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WORKLOAD PREDICTION METHODS AND APPARATUSES FOR 

SERVICE IN SERVICE CLUSTER 

TECHNICAL FIELD 

[0001] One or more embodiments of this specification relate to the computer field, and in 

particular, to workload prediction methods and apparatuses for a service in a service cluster. 5 

BACKGROUND 

[0002] With maturity of technologies such as cloud, big data, and containers, a serverless 

architecture is widely used. The serverless architecture is a new type of Internet architecture, which 

promotes the development of cloud computing and provides back-end services on demand. 

Providers without server architectures allow users to compile and deploy code without worrying 10 

about an increase in the data scale of an underlying infrastructure. With explosive growth of cloud 

computing resource demands, providing on-demand services in large-scale scenarios is becoming 

increasingly challenging. 

[0003] In a typical application scenario with a serverless architecture, multiple services form 

one service cluster, one service generally corresponds to one specified computing task and 15 

performs the computing task depending on computing resources allocated to the service, the 

multiple services share computing resources, and according to a workload of any service, resources 

are dynamically allocated to the service. By allocating resources on demand, resource 

configuration can be optimized, resource utilization and user service experience can be greatly 

improved, resource waste and energy consumption can be reduced, and the goal of high efficiency, 20 

green environmental protection, and low carbon can be achieved. Predicting a workload of a 

service in a service cluster is a prerequisite for dynamic resource allocation. 

[0004] In the existing technology, a workload of a service is generally predicted according to 

historical load information of the service. Accuracy cannot satisfy a requirement, and prediction 

accuracy needs to be improved. The above-mentioned historical load information may belong to 25 

privacy data. 
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  SUMMARY 

[0005] One or more embodiments of this specification describe a workload prediction method 

and apparatus for a service in a service cluster, which can improve prediction accuracy. 

[0006] According to a first aspect, a workload prediction method for a service in a service 

cluster is provided, including: 5 

[0007] obtaining n+1 indicator sequences respectively corresponding to services in the service 

cluster in a same historical time period, which include n status indicator sequences corresponding 

to n system status indicators and a load indicator sequence corresponding to a workload indicator; 

[0008] calculating a correlation coefficient of a same indicator between different services 

based on the n+1 indicator sequences corresponding to the services, and constructing a similarity 10 

graph corresponding to the same indicator based on the correlation coefficient, to obtain n+1 

similarity graphs, where a node in the similarity graph represents a service, and a connection edge 

between nodes corresponds to a correlation coefficient; 

[0009] processing the n+1 similarity graphs by using an attention mechanism through an 

attention network, to obtain an aggregated similarity graph; 15 

[0010] performing, by using a first convolutional network, graph convolutional processing on 

an initial representation of each service in the aggregated similarity graph, to obtain an aggregated 

representation corresponding to each service, where an initial representation of any service is 

determined based on a load indicator sequence of the service; and 

[0011] obtaining, based on the aggregated representation corresponding to each service, a first 20 

prediction value of a workload indicator corresponding to each service at a target moment after 

the historical time period. 

[0012] In a possible implementation, the n system status indicators include at least one of the 

following: 

[0013] response time of a service, CPU utilization, and a number of computing resources 25 

owned by a service. 

[0014] In a possible implementation, the workload indicator includes: 

[0015] a number of visits or a number of CPU cores used. 

[0016] In a possible implementation, the attention network includes multiple attention layers 

and mapping layers; and the processing the n+1 similarity graphs by using an attention mechanism 30 
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through an attention network, to obtain an aggregated similarity graph includes: 

[0017] obtaining, at any attention layer, a current representation input thereto of each service 

node in each similarity graph, and performing first processing on the current representation by 

using an attention mechanism in a same similarity graph, to obtain a first update representation of 

each service node; performing second processing on the current representation by using an 5 

attention mechanism between different similarity graphs, to obtain a second update representation 

of each service node; and aggregating the first update representation and the second update 

representation as an output representation of the any attention layer; and 

[0018] mapping, at the mapping layer, an output representation, output at a last attention layer, 

of each service node in each similarity graph into a target matrix, to obtain an adjacency matrix of 10 

the aggregated similarity graph by using the target matrix. 

[0019] Further, a current representation, input into and obtained by a first attention layer, of 

each service node in each similarity graph is a first representation, and the first representation is 

determined in the following manner: 

[0020] determining, based on a correlation coefficient between any service node and another 15 

service node in a similarity graph corresponding to a workload indicator, a basic node 

representation corresponding to the service node; 

[0021] encoding an element in any similarity graph to determine a graph representation 

corresponding to the similarity graph; and 

[0022] separately aggregating a basic node representation of any service node and a graph 20 

representation corresponding to each similarity graph to obtain a first representation of the service 

node in each similarity graph. 

[0023] Further, the first processing includes: 

[0024] for a first service node in a first similarity graph, determining a first attention score 

between the first service node and any service node according to a first representation and a current 25 

representation of the first service node in the first similarity graph and a first representation and a 

current representation of the any service node in the first similarity graph; and 

[0025] performing weighted processing on the current representation of the any service node 

by using the first attention score, to obtain a first update representation of the first service node in 

the first similarity graph. 30 

[0026] Further, the second processing includes: 
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[0027] for a first service node in a first similarity graph, determining, according to a first 

representation and a current representation of the first service node in the first similarity graph and 

a first representation and a current representation of the first service node in any similarity graph, 

that the first service node is corresponding to a second attention score between the first similarity 

graph and the any similarity graph; and 5 

[0028] performing weighted processing on the current representation of the first service node 

in the any similarity graph by using the second attention score, to obtain a second update 

representation of the first service node in the first similarity graph. 

[0029] Further, determining the basic node representation corresponding to the service node 

includes: 10 

[0030] retaining, according to the correlation coefficient in the similarity graph corresponding 

to the workload indicator, a connection edge whose correlation coefficient is greater than a 

predetermined threshold in the similarity graph, and deleting other connection edges to obtain an 

updated similarity graph; and 

[0031] in the updated similarity graph, using a random walk manner to combine correlation 15 

coefficients of connection edges any service node passes through, as a basic node representation 

corresponding to the service node. 

[0032] In a possible implementation, obtaining, based on the aggregated representation 

corresponding to each service, the first prediction value of the workload indicator corresponding 

to each service at the target moment after the historical time period includes: 20 

[0033] inputting the n+1 indicator sequences respectively corresponding to the services into a 

linear neural network, to obtain a system status representation corresponding to each service; 

[0034] aggregating the system status representation corresponding to each service with the 

aggregated representation corresponding to each service, to obtain a comprehensive representation 

corresponding to each service; and 25 

[0035] obtaining, based on the comprehensive representation corresponding to each service, 

the first prediction value of the workload indicator corresponding to each service at the target 

moment after the historical time period. 

[0036] Further, obtaining, based on the comprehensive representation corresponding to each 

service, the first prediction value of the workload indicator corresponding to each service at the 30 

target moment after the historical time period includes: 
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[0037] performing frequency domain analysis for the comprehensive representation 

corresponding to each service, to obtain the first k periodic components respectively corresponding 

to the services and sorted in order of significance; 

[0038] folding the comprehensive representation corresponding to each service according to 

any periodic component, and performing two-dimensional convolution to obtain a periodic 5 

representation corresponding to each service; 

[0039] aggregating periodic representations respectively corresponding to k periodic 

components of a same service to obtain a pattern representation of the service; 

[0040] performing time convolutional processing on a pattern representation corresponding to 

each service by using a second convolutional network, to obtain an aggregated pattern 10 

representation corresponding to each service; and 

[0041] obtaining, based on the aggregated pattern representation corresponding to each service, 

the first prediction value of the workload indicator corresponding to each service at the target 

moment after the historical time period. 

