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MULTIVARIABLE TIME SEQUENCE PROCESSING METHOD AND 

APPARATUS, DEVICE AND MEDIUM 

[0001] The present disclosure claims the priority from the CN patent application No. 

202210529330.4 entitled “Multivariable time series processing method and apparatus, device 

and medium” filed on May 16, 2022, the disclosure of which is incorporated herein by reference 5 

in its entirety. 

FIELD 

[0002] Embodiments of the present disclosure generally relate to the field of computers, and 

more specifically, to a multivariable time series processing method and apparatus, a device and 

a medium. 10 

BACKGROUND 

[0003] A time series is a sequence of numerical values of a specific statistical indicator 

arranged in chronological order. Time series data is commonly categorized into single-variable 

and multivariable time series. In a multivariable time series, multiple values of a statistical 

indicator coexist at the same time point. Research on multivariable time series mainly focuses 15 

on prediction, anomaly detection, causal mining, and similar analyses. Causal mining 

specifically involves identifying influence relationships between multiple variables. 

[0004] Nowadays, analysis of the multivariable time series mainly focuses on multiple 

variables having a simple linear relationship which, however, cannot handle the multivariable 

time series with nonlinear dependencies.  20 

SUMMARY 

[0005] In view of the above, the present disclosure provides a multivariable time series 

processing method and apparatus, a device and a medium, to process a multivariable time series 

with a nonlinear dependency. 

[0006] To fulfil the above objective, the technical solutions are provided by the present 25 

disclosure. 

[0007] In the first aspect of the present disclosure, there is provided a multivariable time series 

processing method, comprising: obtaining a time series set comprising a plurality of first time 
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series segments, each of the plurality of first time series segments having a same length and 

being a multivariable time series; for each of the first time series segments in the time series 

set, inputting the first time series segment into a graph neural network to predict a multivariable 

reference value corresponding to a first time point that is a next time point adjacent to a latest 

time point in the first time series segment; determining an optimization function based on 5 

multivariable reference values corresponding to a plurality of the first time points and 

multivariable series tags corresponding to the plurality of the first time points, the optimization 

function comprising a loss function and a causal matrix of the graph neural network; 

determining values of respective parameters in the causal matrix with an objective of 

minimizing the optimization function; and determining, based on the values of the respective 10 

parameters in the causal matrix, a causal relationship between multiple variables in the 

multivariable time series. 

[0008] In a second aspect of the present application, there is provided a multivariable time 

series processing apparatus, comprising: an obtaining unit for obtaining a time series set 

comprising a plurality of first time series segments, each of the plurality of first time series 15 

segments having a same length and being a multivariable time series; an predicting unit for 

inputting, for each of the first time series segments in the time series set, the first time series 

segment into a graph neural network, to predict a multivariable reference value corresponding 

to a first time point that is a next time point adjacent to a latest time point in the first time series 

segment; a determining unit for determining an optimization function based on multivariable 20 

reference values corresponding to a plurality of the first time points and multivariable series 

tags corresponding to the plurality of the first time points, the optimization function comprising 

a loss function and a causal matrix of the graph neural network; the determining unit further for 

determining values of respective parameters in the causal matrix, with an objective of 

minimizing the optimization function; and the determining unit further for determining, based 25 

on the values of the respective parameters in the causal matrix, a causal relationship between 

multiple variables in the multivariable time series. 

[0009] In a third aspect of the present disclosure, there is provided an electronic device, 

comprising: a memory for storing instructions or a computer program; and a processor for 

executing the instructions or the computer program in the memory to cause the electronic device 30 

to perform the method of the first aspect. 

[0010] In a fourth aspect of the present disclosure, there is provided a computer readable 
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storage medium having instructions stored thereon which, when running on a device, cause the 

device to perform the method of the first aspect. 

[0011] In a fifth aspect of the present disclosure, there is provided a computer program 

product comprising computer programs/instructions that implement the method of the first 

aspect when executed by a processor. 5 

[0012] Therefore, the embodiments of the present application may achieve the following 

advantageous effects. In the present disclosure, in order to mine a causal relationship between 

variables in a multivariable time series, a time series set is obtained, which includes a plurality 

of first time series segments. Each of the plurality of first time series segments has a same length 

and is a multivariable time series. For each of the first time series segments in the time series 10 

set, the first time series segment is input into a graph neural network to predict a multivariable 

reference value corresponding to a first time point that is a next time point adjacent to a latest 

time point in the first time series segment. That is, the reference value of each variable of the 

first time series segment is used to predict a reference value of each variable at the next time 

point. An optimization function is determined based on multivariable reference values 15 

corresponding to a plurality of the first time points and multivariable series tags (true values) 

corresponding to the plurality of the first time points, the optimization function comprising a 

loss function and a causal matrix of the graph neural network. Values of respective parameters 

in the causal matrix are determined with an objective of minimizing the optimization function, 

and a causal relationship between multiple variables in the multivariable time series is 20 

determined based on the values of the respective parameters in the causal matrix. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0013] In order to describe more clearly the technical solution according to the embodiments 

of the present disclosure or the prior art, brief description of the drawings required in the 

respective embodiments or the prior art will be provided below. Obviously, the drawings below 25 

only illustrate some embodiments of the present disclosure, on the basis of which the ordinary 

skilled in the art could derive other related drawings, without doing creative work. 

