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MODEL-BASED PREDICTION METHOD AND APPARATUS 

TECHNICAL FIELD 

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

technologies, and in particular, to a model-based prediction method and apparatus. 

BACKGROUND 5 

[0002] In artificial intelligence, feature engineering is a very important part. 

Feature engineering is a process of converting input data of a machine learning model 

into a feature vector, and is an important start step in machine learning. Embedding is 

a data conversion method in feature engineering. The input data in machine learning 

can be a high-dimensional tensor, and the high-dimensional tensor can be mapped to 10 

low-dimensional continuous space by using an embedding layer, to achieve feature 

extraction. Mapping high-dimensional space to such low dimensional space makes 

machine learning on large input (typically, a high-dimensional sparse tensor) easier. 

[0003] However, the embedding layer usually has a very large number of 

parameters. In some service scenarios, the total memory amount of all the parameters 15 

of the embedding layer can reach a level of hundreds of billions (for example, 100 GB 

to 1 TB memory). This case poses a great challenge to the deployment and prediction 

of a real-time online model: A single machine cannot provide sufficient shared 

memory to store the whole model, and therefore customized machines need to be 

purchased to provide services, which increases the costs of device acquisition, running, 20 

and maintenance. In addition, the capacity of a single machine is occupied by a 

relatively large embedding layer, and therefore the execution of the model cannot 

fully utilize the computing capability of underlying hardware resources, which causes 

a waste of resources. 

SUMMARY 25 

[0004] In view of this, one or more implementations of the present specification 

provide a model-based prediction method and apparatus, to reduce the costs of model 

running and better utilize resource capabilities. 
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[0005] Specifically, the one or more implementations of the present specification 

are implemented by using the following technical solutions: 

[0006] According to a first aspect, a model-based prediction method is provided. 

The method is performed by a machine learning model system, the system including a 

machine learning model and an embedding model for converting an input tensor of 5 

the machine learning model, the embedding model being deployed separately from 

the machine learning model, the embedding model being deployed in an embedding 

running environment, and the machine learning model being deployed in a model 

running environment; and the method includes: receiving, by the model running 

environment, an input tensor of the machine learning model; sending, by the model 10 

running environment, a table query request to the embedding running environment, 

the table query request including the input tensor, to request low-dimensional 

conversion of the input tensor; receiving, by the model running environment, a table 

query result returned by the embedding running environment, the table query result 

being obtained by the embedding running environment by performing embedding 15 

query and processing based on the input tensor; and inputting, by the model running 

environment, the table query result into the machine learning model, and running the 

machine learning model to complete model-based prediction. 

[0007] According to a second aspect, a machine learning model system is 

provided. The system includes an embedding running environment and a model 20 

running environment, an embedding model being deployed in the embedding running 

environment, and a machine learning model being deployed in the model running 

environment; the model running environment being configured to receive an input 

tensor of the machine learning model; being configured to send a table query request 

to the embedding running environment, the table query request including the input 25 

tensor, to request low-dimensional conversion of the input tensor; and being further 

configured to input a table query result into the machine learning model, and run the 

machine learning model to complete model-based prediction; and the embedding 

running environment being configured to perform embedding query and processing 

on the input tensor based on the table query request, to obtain the table query result; 30 

and feed the table query result back to the model running environment. 

[0008] According to a third aspect, a model-based prediction device is provided. 

The device includes a memory, a processor, and computer instructions that are stored 

in the memory and can be run on the processor, the processor implementing an 
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embedding running environment and a model running environment when executing 

the instructions, the embedding running environment being configured to run an 

embedding model, the model running environment being configured to run a machine 

learning model, and the processor executing the instructions to implement the 

following steps: receiving, by the model running environment, an input tensor of the 5 

machine learning model; sending, by the model running environment, a table query 

request to the embedding running environment, the table query request including the 

input tensor, to request low-dimensional conversion of the input tensor; receiving, by 

the model running environment, a table query result returned by the embedding 

running environment, the table query result being obtained by the embedding running 10 

environment by performing embedding query and processing based on the input 

tensor; and inputting, by the model running environment, the table query result into 

the machine learning model, and running the machine learning model to complete 

model-based prediction. 

