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MODEL TRAINING METHODS, APPARATUSES, AND 

SYSTEMS 

TECHNICAL FIELD 

[0001] The present disclosure generally relates to the field of machine learning, and 

in particular to methods, apparatuses, and systems for collaboratively training a 

linear/logistic regression model by a plurality of training participants using a vertically 

segmented training set. 

BACKGROUND 

[0002] Linear regression models and logistic regression models are widely used 

regression/classification models in machine learning. In many cases, a plurality of 

model training participants (e.g., e-commerce companies, courier services companies, 

and banks) each have different portions of data of feature samples used for training a 

linear/logistic regression model. The plurality of model training participants generally 

want to use each other's data together to train the linear/logistic regression model in a 

unified way, but do not want to provide their respective data to other model training 

participants in order to prevent their own data from being leaked. 

[0003] In view of this, a machine learning method that can protect data security is 

proposed. In the machine learning method, data security of each of the plurality of 

model training participants is ensured, and the plurality of model training participants 

can collaboratively train the linear/logistic regression model for their own use. However, 

model training efficiency of an existing machine learning method that can protect data 

security is relatively low. 

SUMMARY 

[0004] In view of the above problems, the present disclosure provides methods, 

apparatuses, and systems for collaboratively training linear/logistic regression models 

by a plurality of training participants, which can improve model training efficiency 

while ensuring respective data security of the plurality of training participants. 
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[0005] According to an aspect of the present disclosure, a method for collaboratively 

training a linear/logistic regression model by a plurality of training participants is 

provided, where the linear/logistic regression model includes a plurality of sub-models, 

each training participant has a sub-model, the training participants include a first 

training participant having a label and at least two second training participants not 

having a label, the method is performed by the first training participant, and the method 

includes: performing the following iterative process until a predetermined condition is 

satisfied: using secret sharing matrix addition based on a current sub-model of each 

training participant and a corresponding feature sample subset to obtain a current 

prediction value of the linear/logistic regression model for a feature sample set, where 

the feature sample subset is obtained by performing vertical segmentation on the feature 

sample set; determining a prediction difference between the current prediction value 

and a corresponding label; sending the prediction difference to each second training 

participant, so at each second training participant, a current sub-model of the second 

training participant is updated based on the current sub-model of the second training 

participant and a product of a corresponding feature sample subset and the prediction 

difference; and updating a current sub-model of the first training participant based on 

the current sub-model of the first training participant and a product of a corresponding 

feature sample subset and the prediction difference; where when the iterative process 

does not end, the updated current sub-model of each training participant is used as a 

current sub-model of a next iterative process. 

[0006] According to another aspect of the present disclosure, a method for 

collaboratively training a linear/logistic regression model by a plurality of training 

participants is provided, where the linear/logistic regression model includes a plurality 

of sub-models, each training participant has a sub-model, the training participants 

include a first training participant having a label and at least two second training 

participants not having a label, the method is performed by the second training 

participant, and the method includes: performing the following iterative process until a 

predetermined condition is satisfied: using secret sharing matrix addition based on a 

current sub-model of each training participant and a corresponding feature sample 

subset to obtain a current prediction value of the linear/logistic regression model for a 

feature sample set, where the feature sample subset is obtained by performing vertical 

segmentation on the feature sample set; receiving a prediction difference from the first 

training participant, where the prediction difference is determined at the first training 
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participant based on the current prediction value of the feature sample set and a 

corresponding label; and updating a current sub-model of the second training 

participant based on the current sub-model of the second training participant and a 

product of a corresponding feature sample subset and the prediction difference, where 

when the iterative process does not end, the updated current sub-model of each training 

participant is used as a current sub-model of a next training iterative process. 

[0007] According to another aspect of the present disclosure, a method for 

collaboratively training a linear/logistic regression model by a plurality of training 

participants is provided, where the linear/logistic regression model includes a plurality 

of sub-models, each training participant has a sub-model, the training participants 

include a first training participant having a label and at least two second training 

participants not having a label, and the method includes: performing the following 

iterative process until a predetermined condition is satisfied: using secret sharing matrix 

addition based on a current sub-model of each training participant and a corresponding 

feature sample subset to obtain a current prediction value of the linear/logistic 

regression model for a feature sample set, where the feature sample subset is obtained 

by performing vertical segmentation on the feature sample set; determining a prediction 

difference between the current prediction value of the feature sample set and a 

corresponding label at the first training participant, and separately sending the 

prediction difference to each second training participant; and at each training participant, 

updating a current sub-model of the training participant based on the current sub-model 

of the training participant and a product of a corresponding feature sample subset and 

the prediction difference, where when the iterative process does not end, the updated 

current sub-model of each training participant is used as a current sub-model of a next 

iterative process. 

[0008] According to another aspect of the present disclosure, an apparatus for 

collaboratively training a linear/logistic regression model by a plurality of training 

participants is provided, where the linear/logistic regression model includes a plurality 

of sub-models, each training participant has a sub-model, the training participants 

include a first training participant having a label and at least two second training 

participants not having a label, and the apparatus includes: a prediction value 

acquisition unit, configured to use secret sharing matrix addition based on a current sub-

model of each training participant and a corresponding feature sample subset to obtain 

a current prediction value of the linear/logistic regression model for a feature sample 
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set, where the feature sample subset is obtained by performing vertical segmentation on 

the feature sample set; a prediction difference determining unit, configured to determine 

a prediction difference between the current prediction value of the feature sample set 

and a corresponding label; a prediction difference sending unit, configured to send the 

prediction difference to each second training participant, so at each second training 

participant, a current sub-model of the second training participant is updated based on 

the current sub-model of the second training participant and a product of a 

corresponding feature sample subset and the prediction difference; and a model 

updating unit, configured to update a current sub-model of the first training participant 

based on the current sub-model of the first training participant and a product of a 

corresponding feature sample subset and the prediction difference, where when an 

iterative process does not end, the updated current sub-model of each training 

participant is used as a current sub-model of a next iterative process; where the 

prediction value acquisition unit, the prediction difference determining unit, the 

prediction difference sending unit, and the model updating unit are configured to 

perform an operation cyclically until a predetermined condition is satisfied. 

[0009] According to another aspect of the present disclosure, an apparatus for 

collaboratively training a linear/logistic regression model by a plurality of training 

participants is provided, where the linear/logistic regression model includes a plurality 

of sub-models, each training participant has a sub-model, the training participants 

include a first training participant having a label and at least two second training 

participants not having a label, and the apparatus includes: a prediction value 

acquisition unit, configured to use secret sharing matrix addition based on a current sub-

model of each training participant and a corresponding feature sample subset to obtain 

a current prediction value of the linear/logistic regression model for a feature sample 

set, where the feature sample subset is obtained by performing vertical segmentation on 

the feature sample set; a prediction difference receiving unit, configured to receive a 

prediction difference from the first training participant, where the prediction difference 

is determined at the first training participant based on the current prediction value of 

the feature sample set and a corresponding label; and a model updating unit, configured 

to update a current sub-model of the second training participant based on the current 

sub-model of the second training participant and a product of a corresponding feature 

sample subset and the prediction difference, where when the iterative process does not 

end, the updated current sub-model of each training participant is used as a current sub-



 

5 

model of a next training iterative process; where the prediction value acquisition unit, 

the prediction difference receiving unit, and the model updating unit are configured to 

perform an operation cyclically until a predetermined condition is satisfied. 

[0010] According to another aspect of the present disclosure, a system for 

collaboratively training a linear/logistic regression model by a plurality of training 

participants is provided, where the linear/logistic regression model includes a plurality 

of sub-models, each training participant has a sub-model, the training participants 

include a first training participant having a label and at least two second training 

participants not having a label, and the system includes: a first training participant 

device, including the apparatus for collaboratively training a linear/logistic regression 

model by a plurality of training participants as described above; and at least two second 

training participant devices, where each second training participant device includes the 

apparatus for collaboratively training a linear/logistic regression model by a plurality 

of training participants as described above. 