[0014] Fig. 1 illustrates a schematic diagram of a time series provided by embodiments of the 

present disclosure; 

[0015] Fig. 2 illustrates a flowchart of a multivariable time series processing method provided 30 

by embodiments of the present disclosure; 
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[0016] Fig. 3a illustrates a schematic diagram of a manner of obtaining a first time series 

segment provided by embodiments of the present disclosure; 

[0017] Fig. 3b illustrates a schematic diagram of a further manner of obtaining a first time 

series segment provided by embodiments of the present disclosure; 

[0018] Fig. 4 illustrates a schematic diagram of a structure of a graph neural network provided 5 

by embodiments of the present disclosure; 

[0019] Fig. 5 illustrates a flowchart of a further multivariable time series processing method 

provided by embodiments of the present disclosure; 

[0020] Fig. 6 illustrates a schematic diagram of a manner of obtaining a second time series 

segment provided by embodiments of the present disclosure; 10 

[0021] Fig. 7 illustrates a schematic diagram of a multivariable time series processing 

apparatus provided by embodiments of the present disclosure; and 

[0022] Fig. 8 illustrates a schematic diagram of an electronic device provided by embodiments 

of the present disclosure. 

DETAILED DESCRIPTION OF EMBODIMENTS 15 

[0023] With reference to the drawings of the present disclosure, the technical solution 

according to embodiments of the present disclosure will be described below clearly and 

completely, to enable those skilled in the art to fully understand the technical solution of the 

present disclosure. Apparently, the embodiments described herein are only part of the 

embodiments of the present disclosure, rather than all of them. On the basis of the embodiments 20 

described herein, those skilled in the art could derive other embodiments, without doing creative 

work, which all fall into the protection scope of the present disclosure. 

[0024] In order to solve the problem of causal inference between variables in a time series, 

embodiments of the present disclosure provide a method of mining a causal structure based on 

a graph neural network, to analyze the time lag effect between variables by mining the causal 25 

relationship between the respective variables in the time series. 

[0025] For ease of understanding, Fig. 1 illustrates a diagram of an application scenario. As 

shown therein, in the application scenario, the time series includes 4 variables, namely x1, x2, 

x3 and x4, wherein (a) represents a normal time series, (b) represents a discretized time series, 
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and (c) represents a directed graph obtained by mining. Factors impacting tX1 , tX 2 , tX 3  and 

tX 4  can be determined through the directed graph (c). 

[0026] With the technical solution, the present disclosure can mine the causal relationship 

between a plurality of variables, and can further determine a degree of impact and a maximum 

time lag value, for example, values of respective edges in Fig. (c). For example, variables 5 

impacting tX1  include 1
1
tX , and 2

2
tX , and the maximum time lag value is 2. Variables 

impacting tX 2  include 1
2
tX , 1

3
tX , and 2

3
tX , and the maximum time lag value is 2. 

[0027] It is worth noting that the synchronic effect between the variables are not taken into 

account herein. For example, the mutual impact among tX1 , tX 2 , tX 3  and tX 4  are not 

considered. 10 

[0028] Based on the above scenario, reference now will be made to the drawings to describe 

the multivariable time series processing method provided by the embodiments of the present 

disclosure. 

[0029] Fig. 2 illustrates a flowchart of a multivariable time series processing method provided 

by embodiments of the present disclosure. The method may be performed by a processing 15 

device. The processing device may be a server, an electronic device, or others, which is not 

limited herein. The server may be a device with storage and computing functions, for example, 

a cloud server, a server cluster, or the like. The electronic device may include a device with a 

communications function such as a mobile telephone, a tablet, a desktop computer, a notebook 

computer, an on-vehicle terminal, a wearable electronic device, an all-in-one computer, a smart 20 

home device, or the like, or may be a device simulated by a virtual machine or an emulator. As 

shown therein, the method may include the following steps. 

[0030] The method includes, at S201, obtaining a time series set comprising a plurality of first 

time series segments. 

[0031] In the embodiments, after obtaining a time series, the time series can be divided 25 

according to a preset duration to obtain a plurality of first time series segments. Wherein, each 

of the plurality of first time series segments has a same length and is a multivariable time series. 

For example, as shown in Fig. 3a, the time series from the time point t-n to the time point n is 

obtained, which includes variables x1, x2, x3 … by which the time series is divided 

equidistantly into a time series segment 1, a time series segment 2, a time series segment 3, and 30 
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a time series segment 4. Wherein, the preset duration can be set according to the actual 

application, which is not limited herein. 

[0032] Alternatively, an observation window is preset, and by sliding the observation window, 

a plurality of first time series segments is obtained. Specifically, an observation window and a 

sliding step are obtained, and the observation window is then slid on the time series according 5 

to the sliding step, to obtain a plurality of first time series segments. Wherein, the length of the 

observation window and the sliding step can be determined according to the actual application. 

For example, the observation window is So=3, and the sliding step is 1. As shown in Fig. 3b, 

the observation window indicated by solid lines is a divided first time series segment, and if it 

is moved rightwards a preset sliding step, an observation window indicated by dashed lines is 10 

obtained which is a further first time series segment. 

