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Data Sample Label Processing Method and Apparatus 

Technical Field 

[01] Embodiments of the present specification relate to the field of data analysis technologies, 

and in particular, to a data sample label processing method and apparatus. 5 

Background 

[02] In the field of machine learning, various forms of data models may be obtained through 

training with a large quantity of data samples, and the data models may be used to solve actual 

problems. Machine learning may be divided into supervised learning and unsupervised learning, 

wherein the supervised learning is a process of using a group of data samples of known classes to 10 

adjust parameters of a prediction model, so that the prediction model meets performance 

requirements. All the training samples used in the supervised learning are labeled samples, i.e., 

each sample simultaneously comprises a “characteristic value” and a “label value.” 

[03] Supervised learning and unsupervised learning may be respectively applicable to certain 

demand scenarios. In exemplary applications, however, there are often cases where supervised 15 

learning needs to be used to solve a problem, but data sample labels are inaccurate or even 

missing. Although theoretically the label of each data sample may be corrected or re-labeled in a 

manual manner, it is unrealistic to adopt such purely manual processing manner in big data 

application scenarios. Therefore, how to achieve efficient and accurate labeling for a sample with 

an indeterminate label has become an issue that has attracted great attention in the industry.  20 

Summary 

[04] With regard to the above technical problem, embodiments of the present specification 

provide a data sample label processing method and apparatus, and the technical solutions are as 

follows: 

[05] According to a first aspect of the embodiments of the present specification, a data sample 25 

label processing method is provided, the method comprising: 

[06] obtaining a set of samples with indeterminate labels and a set of samples with determined 

labels; performing an iteration process with the following steps until an accuracy rate of learning 

labels meets a preset requirement:  

[07] combining the current set of samples with indeterminate labels and set of samples with 30 

determined labels, and using the combined samples for training to obtain a prediction model;  

[08] inputting a sample with an indeterminate label in the set of samples with indeterminate 

labels into the prediction model, and determining a prediction value output by the model as a 

learning label of the sample with an indeterminate label;  

[09] obtaining a sampling subset having the learning labels according to the current set of 35 
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samples with indeterminate labels, checking the learning labels of the sampling subset, so as to 

obtain an accuracy rate of the learning labels, and if the accuracy rate of the learning labels does 

not meet a preset requirement, labeling the sampling subset with a label checking result, and 

moving the sampling subset from the set of samples with indeterminate labels to the set of 

samples with determined labels; and  5 

[10] after the iteration process ends, labeling the samples with indeterminate labels with the 

current learning labels of the samples. 

[11] According to a second aspect of the embodiments of the present specification, a data model 

training method is provided, the method comprising: 

[12] obtaining a set of samples with indeterminate labels and a set of samples with determined 10 

labels; performing an iteration process with the following steps until an accuracy rate of learning 

labels meets a preset requirement:  

[13] combining the current set of samples with indeterminate labels and set of samples with 

determined labels, and using the combined samples for training to obtain a prediction model;  

[14] inputting a sample with an indeterminate label in the set of samples with indeterminate 15 

labels into the prediction model, and determining a prediction value output by the model as a 

learning label of the sample with an indeterminate label;  

[15] sampling the set of samples with indeterminate labels having the learning label to obtain a 

sampling subset, checking the learning labels of the sampling subset, so as to obtain an accuracy 

rate of the learning labels, and if the accuracy rate of the learning labels does not meet a preset 20 

requirement, labeling the sampling subset with a label checking result, and moving the sampling 

subset from the set of samples with indeterminate labels to the set of samples with determined 

labels; and  

[16] after the iteration process ends, determining the current prediction model as a prediction 

model applicable to the set of samples with indeterminate labels. 25 

[17] According to a third aspect of the embodiments of the present specification, a data sample 

label processing apparatus is provided, the apparatus comprising: 

[18] an inputting module configured to obtain a set of samples with indeterminate labels and a set 

of samples with determined labels;  

[19] a learning module configured to combine the current set of samples with indeterminate 30 

labels and set of samples with determined labels, and use the combined samples for training to 

obtain a prediction model; input a sample with an indeterminate label in the set of samples with 

indeterminate labels into the prediction model, and determine a prediction value output by the 

model as a learning label of the sample with an indeterminate label;  

[20] a checking module configured to obtain a sampling subset having the learning labels 35 
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according to the current set of samples with indeterminate labels, check the learning labels of the 

sampling subset, so as to obtain an accuracy rate of the learning labels, and if the accuracy rate of 

the learning labels does not meet a preset requirement, label the sampling subset with a label 

checking result, and move the sampling subset from the set of samples with indeterminate labels 

to the set of samples with determined labels; wherein 5 

[21] the learning module and the checking module cooperate with each other to execute an 

iteration process until an accuracy rate of learning labels meets a preset requirement; and 

[22] an outputting module configured to label, after the iteration process ends, the samples with 

indeterminate labels. 

[23] According to a fourth aspect of the embodiments of the present specification, a data model 10 

training apparatus is provided, the apparatus comprising: 

[24] an inputting module configured to obtain a set of samples with indeterminate labels and a set 

of samples with determined labels;  

[25] a learning module configured to combine the current set of samples with indeterminate 

labels and set of samples with determined labels, and use the combined samples for training to 15 

obtain a prediction model; input a sample with an indeterminate label in the set of samples with 

indeterminate labels into the prediction model, and determine a prediction value output by the 

model as a learning label of the sample with an indeterminate label;  

[26] a checking module configured to obtain a sampling subset having the learning labels 

according to the current set of samples with indeterminate labels, check the learning labels of the 20 

sampling subset, so as to obtain an accuracy rate of the learning labels, and if the accuracy rate of 

the learning labels does not meet a preset requirement, label the sampling subset with a label 

checking result, and move the sampling subset from the set of samples with indeterminate labels 

to the set of samples with determined labels; wherein 

[27] the learning module and the checking module cooperate with each other to execute the 25 

iteration process until an accuracy rate of learning labels meets a preset requirement; and 

[28] an outputting module configured to output, after the iteration process ends, the current 

prediction model as a prediction model applicable to the set of samples with indeterminate labels. 

