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DISTRIBUTED GRAPH EMBEDDING METHOD AND APPARATUS, DEVICE, AND 

SYSTEM 

Technical Field 

[01] The present specification relates to the field of data processing, and in particular, to 

a distributed graph embedding method and apparatus, a device, and a system. 5 

Background 

[02] A graph data structure is a data structure with a high degree of abstraction and strong 

expressive power: vertices (which may also be referred to as nodes) can be used to represent real-

world entities, and relationships between the entities are reflected by edges between the vertices. 

Common graph data structures include social networks, commodity networks, knowledge graphs, 10 

user-commodity networks, and so on. Graph embedding is a method of graph calculation. It is a 

continuous, dense, and low-dimensional vector representation for learning the vertices. 

Relationships between the vertices can be measured by relationship between the vectors. For 

example, by using graph embedding learning algorithms such as Deep Walk and node2vec, a graph 

embedding matrix composed of vectors of vertices in the graph data structure can be generated. 15 

The graph embedding technology is often used for feature extraction because of the versatility of 

its results, and the results are further input to downstream tasks/projects. For example, social media 

extracts a user's graph embedding features for anti-cheat detection; e-commerce optimizes 

commodity recommendation tasks through graph embedding features of commodities; and content 

distributors optimize content recommendation tasks through graph embedding features of articles. 20 

[03] However, when performing large-scale graph embedding calculations on the graph 

data structure, since a graph embedding matrix will be loaded into a memory for calculation and 

the size of the graph embedding matrix is determined by the number of vertices in the graph data 

structure and the size of each vector, the graph embedding matrix needs a lot of memory when 

there are many vertices and the vector dimension is large, which often leads to memory overflow. 25 

Summary of the Invention 
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[04] In order to overcome the problems in the related art, the present specification 

provides a distributed graph embedding method and apparatus, a device, and a system. 

[05] According to a first aspect of embodiments of the present specification, there is 

provided a distributed graph embedding method, wherein a graph data structure is distributed in at 

least two computing nodes, and the method includes: 5 

[06] when a preset sampling algorithm is used to perform path sampling on the graph 

data structure, adding an identification and a current embedding vector of a current sampled vertex 

to a predefined message data structure, wherein identifications and current embedding vectors of 

sampled vertices in a sampling process are recorded in the message data structure, and the message 

data structure is obtained by transfer via the computing node where a previous sampled vertex is 10 

located; 

[07] when a data length of the message data structure reaches a window length defined 

by a word vector algorithm, using the word vector algorithm to calculate an update gradient of an 

embedding vector of each sampled vertex in an updated message data structure; 

[08] based on identifications in the updated message data structure, sending each update 15 

gradient to a corresponding vertex respectively, and using the update gradients to update the current 

embedding vector of the sampled vertex belonging to the current computing node; and 

[09] after a preset convergence condition is met, constituting a graph embedding matrix 

by final embedding vectors of all vertices in the graph data structure. 

[10] In one embodiment, the current embedding vectors of the vertices in the graph data 20 

structure are stored in graph vertex data of the computing nodes where the vertices are located. 

[11] In one embodiment, the method further includes: 

[12] when the data length of the message data structure does not reach the window length 

defined by the word vector algorithm, sampling a vertex adjacent to and connected to the current 

sampled vertex by using the preset sampling algorithm, and sending the updated message data 25 

structure to the computing node where a determined sampled vertex is located. 



 

3 

 

[13] In one embodiment, an upper limit of the data length of the message data structure 

is the window length, and the method further includes: 

[14] when the data length of the message data structure reaches or is greater than the 

window length defined by the word vector algorithm, deleting an identification and a current 

embedding vector of the earliest added sampled vertex in the message data structure. 5 

[15] In one embodiment, the method further includes: 

[16] constructing a training sample by using the graph embedding matrix based on a 

preset task, and training a preset model by using the constructed training sample to obtain a model 

for processing the preset task. 