[0033] It is worth noting that, the length of the observation window is greater than or equal to 

an estimated maximum time lag value. For example, the estimated maximum time lag value is 

3 (i.e., the variable at the time point t-3 impacts the variable at the time point t), the observation 

window has a length of at least 3. 15 

[0034] The method further includes, at S202, for each of the first time series segments in the 

time series set, inputting the first time series segment into a graph neural network to predict a 

multivariable reference value corresponding to a first time point. 

[0035] After obtaining the time series set, for each of the first time series segments in the time 

series set, the first time series segment is input into a graph neural network, to predict a 20 

multivariable reference value corresponding to a first time point. Wherein, the first time point 

is a next time point adjacent to a latest time point in the first time series segment. For example, 

if the duration corresponding to the first time series segment lasts from t-n to t-n-5, the first 

time point is t-n-6. The time series segment in the duration from t-n to t-n-5 is used to predict a 

reference value of each variable at a next time point. Then, the reference value of each variable 25 

corresponding to the next time point of each first time series segment can be predicted by the 

graph neural network. 

[0036] Specifically, to mine a causal relationship between the respective variables in the time 

series, a structural causal mode is built in the embodiments, which can be expressed as follows: 

          (1) 30 
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wherein Xt-τis a first time series segment, and Aτis a causal matrix that includes impact factors 

among the respective variables. For example, the causal matrix includes a12
2 and a32

1 in Fig. 

1(c). Zt is noise corresponding to each variable at the time point t, and τ=1, …, p, where p is 

the maximum time lag value. For example, p=3 in Fig. 1. 

[0037] Specifically, through integration, the above formula (1) can be expressed as follows: 5 

         (2) 

where , and . 

[0038] Specifically, the general form is provided below: 

             (3) 

wherein  is to be solved. If a certain element thereof is non-zero, it is indicated that an impact 10 

relationship with a specific time lag value exists between corresponding variables. 

[0039] Alternatively, the multivariable reference values corresponding to the first time point 

can be predicted in the following manner: inputting the first time series segment and a 

multivariable series tag corresponding to the first time point into an encoder of the graph neural 

network, to obtain noise features corresponding to respective variables and predicted features 15 

of respective variables of the first time point; and inputting the predicted features of the 

respective variables of the first time point and the noise features corresponding to the respective 

variables into a decoder of the graph neural network, to obtain the multivariable reference value 

corresponding to the first time point. Wherein, the multivariable series tag of the first time point 

refers to a true series value corresponding to the respective variables of the first time point. 20 

[0040] The structure of graph neural network as shown in Fig. 4 includes a node embedding 

(NE) module, an edge neural network (ENN), and a node neural network (NNN). Wherein, the 

NE maps node information to a feature space using a multilayer perceptron (MLP); the ENN 

encodes the causal relationship represented by the edges and the time lag information as edge 

features, splices the same with node features, and performs dot multiplication with  to 25 

update the edge features; the NNN transmits the edge features to a next node through an 

aggregation function. 

[0041] The expression corresponding to the NE is provided below: 
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             (4) 

[0042] The expression corresponding to the ENN is provided below: 

             (5) 

[0043] The expression corresponding to the NNN is provided below: 

               (6) 5 

[0044] Wherein, x is an original node feature, h is embedding of a node or edge, femb and fτ 

are the MLP, fe and fv are MLP layer or identity mapping, or the like, and l is a number of 

iterations. Wherein, the computing result of fv is equivalent to  in the above formula (2). 

[0045] Wherein, the output result of the encoder is: Zt= F1(F2(Xt) - G(X)). 

[0046] The corresponding output result of the decoder is: Xt
’= F3(G(X) + F4(Zt)). 10 

[0047] From Fig. 4, it could be learned that the input of the model is X+Xt, where X is the 

first time series segment, and Xt is a true series value corresponding to the first time point and 

used for determining noise Zt. The output of the model is Xt
’ indicating a predicted reference 

value of each variable at the first time point. 

[0048] The method further includes, at S203, determining an optimization function based on 15 

multivariable reference values corresponding to a plurality of the first time points and 

multivariable series tags corresponding to the plurality of the first time points. 

[0049] After the multivariable reference value corresponding to the first time point is 

predicted based on each of the first time series segments, an optimization function is determined 

based on multivariable reference values corresponding to a plurality of the first time points and 20 

multivariable series tags corresponding to the plurality of the first time points, where the 

optimization function includes a loss function and a causal matrix of the graph neural network. 

The respective parameters in the causal matrix are used to reflect whether variables impact each 

other. 

[0050] Specifically, the optimization function is expressed as follows: 25 
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             (7) 

wherein  is the loss function of the graph neural network, n is a number of samples 

input into the model (i.e., a number of the first time series segments in the time series set), and 

 is a sparsity coefficient. 

[0051] The loss function of the graph neural network could be selected according to the actual 5 

application, for example, a mean squared error, a cross-entropy cost function, or the like. 

[0052] The method further includes, at S204, determining values of respective parameters in 

the causal matrix with an objective of minimizing the optimization function. 