[29] Given that there is a set of a lot of samples with determined labels, the technical solutions 

according to the embodiments of the present specification first learn the known information of 30 

the samples with determined labels, perform preliminary labeling for a label of a sample with an 

indeterminate label, so as to obtain a learning label of the sample with the indeterminate label, 

then sample and check the learning label, and feed a checked result back to the learning phase, 

such that re-learning is performed using the checked result. In the above learning manner, 

learning results are continuously improved until the requirements are met. By adopting the above 35 
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solutions, the indeterminate labels may be determined or corrected by paying only a small 

checking cost, and moreover, a prediction model applicable to samples with indeterminate labels 

may be obtained with respect to the features of the samples with indeterminate labels.  

[30] It should be understood that the above general description and following detailed description 

are merely exemplary and explanatory, which are not intended to limit embodiments of the 5 

present specification. 

[31] In addition, none of the embodiments of the present specification is required to achieve all 

the above-described effects.  

Brief Description of the Drawings 

[32] To more clearly describe the technical solutions of embodiments of the present specification 10 

or of the current technologies, the accompanying drawings to be used in the description of the 

embodiments or the current technologies will be briefly described. Apparently, the accompanying 

drawings in the description below are merely some of the embodiments of the present 

specification. Other drawings may be obtained by one of ordinary skill in the art according to 

these accompanying drawings.  15 

[33] FIG. 1 is a schematic flow chart of a data sample label processing method according to some 

embodiments of the present specification; 

[34] FIG. 2 is a schematic diagram of an overall design architecture according to some 

embodiments of the present specification; 

[35] FIG. 3 is a schematic diagram of generating a sample with an indeterminate label according 20 

to some embodiments of the present specification; 

[36] FIG. 4 is a schematic flow chart of a data model training method according to some 

embodiments of the present specification; 

[37] FIG. 5 is a schematic structural diagram of a label processing apparatus and a training 

apparatus according to some embodiments of the present specification; and 25 

[38] FIG. 6 is a schematic structural diagram of a device for configuring the apparatuses 

according to some embodiments of the present specification. 

Detailed Description 

[39] To enable one of ordinary skill in the art to better understand the technical solutions of the 

embodiments of the present specification, the technical solutions of the embodiments of the 30 

present specification will be described in detail below with reference to the accompanying 

drawings in the embodiments of the present specification. Apparently, the described 

embodiments are merely some, but not all, embodiments of the present specification. All other 

embodiments obtained, based on some embodiments of the present specification, by one of 

ordinary skill in the art shall fall within the protection scope of the present specification.  35 
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[40] In application scenarios of classifying and predicting data (for example, spam information 

recognition, fraud recognition, and the like), it is ideal that each data sample carries a label, so 

that a prediction model is obtained through supervised learning. Although the cost of labeling 

data samples is high, it is inevitable to invest in the early phase of demand satisfaction so as to 

obtain a sufficient number of samples having labels, such that a prediction model with good 5 

performance may be obtained. 

[41] When a model obtained through training satisfies a performance requirement, the model may 

be used to classify and predict unknown data. In an exemplary application, however, the 

following situation may occur: due to differences in service fields, application scenarios, and 

other aspects, the unknown data and data samples used for training the model don’t have exactly 10 

the same features. As a result, desired effects may not be achieved when the existing model is 

used to predict the unknown data. For example, for the demand of “recognizing spam 

information,” a recognition model is trained with transaction reviews on an e-commerce 

platform. If the recognition model is used to recognize spam information in reviews on a video 

website, it is very likely that many recognition errors would occur.  15 

[42] Another similar problem is that a batch of data of a “new type” is provided, and it is 

expected that a recognition model applicable to this batch of data may be obtained through 

training with this batch of data. However, it is possible that this batch of data has no label at all, 

or that all or some pieces of this batch of data have labels, but the accuracy of these labels cannot 

be guaranteed (e.g., probably caused by rough labeling or other reasons). For example, a batch of 20 

reviews on a video website is provided, and it is expected that a model applicable to recognition 

of spam reviews may be obtained through training. As a result, according to the current 

technologies, a high cost is required to label this batch of data of a new type so as to meet the 

model training requirements.  

[43] With respect to the above demand, the embodiments of the present specification provide a 25 

solution of data sample label processing. The design architecture of this solution is shown in FIG. 

1, and an exemplary architecture is described below. 

[44] 1) Input portion: 

[45] “a set of samples with indeterminate labels” and “a set of samples with determined labels” 

are used as input information. 30 

[46] Here, it is possible that samples in the “set of samples with indeterminate labels” may have 

no labels at all, or that all or some of the samples have labels, but the accuracy of these labels 

cannot be guaranteed.  

[47] The “set of samples with determined labels” refers to a set of existing samples carrying 

reliable labels. The source of the samples is not limited in the present specification, but this part 35 



 

6 

may be regarded as known information. 

[48] In exemplary situations, the “set of samples with indeterminate labels” and the “set of 

samples with determined labels” have the same overall application demand, but have different 

data features. For example, the “video website reviews” and “transaction platform reviews” in 

the foregoing examples are both used to recognize spam reviews, but reviews in different fields 5 

have their respective features. The former is equivalent to the “set of samples with indeterminate 

labels” and the latter is equivalent to the “set of samples with determined labels.” 

