. 

[00108] Illustratively, to ensure the accuracy of the recommendation model within each 

period, upon completion of the training of the machine learning model within a current time period, 

the parameter server cluster 620 is configured to update the frequencies of the different features in 

the machine learning model by the preset frequency attenuation coefficient, filter the model 

parameters corresponding to the features with frequencies less than or equal to a third threshold 

from the remaining model parameters upon the removal of the model parameters corresponding to 

features with frequencies less than or equal to the first threshold, and generate the recommendation 

model based on the filtered remaining model parameters acquired upon the filtering within a 

current time period. 

[00109] In addition, the system for training the model may further include a 

recommendation server 630, the parameter server cluster 620 is configured to publish the 

generated recommendation model to the recommendation server 630, and the recommendation 

server 630 is configured to perform the method for recommending information in any of the 

embodiments of the present disclosure. 

[00110] It is noted that, the training server cluster 610 includes of a plurality of training 

servers in a distributed deployment fashion, and the training server can perform training of the 

machine learning model in parallel, thereby increasing the training rate of the model. The 

parameter server cluster 620 includes of a plurality of in a distributed deployment fashion, and the 

parameter server is configured to store the model parameters corresponding to different features 

in the machine learning model in a partitioned fashion to relieve the storage pressure of the data. 

In addition, the training processes and the parameter modification processes in the process of 

training the model are separated to relieving the computational pressure of the model training.  

[00111] In the technical solution according to this embodiment, the recommendation model 

is trained by training server cluster and the parameter server cluster, such that the training 

processes and the parameter update processes are separated, and the training and model parameters 



 

21 

are spread onto different computing nodes. Therefore, the computational pressure of the single 

server is relieved, and the training rate of the recommendation model is improved.  

[00112] FIG. 7 is a schematic structural diagram of a recommendation server according to 

an embodiment of the present disclosure. As shown in FIG. 7, the recommendation server includes 

a processor 70, a memory 71, and a communication device 72. At least one processor 70 may be 

configured in the recommendation server, and FIG. 7 uses one processor 70 as an example for 

illustration. The processor 70, the memory 71, and the communication device 72 in the 

recommendation server may be connected by a bus or other means, and the connection by the bus 

is taken as an example in FIG. 7. 

[00113] The memory 71, as a computer-readable storage medium, may be configured to 

store a software program, a computer-executable program, and a module, such as the program 

instructions/modules corresponding to method for recommending information in any one of the 

embodiments. The processor 70 achieves various functional applications and data processing of 

the recommendation server, i.e., performs above method for recommending information, by 

executing the software program, the instruction, and the module stored in the memory 71.  

[00114] The memory 71 may primarily include a storage program region and a storage data 

region. The storage program region may store an operation system and an application for at least 

one function, and the storage data region may store data created based on the use of the terminal, 

and the like. Furthermore, the memory 71 may include a high-speed random access memory, and 

a non-volatile memory, such as at least one magnetic disk, flash memory, or other non-volatile 

solid state storage device. In some examples, the memory 71 may include a memory remotely 

disposed relative to the processor 70, which may be connected to the recommendation server over 

a network. Examples of the network include, but are not limited to, the Internet, the intranet, a 

local area network, a mobile communication network, and any combinations thereof.  

[00115] The communication device 72 may be configured to achieve a network connection 

or a mobile data connection between the recommendation server and the client.  

[00116] The recommendation server according to this embodiment may be configured to 

perform the method for recommending information in any one of the embodiments described 

above.  

[00117] An embodiment of the present disclosure also provides a computer-readable 

storage medium. The computer program, when loaded and run by a processor, causes the server to 

perform the method for recommending information in any one of the embodiments described 

above. The method may include:  
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[00118] acquiring a click through rate of recommended information by predicting a feature 

vector of the recommended information by a recommendation model, wherein model parameters 

corresponding to features that are the same as features of the feature vector and have frequencies 

less than or equal to a first threshold is removed from the recommendation model; and 

[00119] issuing the recommended information based on the click through rate. 

[00120] For the storage medium including computer-executable instructions according to 

this embodiment of the present disclosure, the computer-executable instructions are not limited to 

the method operations described above, and may further perform related operations in the method 

for recommending information in any one of the embodiments of the present disclosure.  