[0053] After the optimization function is determined, the optimization function is solved with 

the objective of minimizing the optimization function, to thus determine values of the respective 10 

parameters in the causal mean. 

[0054] Specifically, the formula (8) is provided below: 

          (8) 

[0055] The method further includes, at S205: determining, based on the values of the 

respective parameters in the causal matrix, a causal relationship between multiple variables in 15 

the multivariable time series. 

[0056] After the values of the respective parameters in the causal matrix are determined, a 

causal relationship between the multiple variables in the multivariable time series is determined 

based on the values of the respective parameters. Specifically, when a certain parameter is 

valued to zero, it is indicated that the variable corresponding to the parameter has no effect on 20 

the variable solved at the first moment. When a certain parameter is valued to non-zero, it is 

determined that the time lag causal relationship exists among multiple variables. 

[0057] Alternatively, determining the causal relationship between the respective variables 

based on the values of the parameters in the causal matrix includes first determining whether a 

value of a parameter in the causal matrix is less than a preset threshold. If yes, the value of the 25 

parameter is set to 0. Specifically, a target parameter having a value less than a preset threshold 

in the causal matrix is determined; and the value of the target parameter is set to 0. 
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[0058] In order to mine a causal relationship between variables in a multivariable time series, 

a time series set is obtained which includes a plurality of first time series segments. Wherein, 

each of the plurality of first time series segments has a same length and is a multivariable time 

series. For each of the first time series segments in the time series set, the first time series 

segment is input into a graph neural network to predict a multivariable reference value 5 

corresponding to a first time point that is a next time point adjacent to a latest time point in the 

first time series segment. That is, the reference value of each variable of the first time series 

segment is used to predict a reference value of each variable at the next time point. An 

optimization function is determined based on multivariable reference values corresponding to 

a plurality of the first time points and multivariable series tags (true values) corresponding to 10 

the plurality of the first time points, the optimization function comprising a loss function and a 

causal matrix of the graph neural network. Values of respective parameters in the causal matrix 

are determined with an objective of minimizing the optimization function, and a causal 

relationship between multiple variables in the multivariable time series is determined based on 

the values of the respective parameters in the causal matrix. 15 

[0059] From the embodiments described above, it could be learned that performing a 

prediction based on the first time series segment before determining the optimization function, 

and in order to further mine the causal relationship between the respective variables in the 

multivariable time series, multiple predictions can be performed for determining the 

optimization function based on the multiple prediction results. Hereinafter, an example where 20 

two predictions are performed is employed for illustration, i.e., the length of the prediction 

window is 2. 

[0060] Fig. 5 illustrates a flowchart of a further multivariable time series processing method 

provided by embodiments of the present disclosure. As shown therein, the method includes: 

[0061] The method includes, at S501, obtaining a time series set comprising a plurality of first 25 

time series segments. For details of S501, see the related description of S201, which are not 

limited here. 

[0062] The method further includes, at S502, for each of the first time series segments in the 

time series set, inputting the first time series segment into a graph neural network to predict a 

multivariable reference value corresponding to a first time point. For details of S502, see the 30 

related description of S202, which are not limited here. 
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[0063] The method further includes, at S503, for a multivariable reference value 

corresponding to any of the first time points, obtaining a second time series segment. 

[0064] In the embodiment, after the multivariable reference value corresponding to the first 

time point is predicted based on the first time series segment, the series corresponding to the 

earliest time point in the first time series segment is deleted while the predicted multivariable 5 

reference value corresponding to the first time point is added, to form a second time series 

segment. The second time series segment includes the multivariable parameter value 

corresponding to the first time point and has a same length as the first time series segment. 

[0065] For example, Fig. 6 illustrates a schematic diagram of different time series segments, 

where the length of the first time series segment is So, and the white block is the multivariable 10 

reference value corresponding to the first time point predicted based on the first time series 

segment. The last (So-1) values in the first time series segment and the multivariable reference 

value corresponding to the first time point constitute a second time series segment. 

[0066] The method further includes, at S504, inputting the second time series segment into 

the graph neural network to predict a multivariable parameter value corresponding to a second 15 

time point. 

[0067] After the second time series segment is obtained, the second time series segment is 

input the graph neural network, to predict a multivariable reference value corresponding to a 

second time point. Wherein, the second time point is a next time point adjacent to the first time 

point. 20 

[0068] Specifically, the second time series segment and a multivariable series tag 

corresponding to the second time point are input into an encoder of the graph neural network, 

to obtain noise features corresponding to respective variables and predicted features of 

respective variables of the first time point; and the predicted features of the respective variables 

of the second time point and the noise features corresponding to the respective variables are 25 

input into a decoder of the graph neural network, to obtain the multivariable reference value 

corresponding to the second time point. For the details of predicting the multivariable reference 

value corresponding to the second time point using the graph neural network, see the related 

description of S202. 