[49] For ease of description, the signs “U” and “L” will be used below to represent the “set of 

samples with indeterminate labels” and the “set of samples with determined labels,” respectively.  

[50] 2) Output portion: 10 

[51] “U labeling result” and “prediction model applicable to U” are used as output information. 

In an exemplary application, only one of the above two types of output information may be 

needed. 

[52] 3) Learning module: 

[53] The learning module may be further divided into two sub-modules, training and labeling 15 

sub-modules (not shown): 

[54] a. training sub-module: 

[55] a prediction model is obtained through training with combination of U and L as the basis, 

wherein different training manners are used according to different situations of U: 

[56] If all the samples in U have labels, after U and L are combined, and a supervised learning 20 

manner is used for training to obtain the prediction model.  

[57] If none of the samples in U has any label or only some samples in U have labels, after U and 

L are combined, then a semi-supervised learning manner is used for training to obtain the 

prediction model. 

[58] Therefore, regardless of which training manner is used, the trained model is applicable to 25 

prediction for two different data types since the training data covers different features of the two 

types of data.  

[59] b. labeling sub-module: 

[60] the model trained with the training sub-module is used to predict data in U, and the 

prediction result is defined as a “learning label.”  30 

[61] 4) Checking module: 

[62] Since a lot of “samples with indeterminate labels” are used in the training process of the 

learning module, the model obtained from the preliminary training typically cannot achieve an 

ideal result (unless there are many samples with correct labeling results in U and this conclusion 

is known in advance. However, in this case, there is no need to use the combined samples for 35 
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training). Therefore, the learning label needs to be checked.  

[63] To ensure the reliability of a checking result, checking is performed here in a manner 

involving manual effort. The checking module may provide a display function for information 

such as sample data, labeling results, and the like, and provide operating interfaces, such as 

labeling or correction, to facilitated checking by relevant personnel. Provided that the reliability 5 

of a checking result may be ensured, other manners may also be used to perform the checking, 

which is not limited in the present application.  

[64] It should be noted that since the purpose of the checking module is only to provide an 

overall assessment of whether a labeling result is ideal, not all the learning labels need to be 

checked here, but only a small amount of sampled data needs to be checked, thereby lowering the 10 

checking cost. 

[65] If the assessment result is not ideal, a new round of label learning needs to be triggered. On 

the other hand, the data sampled from the “samples with indeterminate labels” may be used as 

“samples with determined labels” after the label checking. Therefore, after the checking result is 

fed back to the label learning system, the accuracy rate of each label learning is made to be 15 

continuously optimized. The two modules cooperate in the above manner, and multiple times of 

re-learning may be performed until a checking result meets the requirements. 

[66] Based on the above design solution, the present specification further provides a 

corresponding data sample label processing method. Referring to FIG. 2, the method comprises 

the following steps: 20 

[67] S101. Obtain a set of samples with indeterminate labels and a set of samples with 

determined labels. 

[68] For convenience of description, the signs “U” and “L” are still used in the present 

embodiment to represent the “set of samples with indeterminate labels” and the “set of samples 

with determined labels,” respectively.  25 

[69] As described above, it is possible that samples in U may have no labels at all, or that all or 

some of the samples have labels, but the accuracy of these labels cannot be guaranteed. L refers 

to a set of existing samples carrying reliable labels. U and L have the same overall application 

demand, but have different data features. 

[70] According to the preceding description, it may be seen that the combination of U and L is 30 

used as the training sample when the model is trained, while one important requirement for 

model training is that the model is made to be applicable to making predictions for two different 

data types of U and L, which requires that U and L both have a certain number of samples and 

the difference in proportion between U and L cannot be too large. Since a model with the 

performance meeting the requirements may be trained with L alone, it may be concluded here 35 
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that the absolute number of samples in L is sufficient; however, the number of samples in U has 

great uncertainty. If the number of samples in U is too low, it will be impossible to provide 

sufficient data features of U during the training, and then the trained model is unable to better 

adapt to predictions for U-type data. 

[71] If the number of samples in U is insufficient, a Generative Adversarial Network (GAN) may 5 

be used to generate some samples by simulating the U situation.  

[72] The GAN is a technology that may construct new samples according to existing true 

samples, and the GAN includes a generative model and a discriminative model. The functions of 

the generative model include capturing a distribution of existing sample data, and using a noise 

conforming to a distribution (e.g., uniform distribution, Gaussian distribution, and the like) to 10 

generate new samples similar to true samples, the more similar the better; and the discriminative 

model is a binary classifier and used for determining whether a sample is a true sample or a 

generated sample.  

[73] In the GAN training process, one of the generative model and the discriminative model is 

fixed, the network weight of the other is updated, and the process is alternated and iterated in this 15 

way. In this process, both the generative model and the discriminative model optimize respective 

networks as much as possible, thereby forming a contest until the two parties reach a dynamic 

equilibrium. At this point, the generative model restores the distribution of training data 

(generating samples that are identical to the true samples), and the discriminative model is unable 

to discriminate whether a sample is a true sample or a generated sample.  20 

[74] Therefore, assuming that the number of initially provided to-be-processed samples 

(represented by U0 in the present specification) does not meet the training requirement, U0 may 

be input into the GAN, and the GAN outputs a set of generated samples (represented by UG in the 

present specification) that have the same distribution as U0; then, U0 and UG are combined, as 

shown in FIG. 3, i.e., there is the following relationship: 25 

U= U0 + UG 

[75] It should be understood that the “same distribution” in the present specification is not the 

same distribution in the strict mathematical sense, but a same distribution simulated by the GAN. 

[76] Since the GAN may both generate samples with labels and generate samples without labels, 

different sample generating manners are used according to different situations of U0: 30 

[77] If all samples in U0 are samples with labels, there may be two processing manners: 

[78] 1 ) Inputting both the features and the labels of U0 into the GAN to obtain UG with labels, in 

which case all samples in U are samples with labels. 