[0042] Further, each service is a sample service having a label value of the workload indicator 15 

at the target time; and 

[0043] the method further includes: 

[0044] performing, by using the first convolutional network, graph convolutional processing 

on an initial representation of each service in a similarity graph corresponding to a workload 

indicator, and performing, by using the second convolutional network, time convolutional 20 

processing on a result of graph convolutional processing, to obtain a contrastive pattern 

representation corresponding to each service; 

[0045] calculating a first similarity score between an aggregation pattern representation 

corresponding to a same service and a contrastive pattern representation, calculating a second 

similarity score between aggregation pattern representations corresponding to different services 25 

and the contrastive pattern representation, and determining a first prediction loss according to the 

first similarity score and the second similarity score, where the first prediction loss is positively 

correlated with the second similarity score and negatively correlated with the first similarity score; 

and 

[0046] adjusting at least a part of parameters of a prediction model with a training objective of 30 

minimizing a total prediction loss, where the total prediction loss includes the first prediction loss 
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and a second prediction loss determined according to the label value, and the prediction model 

includes the attention network, the first convolutional network, the linear neural network, and the 

second convolutional network. 

[0047] Further, the second prediction loss is determined in the following manner: 

[0048] determining the second prediction loss according to a difference between a first 5 

prediction value and a label value corresponding to each service. 

[0049] Further, the total prediction loss further includes a third prediction loss; and 

[0050] the third prediction loss is determined in the following manner: 

[0051] obtaining, based on the contrastive pattern representation corresponding to each service, 

a second prediction value of the workload indicator corresponding to each service at the target 10 

moment; and 

[0052] determining the third prediction loss according to a difference between the second 

prediction value and the label value corresponding to each service. 

[0053] According to a second aspect, a workload prediction apparatus for a service in a service 

cluster is provided, including: 15 

[0054] an acquisition unit, configured to obtain n+1 indicator sequences respectively 

corresponding to services in the service cluster in a same historical time period, which include n 

status indicator sequences corresponding to n system status indicators and a load indicator 

sequence corresponding to a workload indicator; 

[0055] a construction unit, configured to: calculate a correlation coefficient of a same indicator 20 

between different services based on the n+1 indicator sequences corresponding to the services as 

obtained by the acquisition unit, and construct a similarity graph corresponding to the same 

indicator based on the correlation coefficient, to obtain n+1 similarity graphs, where a node in the 

similarity graph represents a service, and a connection edge between nodes corresponds to a 

correlation coefficient; 25 

[0056] an aggregation unit, configured to process the n+1 similarity graphs, obtained by the 

construction unit, by using an attention mechanism through an attention network, to obtain an 

aggregated similarity graph; 

[0057] a processing unit, configured to perform, by using a first convolutional network, graph 

convolutional processing on an initial representation of each service in the aggregated similarity 30 

graph obtained by the aggregation unit, to obtain an aggregated representation corresponding to 
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each service, where an initial representation of any service is determined based on a load indicator 

sequence of the service; and 

[0058] a prediction unit, configured to obtain, based on the aggregated representation 

corresponding to each service as obtained by the processing unit, a first prediction value of a 

workload indicator corresponding to each service at a target moment after the historical time period. 5 

[0059] According to a third aspect, a computer-readable storage medium that stores a computer 

program is provided, and when the computer program is executed on a computer, the computer is 

caused to perform the method of the first aspect. 

[0060] According to a fourth aspect, a computing device is provided, including a memory and 

a processor, where the memory stores executable code, and when executing the executable code, 10 

the processor implements the method according to the first aspect. 

[0061] According to the method and the apparatus provided in the embodiments of this 

specification, first, n+1 indicator sequences corresponding to services in the service cluster in the 

same historical time period are obtained, and include n status indicator sequences corresponding 

to n system status indicators and a load indicator sequence corresponding to a workload indicator. 15 

Then, a correlation coefficient of the same indicator between different services is calculated based 

on the n+1 indicator sequences corresponding to the services, and a similarity graph corresponding 

to the same indicator is constructed based on the correlation coefficient, so as to obtain n+1 

similarity graphs, where a node in the similarity graph represents a service, and a connection edge 

between nodes corresponds to a correlation coefficient. Then, the n+1 similarity graphs are 20 

processed by using an attention mechanism through an attention network to obtain an aggregated 

similarity graph. Then, graph convolutional processing is performed on an initial representation of 

each service in the aggregated similarity graph by using a first convolutional network, to obtain an 

aggregated representation corresponding to each service, where an initial representation of any 

service is determined based on a load indicator sequence of the service. Finally, based on the 25 

aggregated representation corresponding to each service, a first prediction value of a workload 

indicator corresponding to each service at a target moment after the historical time period is 

obtained. It can be understood from the above-mentioned description that, in the embodiments of 

this specification, a similarity in a system status indicator and a workload indicator of a service is 

comprehensively considered, so as to facilitate more comprehensive capturing of a connection 30 

between services. Based on multiple obtained similarity graphs corresponding to different 



 

8 

indicators, an aggregated similarity graph is obtained by using an attention mechanism to 

aggregate a similarity in different indicators of a service. Based on a load indicator sequence of 

any service, an initial representation of the service is determined. An aggregated representation 

after the service similarity is captured is obtained by performing graph convolutional processing 

on the obtained aggregated similarity graph, and workload prediction of each service is performed 5 

based on the aggregated representation corresponding to each service, thereby improving accuracy 

of workload prediction. 

BRIEF DESCRIPTION OF DRAWINGS 

[0062] To describe the technical solutions in the embodiments of this specification more 

clearly, the following briefly describes the accompanying drawings needed for describing the 10 

embodiments. Clearly, the accompanying drawings in the following descriptions show merely 

some embodiments of this specification, and a person of ordinary skill in the art can still derive 

other drawings from these accompanying drawings without creative efforts. 

[0063] FIG. 1 is a schematic diagram illustrating an implementation scenario, according to an 

embodiment of this specification; 15 

[0064] FIG. 2 is a flowchart illustrating a workload prediction method for a service in a service 

cluster, according to an embodiment. 

[0065] FIG. 3 is a schematic diagram illustrating a relationship between an indicator sequence 

and a similarity graph, according to an embodiment; 

[0066] FIG. 4 is a schematic diagram illustrating a determining manner of a first representation 20 

of a node, according to an embodiment; 

[0067] FIG. 5 is a schematic diagram illustrating a determining manner of an aggregated 

representation of a node, according to an embodiment; 

[0068] FIG. 6 is a schematic diagram illustrating a determining manner of a comprehensive 

representation of a node, according to an embodiment; 25 

[0069] FIG. 7 is a schematic diagram illustrating a determining manner of an aggregation 

pattern representation of a node, according to an embodiment; 

[0070] FIG. 8 is a schematic diagram illustrating a model training manner, according to an 

embodiment; and 
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[0071] FIG. 9 is a schematic block diagram illustrating a workload prediction apparatus for a 

service in a service cluster, according to an embodiment. 

DESCRIPTION OF EMBODIMENTS 

[0072] The solutions provided in this specification are described below with reference to the 

accompanying drawings. 5 

[0073] FIG. 1 is a schematic diagram illustrating an implementation scenario, according to an 

embodiment of this specification. The implementation scenario relates to workload prediction for 

a service in a service cluster. It can be understood that the service cluster includes multiple services, 

and generally, based on a historical workload of only one service, a future workload of the service 

is predicted, and prediction accuracy is low. In this embodiment of this specification, a relationship 10 

between services is considered, and under conditions of historical workloads and historical system 

statuses respectively corresponding to multiple services, a future workload is predicted according 

to historical usage conditions, so prediction accuracy of a workload of a service can be improved, 

and correspondingly, accuracy of dynamically allocating resources to the service can be improved. 

[0074] In this embodiment of this specification, there can be a similarity between functions of 15 

multiple services included in a service cluster, resulting in hidden connections between workloads 

of multiple services, that is, a similarity between workloads of different services. The above-

mentioned service can be specifically an online inference service. The online inference service is 

used to train and infer an AI model for an online computation request sent by a service party. 

Considering a similarity of workloads can improve accuracy of workload prediction. 20 

[0075] A workload of a service can be represented by an indicator value of a workload 

indicator, which is used to represent a computing resource needed to provide the service. The 

workload indicator includes a number of visits, a number of CPU cores used, etc. 