[0011] According to another aspect of the present disclosure, a computing device is 

provided, including: at least one processor; and a memory coupled to the at least one 

processor, where the memory stores instructions, and when the instructions are executed 

by the at least one processor, the at least one processor performs the training method 

performed on the first training participant as described above. 

[0012] According to another aspect of the present disclosure, a non-transitory machine 

readable storage medium on which executable instructions are stored is provided, where 

when being executed, the instructions cause the at least one processor to perform the 

training method performed on the first training participant as described above. 

[0013] According to another aspect of the present disclosure, a computing device is 

provided, including at least one processor and a memory coupled to the at least one 

processor, where the memory stores instructions, and when the instructions are executed 

by the at least one processor, the at least one processor performs the training method 

performed on the second training participant as described above. 

[0014] According to another aspect of the present disclosure, a non-transitory machine 

readable storage medium on which executable instructions are stored is provided, where 

when being executed, the instructions cause at least one processor to perform the 

training method performed on the second training participant as described above. 

[0015] In the solutions of the embodiments of the present disclosure, secret sharing 

matrix addition is used to collaboratively train a linear/logistic regression model by a 
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plurality of training participants, so model parameters of the linear/logistic regression 

model can be obtained through training without leaking secret data of the plurality of 

training participants. In addition, a workload of model training is only in a linear 

relationship with a quantity of feature samples used for training, rather than an 

exponential relationship. Therefore, compared with the existing technology, the 

solutions of the embodiments of the present disclosure can improve model training 

efficiency while ensuring respective data security of the plurality of training 

participants. 

BRIEF DESCRIPTION OF DRAWINGS 

[0016] Further understanding of the essence and advantages of the present disclosure 

can be realized by referring to the following accompanying drawings. In the 

accompanying drawings, similar components or features can have the same reference 

numerals. 

[0017] FIG. 1 shows a schematic diagram of an example of vertically segmented data 

according to one or more embodiments of the present disclosure; 

[0018] FIG. 2 shows a schematic architectural diagram of a system for collaboratively 

training a linear/logistic regression model by a plurality of training participants 

according to one or more embodiments of the present disclosure; 

[0019] FIG. 3 shows an overall flowchart of a method for collaboratively training a 

linear/logistic regression model by a plurality of training participants according to one 

or more embodiments of the present disclosure; 

[0020] FIG. 4 shows a flowchart of an example of a secret sharing matrix addition 

process in FIG. 3; 

[0021] FIG. 5 shows a block diagram of an apparatus for collaboratively training a 

linear/logistic regression model by a plurality of training participants according to one 

or more embodiments of the present disclosure; 

[0022] FIG. 6 shows a block diagram of an implementation example of a prediction 

value acquisition unit in FIG. 5; 

[0023] FIG. 7 shows a block diagram of an apparatus for collaboratively training a 

linear/logistic regression model by a plurality of training participants according to one 

or more embodiments of the present disclosure; 
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[0024] FIG. 8 shows a block diagram of an implementation example of a prediction 

value acquisition unit in FIG. 7; 

[0025] FIG. 9 shows a schematic diagram of a computing device for collaboratively 

training a linear/logistic regression model by a plurality of training participants 

according to one or more embodiments of the present disclosure; and 

[0026] FIG. 10 shows a schematic diagram of a computing device for collaboratively 

training a linear/logistic regression model by a plurality of training participants 

according to one or more embodiments of the present disclosure. 

DESCRIPTION OF EMBODIMENTS 

[0027] The subject matter described here will be discussed below with reference to 

example implementations. It should be understood that these implementations are 

merely discussed to enable a person skilled in the art to better understand and implement 

the subject matter described in the present specification, and are not intended to limit 

the protection scope, applicability, or examples described in the claims. The functions 

and arrangements of the elements under discussion can be changed without departing 

from the protection scope of the present disclosure. Various processes or components 

can be omitted, replaced, or added in the examples as needed. For example, the 

described method can be performed in a different order from the described sequence, 

and steps can be added, omitted, or combined. In addition, features described for some 

examples can also be combined in other examples. 

[0028] As used in the present specification, the term "include" and its variants are 

inclusive, meaning "including but not limited to". The term "based on" means "based 

on at least a part". The terms "one embodiment" and "an embodiment" indicate "at least 

one embodiment". The term "another embodiment" indicates "at least one other 

embodiment". The terms "first", "second", etc. can refer to different objects or the same 

object. The following can include other definitions, whether explicit or implicit. Unless 

explicitly stated in the context, the definition of a term is consistent throughout the 

present specification. 

[0029] A secret sharing method is a cryptographic technology that divides a secret for 

storage, and the secret is properly divided into a plurality of secret shares. Each secret 

share is owned and managed by one participant of a plurality of participants. A single 

participant cannot recover a complete secret. The complete secret can be recovered only 
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through collaboration by several participants. The purpose of the secret sharing method 

is to prevent concentration of secrets in order to distribute risks and tolerate intrusions. 

[0030] Secret sharing matrix addition is a secret sharing method. With secret sharing 

matrix addition, each of a plurality of participants with their respective secret shares 

generates and discloses a value different from a secret share it owns, but a sum of values 

disclosed by the plurality of participants is equal to a sum of the secret shares they own 

(i.e., a complete secret). Therefore, the plurality of participants can cooperate to recover 

the complete secret by using secret sharing matrix addition without disclosing the secret 

shares owned by the plurality of participants. This ensures data security of the plurality 

of participants. In a case where a complete secret is split into only two secret shares 

owned separately by two participants, if secret sharing matrix addition is used to recover 

the complete secret, each participant of the two participants can easily deduce the secret 

share owned by the other participants. Therefore, secret sharing matrix addition is only 

applicable to a case where a complete secret is split into at least three secret shares 

owned separately by at least three participants. 

[0031] In the present disclosure, a training sample set used in a linear/logistic 

regression model training solution is a vertically segmented training sample set. The 

term "vertical segmentation on the training sample set" refers to segmenting the training 

sample set into a plurality of training sample subsets by module/function (or a specified 

rule), where each training sample subset includes one or more training sub-samples of 

each training sample in the training sample set, and one or more training sub-samples 

included in all training sample subsets constitute the training sample. In an example, 

assuming that a training sample includes label  and attributes  and , after 

vertical segmentation, training participant Alice has  and  of the training 

sample, and training participant Bob has  of the training sample. In another 

example, assuming that a training sample includes label  and attributes , , 

and , after vertical segmentation, training participant Alice has , , and  

of the training sample, and training participant Bob has  and  of the training 

sample. In addition to these two examples, there are other possible cases, which are not 

listed here one by one. 

[0032] Assuming that an example of an attribute value sample xT=(x1; x2; …; xd) 

described by d attributes (also referred to as features) is given, where xi is a value of x 
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on the ith attribute and T represents transpose, then a linear regression model is Y=Wx 

and a logistic regression model is Y=1/(1+
-

), where Y is a prediction value, W is a 

model parameter of the linear/logistic regression model (i.e., the model described in the 

present disclosure), 
å=

, and  refers to a sub-model at each participant P in 

the present disclosure. In the present disclosure, the attribute value sample is also 

referred to as a feature data sample. 

[0033] In the present disclosure, each training participant has a different portion of 

data of the training sample used for training the linear/logistic regression model. For 

example, two training participants are used as an example. Assuming that a training 

sample set includes 100 training samples, and each training sample includes a plurality 

of feature values and a label, data owned by the first participant can be one or more 

feature values and the label of each training sample in the 100 training samples, and 

data owned by the second participant can be one or more feature values (for example, 

the remaining feature values) of each training sample in the 100 training samples. 

[0034] Whether to transpose one or more corresponding matrices in two or more 

matrices involved in a matrix multiplication needs to be determined, according to actual 

conditions, for matrix multiplication calculation described anywhere in the present 

disclosure, so as to satisfy a matrix multiplication rule and complete the matrix 

multiplication calculation. 