[79] 2) Only inputting the features of U0 into the GAN to obtain UG without labels, in which case 

only some samples in U have labels. 35 
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[80] If all samples in U0 are samples without labels or only some samples in U0 have labels, the 

features of U0 may be input into the GAN to obtain UG without labels, in which case the samples 

in U have the same label carrying situation as those in U0.  

[81] The number of samples in UG that need to be generated may be determined according to 

training requirements, which include both a requirement for an absolute sample number and a 5 

requirement for a relative sample number. Generally speaking, it is expected that the ratio of U to 

L is not lower than 1:4, and U may be larger than L. The ratio requirement may be designed 

according to the actual situation, which does not need to be limited in the present application.  

[82] S102. Combine the current set of samples with indeterminate labels and set of samples with 

determined labels, and use the combined samples for training to obtain a prediction model: 10 

[83] The combined sample set S (wherein S=U+L) is used for model training. Since all samples 

in L have labels, the label carrying situation of the samples in S is determined by the label 

carrying situation of the samples in U.  

[84] If all samples in U have labels, then all samples in S also have labels, and at this point, the 

training requirement becomes a supervised learning problem. 15 

[85] If none of the samples in U has any label or only some samples in U have labels, then some 

of the samples in S have labels, and at this point, the training requirement becomes a semi-

supervised learning problem. Semi-supervised learning is a technology that uses some samples 

with labels and some samples without labels to implement model training. It should be noted 

that, in the current technologies, samples with labels and samples without labels in semi-20 

supervised learning are data samples of the same type, while U and L in the present application 

are two sets of samples that are not completely the same, which is therefore, strictly speaking, 

different from conventional application scenarios of the semi-supervised learning. Since the 

overall requirements are the same, a semi-supervised learning algorithm may still be used on the 

algorithm level. However, the training results may meet the application requirements only after 25 

multiple adjustments through subsequent checking steps. 

[86] Models in different forms and corresponding learning algorithms may be selected according 

to different exemplary application scenarios, which is not limited in the present specification. For 

example, for text recognition applications, a deep learning model may be constructed based on a 

Recurrent neural Network (RNN) to train text data.  30 

[87] S103. Input a sample with an indeterminate label in the set of samples with indeterminate 

labels into the prediction model, and determine a prediction value output by the model as a 

learning label of the sample with an indeterminate label: 

[88] With regard to the prediction model produced in S102, a sample in U may be input into this 

model. In the present specification, a prediction value output by the model is referred to as a 35 
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“learning label” of the sample, and it should be noted that this learning label does not necessarily 

depend on whether a sample in U has a label or if the label is accurate. 

[89] It should be noted that the “samples with indeterminate labels” here may be all the samples 

in U or may be a part of the samples in U. 

[90] For example, if the GAN is used in S101 to generate new samples, only the samples in the 5 

current U that belong to U0 may be input into the prediction model in this step. The reason for 

such processing is because U0 is true data, in contrary to UG, and it makes more sense to 

subsequently check this part of the data. Moreover, from the perspective of “labeling” 

requirements, only U0 is an object that truly needs to undergo the labeling processing. It should 

be clarified here that “the samples that belong to U0” is not equivalent to U0, since the size of U 10 

gradually decreases along with the iteration of the whole solution, and correspondingly “the 

samples that belong to U0” gradually decreases as well.  

[91] In addition, U (or U0) may also be sampled in this step, and only a sampling result is input 

into the prediction model, thereby obtaining learning labels of the sampling result. The purpose 

of sampling is to lower the checking cost, which may be implemented in this step or may be 15 

implemented in subsequent steps. 

[92] S104. Obtain a sampling subset having the learning labels according to the current set of 

samples with indeterminate labels, and check the learning labels of the sampling subset, so as to 

obtain an accuracy rate of the learning labels: 

[93] If sampling processing is not performed in S103, all the samples with learning labels are 20 

sampled in this step to obtain a sampling subset; if sampling processing has been performed in 

S103, a result output from S103 may be directly used in this step as a sampling subset. 

[94] The sampling number may be determined according to actual needs, and the following 

several factors are typically considered in a comprehensive manner: 

[95] 1) whether the sampling number is sufficiently representative: the larger the sampling 25 

number, the more representative it is. 

[96] 2) impact on the checking cost: the smaller the sampling number, the lower the checking 

cost is. 

[97] 3) impact on the iteration speed: the larger the sampling number, the more useful 

information there is after each time of checking for feedback to next time of learning, which 30 

correspondingly improves the iteration speed of the overall solution. 

[98] In an exemplary application, a dynamic sampling rate may also be used in the iteration 

process. For example, as the iteration proceeds, the model performance gradually becomes 

steady, and the sampling rate may be gradually lowered. One of ordinary skills in the art may 

design a sampling solution according to actual needs, which is not limited in the present 35 
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specification. 

[99] S105. Determine if the accuracy rate of the learning labels meets a preset requirement. If 

yes, the method proceeds to S107; otherwise, the method proceeds to execute S106 and then 

return to S102. 

[100] S106. Label the sampling subset with a label checking result, and move the sampling 5 

subset from the set of samples with indeterminate labels to the set of samples with determined 

labels.  

[101] S107. Determine the current learning label of the sample with an indeterminate label as 

the labeling result. 

[102] Assuming that Us is used to represent a sampling subset, if the accuracy rate of the 10 

learning labels of Us reaches a criterion (e.g., 95%), it is considered that learning labels of the 

entire U (or U0) are trustworthy and may be output directly as labeling results; otherwise, the 

next round of learning needs to be triggered.  