[0076] A system status of a service can be represented by an indicator value of a system status 

indicator, which is used to indicate a resource status of a system during service computing. The 25 

system status indicator includes response time of a service, CPU utilization, a number of 

computing resources owned by a service, etc. 

[0077] Referring to FIG. 1, FIG. 1 shows four indicator sequences of one service, including 

three status indicator sequences corresponding to three system status indicators and a load 
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indicator sequence corresponding to a workload indicator. RT (Response Time) represents 

response time of a service, U (CPU Utilization) represents CPU utilization, O (Number of PODs) 

represents a number of computing resources owned by a service, and RT, U, and O are system 

status indicators. X(W) is a workload indicator. RT, U, O, and X(W) are corresponding to respective 

indicator sequences. An indicator sequence of a system status indicator can be referred to as a 5 

status indicator sequence, and an indicator sequence of a workload indicator can be referred to as 

a load indicator sequence. Each service has a group of indicator sequences corresponding to RT, 

U, O, and X(W), which are aligned in a time dimension. FIG. 1 is used as an example. A horizontal 

direction represents time, a vertical direction represents indicator value, and a triangle symbol is 

used to identify an indicator value at a moment. 10 

[0078] In the embodiment of this specification, a similarity in a system status indicator and a 

workload indicator of a service is comprehensively considered, so as to facilitate more 

comprehensive capturing of a connection between services, thereby improving accuracy of 

workload prediction. 

[0079] FIG. 2 is a flowchart illustrating a workload prediction method for a service in a service 15 

cluster, according to an embodiment. The method can be based on the implementation scenario 

shown in FIG. 1. As shown in FIG. 2, the workload prediction method for a service in a service 

cluster in this embodiment includes the following steps: Step 21: Obtain n+1 indicator sequences 

respectively corresponding to services in the service cluster in a same historical time period, which 

include n status indicator sequences corresponding to n system status indicators and a load 20 

indicator sequence corresponding to a workload indicator. Step 22: Calculate a correlation 

coefficient of a same indicator between different services based on the n+1 indicator sequences 

corresponding to the services, and construct a similarity graph corresponding to the same indicator 

based on the correlation coefficient, to obtain n+1 similarity graphs, where a node in the similarity 

graph represents a service, and a connection edge between nodes corresponds to a correlation 25 

coefficient. Step 23: Process the n+1 similarity graphs by using an attention mechanism through 

an attention network, to obtain an aggregated similarity graph. Step 24: Perform, by using a first 

convolutional network, graph convolutional processing on an initial representation of each service 

in the aggregated similarity graph, to obtain an aggregated representation corresponding to each 

service, where an initial representation of any service is determined based on a load indicator 30 

sequence of the service. Step 25: Obtain, based on the aggregated representation corresponding to 
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each service, a first prediction value of a workload indicator corresponding to each service at a 

target moment after the historical time period. The following describes specific execution manners 

of the above steps. 

[0080] First, in step 21, n+1 indicator sequences respectively corresponding to services in the 

service cluster in a same historical time period are obtained, which include n status indicator 5 

sequences corresponding to n system status indicators and a load indicator sequence corresponding 

to a workload indicator. It can be understood that if there are M services in a service cluster, and 

one service corresponds to n+1 indicator sequences, M(n+1) indicator sequences are obtained in 

total. 

[0081] In an example, the n system status indicators include at least one of the following: 10 

[0082] response time of a service, CPU utilization, and a number of computing resources 

owned by a service. 

[0083] In an example, the workload indicator includes: 

[0084] a number of visits or a number of CPU cores used. 

[0085] FIG. 1 is used as an example. RT, U, and O are respectively corresponding to one status 15 

indicator sequence, and X(W) is corresponding to a load indicator sequence. 

[0086] Then, in step 22, a correlation coefficient of a same indicator between different services 

is calculated based on the n+1 indicator sequences corresponding to the services, and a similarity 

graph corresponding to the same indicator is constructed based on the correlation coefficient, to 

obtain n+1 similarity graphs, where a node in the similarity graph represents a service, and a 20 

connection edge between nodes corresponds to a correlation coefficient. It can be understood that 

the number of similarity graphs is the same as the number of indicators, that is, n+1 similarity 

graphs are constructed, and the number of nodes included in each similarity graph is the same as 

the number of services. If there are M services in a service cluster, each similarity graph includes 

M nodes. 25 

[0087] In this embodiment of this specification, the above-mentioned correlation coefficient 

can be understood as an edge weight, and each similarity graph has the same node and a different 

edge weight. 

[0088] FIG. 3 is a schematic diagram illustrating a relationship between an indicator sequence 

and a similarity graph, according to an embodiment. Referring to FIG. 3, in a similarity graph 30 

corresponding to a system status indicator RT, five nodes are included, and each node represents 
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one service. Node 1 represents service 1, and node 2 represents service 2. An RT indicator sequence 

of service 1 and an RT indicator sequence of service 2 can be obtained. According to the above-

mentioned two RT indicator sequences, a Pearson correlation coefficient corresponding to the RT 

indicator is calculated between service 1 and service 2, and the correlation coefficient is used as 

an edge weight of a connection edge between node 1 and node 2. In this embodiment of this 5 

specification, an edge weight of a connection edge between any two other nodes can be determined 

in a similar manner, so as to obtain a similarity graph corresponding to an RT indicator. 

[0089] Similarly, a similarity graph corresponding to a U indicator can be constructed 

according to a U indicator sequence corresponding to each service; a similarity graph 

corresponding to an O indicator according to an O indicator sequence corresponding to each 10 

service can be constructed; and a similarity graph corresponding to an X(W) indicator according to 

an X(W) indicator sequence corresponding to each service can be constructed. 

[0090] Next, in step 23, the n+1 similarity graphs are processed by using an attention 

mechanism through an attention network, to obtain an aggregated similarity graph. It can be 

understood that different similarity graphs in the n+1 similarity graphs correspond to different 15 

indicators, and processing the n+1 similarity graphs by using the attention mechanism can 

aggregate a similarity in different indicators of a service, so as to obtain an aggregated similarity 

graph. This process can be referred to as similarity modeling. 

[0091] In an example, the attention network includes multiple attention layers and mapping 

layers; and the processing the n+1 similarity graphs by using an attention mechanism through an 20 

attention network, to obtain an aggregated similarity graph includes: 

[0092] obtaining, at any attention layer, a current representation input thereto of each service 

node in each similarity graph, and performing first processing on the current representation by 

using an attention mechanism in a same similarity graph, to obtain a first update representation of 

each service node; performing second processing on the current representation by using an 25 

attention mechanism between different similarity graphs, to obtain a second update representation 

of each service node; and aggregating the first update representation and the second update 

representation as an output representation of the any attention layer; and 

[0093] mapping, at the mapping layer, an output representation, output at a last attention layer, 

of each service node in each similarity graph into a target matrix, to obtain an adjacency matrix of 30 

the aggregated similarity graph by using the target matrix. 
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[0094] In this example, the attention mechanism is simultaneously run within each similarity 

graph and between different similarity graphs to aggregate a similarity on different indicators of a 

service to obtain an aggregated similarity graph. 

[0095] For example, the 1st attention layer is denoted as S(l), a current representation, input 

into the attention layer, of a node i in a similarity graph j is , a first update representation of 5 

the node i that is obtained through processing in the similarity graph j is , a second update 

representation of the node i that is obtained through processing in the similarity graph j is , 

 and  are aggregated by using a gating aggregation mechanism to obtain an output 

representation of the S(l) layer, the output representation of this layer is used as an input to the 

(l+1)th attention layer, and the (l+1)th attention layer is denoted as S(l+1). Based on an output of 10 

the last attention layer, an adjacency matrix W(S) of the aggregated similarity graph is obtained by 

using the mapping layer. 

[0096] Further, a current representation, input into and obtained by a first attention layer, of 

each service node in each similarity graph is a first representation, and the first representation is 

determined in the following manner: 15 

[0097] determining, based on a correlation coefficient between any service node and another 

service node in a similarity graph corresponding to a workload indicator, a basic node 

representation corresponding to the service node; 

[0098] encoding an element in any similarity graph to determine a graph representation 

corresponding to the similarity graph; and 20 

[0099] separately aggregating a basic node representation of any service node and a graph 

representation corresponding to each similarity graph to obtain a first representation of the service 

node in each similarity graph. 