[00121] It should be apparent to those skilled in the art from the foregoing description of 

the embodiments that, the present disclosure may be implemented by software and the necessary 

general purpose hardware, and may be implemented by hardware, and the former is a preferable 

implementation. Based on such understandings, the essence of the technical solution of the present 

disclosure or the portion contributed to the related art may be embodied in the form of a software 

product. The computer software product may be stored in a computer-readable storage medium, 

for example, a floppy disk, a read-only memory (ROM), a random-access memory (RAM), a flash 

memory (FLASH), a hard disk, or an optical disk of a computer, and the like. The computer 

software product includes a plurality of instructions to cause the computer device (a personal 

computer, a server, or a network device) to perform the method described above.  

[00122] It should be noted that, in the above embodiments of the apparatus for 

recommending information, the included units and modules are merely divided according to 

function logic, but are not limited to the division described above, so long as the corresponding 

functions can be implemented. In addition, the names of the functional units are also merely for 

distinction, and are not intended to limit the scope of the present disclosure. 
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CLAIMS 

What is claimed is: 

1. A method for recommending information, comprising: 

acquiring a click through rate of recommended information by predicting a feature vector of 

the recommended information by a recommendation model, wherein model parameters 

corresponding to features that are the same as features of the feature vector and have frequencies 

less than or equal to a first threshold are removed from the recommendation model; and 

issuing the recommended information based on the click through rate. 

 

2. The method according to claim 1, wherein acquiring the click through rate of the 

recommended information by predicting the feature vector of the recommended information by 

the recommendation model comprises: 

acquiring remaining model parameters from the recommendation model upon the removal of 

the model parameters corresponding to the features that are the same as the features of the feature 

vector and have the frequencies less than or equal to the first threshold; and 

calculating the click through rate of the recommended information based on the remaining 

model parameters and features corresponding to the remaining model parameters in the feature 

vector. 

 

3. The method according to claim 1, wherein the recommendation model is generated by a 

system for training the model performing: 

sequentially updating model parameters corresponding to features with frequencies greater 

than the first threshold in a machine learning model based on the click through rate of a history 

feature vector of history recommended information in the preset machine learning model; and 

acquiring the remaining model parameters by removing model parameters corresponding to 

features with frequencies less than or equal to the first threshold upon completion of the training 

of the machine learning model, and generating the recommendation model based on the remaining 

model parameters, wherein the remaining model parameters are model parameters corresponding 

to the features with the frequencies greater than the first threshold in the machine learning model. 

 

4. The method according to claim 3, wherein sequentially updating the model parameters 

corresponding to the features with the frequencies greater than the first threshold in the machine 

learning model based on the click through rate of the history feature vector of the history 

recommended information in the preset machine learning model comprises: 
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acquiring a corresponding current click through rate by predicting the history feature vector 

of the current history recommended information by the machine learning model; and 

calculating a loss coefficient of the current click through rate at the model parameters 

corresponding to the features with the frequencies greater than the first threshold by a preset loss 

function, modifying the corresponding model parameters in the machine learning model by the 

loss coefficient, predicting a history feature vector of the next history recommended information 

by the machine learning model, and modifying the model parameters corresponding to the features 

with the frequencies greater than the first threshold in the machine learning model until training of 

the machine learning model is completed. 

 

5. The method according to claim 3, upon sequentially updating the model parameters 

corresponding to the features with the frequencies greater than the first threshold in the machine 

learning model, the method further comprises: 

setting the model parameters corresponding to the features with the frequencies less than or 

equal to the first threshold in the machine learning model as preset sparsity values to remove the 

model parameters set as the preset sparsity values upon completion of the training of the machine 

learning model. 

 

6. The method according to claim 3, wherein generating the recommendation model based on 

the remaining model parameters comprises: 

filtering, in the case that the machine learning model scale reaches a memory limit, model 

parameters corresponding to features with frequencies less than or equal to a second threshold 

from the remaining model parameters, and generating the recommendation model based on 

remaining model parameters acquired upon the filtering, wherein the second threshold is greater 

than the first threshold. 