[0009] According to the model-based prediction method and apparatus in the one 15 

or more implementations of the present specification, because the model and the 

embedding are deployed separately, when memory of a single machine is insufficient, 

other, separate memory can be used to store the model or the embedding, thereby 

reducing the costs of model running and maintenance. In addition, in this separate 

deployment structure, a computing resource of a network virtual execution unit can be 20 

fully used for model running prediction, and the computing capability of underlying 

hardware resources can be fully utilized. 

BRIEF DESCRIPTION OF DRAWINGS 

[0010] To describe the technical solutions in the one or more implementations of 

the present specification or in the existing technologies more clearly, the following is 25 

a brief introduction of the accompanying drawings required for describing the 

implementations or the existing technologies. Apparently, the accompanying drawings 

in the following description show merely some of the one or more implementations of 

the present specification, and a person of ordinary skill in the art can still derive other 

drawings from these accompanying drawings without making innovative efforts. 30 

[0011] FIG. 1 illustrates a machine learning model system according to one or 

more implementations of the present specification; 



 

 

4 

[0012] FIG. 2 illustrates a model-based prediction method according to one or 

more implementations of the present specification; and 

[0013] FIG. 3 illustrates a machine learning model system according to one or 

more implementations of the present specification. 

DESCRIPTION OF IMPLEMENTATIONS 5 

[0014] To make a person skilled in the art better understand the technical 

solutions in the one or more implementations of the present specification, the 

following clearly and completely describes the technical solutions in the one or more 

implementations of the present specification with reference to the accompanying 

drawings in the one or more implementations of the present specification. Apparently, 10 

the described implementations are merely some but not all of the implementations of 

the present specification. All other implementations obtained by a person of ordinary 

skill in the art based on the one or more implementations of the present specification 

without innovative efforts shall fall within the protection scope of the present 

disclosure. 15 

[0015] Embedding is a common data conversion method in feature engineering, 

and can be used to map a large sparse vector to low-dimensional space that retains a 

semantic relationship. The embedding is implemented as follows: An embedding 

model is trained, and embedding query is performed by using the embedding model, 

so that an input tensor (for example, a sparse tensor) of a machine learning model can 20 

be used as an index for querying the embedding model, to map the original 

high-dimensional tensor to low-dimensional space. 

[0016] For example, the input tensor is represented by using a one-hot encoding 

method. Each type is represented as a very long vector by using the one-hot encoding 

method. The number of dimensions of the vector is the total number of types. Most 25 

elements are 0, and the value of only one dimension is 1. That dimension represents a 

current type. In this case, if one-hot encoding is used, a generated feature dimension is 

often very large. For example, in the natural language field, each word can be 

represented by a very long vector by using one-hot encoding. For such a 

high-dimensional vector, a relatively popular method in the artificial intelligence field 30 

is to connect these features to an embedding layer to map these features to 

low-dimensional space, to achieve feature extraction. 
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[0017] It can be learned from the above that, a relationship between the 

embedding and the machine learning model is as follows: The embedding can be used 

to convert an input tensor of the machine learning model from high-dimensional space 

into low-dimensional space, and then input a converted result into the machine 

learning model. Conversion from high-dimensional space into low dimensional space 5 

through embedding makes machine learning on large input (typically, a 

high-dimensional sparse tensor) easier. In addition, an embedding model learned for a 

machine learning model can also be used for other machine learning models, and the 

embedding model can be trained separately, or can be learned as a part of the machine 

learning model. For example, the embedding model can be an embedding table 10 

obtained through training. 

[0018] At least one implementation of the present specification provides a 

machine learning model system. As shown in FIG. 1, the system can include 

embedding running environment 11 and model running environment 12. An 

embedding model is deployed in the embedding running environment 11. Specifically, 15 

an embedding table can be deployed in the embedding running environment 11. A 

machine learning model can be deployed in the model running environment 12. For 

example, a deep neural network model can be deployed in the model running 

environment 12. 

[0019] Embedding running environment 11 or model running environment 12 can 20 

be a physical execution unit, or can be a virtual execution unit. For example, the 

physical execution unit can be a physical device such as a server, and the virtual 

execution unit can be a virtualization container, etc. An embedding model can be 

deployed in the embedding running environment 11, and the embedding running 

environment 11 can further perform embedding query, processing, etc. A machine 25 

learning model can be deployed in the model running environment 12, so that the 

model running environment 12 runs the model for prediction. 