[0035] The following describes in detail, with reference to the accompanying 

drawings, embodiments of methods, apparatuses, and systems for collaboratively 

training a linear/logistic regression model by a plurality of training participants 

according to the present disclosure. 

[0036] FIG. 1 shows a schematic diagram of an example of a vertically segmented 

training sample set according to one or more embodiments of the present disclosure. 

FIG. 1 shows two data parties Alice and Bob, and the case is similar for a plurality of 

data parties. Each of data parties Alice and Bob has one or more training sub-samples 

of each training sample in all training samples in the training sample set. For each 

training sample, a combination of the training sub-samples owned by data parties Alice 

and Bob can constitute complete content of the training sample. For example, assuming 

that content of a certain training sample includes label  and attribute features  
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and , after vertical segmentation, training participant Alice has  and  of 

the training sample, and training participant Bob has  of the training sample. 

[0037] FIG. 2 shows a schematic architectural diagram of a system 1 (hereinafter 

“model training system 1”) for collaboratively training a linear/logistic regression 

model by a plurality of training participants according to one or more embodiments of 

the present disclosure. 

[0038] As shown in FIG. 2, the model training system 1 includes a first training 

participant device 10 and at least two second training participant devices 20. FIG. 2 

shows three second training participant devices 20. In other embodiments of the present 

disclosure, there can be two second training participant devices 20 or more than three 

second training participant devices 20. The first training participant device 10 and the 

at least two second training participant devices 20 can communicate with each other by 

using a network 30, such as, but not limited to, the Internet or a local area network. In 

the present disclosure, the first training participant device 10 and the at least two second 

training participant devices 20 are all referred to as training participant devices. The 

first training participant device 10 has label data (that is, a value of a label), and the 

second training participant device 20 does not have label data. 

[0039] In the present disclosure, the trained linear/logistic regression model is 

segmented into a first quantity of sub-models. Here, the first quantity is equal to a 

quantity of training participant devices that participate in model training. Here, 

assuming that the quantity of training participant devices is N. Accordingly, the 

linear/logistic regression model is segmented into N sub-models, and each training 

participant device has one sub-model. A training sample set used for model training is 

located at the first training participant device 10 and the at least two second training 

participant devices 20. The training sample set is the vertically segmented training 

sample set described above, and the training sample set includes a feature dataset and 

corresponding labels, that is,  and  shown in FIG. 1. A sub-model owned by 

each training participant and a corresponding training sample are secrets of the training 

participants, and cannot be determined or completely determined by other training 

participants. 

[0040] In the present disclosure, the linear/logistic regression model and the sub-

model of each training participant are represented by weight vector W and weight sub-

vector Wi, respectively, where i is used to represent a sequence number of the training 
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participant. The feature dataset is represented by feature matrix X. The prediction value 

and the label are represented by prediction value vector  and label vector Y, 

respectively. 

[0041] During model training, the first training participant device 10 and the at least 

two second training participant devices 20 jointly perform secret sharing matrix 

addition by using respective training sample subsets and respective sub-models, so as 

to obtain a prediction value for the training sample set, thereby collaboratively training 

the linear/logistic regression model. A specific training process of the model is 

described in detail below with reference to FIG. 3 and FIG. 4. 

[0042] In the present disclosure, the first training participant device 10 and the second 

training participant device 20 can be any suitable computing devices having a 

computing capability. The computing device includes but is not limited to a personal 

computer, a server computer, a workstation, a desktop computer, a laptop computer, a 

notebook computer, a mobile computing device, a smartphone, a tablet computer, a 

cellular phone, a personal digital assistant (PDA), a handheld apparatus, a message 

transceiver device, a wearable computing device, a consumer electronic device, etc. 

[0043] FIG. 3 shows an overall flowchart of a method for collaboratively training a 

linear/logistic regression model by a plurality of training participants according to one 

or more embodiments of the present disclosure. In FIG. 3, one first training participant 

Alice and two second training participants Bob and Charlie are used as an example for 

description. 

[0044] As shown in FIG. 3, first, at block 310, first training participant Alice and 

second training participants Bob and Charlie initialize sub-model parameters of their 

sub-models, that is, , , and , to obtain initial values of their sub-model 

parameters, and initialize a quantity t of executed training iterations to zero. Here, 

assuming that an end condition of an iterative process is execution of a predetermined 

quantity of training iterations, for example, T training iterations. 

[0045] After the above initialization, at block 320, secret sharing matrix addition 

based on current sub-models , , and  of each training participant and their 

respective feature sample subsets , , and  is used to obtain a current 

prediction value  of a linear/logistic regression model to be trained for feature 

sample set X. How to obtain current prediction value  of the linear/logistic 
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regression model to be trained for feature sample set X by using secret sharing matrix 

addition is described below with reference to FIG. 4. 

[0046] After current prediction value  is obtained, at block 330, prediction 

difference =  between current prediction value  and corresponding label 

Y is determined at first training participant Alice. Here,  is a column vector, Y is a 

column vector representing a label of training sample X, and  is a column vector 

representing the current prediction value of training sample X. If training sample X 

contains only a single training sample, , Y, and  all are column vectors with only 

a single element. If training sample X includes a plurality of training samples, , Y, 

and  all are column vectors having a plurality of elements, where each element in 

 is a current prediction value of a corresponding training sample in the plurality of 

training samples, each element in Y is a label of the corresponding training sample in 

the plurality of training samples, and each element in  is a difference between the 

label of the corresponding training sample in the plurality of training samples and the 

current prediction value. 

[0047] Then, at block 340, the determined prediction difference  is separately sent 

to each of second training participants Bob and Charlie. 

[0048] Then, at block 350, at each training participant, a current sub-model at the 

training participant is updated based on the current sub-model of the training participant 

and a product of prediction difference  and a feature sample subset of the training 

participant. For example, first training participant Alice updates a current sub-model at 

first training participant Alice by using current sub-model  and a product of 

prediction difference  and feature sample set , second training participant Bob 

updates a current sub-model at second training participant Bob by using current sub-

model  and a product of prediction difference  and feature sample set , and 

second training participant Charlie updates a current sub-model at second training 

participant Charlie by using current sub-model  and a product of prediction 

difference  and feature sample set . 

[0049] In an example of the present disclosure, the updating a current sub-model at 

the training participant based on the current sub-model of the training participant and a 

product of the prediction difference and a feature sample subset of the training 
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participant can include updating the current sub-model at the training participant based 

on the following equation: 
××-=

+
a

, where +  represents the 

updated current sub-model at the training participant,  represents the current sub-

model at the training participant, a  represents a learning rate (learning rate),  

represents the feature sample subset at the training participant, and  represents the 

prediction difference. It should be noted here that when  is a single feature sample, 

 is a feature vector (a column vector or a row vector) including a plurality of 

attributes, and  is a single prediction difference. When  is a plurality of feature 

samples,  is a feature matrix, an attribute of each feature sample forms one column 

of elements/one row of elements of feature matrix , and e is a prediction difference 

vector. During calculation of 
×

, a feature value of each sample corresponding to 

a certain feature of matrix  is multiplied by each element in e. For example, 

assuming that e is a column vector, during multiplication each time, e is multiplied by 

one row in matrix , and an element in the row represents a feature value of a certain 

feature corresponding to each sample. 

[0050] After each training participant completes the sub-model update of the training 

participant as described above, at block 360, whether a predetermined quantity of 

iterations is reached is determined, that is, whether a predetermined condition is reached 

is determined. If the predetermined quantity of iterations is reached, each training 

participant stores a current updated value of a sub-model parameter of the training 

participant as a final value of the sub-model parameter of the training participant, so as 

to obtain a trained sub-model of the training participant, and then the process ends. If 

the predetermined quantity of iterations is not reached, the process returns to the 

operation of block 320 to perform a next training iterative process, and the updated 

current sub-model obtained by each training participant in the current iterative process 

is used as a current sub-model of the next training iterative process. 