[0100] In this example, the above-mentioned basic node representation and graph 

representation can be aggregated in a concatenation manner to obtain the first representation. It 25 

can be understood that nodes representing the same service have different first representations in 

different similarity graphs. 

[0101] Further, determining the basic node representation corresponding to the service node 

includes: 

[0102] retaining, according to the correlation coefficient in the similarity graph corresponding 30 
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to the workload indicator, a connection edge whose correlation coefficient is greater than a 

predetermined threshold in the similarity graph, and deleting other connection edges to obtain an 

updated similarity graph; and 

[0103] in the updated similarity graph, using a random walk manner to combine correlation 

coefficients of connection edges any service node passes through, as a basic node representation 5 

corresponding to the service node. 

[0104] In this example, the above-mentioned predetermined threshold can be set according to 

needs, for example, the above-mentioned predetermined threshold is set to 0.75, so only a part of 

connection edges are reserved in the updated similarity graph. 

[0105] FIG. 4 is a schematic diagram illustrating a determining manner of a first representation 10 

of a node, according to an embodiment. Referring to FIG. 4, first 4 indicator sequences are 

obtained, and from top to bottom, are an RT indicator sequence, a U indicator sequence, an O 

indicator sequence, and an X(W) indicator sequence respectively corresponding to services. RT, U, 

and O are corresponding to system status indicators, and X(W) is corresponding to a workload 

indicator. Then, a correlation coefficient of each service corresponding to the same indicator is 15 

calculated according to each indicator sequence, and a similarity graph corresponding to the same 

indicator is constructed based on the correlation coefficient. Because there are 4 indicators in total, 

4 similarity graphs are constructed. Then, according to a correlation coefficient in a similarity 

graph corresponding to a workload indicator, a connection edge whose correlation coefficient is 

greater than 0.75 in the similarity graph is retained, and other connection edges are deleted, so as 20 

to obtain an updated similarity graph. In the updated similarity graph, using a random walk manner 

to combine correlation coefficients of connection edges any service node passes through, as a basic 

node representation  corresponding to the service node. An element in any similarity graph is 

encoded to determine a graph representation  corresponding to the similarity graph. A basic 

node representation  of any service node and a graph representation  corresponding to 25 

each similarity graph are separately aggregated to obtain a first representation  of the service 

node in each similarity graph. It can be understood that, i represents a node number, and j 

represents a graph number. 

[0106] Further, the first processing includes: 

[0107] for a first service node in a first similarity graph, determining a first attention score 30 
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between the first service node and any service node according to a first representation and a current 

representation of the first service node in the first similarity graph and a first representation and a 

current representation of the any service node in the first similarity graph; and 

[0108] performing weighted processing on the current representation of the any service node 

by using the first attention score, to obtain a first update representation of the first service node in 5 

the first similarity graph. 

[0109] In this example, the attention mechanism is used within the same similarity graph to 

update a representation of a node within the similarity graph. 

[0110] For example, the lst attention layer is denoted as S(l), a current representation, input into 

the attention layer, of a node i in a similarity graph j is , a first update representation of the 10 

node i that is obtained through processing in the similarity graph j is , where 

. It can be understood that,  represents a similarity graph I,  represents 

each node in the similarity graph i, represents a first attention score between the node i and 

a node j,  represents a current representation of the node j in the similarity graph i, and  

is determined according to similarity between a concatenation representation obtained by 15 

concatenating   and   and a concatenation representation obtained by concatenating 

 and . 

[0111] Further, the second processing includes: 

[0112] for a first service node in a first similarity graph, determining, according to a first 

representation and a current representation of the first service node in the first similarity graph and 20 

a first representation and a current representation of the first service node in any similarity graph, 

that the first service node is corresponding to a second attention score between the first similarity 

graph and the any similarity graph; and 

[0113] performing weighted processing on the current representation of the first service node 

in the any similarity graph by using the second attention score, to obtain a second update 25 

representation of the first service node in the first similarity graph. 

[0114] For example, the lst attention layer is denoted as S(l), a current representation, input into 

the attention layer, of a node i in a similarity graph j is , a second update representation of 
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the node i that is obtained through processing in the similarity graph j is , where 

 . It can be understood that, c represents a graph number,   represents a 

similarity graph c,   represents the number of similarity graphs,  represents a second 

attention score between the graph j and the graph c,  represents a current representation of 

the node i in the similarity graph c, and  is determined according to similarity between a 5 

concatenation representation obtained by concatenating   and   and a concatenation 

representation obtained by concatenating  and . 

[0115] Then, in step 24, graph convolutional processing is performed on an initial 

representation of each service in the aggregated similarity graph by using a first convolutional 

network, to obtain an aggregated representation corresponding to each service, where an initial 10 

representation of any service is determined based on a load indicator sequence of the service. It 

can be understood that the aggregated representation is a representation obtained after service 

similarity is captured. 

[0116] FIG. 5 is a schematic diagram illustrating a determining manner of an aggregated 

representation of a node, according to an embodiment. Referring to FIG. 5, an initial representation 15 

H(W) of each service can be determined according to a load indicator sequence X(W) corresponding 

to each service, and graph convolutional processing is performed on H(W) and an adjacency matrix 

W(S) of an aggregated similarity graph to obtain an aggregated representation H(S) corresponding 

to each service. It can be understood that the initial representation H(W) of each service is 

independent of a status indicator sequence. 20 

[0117] Finally, in step 25, a first prediction value of a workload indicator corresponding to 

each service at a target moment after the historical time period is obtained based on the aggregated 

representation corresponding to each service. It can be understood that, because the aggregated 

representation is a representation obtained after service similarity is captured, workload prediction 

based on the aggregated representation can improve prediction accuracy. 25 

[0118] In an example, obtaining, based on the aggregated representation corresponding to each 

service, the first prediction value of the workload indicator corresponding to each service at the 

target moment after the historical time period includes: 

[0119] inputting the n+1 indicator sequences respectively corresponding to the services into a 



 

17 

linear neural network, to obtain a system status representation corresponding to each service; 

[0120] aggregating the system status representation corresponding to each service with the 

aggregated representation corresponding to each service, to obtain a comprehensive representation 

corresponding to each service; and 

[0121] obtaining, based on the comprehensive representation corresponding to each service, 5 

the first prediction value of the workload indicator corresponding to each service at the target 

moment after the historical time period. 

[0122] In this example, in consideration that the workload of the service is closely related to 

the system status, a change of the system status directly affects the workload of the service because 

the system has computing resources that can be dynamically allocated and can be adjusted 10 

according to needs of the workload. For example, when the system status indicates a higher load, 

the response time of the service may become longer, affecting the workload. At the time of 

predicting a workload of a service, a relationship between a system status and a workload is 

comprehensively considered to obtain a comprehensive representation corresponding to each 

service, and workload prediction is performed based on the comprehensive representation, thereby 15 

further improving prediction accuracy. This process can be referred to as system status modeling. 

[0123] FIG. 6 is a schematic diagram illustrating a determining manner of a comprehensive 

representation of a node, according to an embodiment. Referring to FIG. 6, because a system status 

of a service is closely related to a workload, during workload prediction, in this embodiment of 

this specification, impact of the system status on the workload is considered, a system status 20 

representation is introduced, three status indicator sequences RT, U, and O of each service and a 

load indicator sequence  are combined and input into a linear neural network (Dense) to 

obtain a system status representation   corresponding to each service, and   and an 

aggregated representation   corresponding to each service are aggregated to obtain a 

comprehensive representation  corresponding to each service. 25 

[0124] Further, obtaining, based on the comprehensive representation corresponding to each 

service, the first prediction value of the workload indicator corresponding to each service at the 

target moment after the historical time period includes: 

[0125] performing frequency domain analysis for the comprehensive representation 

corresponding to each service, to obtain the first k periodic components respectively corresponding 30 

to the services and sorted in order of significance; 
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[0126] folding the comprehensive representation corresponding to each service according to 

any periodic component, and performing two-dimensional convolution to obtain a periodic 

representation corresponding to each service; 

[0127] aggregating periodic representations respectively corresponding to k periodic 

components of a same service to obtain a pattern representation of the service; 5 

[0128] performing time convolutional processing on a pattern representation corresponding to 

each service by using a second convolutional network, to obtain an aggregated pattern 

representation corresponding to each service; and 

[0129] obtaining, based on the aggregated pattern representation corresponding to each service, 

the first prediction value of the workload indicator corresponding to each service at the target 10 

moment after the historical time period. 