[103] The checked Us is equivalent to having reliable labels. In the next round of learning, Us 

may be used as the “samples with determined labels,” i.e., U and L are updated as follows before 15 

each iteration: 

U=U-Us 

L=L+Us 

[104] Through the iteration process in S102-S106, samples with reliable labels gradually 

increase and these samples are samples having “new type data” features. Therefore, the accuracy 20 

rate of each time of label learning is continuously optimized, and the model gradually adapts to 

predictions for the “new type data” to ultimately meet the application requirements.  

[105] It should be understood that the U after the iteration stops is different from the initial U. 

Therefore, the ultimately output labeling result should comprise “the latest learning labels of the 

samples in the current U” and “labels that have been checked and confirmed to be reliable in 25 

each of the iteration processes”. 

[106] In addition, after the iteration stops, the final prediction model may also be used as 

another piece of output information. As shown in S108 in FIG. 4 (the other steps are the same as 

those shown in FIG. 2 and will not be repeated here), this model is applicable to two different 

data types, U and L.  30 

[107] By applying the solution provided in the present specification, an enterprise that has 

already possessed mass data and a relatively mature prediction model may effectively output its 

own prediction capability to provide technical services to clients or partners, and at the same 

time, may also continuously enhance the prediction capability of its own model. 

[108] For example, risk control systems of e-commerce platforms and payment platforms have 35 
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already had powerful text recognition capabilities, and may recognize information, such as 

spamming, advertisement, violence, terrorism, politics, pornography, gambling and drug abuse, 

from user generated contents. External merchants of some other industries also have similar 

demands, such as Micro blog, video, live streaming, and other User Generated Content (UGC) 

related fields. If these external merchants do not have capability to accurately label UGC 5 

samples, sample data provided by other industries may be learned based on the technical 

solutions provided by the present specification and in combination with spam text data and 

recognition models of the e-commerce platforms and payment platforms, which is more efficient 

and easier to realize large-scale operations compared to the manner in which external samples are 

fully manually labeled or corrected. 10 

[109] Corresponding to the above method embodiments, the embodiments of the present 

specification further provide a data sample label processing apparatus or a data model training 

apparatus. Referring to FIG. 5, the apparatus may comprise: 

[110] an inputting module 110 configured to obtain a set of samples with indeterminate labels 

and a set of samples with determined labels;  15 

[111] a learning module 120 configured to combine the current set of samples with 

indeterminate labels and set of samples with determined labels, and use the combined samples 

for training to obtain a prediction model; input a sample with an indeterminate label in the set of 

samples with indeterminate labels into the prediction model, and determine a prediction value 

output by the model as a learning label of the sample with an indeterminate label;  20 

[112] a checking module 130 configured to obtain a sampling subset having the learning labels 

according to the current set of samples with indeterminate labels, check the learning labels of the 

sampling subset, so as to obtain an accuracy rate of the learning labels, and if the accuracy rate of 

the learning labels does not meet a preset requirement, label the sampling subset with a label 

checking result, and move the sampling subset from the set of samples with indeterminate labels 25 

to the set of samples with determined labels; wherein 

[113] the learning module 120 and the checking module 130 cooperate with each other to 

execute the iteration process until an accuracy rate of learning labels meets a preset requirement; 

and 

[114] an outputting module 140 configured to label, after the iteration process ends, the samples 30 

with indeterminate labels with the current learning labels, or configured to output, after the 

iteration process ends, the current prediction model as a prediction model applicable to the set of 

samples with indeterminate labels.  

[115] In an exemplary implementation according to the present specification, if all samples in 

the set of samples with indeterminate labels are samples with labels, the learning module 120 35 
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may be configured, for example, to use a supervised learning algorithm to train the combined 

samples to obtain a prediction model. 

[116] If all samples in the set of samples with indeterminate labels are samples without labels, 

or only some samples in the set of samples with indeterminate labels have labels, the learning 

module 120 may be configured, for example, to use a semi-supervised learning algorithm to train 5 

the combined samples to obtain a prediction model. 

[117] In an exemplary implementation according to the present specification, the inputting 

module 110 may comprise: 

[118] a generating sub-module configured to input, when a quantity of samples in an initially 

obtained set of to-be-processed samples does not meet a preset requirement, the set of to-be-10 

processed samples into the GAN to obtain a set of generated samples that have the same 

distribution as the set of to-be-processed samples; and 

[119] a combining sub-module configured to combine the set of to-be-processed samples and 

the set of generated samples to obtain a set of samples with indeterminate labels. 

[120] In an exemplary implementation according to the present specification, the learning 15 

module 120 may be configured, for example, to  

[121] input the samples in the set of samples with indeterminate labels that belong to the set of 

to-be-processed samples into the prediction model. 

[122] In an exemplary implementation according to the present specification, if all samples in 

the set of to-be-processed samples are samples with labels, the generating sub-module 130 may 20 

be configured, for example, to  

[123] input both the features and the labels of the set of to-be-processed samples into the GAN 

to obtain a set of generated samples that have the same distribution as the set of to-be-processed 

samples, all samples in the set of generated samples being samples with labels; 

[124] or 25 

[125] input the features of the set of to-be-processed samples into the GAN to obtain a set of 

generated samples that have the same distribution as the set of to-be-processed samples, all 

samples in the set of generated samples being samples without labels. 

[126] If all samples in the set of to-be-processed samples are samples without labels or only 

some samples in the set of to-be-processed samples have labels, the generating sub-module 130 30 

may be configured, for example, to  

[127] input the features of the set of to-be-processed samples into the GAN to obtain a set of 

generated samples that have the same distribution as the set of to-be-processed samples, all 

samples in the set of generated samples being samples without labels. 