 

7. The method according to claim 3, wherein acquiring the remaining model parameters by 

removing the model parameters corresponding to the features with the frequencies less than or 

equal to the first threshold upon completion of the training of the machine learning model, and 

generating the recommendation model based on the remaining model parameters comprise: 

upon completion of the training of the machine learning model within a current time period, 

updating the frequencies of the different features in the machine learning model by a preset 

frequency attenuation coefficient, filtering model parameters corresponding to features with 

frequencies less than or equal to a third threshold from the remaining model parameters upon the 
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removal of the model parameters corresponding to the features with the frequencies less than or 

equal to the first threshold, and generating the recommendation model based on remaining model 

parameters acquired upon the filtering within the current time period. 

 

8. The method according to any one of claims 3 to 7, upon generating the recommendation 

model based on the remaining model parameters, the method further comprises: 

publishing the recommendation model online. 

 

9. The method according to any one of claims 1 to 7, wherein the model parameter is a weight 

coefficient of different features in the recommendation model. 

 

10. The method according to claim 1, wherein issuing the recommended information based 

on the click through rate comprises: 

ranking the recommended information based on the click through rate, and creating a 

corresponding issue list to issue the recommended information to a user. 

 

11. An apparatus for recommending information, comprising:  

a click predicting module, configured to acquire a click through rate of recommended 

information by predicting a feature vector of the recommended information by a recommendation 

model, wherein model parameters corresponding to features that are the same as features of the 

feature vector and have frequencies less than or equal to a first threshold are removed from the 

recommendation model; and  

an information recommending module, configured to issue the recommended information 

based on the click through rate.  

 

12. A recommendation server, comprising:  

at least one processor; and 

a memory configured to store the at least one program; 

wherein the at least one program, when loaded and run by the at least one processor, causes 

the at least one processor to perform the method for recommending information as defined in any 

one of claims 1 to 10. 

 

13. A system for training a model, comprising a training server cluster and a parameter server 

cluster, wherein  
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the parameter server cluster is configured to store model parameters corresponding to 

different features in a preset machine learning model;  

the training server cluster is configured to sequentially acquire latest model parameters 

corresponding to different features in the machine learning model from the parameter server 

cluster, acquire a corresponding click through rate by processing a history feature vector of history 

recommended information based on the model parameter, calculate a loss coefficient of model 

parameters corresponding to features with frequencies greater than a first threshold in the machine 

learning model, and return the loss coefficient to the parameter server cluster; and  

the parameter server cluster is further configured to update the corresponding model 

parameters by the loss coefficient and feed the updated model parameters back to the training 

server cluster, remove model parameters corresponding to features with frequencies less than or 

equal to the first threshold upon completion of the training of the machine learning model, acquire 

remaining model parameters, and generate a corresponding recommendation model based on the 

remaining model parameters.  

 

14. The system according to claim 13, wherein  

the training server cluster is further configured to set the model parameters corresponding to 

the features with the frequencies less than or equal to the first threshold in the machine learning 

model as preset sparsity values, and return the preset sparsity values to the parameter server cluster; 

and 

the parameter server cluster is further configured to modify the model parameters 

corresponding to the features with the frequencies less than or equal to the first threshold in the 

machine learning model as the preset sparsity values, and remove the model parameters set as the 

preset sparse values upon completion of the training of the machine learning model.  

 

15. The system according to claim 13, wherein upon completion of the training of the machine 

learning model, the parameter server cluster is further configured to filter, in the case that the 

machine learning model scale reaches a memory limit, the model parameters corresponding to the 

features with the frequencies less than or equal to a second threshold from the remaining model 

parameters, and generate the recommendation model based on the remaining model parameters 

acquired upon the filtering, wherein the second threshold is greater than the first threshold.  

 

16. The system according to claim 13, wherein upon completion of the training of the machine 

learning model within a current time period, the parameter server cluster is further configured to 
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update the frequencies of the different features in the machine learning model by a preset frequency 

attenuation coefficient, filter model parameters corresponding to features with frequencies less 

than or equal to a third threshold from the remaining model parameters upon the removal of the 

model parameters corresponding to the features with the frequencies less than or equal to the first 

threshold, and generates the recommendation model based on the remaining model parameters 

acquired upon the filtering within a current time period. 

 

17. The system according to any one of claims 13 to 16, further comprising the 

recommendation server as defined in claim 12, wherein the parameter server cluster is further 

configured to publish the generated recommendation model to the recommendation server.  

 

18. A computer-readable storage medium, storing a computer program; wherein the computer 

program, when loaded and run by a processor, causes the server to perform the method for 

recommending information as defined in any one of claims 1 to 10. 

 