[0051] It should be noted here that in the previous example, the end condition of the 

training iterative process means that the predetermined quantity of iteration times is 

reached. In another example of the present disclosure, the end condition of the training 

iterative process can also be that the determined prediction difference is within a 
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predetermined range, that is, each element  in prediction difference  is within 

the predetermined range, for example, each element  in prediction difference  is 

less than a predetermined threshold. Accordingly, the operation of block 360 in FIG. 3 

can be performed after the operation of block 320. 

[0052] FIG. 4 shows a flowchart of an example of a secret sharing matrix addition 

process in FIG. 3. In FIG. 4, one first training participant Alice and two second training 

participants Bob and Charlie are used as an example for description. 

[0053] As shown in FIG. 4, first, at block 401, at first training participant Alice, a 

product of current sub-model  owned by Alice and corresponding feature sample 

subset  is calculated, so as to obtain prediction value vector *=  of first 

training participant Alice. 

[0054] At block 402, at second training participant Bob, a product of current sub-

model  owned by Bob and corresponding feature sample subset  is calculated 

to obtain prediction value vector *=  of second training participant Bob. 

[0055] At block 403, at second training participant Charlie, a product of current sub-

model  owned by Charlie and corresponding feature sample subset  is 

calculated to obtain prediction value vector *=  of second training 

participant Charlie. 

[0056] Then, at block 404, at first training participant Alice, the calculated prediction 

value vector  is decomposed into three prediction value sub-vectors , , and 

, where ++= . At block 405, at second training participant Bob, the 

calculated prediction value vector  is decomposed into three prediction value sub-

vectors , , and , where ++= . At block 406, at second 

training participant Charlie, the calculated prediction value vector  is decomposed 

into three prediction value sub-vectors , , and , where 

++= . It should be noted here that, because three training participants 

are shown in FIG. 4, a quantity of prediction value submatrices obtained after 

decomposition processing is also 3. When the quantity of participants participating in 

model training changes, the quantity of obtained prediction value submatrices also 
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correspondingly changes. In the present disclosure, the quantity of prediction value 

submatrices is equal to the quantity of training participants. In addition, the previous 

vector decomposition process can be any decomposition. For example, two sub-vectors 

can be randomly generated, and then a third sub-vector is obtained. 

[0057] Then, at block 407, Alice sends the obtained prediction value sub-vector  

to second training participant Bob, and at block 408, Alice sends the obtained prediction 

value sub-vector  to second training participant Charlie. At block 409, Bob sends 

the obtained prediction value sub-vector  to first training participant Alice, and at 

block 410, Bob sends the obtained prediction value sub-vector  to second training 

participant Charlie. At block 411, Charlie sends the obtained prediction value sub-

vector  to second training participant Bob, and at block 412, Charlie sends the 

obtained prediction value sub-vector  to first training participant Alice. 

[0058] Then, at block 413, at first training participant Alice, the obtained prediction 

value sub-vectors of all training participants are summed to obtain prediction value sub-

vector sum value ++=  at first training participant Alice. At block 414, 

at second training participant Bob, the obtained prediction value sub-vectors of all 

training participants are summed to obtain prediction value sub-vector sum value 

++=  at second training participant Bob. At block 415, at second 

training participant Charlie, the obtained prediction value sub-vectors of all training 

participants are summed to obtain prediction value sub-vector sum value 

++=  at second training participant Charlie. 

[0059] Then, at block 416 and block 417, Alice separately sends the obtained 

prediction value sub-vector sum value  to second training participants Bob and 

Charlie, and at block 418 and block 419, Bob separately sends the obtained prediction 

value sub-vector sum value  to first training participant Alice and second training 

participant Charlie. At block 420 and block 421, Charlie separately sends the obtained 

prediction value sub-vector sum value  to second training participant Bob and first 

training participant Alice. 

[0060] Then, at block 422, at each training participant, the obtained prediction value 

sub-vector sum values of all training participants are summed to obtain the current 
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prediction value of the linear/logistic regression model for the feature sample set

++=
. 

[0061] In addition, it is worthwhile to note that FIG. 3 and FIG. 4 show model training 

solutions of one first training participant and two second training participants. In 

another example of the present disclosure, one first training participant and more than 

two second training participants can also be included. 

[0062] By using the linear/logistic regression model training methods disclosed in 

FIG. 3 and FIG. 4, model parameters of the linear/logistic regression model can be 

obtained through training without leaking secret data of the plurality of training 

participants, and a workload of model training is only in a linear relationship with a 

quantity of feature samples used for training, rather than an exponential relationship, so 

model training efficiency can be improved while ensuring respective data security of 

the plurality of training participants. 

[0063] FIG. 5 shows a schematic diagram of an apparatus 500 for collaboratively 

training a linear/logistic regression model by a plurality of training participants 

(hereinafter referred to as a model training apparatus) according to one or more 

embodiments of the present disclosure. As shown in FIG. 5, the model training 

apparatus 500 includes a prediction value acquisition unit 510, a prediction difference 

determining unit 520, a prediction difference sending unit 530, and a model updating 

unit 540. 

[0064] During model training, the prediction value acquisition unit 510, the prediction 

difference determining unit 520, the prediction difference sending unit 530, and the 

model updating unit 540 are configured to perform an operation cyclically until a 

predetermined condition is satisfied. The predetermined condition can include: 

reaching a predetermined quantity of iterations; or a determined prediction difference 

is within a predetermined range. 

[0065] Specifically, in each iterative process, the prediction value acquisition unit 510 

is configured to use secret sharing matrix addition based on a current sub-model of each 

training participant and a corresponding feature sample subset to obtain a current 

prediction value of the linear/logistic regression model for a feature sample set (a 

feature sample set used for training), where the feature sample subset is obtained by 

performing vertical segmentation on the feature sample set. For an operation of the 

prediction value acquisition unit 510, refer to the operation at block 320 described 
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above with reference to FIG. 3 and the operation performed by the first training 

participant side shown in FIG. 4. 

[0066] The prediction difference determining unit 520 is configured to determine a 

prediction difference between the current prediction value of the feature sample set and 

a corresponding label. For an operation of the prediction difference determining unit 

520, refer to the operation at block 330 described above with reference to FIG. 3. 

[0067] The prediction difference sending unit 530 is configured to send the 

determined prediction difference to each second training participant, so at each second 

training participant, a current sub-model of the second training participant is updated 

based on the current sub-model of the second training participant and a product of a 

feature sample subset of the second training participant and the determined prediction 

difference. For an operation of the prediction difference sending unit 530, refer to the 

operation at block 340 described above with reference to FIG. 3. 

[0068] The model updating unit 540 is configured to update a current sub-model of 

the first training participant based on the current sub-model of the first training 

participant and a product of a feature sample subset of the first training participant and 

the determined prediction difference, where when an iterative process does not end, the 

updated current sub-models of the first training participant and each second training 

participant are used as current sub-models of a next iterative process. For an operation 

of the model updating unit 540, refer to the operation at block 350 described above with 

reference to FIG. 3. 

[0069] FIG. 6 shows a block diagram of an implementation example of the prediction 

value acquisition unit 510 in FIG. 5. As shown in FIG. 6, the prediction value 

acquisition unit 510 includes a calculation module 511, a decomposition module 513, a 

prediction value sub-vector sending/receiving module 515, a prediction value sub-

vector sum value acquisition module 517, a prediction value sub-vector sum value 

sending/receiving module 518, and a current prediction value acquisition module 519. 

In the example shown in FIG. 6, a sub-model of each training participant is represented 

by using a weight sub-vector, and a feature sample set and a prediction value are 

represented by using a feature matrix and a prediction value vector, respectively. 

[0070] The calculation module 511 is configured to calculate a product of a weight 

sub-vector of the first training participant and a corresponding feature matrix, to obtain 

a prediction value vector of the first training participant. For an operation of the 
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calculation module 511, refer to the operation at block 401 described above with 

reference to FIG. 4. 

[0071] The decomposition module 513 is configured to decompose the calculated 

prediction value vector of the first training participant into a first quantity of prediction 

value sub-vectors, where the first quantity is equal to a quantity of the training 

participants. For an operation of the decomposition module 513, refer to the operation 

at block 404 described above with reference to FIG. 4. 