[0020] The machine learning model system shown in FIG. 1 is a system in which 

embedding is deployed separately from a machine learning model. For example, the 

embedding running environment 11 and the model running environment 12 each can 30 

be a virtualization container. Specifically, the embedding running environment 11 and 

the model running environment 12 each can run a container instance. For example, 

docker can be used as the container. Alternatively, a VMware virtual machine, 

Amazon Firecracker, etc. can be used as the virtual execution unit. 
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[0021] In a system architecture of separate deployment, an input tensor can be 

input into the model running environment 12, and then the model running 

environment 12 can send a table query request to the embedding running environment 

11. The embedding running environment 11 can perform embedding query, for 

example, querying an embedding table deployed in the embedding running 5 

environment 11 by using the input tensor as an index or indices, mapping the 

high-dimensional tensor to a low-dimensional space, and returning a table query result 

to the model running environment 12. The model running environment 12 can 

continue to run the model based on the table query result. 

[0022] To implement communication and interaction between the model running 10 

environment 12 and the embedding running environment 11, the model running 

environment 12 and embedding running environment 11 can be interconnected by a 

network, to implement the sending of the table query request or feedback of the table 

query result. For example, when the embedding running environment 11 and model 

running environment 12 each are a virtualization container for physical deployment, 15 

the model running environment 12 and its associated embedding running environment 

11 for table queries can be deployed on the same physical node, or can be deployed on 

different physical nodes. When the model running environment 12 and the embedding 

running environment 11 are located on the same physical node, the model running 

environment 12 can locally send table query requests. When the model running 20 

environment 12 and the embedding running environment 11 are located on different 

physical nodes, the model running environment 12 can remotely send table query 

requests. 

[0023] FIG. 2 illustrates a procedure of a model-based prediction method 

provided in at least one implementation of the present specification. The method is 25 

based on a machine learning model system deployed as shown in FIG. 1. After being 

deployed as shown in FIG. 1, the machine learning model system can perform the 

model-based prediction method to apply a model for prediction. In this 

implementation, for example, a model running environment and an embedding 

running environment each are a virtualization container. In this case, the model 30 

running environment can be referred to as a network virtual execution unit, and the 

embedding running environment can be referred to as an embedding virtual execution 

unit. In addition, in the following description, for example, an embedding model is an 

embedding table. 
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[0024] As shown in FIG. 2, the method can include the following steps. 

[0025] In step 200, the network virtual execution unit receives an input tensor of 

the machine learning model. 

[0026] For example, the input tensor of the machine learning model can be 

received by the network virtual execution unit, and the input tensor can be a 5 

high-dimensional tensor that needs low-dimensional conversion processing. 

[0027] In step 202, the network virtual execution unit sends a table query request 

to the embedding virtual execution unit, the table query request including the input 

tensor, to request low-dimensional conversion of the input tensor. 

[0028] For example, the network virtual execution unit can send the table query 10 

request to the embedding virtual execution unit, and send the input tensor received in 

step 200 to the embedding virtual execution unit, to request low-dimensional 

conversion processing on the input tensor. 

[0029] In step 204, the embedding virtual execution unit queries an embedding 

table based on the input tensor and performs related processing, to obtain a table 15 

query result. 

[0030] For example, it is assumed that the input tensor is v=(0, 0, 0, 1, 1). 

[0031] The embedding table stored in the embedding virtual execution unit can be 

as follows: 

Table 1: Emb table 20 

Index Vector 

0 (1, 2, 3, 4) 

1 (5, 6, 7, 8) 

2 (9, 10, 11, 12) 

3 (13, 14, 15, 16) 

4 (17, 18, 19, 20) 

[0032] Two vectors can be obtained by querying the embedding (Emb) table 

based on the input tensor v: 

V1=(13, 14, 15, 16); and 

V2=(17, 18, 19, 20). 

[0033] Then, the embedding virtual execution unit can perform processing, such 25 

as summation or averaging, on the two vectors V1 and V2, for example, V1+V2 or 

(V1+V2)/2. 
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[0034] After performing the processing such as summation or averaging, the 

embedding virtual execution unit returns a summation result or an averaging result to 

the network virtual execution unit as the query result. In this example, summing or 

averaging is used as an example for processing. Alternatively, other processing can be 

performed. In addition, because the embedding virtual execution unit performs the 5 

processing such as summation or averaging, and then returns the summation result or 

the averaging result to the network virtual execution unit, the requirement for 

bandwidth can be reduced. 