[0130] In this example, a workload pattern for a service is highly dynamic. For example, a 

workload pattern for a service is migrated to a different degree with service online deployment, 

service adjustment, or a resource configuration change, so the workload pattern is highly dynamic. 

To analyze a dynamic time pattern of a workload for a service, a dynamic periodic component in 15 

the workload can be captured by converting a load indicator sequence from a time domain to a 

frequency domain. The load indicator sequence is converted into a group of spectrum components, 

where each component represents a vibration pattern at a different frequency. By analyzing a 

frequency and amplitude intensity, it is possible to understand a main periodic component of the 

workload, and to identify a common periodic pattern in the workload, such as daily, weekly, or 20 

monthly change trends. In order to better learn a periodic feature in a workload sequence, a load 

indicator sequence is further rearranged, and a convolutional operation is performed thereon. By 

rearranging the load indicator sequence, adjacent periodic features can be more continuous, and 

an association therebetween can be better captured. A convolution operation can then be applied 

to learn a periodic pattern in the sequence, further improving accuracy of workload prediction. 25 

This process can be referred to as dynamic time pattern modeling. 

[0131] FIG. 7 is a schematic diagram illustrating a determining manner of an aggregation 

pattern representation of a node, according to an embodiment. Referring to FIG. 7, after a 

comprehensive representation   aggregating service similarity and system status impact is 

obtained, the most significant k periodic components  in the comprehensive representation  30 

are captured for a time sequence  corresponding to  in a Fourier transform manner, and 
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two-dimensional convolution (Inception) is performed on the time sequence  after the time 

sequence is folded according to the periodic component , so as to obtain a representation . A 

representation   learned from k different periodic components are aggregated to obtain a 

pattern representation , and time convolutional processing is performed on  to obtain 

an aggregated pattern representation   that simultaneously captures service similarity and 5 

system status impact, and extracts a service dynamic time pattern. 

[0132] Further, each service is a sample service having a label value of the workload indicator 

at the target time; and 

[0133] the method further includes: 

[0134] performing, by using the first convolutional network, graph convolutional processing 10 

on an initial representation of each service in a similarity graph corresponding to a workload 

indicator, and performing, by using the second convolutional network, time convolutional 

processing on a result of graph convolutional processing, to obtain a contrastive pattern 

representation corresponding to each service; 

[0135] calculating a first similarity score between an aggregation pattern representation 15 

corresponding to a same service and a contrastive pattern representation, calculating a second 

similarity score between aggregation pattern representations corresponding to different services 

and the contrastive pattern representation, and determining a first prediction loss according to the 

first similarity score and the second similarity score, where the first prediction loss is positively 

correlated with the second similarity score and negatively correlated with the first similarity score; 20 

and 

[0136] adjusting at least a part of parameters of a prediction model with a training objective of 

minimizing a total prediction loss, where the total prediction loss includes the first prediction loss 

and a second prediction loss determined according to the label value, and the prediction model 

includes the attention network, the first convolutional network, the linear neural network, and the 25 

second convolutional network. 

[0137] In this example, a cross-view contrastive learning mechanism is used to filter system 

status information related to workload prediction, and by contrasting representations generated 

from two views, it is determined which system statuses are related to workload prediction. 

Specifically, two representations are generated: One is to obtain a contrastive pattern 30 
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representation based only on a load indicator sequence, and the other is to obtain an aggregation 

pattern representation by adding system status information. By contrasting similarity between the 

two representations, a system status associated with workload prediction can be selected through 

filtration. By using the cross-view contrastive learning mechanism, the model's focus on the 

system status can be increased, thereby improving accuracy of workload prediction. By selecting 5 

system status information related to workload prediction through filtration, future workload can 

be predicted more accurately, and this process can be referred to as cross-view contrastive learning. 

[0138] Further, the second prediction loss is determined in the following manner: 

[0139] determining the second prediction loss according to a difference between a first 

prediction value and a label value corresponding to each service. 10 

[0140] In this example, the first prediction value is a prediction value in an actual application 

after model training. By determining the second prediction loss, the difference between the first 

prediction value and the label value can be reduced. 

[0141] Further, the total prediction loss further includes a third prediction loss; and 

[0142] the third prediction loss is determined in the following manner: 15 

[0143] obtaining, based on the contrastive pattern representation corresponding to each service, 

a second prediction value of the workload indicator corresponding to each service at the target 

moment; and 

[0144] determining the third prediction loss according to a difference between the second 

prediction value and the label value corresponding to each service. 20 

[0145] In this example, the second prediction value is a prediction value obtained only based 

on a load indicator sequence. By determining the third prediction loss, the difference between the 

second prediction value and the label value can be reduced. 

[0146] FIG. 8 is a schematic diagram illustrating a model training manner, according to an 

embodiment. Referring to FIG. 8, a prediction model includes an attention network, a first 25 

convolutional network, a linear neural network, and a second convolutional network. A cross-view 

contrastive learning mechanism is used to train the prediction model. Dynamic time pattern 

analysis in the figure can correspond to the processing process shown in FIG. 7. Because some 

workload-independent information exists in system status information, the contrastive learning 

mechanism is used to retain valid information therein. Specific practice is as follows: An initial 30 

representation  of a service is used to perform spatio-temporal convolution to generate a 
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contrastive pattern representation   obtained by using only workload information, and an 

error   is formed by using a contrastive learning loss based on two representations: an 

aggregated pattern representation   and a contrastive pattern representation   of the 

service. In addition, representations generated based on two views are used to respectively form 

prediction results   and   of workload, which are contrasted with a label value to 5 

generate errors  and , where a total error is L, and parameters in a network are updated by 

means of back propagation of the error, to obtain a trained model. 

[0147] According to the method provided in the embodiments of this specification, first, n+1 

indicator sequences corresponding to services in the service cluster in the same historical time 

period are obtained, and include n status indicator sequences corresponding to n system status 10 

indicators and a load indicator sequence corresponding to a workload indicator. Then, a correlation 

coefficient of the same indicator between different services is calculated based on the n+1 indicator 

sequences corresponding to the services, and a similarity graph corresponding to the same 

indicator is constructed based on the correlation coefficient, so as to obtain n+1 similarity graphs, 

where a node in the similarity graph represents a service, and a connection edge between nodes 15 

corresponds to a correlation coefficient. Then, the n+1 similarity graphs are processed by using an 

attention mechanism through an attention network to obtain an aggregated similarity graph. Then, 

graph convolutional processing is performed on an initial representation of each service in the 

aggregated similarity graph by using a first convolutional network, to obtain an aggregated 

representation corresponding to each service, where an initial representation of any service is 20 

determined based on a load indicator sequence of the service. Finally, based on the aggregated 

representation corresponding to each service, a first prediction value of a workload indicator 

corresponding to each service at a target moment after the historical time period is obtained. It can 

be understood from the above-mentioned description that, in the embodiments of this specification, 

a similarity in a system status indicator and a workload indicator of a service is comprehensively 25 

considered, so as to facilitate more comprehensive capturing of a connection between services. 

Based on multiple obtained similarity graphs corresponding to different indicators, an aggregated 

similarity graph is obtained by using an attention mechanism to aggregate a similarity in different 

indicators of a service. Based on a load indicator sequence of any service, an initial representation 

of the service is determined. An aggregated representation after the service similarity is captured 30 

is obtained by performing graph convolutional processing on the obtained aggregated similarity 
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graph, and workload prediction of each service is performed based on the aggregated 

representation corresponding to each service, thereby improving accuracy of workload prediction. 