[0072] The prediction value sub-vector sending/receiving module 515 is configured 

to separately send a second quantity of prediction value sub-vectors to each second 

training participant, and receive a corresponding prediction value sub-vector from each 

second training participant, where the second quantity is equal to the first quantity 

minus one, a prediction value sub-vector of each second training participant is obtained 

by decomposing a prediction value vector of the second training participant into the 

first quantity of prediction value sub-vectors, and the prediction value vector of the 

second training participant is obtained by calculating a product of a weight sub-vector 

of the second training participant and a corresponding feature matrix; For operations of 

the prediction value sub-vector sending/receiving module 515, refer to the operations 

at blocks 407, 409, and 412 described above with reference to FIG. 4. 

[0073] The prediction value sub-vector sum value acquisition module 517 is 

configured to sum the obtained prediction value sub-vectors of all training participants 

to obtain a prediction value sub-vector sum value of the first training participant. For 

an operation of the prediction value sub-vector sum value acquisition module 517, refer 

to the operation at block 413 described above with reference to FIG. 4. 

[0074] The prediction value sub-vector sum value sending/receiving module 518 is 

configured to: separately send the prediction value sub-vector sum value of the first 

training participant to each second training participant, and receiving a corresponding 

prediction value sub-vector sum value from each second training participant, where the 

prediction value sub-vector sum value of the second training participant is obtained by 

summing prediction value sub-vectors obtained by the second training participant. For 

operations of the prediction value sub-vector sum value sending/receiving module 518, 

refer to the operations at blocks 416, 417, 418, and 421 described above with reference 

to FIG. 4. 

[0075] The current prediction value acquisition module 519 is configured to sum all 

prediction value sub-vector sum values obtained to obtain the current prediction value 
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of the linear/logistic regression model for the feature sample set. For an operation of 

the current prediction value acquisition module 519, refer to the operation at block 422 

described above with reference to FIG. 4. 

[0076] FIG. 7 shows a block diagram of an apparatus for collaboratively training a 

linear/logistic regression model by a plurality of training participants (hereinafter 

referred to as a model training apparatus 700) according to one or more embodiments 

of the present disclosure. As shown in FIG. 7, the model training apparatus 700 includes 

a prediction value acquisition unit 710, a prediction difference receiving unit 720, and 

a model updating unit 730. 

[0077] During model training, the prediction value acquisition unit 710, the prediction 

difference receiving unit 720, and the model updating unit 730 are configured to 

perform an operation cyclically until a predetermined condition is satisfied. The 

predetermined condition can include: reaching a predetermined quantity of iterations; 

or a determined prediction difference is within a predetermined range. 

[0078] Specifically, in each iterative process, the prediction value acquisition unit 710 

is configured to use secret sharing matrix addition based on a current sub-model of each 

training participant and a corresponding feature sample subset to obtain a current 

prediction value of the linear/logistic regression model for a feature sample set used for 

training, where the feature sample subset is obtained by performing vertical 

segmentation on the feature sample set. For an operation of the prediction value 

acquisition unit 710, refer to the operation at block 320 described above with reference 

to FIG. 3 and the operation performed by any second training participant side shown in 

FIG. 4. 

[0079] The prediction difference receiving unit 720 is configured to receive a 

prediction difference from the first training participant, where the prediction difference 

is determined at the first training participant based on the current prediction value of 

the feature sample set and a corresponding label. For an operation of the prediction 

difference receiving unit 720, refer to the operation at block 340 described above with 

reference to FIG. 3. 

[0080] The model updating unit 730 is configured to update a current sub-model of 

the second training participant based on the current sub-model of the second training 

participant and a product of the received prediction difference and a feature sample 

subset of the second training participant, where when an iterative process does not end, 

the updated current sub-model of the second training participant is used as a current 
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sub-model of a next training iterative process. For an operation of the model updating 

unit 730, refer to the operation at block 350 described above with reference to FIG. 3. 

[0081] FIG. 8 shows a block diagram of an implementation example of the prediction 

value acquisition unit 710 in FIG. 7. As shown in FIG. 8, the prediction value 

acquisition unit 710 includes a calculation module 711, a decomposition module 713, a 

prediction value sub-vector sending/receiving module 715, a prediction value sub-

vector sum value acquisition module 717, a prediction value sub-vector sum value 

sending/receiving module 718, and a current prediction value acquisition module 719. 

In the example shown in FIG. 8, a sub-model of each training participant is represented 

by using a weight sub-vector, and a feature sample set and a prediction value are 

represented by using a feature matrix and a prediction value vector, respectively. 

[0082] The calculation module 711 is configured to calculate a product of a weight 

sub-vector of the second training participant and a corresponding feature matrix, to 

obtain a prediction value vector of the second training participant. For an operation of 

the calculation module 711, refer to the operation at block 402 or 403 described above 

with reference to FIG. 4. 

[0083] The decomposition module 713 is configured to decompose the calculated 

prediction value vector of the second training participant into a first quantity of 

prediction value sub-vectors, where the first quantity is equal to a quantity of the 

training participants. For an operation of the decomposition module 713, refer to the 

operation at block 405 or 406 described above with reference to FIG. 4. 

[0084] The prediction value sub-vector sending/receiving module 715 is configured 

to separately send a second quantity of prediction value sub-vectors to the first training 

participant and each remaining second training participant, and receive corresponding 

prediction value sub-vectors from the first training participant and each remaining 

second training participant, where the second quantity is equal to the first quantity 

minus one, a prediction value sub-vector of each second training participant is obtained 

by decomposing a prediction value vector of the second training participant into the 

first quantity of prediction value sub-vectors, and the prediction value vector of the 

second training participant is obtained by calculating a product of a weight sub-vector 

of the second training participant and a corresponding feature matrix. For operations of 

the prediction value sub-vector sending/receiving module 715, refer to the operations 

at blocks 407 to 412 described above with reference to FIG. 4. 
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[0085] The prediction value sub-vector sum value acquisition module 717 is 

configured to sum the obtained prediction value sub-vectors of all training participants 

to obtain a prediction value sub-vector sum value of the second training participant. For 

an operation of the prediction value sub-vector sum value acquisition module 717, refer 

to the operation at block 414 or 415 described above with reference to FIG. 4. 

[0086] The prediction value sub-vector sum value sending/receiving module 718 is 

configured to separately send the prediction value sub-vector sum value of the second 

training participant to the first training participant and each remaining second training 

participant, and receive corresponding prediction value sub-vector sum values from the 

first training participant and each remaining second training participant, where the 

prediction value sub-vector sum value of the second training participant is obtained by 

summing prediction value sub-vectors obtained by the second training participant. For 

operations of the prediction value sub-vector sum value sending/receiving module 718, 

refer to the operations at blocks 416 to 421 described above with reference to FIG. 4. 

[0087] The current prediction value acquisition module 719 is configured to sum all 

prediction value sub-vector sum values obtained to obtain the current prediction value 

of the linear/logistic regression model for the feature sample set. For an operation of 

the current prediction value acquisition module 719, refer to the operation at block 422 

described above with reference to FIG. 4. 

[0088] Referring to FIG. 1 to FIG. 8, the previous describes embodiments of a model 

training method, apparatus, and system according to the present disclosure. The 

previous model training apparatus can be implemented by using hardware, or can be 

implemented by using software or a combination of hardware and software. 

[0089] FIG. 9 shows a hardware structure diagram of a computing device 900 for 

implementing collaborative training of a linear/logistic regression model by a plurality 

of training participants according to one or more embodiments of the present disclosure. 