[128] The embodiments of the present specification further provide a computer device, which at 35 
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least comprises a memory, a processor and a computer program stored in the memory and 

executable on the processor, wherein the processor, when executing the program, implements the 

foregoing data sample label processing method and data model training method. The method at 

least comprises: 

[129] obtaining a set of samples with indeterminate labels and a set of samples with determined 5 

labels; performing an iteration process with the following steps until an accuracy rate of learning 

labels meets a preset requirement:  

[130] combining the current set of samples with indeterminate labels and set of samples with 

determined labels, and using the combined samples for training to obtain a prediction model;  

[131] inputting a sample with an indeterminate label in the set of samples with indeterminate 10 

labels into the prediction model, and determining a prediction value output by the model as a 

learning label of the sample with an indeterminate label;  

[132] obtaining a sampling subset having the learning labels according to the current set of 

samples with indeterminate labels, checking the learning labels of the sampling subset, so as to 

obtain an accuracy rate of the learning labels, and if the accuracy rate of the learning labels does 15 

not meet a preset requirement, labeling the sampling subset with a label checking result, and 

moving the sampling subset from the set of samples with indeterminate labels to the set of 

samples with determined labels; and  

[133] after the iteration process ends, determining the current learning label of the sample with 

an indeterminate label as the labeling result, or determining the current prediction model as a 20 

prediction model applicable to the set of samples with indeterminate labels. 

[134] FIG. 6 is a schematic hardware structural diagram of an exemplary computing device 

according to some embodiments of the present specification. The device may comprise: a 

processor 1010, a memory 1020, an input/output interface 1030, a communication interface 1040, 

and a bus 1050, wherein the processor 1010, the memory 1020, the input/output interface 1030, 25 

and the communication interface 1040 are in communication connection with each other inside 

the device via the bus 1050. 

[135] The processor 1010 may be implemented with a general Central Processing Unit (CPU), a 

micro-processor, an Application Specific Integrated Circuit (ASIC), or one or more integrated 

circuits for executing relevant programs to achieve the technical solutions according to the 30 

embodiments of the present specification. 

[136] The memory 1020 may be implemented in the form of a Read-Only Memory (ROM), a 

Random-Access Memory (RAM), a static storage device, or a dynamic storage device. The 

memory 1020 may store an operating system and other application programs. When the technical 

solutions according to the embodiments of the present specification are achieved through 35 
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software or firmware, relevant program codes are stored in the memory 1020 and are called and 

executed by the processor 1010. 

[137] The input/output interface 1030 is used to connect input/output modules for achieving 

information input/output. The input/output modules may be configured in the device as parts (not 

shown), or may also be connected to external devices to provide corresponding functions, 5 

wherein the input device may comprise a keyboard, a mouse, a touchscreen, a microphone, 

various sensors, and the like, and the output device may comprise a display, a loudspeaker, a 

vibration, an indicator, and the like. 

[138] The communication interface 1040 is used to connect a communication module (not 

shown) to achieve communication interactions between this device and other devices, wherein 10 

the communication module may communicate in a wired manner (e.g., USB, network cable, and 

the like) or in a wireless manner (e.g., a mobile network, WIFI, Bluetooth, and the like). 

[139] The bus 1050 comprises a path for information transmission among various parts of the 

device (e.g., the processor 1010, the memory 1020, the input/output interface 1030, and the 

communication interface 1040). 15 

[140] It should be noted that although the above-described device only illustrates the processor 

1010, the memory 1020, the input/output interface 1030, the communication interface 1040 and 

the bus 1050, the device may further comprise other parts required for normal operations in an 

exemplary implementation process. In addition, it should be appreciated by one of ordinary skills 

in the art that the device may only comprise parts required for implementation of the solutions 20 

according to the embodiments of the present specification and does not need to comprise all the 

parts shown in the figure. 

[141] The embodiments of the present specification further provide a computer readable storage 

medium, which stores a computer program. When being executed by a processor, the computer 

program implements the foregoing data sample label processing method and data model training 25 

method. The method at least comprises: 

[142] obtaining a set of samples with indeterminate labels and a set of samples with determined 

labels; performing an iteration process with the following steps until an accuracy rate of learning 

labels meets a preset requirement:  

[143] combining the current set of samples with indeterminate labels and set of samples with 30 

determined labels, and using the combined samples for training to obtain a prediction model;  

[144] inputting a sample with an indeterminate label in the set of samples with indeterminate 

labels into the prediction model, and determining a prediction value output by the model as a 

learning label of the sample with an indeterminate label;  

[145] obtaining a sampling subset having the learning labels according to the current set of 35 
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samples with indeterminate labels, checking the learning labels of the sampling subset, so as to 

obtain an accuracy rate of the learning labels, and if the accuracy rate of the learning labels does 

not meet a preset requirement, labeling the sampling subset with a label checking result, and 

moving the sampling subset from the set of samples with indeterminate labels to the set of 

samples with determined labels; and  5 

[146] after the iteration process ends, determining the current learning label of the sample with 

an indeterminate label as the labeling result, or determining the current prediction model as a 

prediction model applicable to the set of samples with indeterminate labels. 

[147] Computer readable media include permanent, volatile, mobile, and immobile media, 

which may implement information storage through any method or technology. The information 10 

may be computer readable instructions, data structures, program modules, or other data. 

Examples of storage media of computers include, but are not limited to, Phase-change Random 

Access Memories (PRAMs), Static Random Access Memories (SRAMs), Dynamic Random 

Access Memories (DRAMs), other types of Random Access Memories (RAMs), Read-Only 

Memories (ROMs), Electrically Erasable Programmable Read-Only Memories (EEPROMs), 15 

flash memories or other memory technologies, Compact Disk Read-Only Memories (CD-

ROMs), Digital Versatile Discs (DVDs) or other optical memories, cassette tapes, cassette and 

disk memories or other magnetic memory devices, or any other non-transmission media, which 

may be used for storing information accessible to a computation device. According to the 

definitions in the specification, the computer readable media do not include transitory media, 20 

such as modulated data signals and carriers. 