[0035] In step 206, the embedding virtual execution unit returns the table query 

result to the network virtual execution unit. 10 

[0036] In step 208, the network virtual execution unit inputs the table query result 

into the machine learning model, and runs the machine learning model to complete 

model-based prediction. 

[0037] For example, after receiving the table query result, the network virtual 

execution unit can use the table query result as input to the machine learning model, 15 

and continue to run the machine learning model to complete model-based prediction. 

[0038] According to the model-based prediction method in this implementation, 

because a model is deployed separately from embedding, when memory of a single 

machine is insufficient, other, separate memory can be used to store the model or the 

embedding, thereby reducing the costs of model running and maintenance. In addition, 20 

in this separate deployment structure, the computing resource of the network virtual 

execution unit can be fully used for model running prediction, and the computing 

capability of underlying hardware resources can be fully utilized. 

[0039] In addition, the machine learning model system can include at least one 

embedding virtual execution unit and at least one network virtual execution unit. Each 25 

embedding virtual execution unit runs one embedding model, and each network 

virtual execution unit runs one machine learning model. 

[0040] Referring to FIG. 3, for example, if a virtual execution unit is a container, 

then an embedding virtual execution unit is an embedding container, and a network 

virtual execution unit is a network container; and if a deep neural network is run and 30 

deployed in the network container, the network container can be referred to as a deep 

network container. 

[0041] A machine learning model system shown in FIG. 3 includes multiple 

embedding containers, for example, embedding container 31 and embedding container 
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32, and further includes multiple deep network containers, for example, deep network 

container 33, deep network container 34, and deep network container 35. Multiple 

copies of the same embedding model can be deployed in multiple containers, to 

scalably support a large amount of concurrent query access. For example, an 

embedding model deployed in embedding container 32 can be a copy of an 5 

embedding model deployed in embedding container 31. 

[0042] The embedding container and the deep network container can be run on 

the same physical machine, or can be broadly distributed in any corners of a cluster. 

Different hardware resources can be configured for different network virtual 

execution units, and the hardware resources can adapt to running requirements of 10 

machine learning models on the network virtual execution units. For example, the 

hardware resource can include at least one of the following: a central processing unit 

(CPU) or a hardware accelerator. The hardware accelerator can include but is not 

limited to a graphics processing unit (GPU), a field-programmable gate (FPGA), or an 

application-specific integrated circuit (ASIC) chip designed for a specific purpose. 15 

[0043] A computing resource can be allocated based on various constraints such 

as computing complexity and a service latency requirement of the deep neural 

network, to make full use of a computing capability of underlying hardware. For 

example, in a service scenario with a strict latency requirement, a hardware 

accelerator such as a GPU, an FPGA, or an AI chip can be deployed in the deep 20 

neural network container to replace a plurality of CPU cores, to complete relatively 

complex deep network model reasoning within specified time. For a deep neural 

network model with relatively low computing complexity, a single CPU core possibly 

can meet a requirement. In this case, only one CPU core needs to be configured for 

one corresponding deep network container. 25 

[0044] In the system shown in FIG. 3, the embedding model is deployed in an 

embedding container with sufficient memory, and can provide services to other 

containers that need embedding table query through local or remote connections. For 

example, the deep network container is responsible for running the deep neural 

network for model reasoning. For example, if deep network container 33 locally sends 30 

a table query request to embedding container 31, deep network container 33 and 

embedding container 31 are located on the same node. After receiving an input tensor 

(which can be dense or sparse) from a user, the deep network container sends a table 
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query request to the embedding container, and inputs a received table query result into 

the deep neural network to complete model reasoning and prediction. 

[0045] In addition, the machine learning model in the at least one implementation 

of the present specification includes but is not limited to a deep neural network model, 

such as a Wide & Deep model or a DeepFM model. The deep neural network model 5 

can be a machine learning neural network in which at least one hidden layer is added 

between an input layer and an output layer. 

[0046] The apparatus or module described in the above implementations can be 

specifically implemented by a computer chip or an entity, or can be implemented by a 

product with a certain function. A typical implementation device is a computer, and a 10 

specific form of the computer can be a personal computer, a laptop computer, a 

cellular phone, a camera phone, a smartphone, a personal digital assistant, a media 

player, a navigation device, an e-mail sending/receiving device, a game console, a 

tablet computer, a wearable device, or a combination of any several of these devices. 