As shown in FIG. 9, the computing device 900 can include at least one processor 910, 

a memory 920, an internal storage 930, and a communications interface 940, and the at 

least one processor 910, the memory 920, the internal storage 930, and the 

communications interface 940 are connected together by using a bus 960. The at least 

one processor 910 executes at least one computer readable instruction (that is, the 

previous element implemented in the form of software) stored or encoded in the 

memory 920. 
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[0090] In one or more embodiments, computer executable instructions are stored in 

the memory 920, and when being executed, the computer executable instructions cause 

the at least one processor 910 to perform the following iterative process until a 

predetermined condition is satisfied: using secret sharing matrix addition based on a 

current sub-model of each training participant and a feature sample subset of each 

training participant to obtain a current prediction value of the linear/logistic regression 

model for a feature sample set, where the feature sample subset is obtained by 

performing vertical segmentation on the feature sample set; determining a prediction 

difference between the current prediction value of the feature sample set and a 

corresponding label; sending the determined prediction difference to each second 

training participant, so at each second training participant, a current sub-model of the 

second training participant is updated based on the current sub-model of the second 

training participant and a product of a corresponding feature sample subset and the 

prediction difference; and updating a current sub-model of the first training participant 

based on the current sub-model of the first training participant and a product of a feature 

sample subset of the first training participant and the prediction difference; where when 

the iterative process does not end, the updated current sub-models of the first training 

participant and each second training participant are used as current sub-models of a next 

iterative process. 

[0091] It should be understood that, when the computer executable instructions stored 

in the memory 920 are executed, the at least one processor 910 performs the previous 

operations and functions described with reference to FIG. 1 to FIG. 8 in the 

embodiments of the present disclosure. 

[0092] FIG. 10 shows a hardware structure diagram of a computing device 1000 for 

implementing collaborative training of a linear/logistic regression model by a plurality 

of training participants according to one or more embodiments of the present disclosure. 

As shown in FIG. 10, the computing device 1000 can include at least one processor 

1010, a memory 1020, an internal storage 1030, and a communications interface 1040, 

and the at least one processor 1010, the memory 1020, the internal storage 1030, and 

the communications interface 1040 are connected together by using a bus 1060. The at 

least one processor 1010 executes at least one computer readable instruction (that is, 

the previous element implemented in the form of software) stored or encoded in the 

memory 1020. 
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[0093] In one or more embodiments, computer executable instructions are stored in 

the memory 1020, and when being executed, the computer executable instructions 

cause the at least one processor 1010 to perform the following iterative process until a 

predetermined condition is satisfied: using secret sharing matrix addition based on a 

current sub-model of each training participant and a corresponding feature sample 

subset to obtain a current prediction value of the linear/logistic regression model for a 

feature sample set, where the feature sample subset is obtained by performing vertical 

segmentation on the feature sample set; receiving a prediction difference from the first 

training participant, where the prediction difference is determined at the first training 

participant based on the current prediction value of the feature sample set and a 

corresponding label; and updating a current sub-model of the second training 

participant based on the current sub-model of the second training participant and a 

product of the prediction difference and a feature sample subset of the second training 

participant, where when the iterative process does not end, the updated current sub-

model of the second training participant is used as a current sub-model of a next training 

iterative process. 

[0094] It should be understood that, when the computer executable instructions stored 

in the memory 1020 are executed, the at least one processor 1010 performs the previous 

operations and functions described with reference to FIG. 1 to FIG. 8 in the 

embodiments of the present disclosure. 

[0095] According to one or more embodiments, a program product such as a non-

transitory machine readable medium is provided. The non-transitory machine readable 

medium can have instructions (that is, the previous elements implemented in software 

form). When the instructions are executed by a machine, the machine performs the 

previous operations and functions described with reference to FIG. 1 to FIG. 8 in the 

embodiments of the present disclosure. Specifically, a system or device equipped with 

a readable storage medium can be provided, and software program code for 

implementing a function of any one of the previous embodiments is stored in the 

readable storage medium, so a computer or a processor of the system or device reads 

and executes instructions stored in the readable storage medium. 

[0096] According to one or more embodiments, a program product such as a non-

transitory machine readable medium is provided. The non-transitory machine readable 

medium can have instructions (that is, the previous elements implemented in software 

form). When the instructions are executed by a machine, the machine performs the 
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previous operations and functions described with reference to FIG. 1 to FIG. 8 in the 

embodiments of the present disclosure. Specifically, a system or device equipped with 

a readable storage medium can be provided, and software program code for 

implementing a function of any one of the previous embodiments is stored in the 

readable storage medium, so a computer or a processor of the system or device reads 

and executes instructions stored in the readable storage medium. 

[0097] In this case, the program code read from the readable medium can implement 

a function of any one of the previous embodiments. Therefore, the machine readable 

code and the readable storage medium that stores the machine readable code constitute 

a part of the present disclosure. 

[0098] Embodiments of the readable storage medium include a floppy disk, a hard 

disk, a magneto-optical disk, an optical disc (such as a CD-ROM, a CD-R, a CD-RW, 

a DVD-ROM, a DVD-RAM, a DVD-RW, a DVD-RW), a magnetic tape, a non-volatile 

memory card, and a ROM. Optionally, program code can be downloaded from a server 

computer or cloud by a communications network. 

[0099] A person skilled in the art should understand that various variations and 

modifications can be made to the embodiments disclosed above without departing from 

the essence of the present disclosure. Therefore, the protection scope of the present 

disclosure shall be limited by the appended claims. 

[0100] It is worthwhile to note that not all steps and units in the previous processes 

and system structure diagrams are required. Some steps or units can be ignored based 

on actual needs. An execution sequence of each step is not fixed, and can be determined 

based on needs. The device structure described in the previous embodiments can be a 

physical structure, or can be a logical structure, that is, some units may be implemented 

by a same physical entity, or some units may be implemented by a plurality of physical 

entities, or can be implemented jointly by some components in a plurality of 

independent devices. 

[0101] In the previous embodiments, the hardware unit or module can be implemented 

in a mechanical method or an electrical method. For example, a hardware unit, module, 

or processor can include permanent dedicated circuits or logic (e.g., dedicated 

processors, FPGAs or ASICs) to complete corresponding operations. The hardware unit 

or the processor can further include a programmable logic or circuit (such as a general 

purpose processor or another programmable processor), and can be temporarily set by 

the software to complete a corresponding operation. A specific embodiment (a 
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mechanical method, a dedicated permanent circuit, or a temporarily set circuit) can be 

determined based on cost and time considerations. 

[0102] The previous describes example embodiments with reference to the 

accompanying drawings, but does not represent all embodiments that can be 

implemented or fall within the protection scope of the claims. The term "example" used 

throughout the present specification means "used as an example, an instance, or an 

illustration" and does not mean "preferred" or "advantageous" over other embodiments. 

For the purpose of providing an understanding of the described technology, a specific 

implementation includes specific details. However, these techniques can be 

implemented without these specific details. In some examples, well-known structures 

and devices are shown in block diagrams in order to avoid making it difficult to 

understand the concepts of the described embodiments. 

[0103] The previous descriptions of the present disclosure are provided to enable any 

person of ordinary skill in the art to implement or use the present disclosure. It is 

obvious to a person of ordinary skill in the art that various modifications can be made 

to the present disclosure. In addition, the general principle defined in the present 

specification can be applied to another variant without departing from the protection 

scope of the present disclosure. Therefore, the present disclosure is not limited to the 

examples and designs described here, but is consistent with the widest range of 

principles and novelty features that conform to the disclosure. 
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CLAIMS 

What is claimed is: 

1. A method for collaboratively training a linear/logistic regression model by a 

plurality of training participants, wherein the linear/logistic regression model comprises 

a plurality of sub-models, each training participant has a sub-model, the training 

participants comprise a first training participant having a label and at least two second 

training participants not having a label, the method is performed by the first training 

participant, and the method comprises: 

performing the following iterative process until a predetermined condition is 

satisfied: 

using secret sharing matrix addition based on a current sub-model of each training 

participant and a corresponding feature sample subset to obtain a current prediction 

value of the linear/logistic regression model for a feature sample set, wherein the feature 

sample subset is obtained by performing vertical segmentation on the feature sample 

set; 

determining a prediction difference between the current prediction value and a 

corresponding label; 

sending the prediction difference to each second training participant, so at each 

second training participant, a current sub-model of the second training participant is 

updated based on the current sub-model of the second training participant and a product 

of a corresponding feature sample subset and the prediction difference; and 

updating a current sub-model of the first training participant based on the current 

sub-model of the first training participant and a product of a corresponding feature 

sample subset and the prediction difference; 

wherein when the iterative process does not end, the updated current sub-model of 

each training participant is used as a current sub-model of a next iterative process. 