[148] With the above description of the implementations, one of ordinary skill in the art may 

clearly understand that the embodiments of the present specification may be achieved through 

software plus a necessary general hardware platform. Based on such understanding, the technical 

solutions of the embodiments of the present specification, in essence, or the portion thereof that 25 

contributes to the current technologies, may be embodied in the form of a software product. The 

computer software product may be stored in a storage medium, such as a ROM/RAM, a magnetic 

disk, an optical disc, and the like, and includes several instructions to cause a computer device 

(which may be a personal computer, a server, or a network device) to execute methods according 

to the embodiments or some parts of the embodiments of the present specification.  30 

[149] The systems, devices, modules or units set forth in the foregoing embodiments may be 

achieved, for example, by computer chips or entities, or by products with certain functions. A 

typical implementation device is a computer. An exemplary form of the computer may be a 

personal computer, a laptop computer, a cell phone, a camera phone, a smart phone, a PDA 

(personal digital assistant), a media player, a navigation device, an email sending and receiving 35 
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device, a game console, a tablet computer, a wearable device or a combination of any of these 

devices. 

[150] The embodiments in this specification are described in a progressive manner with each 

embodiment focused on differences from other embodiments, and the embodiments may be 

mutually referenced for identical or similar parts. In particular, the apparatus embodiments are 5 

described in a relatively simple manner, as the apparatus embodiments are substantially similar to 

the method embodiments. The description of the method embodiments may be referenced for the 

related parts. The above-described apparatus embodiments are merely exemplary, wherein the 

units described as separate parts may or may not be physically separated. During implementation 

of the solutions of the embodiments of the present specification, functions of various modules 10 

may be achieved in the same piece or multiple pieces of software and/or hardware. Alternatively, 

the objectives of the solutions of the present specification may be achieved by selecting some or 

all of the modules as needed, which may be understood and implemented by one of ordinary skill 

in the art without creative effort. 

[151] The above-described is only exemplary implementations of the embodiments of the 15 

present specification. It should be noted that one of ordinary skill in the art may make a number 

of improvements and modifications without departing from the principle of the embodiments of 

the present specification, and all these improvements and modifications shall fall within the 

protection scope of the embodiments of the present specification.  
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CLAIMS 

1. A data sample label processing method, comprising: 

obtaining a set of samples with indeterminate labels and a set of samples with 

determined labels; performing an iteration process with following steps until an accuracy rate 

of learning labels meets a preset requirement:  5 

combining the current set of samples with indeterminate labels and the set of samples 

with determined labels, and using the combined samples for training to obtain a prediction 

model;  

inputting a sample with an indeterminate label in the set of samples with indeterminate 

labels into the prediction model, and obtaining a prediction value output by the model as a 10 

learning label of the sample with an indeterminate label;  

obtaining a sampling subset having learning labels according to the current set of 

samples with indeterminate labels, checking the learning labels of the sampling subset, so as 

to obtain the accuracy rate of the learning labels, and if the accuracy rate of the learning 

labels does not meet the preset requirement, labeling the sampling subset with a label 15 

checking result, and moving the sampling subset from the set of samples with indeterminate 

labels to the set of samples with determined labels; and  

after the iteration process ends, labeling the samples with indeterminate labels with the 

current learning labels of the samples. 

2. The method according to claim 1, wherein all samples in the set of samples with 20 

indeterminate labels are samples with labels, and the using the combined samples for training 

to obtain a prediction model comprises: 

using a supervised learning algorithm to train the combined samples to obtain the 

prediction model. 

3. The method according to claim 1, wherein all samples in the set of samples with 25 

indeterminate labels are samples without labels, or only some samples in the set of samples 

with indeterminate labels have labels, and the using the combined samples for training to 

obtain a prediction model comprises: 

using a semi-supervised learning algorithm to train the combined samples to obtain the 

prediction model. 30 

4. The method according to claim 1, wherein the obtaining a set of samples with 

indeterminate labels comprises: 

when a quantity of samples in an initially obtained set of to-be-processed samples does 

not meet a preset requirement, inputting the set of to-be-processed samples into a Generative 
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Adversarial Network (GAN) to obtain a set of generated samples that have the same 

distribution as the set of to-be-processed samples; and 

combining the set of to-be-processed samples and the set of generated samples to obtain 

the set of samples with indeterminate labels. 

5. The method according to claim 4, wherein the inputting a sample with an 5 

indeterminate label in the set of samples with indeterminate labels into the prediction model 

comprises: 

inputting the samples in the set of samples with indeterminate labels that belong to the 

set of to-be-processed samples into the prediction model. 

6. The method according to claim 4, wherein, if all samples in the set of to-be-processed 10 

samples are samples with labels, the inputting the set of to-be-processed samples into the 

GAN to obtain a set of generated samples that have the same distribution as the set of to-be-

processed samples comprises: 

inputting both features and labels of the set of to-be-processed samples into the GAN to 

obtain a set of generated samples that have a same distribution as the set of to-be-processed 15 

samples, all samples in the set of generated samples being samples with labels; 

or 

inputting the features of the set of to-be-processed samples into the GAN to obtain a set 

of generated samples that have the same distribution as the set of to-be-processed samples, all 

samples in the set of generated samples being samples without labels. 20 

7. The method according to claim 4, wherein, if all samples in the set of to-be-processed 

samples are samples without labels, or only some samples in the set of to-be-processed 

samples have labels, the inputting the set of to-be-processed samples into the GAN to obtain 

a set of generated samples that have the same distribution as the set of to-be-processed 

samples comprises: 25 

inputting features of the set of to-be-processed samples into the GAN to obtain a set of 

generated samples that have a same distribution as the set of to-be-processed samples, all 

samples in the set of generated samples being samples without labels. 