[0148] In addition, in some of the above-mentioned preferred embodiments, first, a graph 

neural network is used to model service similarity, a relationship between services can be better 

understood, similarity between services can be captured, a change trend of workload can be 5 

predicted more accurately, and a more pertinent decision basis is provided for resource 

management. Second, by analyzing a dynamic time pattern by using fast Fourier transform, a 

periodic component can be extracted from a workload sequence, a periodic change rule of 

workload can be better understood to predict future workload, resource allocation can be adjusted 

according to a periodic feature, and system performance and efficiency can be improved. Finally, 10 

system status information is filtered through cross-view contrastive learning, so the system status 

information can be combined with a workload prediction model, and the model's focus on a system 

status can be improved, impact of the system status on workload can be considered more 

comprehensively, and accuracy of workload prediction can be improved. By accurately predicting 

workload, resource management and optimization can be better performed to improve system 15 

performance and efficiency. 

[0149] According to an embodiment of another aspect, there is further provided a workload 

prediction apparatus for a service in a service cluster, and the apparatus is configured to perform 

the method provided in the embodiments of this specification. FIG. 9 is a schematic block diagram 

illustrating a workload prediction apparatus for a service in a service cluster, according to an 20 

embodiment. As shown in FIG. 9, the apparatus 900 includes: 

[0150] an acquisition unit 91, configured to obtain n+1 indicator sequences respectively 

corresponding to services in the service cluster in a same historical time period, which include n 

status indicator sequences corresponding to n system status indicators and a load indicator 

sequence corresponding to a workload indicator; 25 

[0151] a construction unit 92, configured to: calculate a correlation coefficient of a same 

indicator between different services based on the n+1 indicator sequences corresponding to the 

services as obtained by the acquisition unit 91, and construct a similarity graph corresponding to 

the same indicator based on the correlation coefficient, to obtain n+1 similarity graphs, where a 

node in the similarity graph represents a service, and a connection edge between nodes corresponds 30 

to a correlation coefficient; 
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[0152] an aggregation unit 93, configured to process the n+1 similarity graphs, obtained by 

the construction unit 92, by using an attention mechanism through an attention network, to obtain 

an aggregated similarity graph; 

[0153] a processing unit 94, configured to perform, by using a first convolutional network, 

graph convolutional processing on an initial representation of each service in the aggregated 5 

similarity graph obtained by the aggregation unit 93, to obtain an aggregated representation 

corresponding to each service, where an initial representation of any service is determined based 

on a load indicator sequence of the service; and 

[0154] a prediction unit 95, configured to obtain, based on the aggregated representation 

corresponding to each service as obtained by the processing unit 94, a first prediction value of a 10 

workload indicator corresponding to each service at a target moment after the historical time period. 

[0155] Optionally, in an embodiment, the n system status indicators include at least one of the 

following: 

[0156] response time of a service, CPU utilization, and a number of computing resources 

owned by a service. 15 

[0157] Optionally, in an embodiment, the workload indicator includes: 

[0158] a number of visits or a number of CPU cores used. 

[0159] Optionally, in an embodiment, the attention network includes multiple attention layers 

and mapping layers; and the aggregation unit 93 includes: 

[0160] an attention subunit, configured to: obtain, at any attention layer, a current 20 

representation input thereto of each service node in each similarity graph, and perform first 

processing on the current representation by using an attention mechanism in a same similarity 

graph, to obtain a first update representation of each service node; perform second processing on 

the current representation by using an attention mechanism between different similarity graphs, to 

obtain a second update representation of each service node; and aggregate the first update 25 

representation and the second update representation as an output representation of the any attention 

layer; and 

[0161] a mapping subunit, configured to: map, at the mapping layer, an output representation, 

output at a last attention layer and obtained by the attention subunit, of each service node in each 

similarity graph into a target matrix, to obtain an adjacency matrix of the aggregated similarity 30 

graph by using the target matrix. 
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[0162] Further, a current representation, input into and obtained by a first attention layer, of 

each service node in each similarity graph is a first representation, and the first representation is 

determined in the following manner: 

[0163] determining, based on a correlation coefficient between any service node and another 

service node in a similarity graph corresponding to a workload indicator, a basic node 5 

representation corresponding to the service node; 

[0164] encoding an element in any similarity graph to determine a graph representation 

corresponding to the similarity graph; and 

[0165] separately aggregating a basic node representation of any service node and a graph 

representation corresponding to each similarity graph to obtain a first representation of the service 10 

node in each similarity graph. 

[0166] Further, the first processing includes: 

[0167] for a first service node in a first similarity graph, determining a first attention score 

between the first service node and any service node according to a first representation and a current 

representation of the first service node in the first similarity graph and a first representation and a 15 

current representation of the any service node in the first similarity graph; and 

[0168] performing weighted processing on the current representation of the any service node 

by using the first attention score, to obtain a first update representation of the first service node in 

the first similarity graph. 

[0169] Further, the second processing includes: 20 

[0170] for a first service node in a first similarity graph, determining, according to a first 

representation and a current representation of the first service node in the first similarity graph and 

a first representation and a current representation of the first service node in any similarity graph, 

that the first service node is corresponding to a second attention score between the first similarity 

graph and the any similarity graph; and 25 

[0171] performing weighted processing on the current representation of the first service node 

in the any similarity graph by using the second attention score, to obtain a second update 

representation of the first service node in the first similarity graph. 

[0172] Further, determining the basic node representation corresponding to the service node 

includes: 30 

[0173] retaining, according to the correlation coefficient in the similarity graph corresponding 
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to the workload indicator, a connection edge whose correlation coefficient is greater than a 

predetermined threshold in the similarity graph, and deleting other connection edges to obtain an 

updated similarity graph; and 

[0174] in the updated similarity graph, using a random walk manner to combine correlation 

coefficients of connection edges any service node passes through, as a basic node representation 5 

corresponding to the service node. 

[0175] Optionally, in an embodiment, the prediction unit 95 includes: 

[0176] a linear processing subunit, configured to input the n+1 indicator sequences 

respectively corresponding to the services into a linear neural network, to obtain a system status 

representation corresponding to each service; 10 

[0177] an aggregation subunit, configured to aggregate the system status representation 

corresponding to each service and obtained by the linear processing subunit with the aggregated 

representation corresponding to each service, to obtain a comprehensive representation 

corresponding to each service; and 

[0178] a prediction subunit, configured to obtain, based on the comprehensive representation 15 

corresponding to each service and obtained by the aggregation subunit, the first prediction value 

of the workload indicator corresponding to each service at the target moment after the historical 

time period. 

[0179] Further, the prediction subunit includes: 

[0180] a frequency domain analysis module, configured to perform frequency domain analysis 20 

for the comprehensive representation corresponding to each service, to obtain the first k periodic 

components respectively corresponding to the services and sorted in order of significance; 

[0181] a convolutional processing module, configured to: fold the comprehensive 

representation corresponding to each service and obtained by the frequency domain analysis 

module according to any periodic component, and perform two-dimensional convolution to obtain 25 

a periodic representation corresponding to each service; 

[0182] an aggregation processing module, configured to aggregate periodic representations 

respectively corresponding to k periodic components of a same service and obtained by the 

convolutional processing module to obtain a pattern representation of the service; 

[0183] a time convolutional module, configured to perform time convolutional processing on 30 

a pattern representation corresponding to each service and obtained by the aggregation processing 
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module by using a second convolutional network, to obtain an aggregated pattern representation 

corresponding to each service; and 

[0184] a prediction module, configured to obtain, based on the aggregated pattern 

representation corresponding to each service and obtained by the time convolutional module, the 

first prediction value of the workload indicator corresponding to each service at the target moment 5 

after the historical time period. 