2. The method according to claim 1, wherein the sub-model of each training 

participant is represented by using a weight sub-vector, and the feature sample subset 

and the prediction value are represented by using a feature matrix and a prediction value 

vector respectively; and 

the using secret sharing matrix addition based on a current sub-model of each 

training participant and a corresponding feature sample subset to obtain a current 

prediction value of the linear/logistic regression model for a feature sample set 

comprises: 
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calculating a product of a weight sub-vector of the first training participant and a 

corresponding feature matrix, to obtain a prediction value vector of the first training 

participant; 

decomposing the calculated prediction value vector into a first quantity of 

prediction value sub-vectors, wherein the first quantity is equal to a quantity of the 

training participants; 

separately sending a second quantity of prediction value sub-vectors to each 

second training participant, and receiving a corresponding prediction value sub-vector 

from each second training participant, wherein the second quantity is equal to the first 

quantity minus one, a prediction value sub-vector of each second training participant is 

obtained by decomposing a prediction value vector of the second training participant 

into the first quantity of prediction value sub-vectors, and the prediction value vector 

of the second training participant is obtained by calculating a product of a weight sub-

vector of the second training participant and a corresponding feature matrix; 

summing the obtained prediction value sub-vectors of all training participants to 

obtain a prediction value sub-vector sum value of the first training participant; 

separately sending the prediction value sub-vector sum value of the first training 

participant to each second training participant, and receiving a corresponding prediction 

value sub-vector sum value from each second training participant, wherein the 

prediction value sub-vector sum value of the second training participant is obtained by 

summing prediction value sub-vectors obtained by the second training participant; and 

summing all prediction value sub-vector sum values obtained to obtain the current 

prediction value of the linear/logistic regression model for the feature sample set. 

3. The method according to claim 1, wherein the updating a current sub-model of 

the first training participant based on the current sub-model of the first training 

participant and a product of a corresponding feature sample subset and the prediction 

difference comprises: updating the current sub-model of the first training participant 

based on the following equation: 

××-=
+

a
, 

wherein +  represents the updated current sub-model at the first training 

participant,  represents the current sub-model at the first training participant, a  

represents a learning rate,  represents the feature sample subset at the first training 
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participant, and  represents the prediction difference. 

4. The method according to any one of claims 1 to 3, wherein the predetermined 

condition comprises: 

a predetermined quantity of iterations; or 

the prediction difference is within a predetermined range. 

5. A method for collaboratively training a linear/logistic regression model by a 

plurality of training participants, wherein the linear/logistic regression model comprises 

a plurality of sub-models, each training participant has a sub-model, the training 

participants comprise a first training participant having a label and at least two second 

training participants not having a label, the method is performed by the second training 

participant, and the method comprises: 

performing the following iterative process until a predetermined condition is 

satisfied: 

using secret sharing matrix addition based on a current sub-model of each training 

participant and a corresponding feature sample subset to obtain a current prediction 

value of the linear/logistic regression model for a feature sample set, wherein the feature 

sample subset is obtained by performing vertical segmentation on the feature sample 

set; 

receiving a prediction difference from the first training participant, wherein the 

prediction difference is determined at the first training participant based on the current 

prediction value of the feature sample set and a corresponding label; and 

updating a current sub-model of the second training participant based on the 

current sub-model of the second training participant and a product of a corresponding 

feature sample subset and the prediction difference, wherein when the iterative process 

does not end, the updated current sub-model of each training participant is used as a 

current sub-model of a next training iterative process. 

6. The method according to claim 5, wherein the sub-model of each training 

participant is represented by using a weight sub-vector, and the feature sample subset 

and the prediction value are represented by using a feature matrix and a prediction value 

vector respectively; and 

the using secret sharing matrix addition based on a current sub-model of each 

training participant and a corresponding feature sample subset to obtain a current 

prediction value of the linear/logistic regression model for a feature sample set 

comprises: 
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calculating a product of a weight sub-vector of the second training participant and 

a corresponding feature matrix, to obtain a prediction value vector of the second training 

participant; 

decomposing the calculated prediction value vector into a first quantity of 

prediction value sub-matrices, wherein the first quantity is equal to a quantity of the 

training participants; 

separately sending a second quantity of prediction value sub-vectors to the first 

training participant and each remaining second training participant, and receiving 

corresponding prediction value sub-vectors from the first training participant and each 

remaining second training participant, wherein the second quantity is equal to the first 

quantity minus one, the prediction value sub-vectors of the first training participant and 

each remaining second training participant are separately obtained by decomposing a 

prediction value vector of the training participant into the first quantity of prediction 

value sub-vectors, and the prediction value vector of the training participant is obtained 

by calculating a product of a weight sub-vector of the training participant and a 

corresponding feature matrix; 

summing the obtained prediction value sub-vectors of all training participants to 

obtain a prediction value sub-vector sum value of the second training participant; 

separately sending the prediction value sub-vector sum value of the second 

training participant to the first training participant and each remaining second training 

participant, and receiving corresponding prediction value sub-vector sum values from 

the first training participant and each remaining second training participant, wherein the 

prediction value sub-vector sum values of the first training participant and each 

remaining second training participant are separately obtained by summing prediction 

value sub-vectors obtained by the training participant; and 

summing all prediction value sub-vector sum values obtained to obtain the current 

prediction value of the linear/logistic regression model for the feature sample set. 

7. The method according to claim 5, wherein the updating a current sub-model of 

the second training participant based on the current sub-model of the second training 

participant and a product of a corresponding feature sample subset and the prediction 

difference comprises: updating the current sub-model of the second training participant 

according to the following equation: 

××-=
+

a
, 
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wherein +  represents the updated current sub-model at the second training 

participant,  represents the current sub-model at the second training participant, 

a  represents a learning rate,  represents the feature sample subset at the second 

training participant, and  represents the prediction difference. 

8. The method according to any one of claims 5 to 7, wherein the predetermined 

condition comprises: 

a predetermined quantity of iterations; or 

the prediction difference is within a predetermined range. 

9. A method for collaboratively training a linear/logistic regression model by a 

plurality of training participants, wherein the linear/logistic regression model comprises 

a plurality of sub-models, each training participant has a sub-model, the training 

participants comprise a first training participant having a label and at least two second 

training participants not having a label, and the method comprises: 

performing the following iterative process until a predetermined condition is 

satisfied: 

using secret sharing matrix addition based on a current sub-model of each training 

participant and a corresponding feature sample subset to obtain a current prediction 

value of the linear/logistic regression model for a feature sample set, wherein the feature 

sample subset is obtained by performing vertical segmentation on the feature sample 

set; 

determining a prediction difference between the current prediction value of the 

feature sample set and a corresponding label at the first training participant, and 

separately sending the prediction difference to each second training participant; and 

at each training participant, updating a current sub-model of the training 

participant based on the current sub-model of the training participant and a product of 

a corresponding feature sample subset and the prediction difference, wherein when the 

iterative process does not end, the updated current sub-model of each training 

participant is used as a current sub-model of a next iterative process. 