[0069] For example, the black block in Fig. 6 is the multivariable reference value 30 

corresponding to the second time point obtained by performing prediction based on the second 
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time series segment. It is worth noting that, when the number of predictions is increased, the 

last (So-1) values in the second time series segment and the multivariable reference value 

corresponding to the second time point constitute a third time series segment, and a 

multivariable reference value corresponding to a third time point is predicted based on the third 

time series segment. By analogy, multiple predictions can be implemented. 5 

[0070] The method further includes, at S505, determining the optimization function based on 

multivariable reference values corresponding to a plurality of the second time points and 

multivariable series tags corresponding to the plurality of the second time points. 

[0071] For each first time series segment, after the multivariable reference value 

corresponding to the second time point, the optimization function is determined based on 10 

multivariable reference values corresponding to a plurality of the second time points and 

multivariable series tags corresponding to the plurality of the second time points. Wherein, the 

optimization function includes a causal matrix, and a loss function determined based on the 

multivariable reference values corresponding to the second time points and the multivariable 

series tags corresponding to the second time points. 15 

[0072] For details of determining the optimization function based on the multivariable 

reference values corresponding to the plurality of second time points and the multivariable 

series tags corresponding to the plurality of second time points, see the related description of 

S203. 

[0073] The method further includes, at S506, determining values of respective parameters in 20 

the causal matrix with an objective of minimizing the optimization function. 

[0074] The method further includes, at S507, determining, based on the values of the 

respective parameters in the causal matrix, a causal relationship between multiple variables in 

the multivariable time series. For details of S506 and S507, see the related description of S204 

and S205 which are omitted here for brevity. 25 

[0075] On the basis of the method embodiments described above, the embodiments of the 

present disclosure further provide a multivariable time series processing apparatus, which will 

be described below with reference to the drawings. 

[0076] Fig. 7 illustrates a structure of a time series processing apparatus provided by 

embodiments of the present disclosure. The apparatus 700 includes: an obtaining unit 701, a 30 

predicting unit 702, and a determining unit 703. 
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[0077] The obtaining unit is configured for obtaining a time series set comprising a plurality 

of first time series segments, each of the plurality of first time series segments having a same 

length and being a multivariable time series. 

[0078] The predicting unit is configured for inputting, for each of the first time series 

segments in the time series set, the first time series segment into a graph neural network, to 5 

predict a multivariable reference value corresponding to a first time point that is a next time 

point adjacent to a latest time point in the first time series segment. 

[0079] The determining unit is configured for determining an optimization function based on 

multivariable reference values corresponding to a plurality of the first time points and 

multivariable series tags corresponding to the plurality of the first time points, the optimization 10 

function comprising a loss function and a causal matrix of the graph neural network. 

[0080] The determining unit is further configured for determining values of respective 

parameters in the causal matrix, with an objective of minimizing the optimization function; and 

[0081] The determining unit is still further configured for determining, based on the values of 

the respective parameters in the causal matrix, a causal relationship between multiple variables 15 

in the multivariable time series. 

[0082] In a possible implementation, the determining unit 703 is specifically configured for: 

for a multivariable reference value corresponding to any of the first time points, obtaining a 

second time series segment, where the second time series segment includes the multivariable 

parameter value corresponding to the first time point and has a same length as the first time 20 

series segment; inputting the second time series segment into the graph neural network to 

predict a multivariable parameter value corresponding to a second time point that is a next time 

point adjacent to the first time point; and determining the optimization function based on 

multivariable reference values corresponding to a plurality of the second time points and 

multivariable series tags corresponding to the plurality of the second time points. 25 

[0083] In a possible implementation, the determining unit 703 is specifically configured for 

determining existence of a time-lagged causality between the multiple variables if a parameter 

in the causal matrix has a non-zero value. 

[0084] In a possible implementation, the predicting unit 702 is specifically configured for: 

inputting the first time series segment and a multivariable series tag corresponding to the first 30 

time point into an encoder of the graph neural network, to obtain noise features corresponding 
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to respective variables and predicted features of respective variables of the first time point; and 

inputting the predicted features of the respective variables of the first time point and the noise 

features corresponding to the respective variables into a decoder of the graph neural network, 

to obtain the multivariable reference value corresponding to the first time point. 

[0085] In a possible implementation, the determining unit 703 is further configured for: before 5 

determining, based on the values of the respective parameters in the causal matrix, the causal 

relationship between the multiple variables in the multivariable time series: determining a target 

parameter having a value less than a preset threshold in the causal matrix; and setting the value 

of the target parameter to 0. 

[0086] In a possible implementation, the determining unit 701 is specifically configured for: 10 

obtaining an observation window and a sliding step; and moving the observation window with 

the sliding step over time series to obtain the plurality of the first time series segments. 

[0087] In a possible implementation, a length of the observation window is no less than a 

maximum time lag value. 

[0088] It is worth noting that the respective units in the embodiments can be specifically 15 

implemented with reference to the related description in the method embodiment as described 

above. 