[0185] Further, each service is a sample service having a label value of the workload indicator 

at the target time; and 

[0186] the apparatus further includes: 

[0187] a contrastive representation unit, configured to: perform, by using the first 10 

convolutional network, graph convolutional processing on an initial representation of each service 

in a similarity graph corresponding to a workload indicator, and perform, by using the second 

convolutional network, time convolutional processing on a result of graph convolutional 

processing, to obtain a contrastive pattern representation corresponding to each service; 

[0188] a loss determining unit, configured to: calculate a first similarity score between an 15 

aggregation pattern representation corresponding to a same service and the contrastive pattern 

representation obtained by the contrastive representation unit, calculate a second similarity score 

between aggregation pattern representations corresponding to different services and the contrastive 

pattern representation, and determine a first prediction loss according to the first similarity score 

and the second similarity score, where the first prediction loss is positively correlated with the 20 

second similarity score and negatively correlated with the first similarity score; and 

[0189] a parameter adjustment unit, configured to adjust at least a part of parameters of a 

prediction model with a training objective of minimizing a total prediction loss, where the total 

prediction loss includes the first prediction loss obtained by the loss determining unit and a second 

prediction loss determined according to the label value, and the prediction model includes the 25 

attention network, the first convolutional network, the linear neural network, and the second 

convolutional network. 

[0190] Further, the second prediction loss is determined in the following manner: 

[0191] determining the second prediction loss according to a difference between a first 

prediction value and a label value corresponding to each service. 30 

[0192] Further, the total prediction loss further includes a third prediction loss; and 
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[0193] the third prediction loss is determined in the following manner: 

[0194] obtaining, based on the contrastive pattern representation corresponding to each service, 

a second prediction value of the workload indicator corresponding to each service at the target 

moment; and 

[0195] determining the third prediction loss according to a difference between the second 5 

prediction value and the label value corresponding to each service. 

[0196] According to the apparatus provided in the embodiments of this specification, first, the 

acquisition unit 91 obtains n+1 indicator sequences corresponding to services in the service cluster 

in the same historical time period, which include n status indicator sequences corresponding to n 

system status indicators and a load indicator sequence corresponding to a workload indicator. Then, 10 

the construction unit 92 calculates a correlation coefficient of the same indicator between different 

services based on the n+1 indicator sequences corresponding to the services, and constructs a 

similarity graph corresponding to the same indicator based on the correlation coefficient, so as to 

obtain n+1 similarity graphs, where a node in the similarity graph represents a service, and a 

connection edge between nodes corresponds to a correlation coefficient. Then, the aggregation 15 

unit 93 processes the n+1 similarity graphs by using an attention mechanism through an attention 

network to obtain an aggregated similarity graph. Then, the processing unit 94 performs graph 

convolutional processing on an initial representation of each service in the aggregated similarity 

graph by using a first convolutional network, to obtain an aggregated representation corresponding 

to each service, where an initial representation of any service is determined based on a load 20 

indicator sequence of the service. Finally, the prediction unit 95 obtains, based on the aggregated 

representation corresponding to each service, a first prediction value of a workload indicator 

corresponding to each service at a target moment after the historical time period. It can be 

understood from the above-mentioned description that, in the embodiments of this specification, a 

similarity in a system status indicator and a workload indicator of a service is comprehensively 25 

considered, so as to facilitate more comprehensive capturing of a connection between services. 

Based on multiple obtained similarity graphs corresponding to different indicators, an aggregated 

similarity graph is obtained by using an attention mechanism to aggregate a similarity in different 

indicators of a service. Based on a load indicator sequence of any service, an initial representation 

of the service is determined. An aggregated representation after the service similarity is captured 30 

is obtained by performing graph convolutional processing on the obtained aggregated similarity 
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graph, and workload prediction of each service is performed based on the aggregated 

representation corresponding to each service, thereby improving accuracy of workload prediction. 

[0197] According to an embodiment of another aspect, a computer-readable storage medium 

is further provided, where the computer-readable storage medium stores a computer program, and 

when the computer program is executed in a computer, the computer is enabled to perform the 5 

method described with reference to FIG. 2. 

[0198] According to an implementation of still another aspect, a computing device is further 

provided, including a memory and a processor. The memory stores executable code, and when 

executing the executable code, the processor implements the method described with reference to 

FIG. 2. 10 

[0199] A person skilled in the art should be aware that in the above-mentioned one or more 

examples, functions described in this specification can be implemented by hardware, software, 

firmware, or any combination thereof. When implemented by using software, these functions can 

be stored in a computer-readable medium or transmitted as one or more instructions or one or more 

pieces of code on a computer-readable medium. 15 

[0200] The objectives, technical solutions, and beneficial effects of this specification are 

further described in detail in the above-mentioned specific implementations. It should be 

understood that the above-mentioned descriptions are merely specific implementations of this 

specification, but are not intended to limit the protection scope of this specification. Any 

modification, equivalent replacement, or improvement made based on the technical solutions of 20 

this specification shall fall within the protection scope of this specification. 
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CLAIMS 

1. A workload prediction method for a service in a service cluster, comprising: 

obtaining n+1 indicator sequences respectively corresponding to services in the service 

cluster in a same historical time period, which comprise n status indicator sequences corresponding 

to n system status indicators and a load indicator sequence corresponding to a workload indicator; 5 

calculating a correlation coefficient of a same indicator between different services based on 

the n+1 indicator sequences corresponding to the services, and constructing a similarity graph 

corresponding to the same indicator based on the correlation coefficient, to obtain n+1 similarity 

graphs, wherein a node in the similarity graph represents a service, and a connection edge between 

nodes corresponds to a correlation coefficient; 10 

processing the n+1 similarity graphs by using an attention mechanism through an attention 

network, to obtain an aggregated similarity graph; 

performing, by using a first convolutional network, graph convolutional processing on an 

initial representation of each service in the aggregated similarity graph, to obtain an aggregated 

representation corresponding to each service, wherein an initial representation of any service is 15 

determined based on a load indicator sequence of the service; and 

obtaining, based on the aggregated representation corresponding to each service, a first 

prediction value of a workload indicator corresponding to each service at a target moment after 

the historical time period. 

2. The method according to claim 1, wherein the n system status indicators comprise at least 20 

one of the following: 

response time of a service, CPU utilization, and a number of computing resources owned by 

a service. 

3. The method according to claim 1, wherein the workload indicator comprises: 

a number of visits or a number of CPU cores used. 25 

4. The method according to claim 1, wherein the attention network comprises multiple 

attention layers and mapping layers; and processing the n+1 similarity graphs by using the 

attention mechanism through the attention network, to obtain an aggregated similarity graph 

comprises: 

obtaining, at any attention layer, a current representation input thereto of each service node 30 



 

30 

in each similarity graph, and performing first processing on the current representation by using an 

attention mechanism in a same similarity graph, to obtain a first update representation of each 

service node; performing second processing on the current representation by using an attention 

mechanism between different similarity graphs, to obtain a second update representation of each 

service node; and aggregating the first update representation and the second update representation 5 

as an output representation of the any attention layer; and 

mapping, at the mapping layer, an output representation, output at a last attention layer, of 

each service node in each similarity graph into a target matrix, to obtain an adjacency matrix of 

the aggregated similarity graph by using the target matrix. 

5. The method according to claim 4, wherein a current representation, input into and obtained 10 

by a first attention layer, of each service node in each similarity graph is a first representation, and 

the first representation is determined in the following manner: 

determining, based on a correlation coefficient between any service node and another service 

node in a similarity graph corresponding to a workload indicator, a basic node representation 

corresponding to the service node; 15 

encoding an element in any similarity graph to determine a graph representation 

corresponding to the similarity graph; and 

separately aggregating a basic node representation of any service node and a graph 

representation corresponding to each similarity graph to obtain a first representation of the service 

node in each similarity graph. 20 

6. The method according to claim 5, wherein the first processing comprises: 

for a first service node in a first similarity graph, determining a first attention score between 

the first service node and any service node according to a first representation and a current 

representation of the first service node in the first similarity graph and a first representation and a 

current representation of the any service node in the first similarity graph; and 25 

performing weighted processing on the current representation of the any service node by 

using the first attention score, to obtain a first update representation of the first service node in the 

first similarity graph. 