8. A data model training method, comprising: 

obtaining a set of samples with indeterminate labels and a set of samples with 30 

determined labels; performing an iteration process with the following steps until an accuracy 

rate of learning labels meets a preset requirement:  

combining the current set of samples with indeterminate labels and the set of samples 

with determined labels, and using the combined samples for training to obtain a prediction 
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model;  

inputting a sample with an indeterminate label from the set of samples with 

indeterminate labels into the prediction model, and obtaining a prediction value output by the 

model as a learning label of the sample with an indeterminate label;  

sampling the set of samples with indeterminate labels having the learning label to obtain 5 

a sampling subset, checking the learning labels of the sampling subset, so as to obtain the 

accuracy rate of the learning labels, and if the accuracy rate of the learning labels does not 

meet the preset requirement, labeling the sampling subset with a label checking result, and 

moving the sampling subset from the set of samples with indeterminate labels to the set of 

samples with determined labels; and  10 

after the iteration process ends, determining the current prediction model as a prediction 

model applicable to the set of samples with indeterminate labels. 

9. A data sample label processing apparatus, the apparatus comprising: 

an inputting module configured to obtain a set of samples with indeterminate labels and 

a set of samples with determined labels;  15 

a learning module configured to combine the current set of samples with indeterminate 

labels and set of samples with determined labels, and use the combined samples for training 

to obtain a prediction model; input a sample with an indeterminate label in the set of samples 

with indeterminate labels into the prediction model, and obtain a prediction value output by 

the model as a learning label of the sample with an indeterminate label;  20 

a checking module configured to obtain a sampling subset having the learning labels 

according to the current set of samples with indeterminate labels, check the learning labels of 

the sampling subset, so as to obtain an accuracy rate of the learning labels, and if the 

accuracy rate of the learning labels does not meet a preset requirement, label the sampling 

subset with a label checking result, and move the sampling subset from the set of samples 25 

with indeterminate labels to the set of samples with determined labels; wherein 

the learning module and the checking module cooperate with each other to execute an 

iteration process until the accuracy rate of learning labels meets the preset requirement; and 

an outputting module configured to label, after the iteration process ends, the samples 

with indeterminate labels with the current learning labels of the samples. 30 

10. The apparatus according to claim 9, wherein all samples in the set of samples with 

indeterminate labels are samples with labels, and the learning module is configured to, 

use a supervised learning algorithm to train the combined samples to obtain the 

prediction model. 
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11. The apparatus according to claim 9, wherein all samples in the set of samples with 

indeterminate labels are samples without labels, or only some samples in the set of samples 

with indeterminate labels have labels, and the learning module is configured to, 

use a semi-supervised learning algorithm to train the combined samples to obtain the 

prediction model. 5 

12. The apparatus according to claim 9, wherein the inputting module comprises: 

a generating sub-module configured to input, when a quantity of samples in an initially 

obtained set of to-be-processed samples does not meet a preset requirement, the set of to-be-

processed samples into the GAN to obtain a set of generated samples that have a same 

distribution as the set of to-be-processed samples; and 10 

a combining sub-module configured to combine the set of to-be-processed samples and 

the set of generated samples to obtain the set of samples with indeterminate labels. 

13. The apparatus according to claim 12, wherein the learning module is configured to, 

input the samples in the set of samples with indeterminate labels that belong to the set of 

to-be-processed samples into the prediction model. 15 

14. The apparatus according to claim 12, wherein, if all samples in the set of to-be-

processed samples are samples with labels, the generating sub-module is configured to, 

input both features and labels of the set of to-be-processed samples into the GAN to 

obtain a set of generated samples that have a same distribution as the set of to-be-processed 

samples, all samples in the set of generated samples being samples with labels; 20 

or 

input the features of the set of to-be-processed samples into the GAN to obtain the set of 

generated samples that have the same distribution as the set of to-be-processed samples, all 

samples in the set of generated samples being samples without labels. 

15. The apparatus according to claim 12, wherein, if all samples in the set of to-be-25 

processed samples are samples without labels, or only some samples in the set of to-be-

processed samples have labels, the generating sub-module is configured to, 

input the features of the set of to-be-processed samples into the GAN to obtain the set of 

generated samples that have the same distribution as the set of to-be-processed samples, all 

samples in the set of generated samples being samples without labels. 30 

16. A data model training apparatus, comprising: 

an inputting module configured to obtain a set of samples with indeterminate labels and 

a set of samples with determined labels;  

a learning module configured to combine the current set of samples with indeterminate 
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labels and set of samples with determined labels, and use the combined samples for training 

to obtain a prediction model; input a sample with an indeterminate label in the set of samples 

with indeterminate labels into the prediction model, and obtain a prediction value output by 

the model as a learning label of the sample with an indeterminate label;  

a checking module configured to obtain a sampling subset having the learning labels 5 

according to the current set of samples with indeterminate labels, check the learning labels of 

the sampling subset, so as to obtain an accuracy rate of the learning labels, and if the 

accuracy rate of the learning labels does not meet a preset requirement, label the sampling 

subset with a label checking result, and move the sampling subset from the set of samples 

with indeterminate labels to the set of samples with determined labels; wherein 10 

the learning module and the checking module cooperate with each other to execute an 

iteration process until the accuracy rate of learning labels meets the preset requirement; and 

an outputting module configured to output, after the iteration process ends, the current 

prediction model as a prediction model applicable to the set of samples with indeterminate 

labels. 15 

17. A computer device, comprising a memory, a processor and a computer program 

stored in the memory and executable on the processor, wherein the processor, when 

executing the program, implements the method according to any one of claims 1-8. 

 