[0089] The division of the units according to the embodiments of the present disclosure is 

only a logical function division, which may be a further type of division when implemented in 

practice. The respective functional units in the embodiments of the present application may be 20 

integrated in a processing unit, or each unit may exist physically and separately, or two or more 

units may be integrated in one unit. For example, in the above-mentioned embodiments, the 

processing unit and the transmission unit may be the same unit, or may be different units. The 

integrated unit may be implemented in the form of hardware, or in the form of software 

functional units. 25 

[0090]  Fig. 8 illustrates a schematic diagram of a structure of an electronic device 800 

adapted to implement embodiments of the present disclosure. The terminal device according to 

the embodiments of the present disclosure may include, but is not limited to, a mobile terminal 

such as a mobile phone, a laptop computer, a digital broadcast receiver, a Personal Digital 

Assistant (PDA), a tablet computer (PAD), a Portable Multimedia Player (PMP), an on-vehicle 30 

terminal (e.g. an on-vehicle navigation terminal) or the like, or a fixed terminal such as a digital 
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TV, a desktop computer or the like. The electronic device as shown in Fig. 8 is only an example, 

without suggesting any limitation to the functions and the application range of the embodiments 

of the present disclosure. 

[0091] As shown therein, the electronic device 800 may include a processor (e.g. a central 

processor, a graphics processor or the like) 801, which can execute various acts and processing 5 

based on programs stored in a Read-Only Memory (ROM) 802 or a program loaded from a 

storage unit 808 to a Random Access Memory (RAM) 803. RAM 803 stores therein various 

programs and data required for operations of the electronic device 800. The processor 801, the 

ROM 802 and the RAM 803 are connected to one another via a bus 804. An input/output (I/O) 

interface 805 is also connected to the bus 804. 10 

[0092] Typically, the following units may be connected to the I/O interface 805: an input unit 

806 including, for example, a touchscreen, a touch pad, a keyboard, a mouse, a camera, a 

microphone, an accelerometer, a gyroscope and the like; an output unit 807 including, for 

example, a Liquid Crystal Display (LCD), a loudspeaker, a vibrator and the like; a storage unit 

808 including, for example, a tape, a hard drive and the like; and a communication unit 809. 15 

The communication unit 809 can allow wireless or wired communication of the electronic 

device 800 with other devices to exchange data. Although Fig. 8 shows the electronic device 

800 including various units, it would be appreciated that not all of the units as shown are 

required to be implemented or provided. Alternatively, more or fewer units may be 

implemented or provided. 20 

[0093] According to embodiments of the present disclosure, the processes described above 

with reference to the flowcharts may be implemented as computer software programs. For 

example, embodiments of the present disclosure include a computer program product 

comprising a computer program carried on a computer readable medium, the computer program 

containing program code for performing the methods as in the flowcharts. In those 25 

embodiments, the computer program may be downloaded and installed from a network via the 

communication unit 809, or may be installed from the storage unit 808, or may be installed 

from the ROM 802. The computer program, when executed by the processor 801, performs the 

above-described functions defined in the method according to the embodiments of the present 

disclosure. 30 

[0094] The electronic device provided by the embodiments of the present disclosure and the 

method provided by the embodiments described above belong to the same invention conception. 
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For the details omitted in this embodiment, see the embodiments described above. This 

embodiment has the same advantageous effect as the embodiment described above. 

[0095] The embodiments of the present disclosure further provide a computer readable 

storage medium having computer programs stored thereon, where the computer programs, 

when executed by a processor, cause the processor to implement the method according to the 5 

embodiments as describe above. 

[0096] It should be noted that the computer readable medium according to the present 

disclosure may be a computer readable signal medium or a computer readable storage medium 

or any combination of the two. The computer readable storage medium may be, for example, 

but not limited to, an electronic, magnetic, optical, electromagnetic, infrared, or semiconductor 10 

system, apparatus, or device, or any combination of the foregoing. More specific examples of 

the computer readable storage medium may include, but are not limited to: an electrical 

connection having one or more wires, a portable computer diskette, a hard disk, a Random 

Access Memory (RAM), a Random-Only Memory (ROM), an Erasable Programmable Read-

Only Memory (EPROM or flash memory), an optical fiber, a portable Compact Disc Read-15 

Only Memory (CD-ROM), an optical storage device, a magnetic storage device, or any suitable 

combination of the foregoing. In the present disclosure, a computer readable storage medium 

may be any tangible medium that can contain, or store, a program for use by or in connection 

with an instruction execution system, apparatus, or device. In contrast, in the present disclosure, 

a computer readable signal medium may include a propagated data signal with computer 20 

readable program code embodied therein, either in baseband or as part of a carrier wave. Such 

propagated data signal may take many forms, including, but not limited to, an electro-magnetic 

signal, an optical signal, or any suitable combination thereof. A computer readable signal 

medium may also be any computer readable medium that is not a computer readable storage 

medium and that can communicate, propagate, or transmit a program for use by or in connection 25 

with an instruction execution system, apparatus, or device. Program code embodied on a 

computer readable medium may be transmitted using any appropriate medium, including but 

not limited to: electrical wires, optical cables, RF (radio frequency), etc., or any suitable 

combination of the foregoing. 

[0097] In some embodiments, the client and the server may perform communication by using 30 

any known network protocol such as Hyper Text Transfer Protocol (HTTP) or any network 

protocol to be developed, and may connect with digital data in any form or carried in any 
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medium (for example, a communication network). The communication network includes a 

Local Area Network (LAN), a Wide Area Network (WAN), an international network (for 

example, the internet), a peer-to-peer network (e.g. ad hoc peer-to-peer network), and any 

known network or network to be developed. 