10. An apparatus for collaboratively training a linear/logistic regression model by 

a plurality of training participants, wherein the linear/logistic regression model 

comprises a plurality of sub-models, each training participant has a sub-model, the 

training participants comprise a first training participant having a label and at least two 

second training participants not having a label, and the apparatus comprises: 
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a prediction value acquisition unit, configured to use secret sharing matrix addition 

based on a current sub-model of each training participant and a corresponding feature 

sample subset to obtain a current prediction value of the linear/logistic regression model 

for a feature sample set, wherein the feature sample subset is obtained by performing 

vertical segmentation on the feature sample set; 

a prediction difference determining unit, configured to determine a prediction 

difference between the current prediction value of the feature sample set and a 

corresponding label; 

a prediction difference sending unit, configured to send the prediction difference 

to each second training participant, so at each second training participant, a current sub-

model of the second training participant is updated based on the current sub-model of 

the second training participant and a product of a corresponding feature sample subset 

and the prediction difference; and 

a model updating unit, configured to update a current sub-model of the first 

training participant based on the current sub-model of the first training participant and 

a product of a corresponding feature sample subset and the prediction difference, 

wherein when an iterative process does not end, the updated current sub-model of each 

training participant is used as a current sub-model of a next iterative process; 

wherein the prediction value acquisition unit, the prediction difference 

determining unit, the prediction difference sending unit, and the model updating unit 

are configured to perform an operation cyclically until a predetermined condition is 

satisfied. 

11. The apparatus according to claim 10, wherein the sub-model of each training 

participant is represented by using a weight sub-vector, and the feature sample subset 

and the prediction value are represented by using a feature matrix and a prediction value 

vector respectively; and 

the prediction value acquisition unit comprises: 

a calculation module, configured to calculate a product of a weight sub-vector of 

the first training participant and a corresponding feature matrix, to obtain a prediction 

value vector of the first training participant; 

a decomposition module, configured to decompose the calculated prediction value 

vector into a first quantity of prediction value sub-vectors, wherein the first quantity is 

equal to a quantity of the training participants; 

a prediction value sub-vector sending/receiving module, configured to separately 
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send a second quantity of prediction value sub-vectors to each second training 

participant, and receive a corresponding prediction value sub-vector from each second 

training participant, wherein the second quantity is equal to the first quantity minus one, 

a prediction value sub-vector of each second training participant is obtained by 

decomposing a prediction value vector of the second training participant into the first 

quantity of prediction value sub-vectors, and the prediction value vector of the second 

training participant is obtained by calculating a product of a weight sub-vector of the 

second training participant and a corresponding feature matrix;  

a prediction value sub-vector sum value acquisition module, configured to sum the 

obtained prediction value sub-vectors of all training participants to obtain a prediction 

value sub-vector sum value of the first training participant; 

a prediction value sub-vector sum value sending/receiving module, configured to: 

separately send the prediction value sub-vector sum value of the first training 

participant to each second training participant, and receiving a corresponding prediction 

value sub-vector sum value from each second training participant, wherein the 

prediction value sub-vector sum value of the second training participant is obtained by 

summing prediction value sub-vectors obtained by the second training participant; and 

a current prediction value acquisition module, configured to sum all prediction 

value sub-vector sum values obtained to obtain the current prediction value of the 

linear/logistic regression model for the feature sample set. 

12. The apparatus according to claim 10, wherein the model updating unit is 

configured to update the current sub-model of the first training participant based on the 

following equation: 

××-=
+

a
, 

wherein +  represents the updated current sub-model at the first training 

participant,  represents the current sub-model at the first training participant, a  

represents a learning rate,  represents the feature sample subset at the first training 

participant, and  represents the prediction difference. 

13. An apparatus for collaboratively training a linear/logistic regression model by 

a plurality of training participants, wherein the linear/logistic regression model 

comprises a plurality of sub-models, each training participant has a sub-model, the 

training participants comprise a first training participant having a label and at least two 
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second training participants not having a label, and the apparatus comprises: 

a prediction value acquisition unit, configured to use secret sharing matrix addition 

based on a current sub-model of each training participant and a corresponding feature 

sample subset to obtain a current prediction value of the linear/logistic regression model 

for a feature sample set, wherein the feature sample subset is obtained by performing 

vertical segmentation on the feature sample set; 

a prediction difference receiving unit, configured to receive a prediction difference 

from the first training participant, wherein the prediction difference is determined at the 

first training participant based on the current prediction value of the feature sample set 

and a corresponding label; and 

a model updating unit, configured to update a current sub-model of the second 

training participant based on the current sub-model of the second training participant 

and a product of a corresponding feature sample subset and the prediction difference, 

wherein when the iterative process does not end, the updated current sub-model of each 

training participant is used as a current sub-model of a next training iterative process; 

wherein the prediction value acquisition unit, the prediction difference receiving 

unit, and the model updating unit are configured to perform an operation cyclically until 

a predetermined condition is satisfied. 

14. The apparatus according to claim 13, wherein the sub-model of each training 

participant is represented by using a weight sub-vector, and the feature sample subset 

and the prediction value are represented by using a feature matrix and a prediction value 

vector respectively; and 

the prediction value acquisition unit comprises: 

a calculation module, configured to calculate a product of a weight sub-vector of 

the second training participant and a corresponding feature matrix, to obtain a 

prediction value vector of the second training participant; 

a decomposition module, configured to decompose the calculated prediction value 

vector into a first quantity of prediction value sub-matrices, wherein the first quantity 

is equal to a quantity of the training participants; 

a prediction value sub-vector sending/receiving module, configured to separately 

send a second quantity of prediction value sub-vectors to the first training participant 

and each remaining second training participant, and receive corresponding prediction 

value sub-vectors from the first training participant and each remaining second training 

participant, wherein the second quantity is equal to the first quantity minus one, the 
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prediction value sub-vectors of the first training participant and each remaining second 

training participant are separately obtained by decomposing a prediction value vector 

of the training participant into the first quantity of prediction value sub-vectors, and the 

prediction value vector of the training participant is obtained by calculating a product 

of a weight sub-vector of the training participant and a corresponding feature matrix;  

a prediction value sub-vector sum value acquisition module, configured to sum the 

obtained prediction value sub-vectors of all training participants to obtain a prediction 

value sub-vector sum value of the second training participant; 

a prediction value sub-vector sum value sending/receiving module, configured to 

separately send the prediction value sub-vector sum value of the second training 

participant to the first training participant and each remaining second training 

participant, and receiving corresponding prediction value sub-vector sum values from 

the first training participant and each remaining second training participant, wherein the 

prediction value sub-vector sum values of the first training participant and each 

remaining second training participant are separately obtained by summing prediction 

value sub-vectors obtained by the training participant; and 

a current prediction value acquisition module, configured to sum all prediction 

value sub-vector sum values obtained to obtain the current prediction value of the 

linear/logistic regression model for the feature sample set. 

15. The apparatus according to claim 13, wherein the model updating unit is 

configured to update the current sub-model of the second training participant based on 

the following equation: 

××-=
+

a
, 

wherein +  represents the updated current sub-model at the second training 

participant,  represents the current sub-model at the second training participant, 

a  represents a learning rate,  represents the feature sample subset at the second 

training participant, and  represents the prediction difference. 

16. A system for collaboratively training a linear/logistic regression model by a 

plurality of training participants, wherein the linear/logistic regression model comprises 

a plurality of sub-models, each training participant has a sub-model, the training 

participants comprise a first training participant having a label and at least two second 

training participants not having a label, and the system comprises: 
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a first training participant device, comprising the apparatus according to any one 

of claims 10 to 12; and 

at least two second training participant devices, wherein each second training 

participant device comprises the apparatus according to any one of claims 13 to 15. 

17. A computing device, comprising: 

at least one processor; and 

a memory coupled to the at least one processor, wherein the memory stores 

instructions, and when the instructions are executed by the at least one processor, the at 

least one processor performs the method according to any one of claims 1 to 4. 

18. A non-transitory machine readable storage medium on which executable 

instructions are stored, wherein when being executed, the instructions cause the 

machine to perform the method according to any one of claims 1 to 4. 

19. A computing device, comprising: 

at least one processor; and 

a memory coupled to the at least one processor, wherein the memory stores 

instructions, and when the instructions are executed by the at least one processor, the at 

least one processor performs the method according to any one of claims 5 to 8. 

20. A non-transitory machine readable storage medium on which executable 

instructions are stored, wherein when being executed, the instructions cause the 

machine to perform the method according to any one of claims 5 to 8. 

  