[0047] For ease of description, the above apparatus is divided into various 15 

modules based on functions for separate description. Certainly, during implementation 

of the one or more implementations of the present specification, the functions of the 

modules can be implemented in the same or more pieces of software and/or hardware. 

[0048] An execution order of the steps in the procedure shown in the above figure 

is not limited to the order in the flowchart. In addition, description of each step can be 20 

implemented in a form of software, hardware, or a combination thereof. For example, 

a person skilled in the art can implement the description of each step in a form of 

software code. The description of each step can be computer-executable instructions 

that can implement a logical function corresponding to the step. When the description 

of each step is implemented in a software way, the executable instructions can be 25 

stored in a memory and executed by a processor in the device. 

[0049] For example, corresponding to the above method, the one or more 

implementations of the present specification also provide a model-based prediction 

device. The device includes a memory, a processor, and computer instructions that are 

stored in the memory and can be run on the processor, the processor implementing an 30 

embedding running environment and a model running environment when executing 

the instructions, the embedding running environment being configured to run 

embedding, the model running environment being configured to run a machine 

learning model, and the processor executing the instructions to implement the 
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following steps: receiving, by the model running environment, an input tensor of the 

machine learning model; sending, by the model running environment, a table query 

request to the embedding running environment, the table query request including the 

input tensor, to request low-dimensional conversion of the input tensor; receiving, by 

the model running environment, a table query result returned by the embedding 5 

running environment, the table query result being obtained by the embedding running 

environment by performing embedding query and processing based on the input 

tensor; and inputting, by the model running environment, the table query result into 

the machine learning model, and running the machine learning model to complete 

model-based prediction. 10 

[0050] It is worthwhile to further note that the term "include", "comprise", or 

their any other variant is intended to cover a non-exclusive inclusion, so that a process, 

method, commodity, or device that includes a series of elements not only includes 

those elements but also includes other elements that are not expressly listed, or further 

includes elements inherent to such process, method, commodity, or device. An 15 

element preceded by "includes a ..." does not, without more constraints, preclude the 

presence of additional identical elements in the process, method, commodity, or 

device that includes the element. 

[0051] A person skilled in the art should understand that the one or more 

implementations of the present specification can be provided as a method, a system, 20 

or a computer program product. Therefore, the one or more implementations of the 

present specification can use a form of hardware only implementations, software only 

implementations, or implementations with a combination of software and hardware. 

Moreover, the one or more implementations of the present specification can use a 

form of a computer program product that is implemented on one or more 25 

computer-usable storage media (including but not limited to a magnetic disk memory, 

a CD-ROM, an optical memory, etc.) that include computer-usable program code. 

[0052] The one or more implementations of the present specification can be 

described in common contexts of computer-executable instructions executed by a 

computer, such as a program module. Generally, the program module includes a 30 

routine, program, object, component, data structure, etc. for executing a particular task 

or implementing a particular abstract data type. Alternatively, the one or more 

implementations of the present specification can be practiced in distributed computing 

environments. In these distributed computing environments, tasks are executed by 
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remote processing devices that are connected by using a communications network. In 

a distributed computing environment, program modules can be located in both local 

and remote computer storage media including storage devices. 

[0053] The implementations of the present specification are all described in a 

progressive way, for same or similar parts in the implementations, references can be 5 

made to each other, and each implementation focuses on a difference from other 

implementations. Especially, the data processing device implementation is basically 

similar to the method implementation, and therefore is described briefly. For related 

parts, references can be made to pars of the method implementation descriptions. 

The specific implementations of the present specification are described above. Other 10 

implementations fall within the scope of the appended claims. In some cases, the 

actions or steps described in the claims can be performed in an order different from 

the order in the implementations and can still achieve the desired results. In addition, 

the process depicted in the accompanying drawings does not necessarily require the 

shown particular order or sequence to achieve the desired results. In some 15 

implementations, multi-task processing and parallel processing can or may be 

advantageous. 