[0098] The computer-readable medium may be the one included in the electronic device, or 5 

may be provided separately, rather than assembled in the electronic device. 

[0099] The computer-readable medium carries one or more programs which, when executed 

by the electronic device, cause the electronic device to perform steps of the method as described 

above. 

[00100] Computer program codes for performing operations of the present disclosure may be 10 

written by using one or more program design language or any combination. The program design 

language includes, but is not limited to, object oriented program design language such as Java, 

Smalltalk and C++, and further includes conventional process-type program design language 

such as “C” or similar program design language. The program codes may be completely or 

partially executed on a user computer, performed as an independent software packet, partially 15 

executed on the user computer and partially executed on a remote computer, or completely 

executed on the remote computer or a server. In a case of involving the remote computer, the 

remote computer may connect to the user computer via any type of network such as a Local 

Area Network (LAN) and a Wide Area Network (WAN). Alternatively, the remote computer 

may connect to an external computer (such as achieving internet connection by services 20 

provided by the internet network service provider). 

[00101] The flowchart and block diagrams in the drawings illustrate the architecture, 

functionality and operation of possible implementations of systems, methods and computer 

program products according to various embodiments of the present disclosure. In this regard, 

each block in the flowchart or block diagrams may represent a module, segment, or portion of 25 

code, which comprises one or more executable instructions for implementing the specified 

logical function(s). It should also be noted that, in some alternative implementations, the 

functions noted in the block may occur out of the order noted in the figures. For example, two 

blocks shown in succession may, in fact, be executed substantially concurrently, or the blocks 

may sometimes be executed in the reverse order, depending upon the functionality involved. It 30 

will also be noted that each block of the block diagrams and/or flowcharts, and combinations 

of blocks in the block diagrams and/or flowcharts, can be implemented by special purpose 
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hardware-based systems which perform the specified functions or acts, or combinations of 

special purpose hardware and computer instructions. 

[00102] Related units for describing the embodiments of the present disclosure may be 

implemented in the form of software, or may be implemented in the form of hardware. In certain 

circumstances, the names of units/modules do not formulate limitation to the units per se. 5 

[00103] The functions described above may be performed, at least in part, by one or more 

hardware logic components. For example, without limitation, exemplary types of hardware 

logic components that may be used include: Field Programmable Gate Arrays (FPGAs), 

Application Specific Integrated Circuits (ASICs), Application Specific Standard Products 

(ASSPs), Systems on Chip (SOCs), Complex Programmable Logic Devices (CPLDs), and the 10 

like. 

[00104] In the context of this disclosure, a machine-readable medium may be a tangible 

medium that can contain or store a program for use by or in connection with an instruction 

execution system, apparatus, or device. The machine-readable medium may be a machine-

readable signal medium or a machine-readable storage medium. A machine-readable medium 15 

may include, but is not limited to, an electronic, magnetic, optical, electromagnetic, infrared, or 

semiconductor system, apparatus, or device, or any suitable combination of the foregoing. More 

specific examples of a computer-readable storage medium would include an electrical 

connection based on one or more wires, a portable computer diskette, a hard disk, an RAM, an 

ROM, an EPROM or flash memory, an optical fiber, a CD-ROM, an optical storage device, a 20 

magnetic storage device, or any suitable combination of the foregoing. 

[00105] The embodiments in the present specification are described in a progressive way, 

where emphasis of the description of each embodiment is put on the differences from other 

embodiments, and for same or similar parts thereof, references can be mutually made to the 

other embodiments. Particularly, a system or apparatus embodiment is similar to a method 25 

embodiment and therefore described briefly.  For related parts, references can be made to 

related descriptions in the method embodiment. 

[00106]  It should be understood that in the present disclosure, “at least one (item)” refers to 

one or more and “a plurality of” refers to two or more. The term “and/or” is used for describing 

an association relationship between associated objects, and represents that three relationships 30 

may exist. For example, “A and/or B” may represent the following three cases: only A exists, 
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only B exists, and both A and B exist, where A and B may be singular or plural. The character 

“/” generally indicates an “or” relationship between the associated objects. “At least one of the 

following items (pieces)” or a similar expression thereof refers to any combination of these 

items, including any combination of singular items (pieces) or plural items (pieces). For 

example, at least one of a, b, or c may indicate a, b, c, “a and b,” “a and c,” “b and c,” or “a, b, 5 

and c,” where a, b, and c may be singular or plural. 

[00107] The relationship terms as used herein, for example, “first”, “second”, and the like, are 

only intended for distinguishing an entity or operation from a further entity or operation, but 

not necessarily require or imply that those entities or operations should have any of such actual 

relationships or orders. In addition, the terms “include”, “comprise”, or any other variant thereof 10 

are intended to cover a non-exclusive inclusion, such that a process, method, article, or device 

including a series of elements not only include those elements, but also cover other elements 

not listed explicitly, or further cover inherent elements of the process, method, article, or device. 

Unless specified otherwise, elements defined by the expression “including one…” do not 

exclude presence of additional identical elements in the process, method, article, or device 15 

including those elements. 