7. The method according to claim 5, wherein the second processing comprises: 

for a first service node in a first similarity graph, determining, according to a first 30 

representation and a current representation of the first service node in the first similarity graph and 
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a first representation and a current representation of the first service node in any similarity graph, 

that the first service node is corresponding to a second attention score between the first similarity 

graph and the any similarity graph; and 

performing weighted processing on the current representation of the first service node in the 

any similarity graph by using the second attention score, to obtain a second update representation 5 

of the first service node in the first similarity graph. 

8. The method according to claim 5, wherein determining the basic node representation 

corresponding to the service node comprises: 

retaining, according to the correlation coefficient in the similarity graph corresponding to the 

workload indicator, a connection edge whose correlation coefficient is greater than a 10 

predetermined threshold in the similarity graph, and deleting other connection edges to obtain an 

updated similarity graph; and 

in the updated similarity graph, using a random walk manner to combine correlation 

coefficients of connection edges any service node passes through, as a basic node representation 

corresponding to the service node. 15 

9. The method according to claim 1, wherein obtaining, based on the aggregated 

representation corresponding to each service, the first prediction value of the workload indicator 

corresponding to each service at the target moment after the historical time period comprises: 

inputting the n+1 indicator sequences respectively corresponding to the services into a linear 

neural network, to obtain a system status representation corresponding to each service; 20 

aggregating the system status representation corresponding to each service with the 

aggregated representation corresponding to each service, to obtain a comprehensive representation 

corresponding to each service; and 

obtaining, based on the comprehensive representation corresponding to each service, the first 

prediction value of the workload indicator corresponding to each service at the target moment after 25 

the historical time period. 

10. The method according to claim 9, wherein obtaining, based on the comprehensive 

representation corresponding to each service, the first prediction value of the workload indicator 

corresponding to each service at the target moment after the historical time period comprises: 

performing frequency domain analysis for the comprehensive representation corresponding 30 

to each service, to obtain the first k periodic components respectively corresponding to the services 
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and sorted in order of significance; 

folding the comprehensive representation corresponding to each service according to any 

periodic component, and performing two-dimensional convolution to obtain a periodic 

representation corresponding to each service; 

aggregating periodic representations respectively corresponding to k periodic components of 5 

a same service to obtain a pattern representation of the service; 

performing time convolutional processing on a pattern representation corresponding to each 

service by using a second convolutional network, to obtain an aggregated pattern representation 

corresponding to each service; and 

obtaining, based on the aggregated pattern representation corresponding to each service, the 10 

first prediction value of the workload indicator corresponding to each service at the target moment 

after the historical time period. 

11. The method according to claim 10, wherein each service is a sample service having a label 

value of the workload indicator at the target time; and 

the method further comprises: 15 

performing, by using the first convolutional network, graph convolutional processing on an 

initial representation of each service in a similarity graph corresponding to a workload indicator, 

and performing, by using the second convolutional network, time convolutional processing on a 

result of graph convolutional processing, to obtain a contrastive pattern representation 

corresponding to each service; 20 

calculating a first similarity score between an aggregation pattern representation 

corresponding to a same service and a contrastive pattern representation, calculating a second 

similarity score between aggregation pattern representations corresponding to different services 

and the contrastive pattern representation, and determining a first prediction loss according to the 

first similarity score and the second similarity score, wherein the first prediction loss is positively 25 

correlated with the second similarity score and negatively correlated with the first similarity score; 

and 

adjusting at least a part of parameters of a prediction model with a training objective of 

minimizing a total prediction loss, wherein the total prediction loss comprises the first prediction 

loss and a second prediction loss determined according to the label value, and the prediction model 30 

comprises the attention network, the first convolutional network, the linear neural network, and 
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the second convolutional network. 

12. The method according to claim 11, wherein the second prediction loss is determined in 

the following manner: 

determining the second prediction loss according to a difference between a first prediction 

value and a label value corresponding to each service. 5 

13. The method according to claim 12, wherein the total prediction loss further comprises a 

third prediction loss; and 

the third prediction loss is determined in the following manner: 

obtaining, based on the contrastive pattern representation corresponding to each service, a 

second prediction value of the workload indicator corresponding to each service at the target 10 

moment; and 

determining the third prediction loss according to a difference between the second prediction 

value and the label value corresponding to each service. 

14. A non-transitory computer-readable storage medium, wherein the non-transitory 

computer-readable storage medium stores a computer program, which when executed by a 15 

processor causes the processor to: 

obtain n+1 indicator sequences respectively corresponding to services in the service cluster 

in a same historical time period, which comprise n status indicator sequences corresponding to n 

system status indicators and a load indicator sequence corresponding to a workload indicator; 

calculate a correlation coefficient of a same indicator between different services based on the 20 

n+1 indicator sequences corresponding to the services, and construct a similarity graph 

corresponding to the same indicator based on the correlation coefficient, to obtain n+1 similarity 

graphs, wherein a node in the similarity graph represents a service, and a connection edge between 

nodes corresponds to a correlation coefficient; 

process the n+1 similarity graphs by using an attention mechanism through an attention 25 

network, to obtain an aggregated similarity graph; 

perform, by using a first convolutional network, graph convolutional processing on an initial 

representation of each service in the aggregated similarity graph, to obtain an aggregated 

representation corresponding to each service, wherein an initial representation of any service is 

determined based on a load indicator sequence of the service; and 30 

obtain, based on the aggregated representation corresponding to each service, a first 
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prediction value of a workload indicator corresponding to each service at a target moment after 

the historical time period. 

15. The non-transitory computer-readable storage medium according to claim 14, wherein the 

n system status indicators comprise at least one of the following: 

response time of a service, CPU utilization, and a number of computing resources owned by 5 

a service. 

16. The non-transitory computer-readable storage medium according to claim 14, wherein the 

workload indicator comprises: 

a number of visits or a number of CPU cores used. 

17. A computing device, comprising a memory and a processor, wherein the memory stores 10 

executable code, and when the processor executes the executable code, the computing device is 

caused to: 

obtain n+1 indicator sequences respectively corresponding to services in the service cluster 

in a same historical time period, which comprise n status indicator sequences corresponding to n 

system status indicators and a load indicator sequence corresponding to a workload indicator; 15 

calculate a correlation coefficient of a same indicator between different services based on the 

n+1 indicator sequences corresponding to the services, and construct a similarity graph 

corresponding to the same indicator based on the correlation coefficient, to obtain n+1 similarity 

graphs, wherein a node in the similarity graph represents a service, and a connection edge between 

nodes corresponds to a correlation coefficient; 20 

process the n+1 similarity graphs by using an attention mechanism through an attention 

network, to obtain an aggregated similarity graph; 

perform, by using a first convolutional network, graph convolutional processing on an initial 

representation of each service in the aggregated similarity graph, to obtain an aggregated 

representation corresponding to each service, wherein an initial representation of any service is 25 

determined based on a load indicator sequence of the service; and 

obtain, based on the aggregated representation corresponding to each service, a first 

prediction value of a workload indicator corresponding to each service at a target moment after 

the historical time period. 

18. The computing device according to claim 17, wherein the n system status indicators 30 

comprise at least one of the following: 
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response time of a service, CPU utilization, and a number of computing resources owned by 

a service. 

19. The computing device, according to claim 17, wherein the workload indicator comprises: 

a number of visits or a number of CPU cores used. 

20. The computing device according to claim 17, wherein the attention network comprises 5 

multiple attention layers and mapping layers; and the computing device being caused to process 

the n+1 similarity graphs by using the attention mechanism through the attention network, to 

obtain the aggregated similarity graph comprises being caused to: 

obtain, at any attention layer, a current representation input thereto of each service node in 

each similarity graph, and perform first processing on the current representation by using an 10 

attention mechanism in a same similarity graph, to obtain a first update representation of each 

service node; perform second processing on the current representation by using an attention 

mechanism between different similarity graphs, to obtain a second update representation of each 

service node; and aggregate the first update representation and the second update representation 

as an output representation of the any attention layer; and 15 

map, at the mapping layer, an output representation, output at a last attention layer, of each 

service node in each similarity graph into a target matrix, to obtain an adjacency matrix of the 

aggregated similarity graph by using the target matrix. 

  