[0054] What described above is only exemplary implementations of the one or 

more implementations of the present specification, but is not intended to the one or 

more implementations of the present specification, and any modifications, equivalent 20 

replacements, improvements, etc. that are made within the spirit and principles of the 

one or more implementations of the present specification shall all be included within 

the protection scope of the one or more implementations of the present specification. 
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CLAIMS 

What is claimed is: 

1. A model-based prediction method, wherein the method is performed by a 

machine learning model system, the system including a machine learning model and 

an embedding model for converting an input tensor of the machine learning model, 5 

the embedding model being deployed separately from the machine learning model, 

the embedding model being deployed in an embedding running environment, and the 

machine learning model being deployed in a model running environment, and wherein 

the method comprises: 

receiving, by the model running environment, an input tensor of the machine 10 

learning model; 

sending, by the model running environment, a table query request to the 

embedding running environment, the table query request including the input tensor, to 

request low-dimensional conversion of the input tensor; 

receiving, by the model running environment, a table query result returned by the 15 

embedding running environment, the table query result being obtained by the 

embedding running environment by performing embedding query and processing 

based on the input tensor; and 

inputting, by the model running environment, the table query result into the 

machine learning model, and running the machine learning model to complete 20 

model-based prediction. 

 

2. The method according to claim 1, wherein 

the embedding running environment is a physical execution unit or a virtual 

execution unit. 25 

 

3. The method according to claim 1, wherein the machine learning model system 

includes at least one embedding running environment and at least one model running 

environment, each embedding running environment running one embedding model, 

and each model running environment running one machine learning model; and 30 

wherein the sending, by the model running environment, the table query request to the 

embedding running environment includes: 
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sending, by the model running environment, the table query request to a local 

embedding running environment, the embedding running environment and the model 

running environment being located on the same physical node; or 

sending, by the model running environment, the table query request to a remote 

embedding running environment, the embedding running environment and the model 5 

running environment being located on different physical nodes. 

 

4. The method according to claim 3, wherein different hardware resources are 

configured for different model running environments, the hardware resources being 

adapted to running requirements of machine learning models in the model running 10 

environments. 

 

5. The method according to claim 4, wherein the hardware resource includes at 

least one of the following: 

a central processing unit (CPU) or a hardware accelerator, the hardware 15 

accelerator including any one of the following: a graphics processing unit (GPU), a 

field-programmable gate array (FPGA), or an application-specific integrated circuit 

(ASIC) chip designed for a specific purpose. 

 

6. The method according to claim 1, wherein the machine learning model 20 

includes any one of the following: 

a deep neural network model, a Wide & Deep model, or a DeepFM model. 

 

7. A machine learning model system, wherein the system comprises an 

embedding running environment and a model running environment, an embedding 25 

model being deployed in the embedding running environment, and a machine learning 

model being deployed in the model running environment; 

the model running environment being configured to receive an input tensor of the 

machine learning model; being configured to send a table query request to the 

embedding running environment, the table query request including the input tensor, to 30 

request to low-dimensional conversion of the input tensor; and being further 

configured to input a table query result into the machine learning model, and run the 

machine learning model to complete model-based prediction; and 
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the embedding running environment being configured to perform embedding 

query and processing on the input tensor based on the table query request, to obtain 

the table query result; and feed the table query result back to the model running 

environment. 

 5 

8. The system according to claim 7, wherein 

the embedding running environment and the model running environment each 

are a physical execution unit or a virtual execution unit. 

 

9. The system according to claim 7, wherein 10 

the machine learning model system comprises at least one embedding running 

environment and at least one model running environment, each embedding running 

environment running at least one embedding model, and each model running 

environment running at least one machine learning model. 

 15 

10. The system according to claim 7, wherein 

different hardware resources are configured for different model running 

environments, the hardware resources being adapted to running requirements of 

machine learning models in the model running environments. 

 20 

11. A model-based prediction device, wherein the device comprises a memory, a 

processor, and computer instructions that are stored in the memory and can be run on 

the processor, the processor implementing an embedding running environment and a 

model running environment when executing the instructions, the embedding running 

environment being configured to run an embedding model, the model running 25 

environment being configured to run a machine learning model, and the processor 

executing the instructions to implement the following steps: 

receiving, by the model running environment, an input tensor of the machine 

learning model; 

sending, by the model running environment, a table query request to the 30 

embedding running environment, the table query request including the input tensor, to 

request low-dimensional conversion of the input tensor; 

receiving, by the model running environment, a table query result returned by the 

embedding running environment, the table query result being obtained by the 
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embedding running environment by performing embedding query and processing 

based on the input tensor; and 

inputting, by the model running environment, the table query result into the 

machine learning model, and running the machine learning model to complete 

model-based prediction. 5 

 