[00108] The steps of the method or algorithm described with reference to the embodiments 

disclosed herein may be implemented directly with hardware or software modules executed by 

a processor, or a combination thereof. The software modules may be arranged in a Random 

Access Memory (RAM), a memory, a Read-Only Memory (ROM), an electrically 20 

programmable ROM, an electrically erasable programmable ROM, a register, a hard disk, a 

removable disk, a CD-ROM, or a storage medium in any other form known in the art. 

[00109] The previous description of the disclosed embodiments is provided to enable those 

skilled in the art to make or use the present disclosure. Various modifications to these 

embodiments will be readily apparent to those skilled in the art, and the generic principles 25 

defined herein may be applied to other embodiments without departing from the spirit or scope 

of the present disclosure. Thus, the present disclosure is not intended to be limited to the 

embodiments shown herein but is to be accorded the widest scope consistent with the principles 

and novel features disclosed herein. 

 30 
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I/We Claim: 

1. A method of multivariable time series processing, comprising: 

obtaining a time series set comprising a plurality of first time series segments, each of 

the plurality of first time series segments having a same length and being a multivariable time 

series; 5 

for each of the first time series segments in the time series set, inputting the first time 

series segment into a graph neural network to predict a multivariable reference value 

corresponding to a first time point that is a next time point adjacent to a latest time point in the 

first time series segment; 

determining an optimization function based on multivariable reference values 10 

corresponding to a plurality of the first time points and multivariable series tags corresponding 

to the plurality of the first time points, the optimization function comprising a loss function and 

a causal matrix of the graph neural network; 

determining values of respective parameters in the causal matrix with an objective of 

minimizing the optimization function; and 15 

determining, based on the values of the respective parameters in the causal matrix, a 

causal relationship between multiple variables in the multivariable time series. 

 

2. The method of claim 1, wherein determining the optimization function based on the 

multivariable reference values corresponding to the plurality of the first time points and the 20 

multivariable series tags corresponding to the plurality of the first time points comprises: 

for a multivariable reference value corresponding to any of the first time points, 

obtaining a second time series segment, wherein the second time series segment comprises the 

multivariable parameter value corresponding to the first time point and has a same length as the 

first time series segment; 25 

inputting the second time series segment into the graph neural network to predict a 

multivariable parameter value corresponding to a second time point that is a next time point 

adjacent to the first time point; and 

determining the optimization function based on multivariable reference values 

corresponding to a plurality of the second time points and multivariable series tags 30 

corresponding to the plurality of the second time points. 
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3. The method of claim 1 or 2, wherein determining, based on the values of the 

respective parameters in the causal matrix, the causal relationship between the multiple 

variables in the multivariable time series comprises: 

in a case where a parameter in the causal matrix has a non-zero value, determining 

existence of a time-lagged causality between the multiple variables. 5 

 

4. The method of claim 1, wherein inputting the first time series segment into the graph 

neural network to predict the multivariable reference value corresponding to the first time point, 

comprises: 

inputting the first time series segment and a multivariable series tag corresponding to 10 

the first time point into an encoder of the graph neural network, to obtain noise features 

corresponding to respective variables and predicted features of respective variables of the first 

time point; and 

inputting the predicted features of the respective variables of the first time point and the 

noise features corresponding to the respective variables into a decoder of the graph neural 15 

network, to obtain the multivariable reference value corresponding to the first time point. 

 

5. The method of claim 1, the method further comprising, before determining, based on 

the values of the respective parameters in the causal matrix, the causal relationship between the 

multiple variables in the multivariable time series: 20 

determining a target parameter having a value less than a preset threshold in the causal 

matrix; and 

setting the value of the target parameter to 0. 

 

6. The method of claim 1, wherein obtaining the time series set comprises: 25 

obtaining an observation window and a sliding step; and 

moving the observation window with the sliding step over time series to obtain the 

plurality of the first time series segments. 

 

7. The method of claim 6, wherein a length of the observation window is no less than a 30 

maximum time lag value. 

 

8. A multivariable time series processing apparatus, comprising: 
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an obtaining unit for obtaining a time series set comprising a plurality of first time series 

segments, each of the plurality of first time series segments having a same length and being a 

multivariable time series; 

an predicting unit for inputting, for each of the first time series segments in the time 

series set, the first time series segment into a graph neural network, to predict a multivariable 5 

reference value corresponding to a first time point that is a next time point adjacent to a latest 

time point in the first time series segment; 

a determining unit for determining an optimization function based on multivariable 

reference values corresponding to a plurality of the first time points and multivariable series 

tags corresponding to the plurality of the first time points, the optimization function comprising 10 

a loss function and a causal matrix of the graph neural network; 

the determining unit further for determining values of respective parameters in the 

causal matrix, with an objective of minimizing the optimization function; and 

the determining unit further for determining, based on the values of the respective 

parameters in the causal matrix, a causal relationship between multiple variables in the 15 

multivariable time series. 

 

9. An electronic device, comprising:  

a memory for storing instructions or a computer program; and 

a processor for executing the instructions or the computer program in the memory to 20 

cause the electronic device to perform the method of any of claims 1-7. 

 

10. A computer readable storage medium having instructions stored thereon which, 

when running on a device, cause the device to perform the method of any of claims 1-7. 

 25 