[17] According to a second aspect of the embodiments of the present specification, there 10 

is provided a distributed graph embedding apparatus, wherein a graph data structure is distributed 

in at least two computing nodes, and the apparatus is arranged on one of the computing nodes and 

includes: 

[18] a message updating module configured to add an identification and a current 

embedding vector of a current sampled vertex to a predefined message data structure when a preset 15 

sampling algorithm is used to perform path sampling on the graph data structure, wherein 

identifications and current embedding vectors of sampled vertices in a sampling process are 

recorded in the message data structure, and the message data structure is obtained by transfer via 

the computing node where a previous sampled vertex is located; 

[19] a gradient calculating module configured to use a word vector algorithm to calculate 20 

an update gradient of an embedding vector of each sampled vertex in an updated message data 

structure when a data length of the message data structure reaches a window length defined by the 

word vector algorithm; 

[20] a vector updating module configured to respectively send each update gradient to a 

corresponding vertex based on identifications in the updated message data structure, and use the 25 

update gradients to update the current embedding vector of the sampled vertex belonging to the 
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current computing node; and 

[21] a matrix generating module configured to constitute a graph embedding matrix by 

final embedding vectors of all vertices in the graph data structure after a preset convergence 

condition is met. 

[22] In one embodiment, the current embedding vectors of the vertices in the graph data 5 

structure are stored in graph vertex data of the computing nodes where the vertices are located. 

[23] In one embodiment, the apparatus further includes: 

[24] a vertex sampling module configured to sample a vertex adjacent to and connected 

to the current sampled vertex by using the preset sampling algorithm when the data length of the 

message data structure does not reach the window length defined by the word vector algorithm; 10 

and 

[25] an information transmission module configured to send the updated message data 

structure to the computing node where a determined sampled vertex is located. 

[26] In one embodiment, an upper limit of the data length of the message data structure 

is the window length, and the message updating module is further configured to: 15 

[27] delete an identification and a current embedding vector of the earliest added 

sampled vertex in the message data structure when the data length of the message data structure 

reaches or is greater than the window length defined by the word vector algorithm. 

[28] According to a third aspect of the embodiments of the present specification, there 

is provided a distributed graph embedding system, wherein the system includes at least two 20 

computing nodes, a graph data structure is stored in the system in a distributed manner, and any 

one of the computing nodes executes a following method: 

[29] when a preset sampling algorithm is used to perform path sampling on the graph 

data structure, adding an identification and a current embedding vector of a current sampled vertex 

to a predefined message data structure, wherein identifications and current embedding vectors of 25 

sampled vertices in a sampling process are recorded in the message data structure, and the message 
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data structure is obtained by transfer via the computing node where a previous sampled vertex is 

located; 

[30] when a data length of the message data structure reaches a window length defined 

by a word vector algorithm, using the word vector algorithm to calculate an update gradient of an 

embedding vector of each sampled vertex in an updated message data structure; 5 

[31] based on identifications in the updated message data structure, sending each update 

gradient to a corresponding vertex respectively, and using the update gradients to update the current 

embedding vector of the sampled vertex belonging to the current computing node; and 

[32] after a preset convergence condition is met, constituting a graph embedding matrix 

by final embedding vectors of all vertices in the graph data structure. 10 

[33] According to a fourth aspect of the embodiments of the present specification, there 

is provided a computer device, including a memory, a processor, and a computer program stored 

on the memory and executable on the processor, wherein a graph data structure is distributed in at 

least two computing nodes, and when the processor executes the program, a following method is 

implemented: 15 

[34] when a preset sampling algorithm is used to perform path sampling on the graph 

data structure, adding an identification and a current embedding vector of a current sampled vertex 

to a predefined message data structure, wherein identifications and current embedding vectors of 

sampled vertices in a sampling process are recorded in the message data structure, and the message 

data structure is obtained by transfer via the computing node where a previous sampled vertex is 20 

located; 

[35] when a data length of the message data structure reaches a window length defined 

by a word vector algorithm, using the word vector algorithm to calculate an update gradient of an 

embedding vector of each sampled vertex in an updated message data structure; 

[36] based on identifications in the updated message data structure, sending each update 25 

gradient to a corresponding vertex respectively, and using the update gradients to update the current 
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embedding vector of the sampled vertex belonging to the current computing node; and 

[37] after a preset convergence condition is met, constituting a graph embedding matrix 

by final embedding vectors of all vertices in the graph data structure. 

[38] The technical solution provided by the embodiments of the present specification 

may include the following beneficial effects: 5 

[39] by applying the embodiments of the present specification, the graph data structure 

is distributed in at least two computing nodes, and a plurality of computing nodes are configured 

to store and calculate the embedding vectors of the vertices, so that there is no need of storing the 

embedding vectors of all the vertices in the same computing node during calculation, and memory 

consumption can be dispersed to the maximum degree; and meanwhile, the vertices distributed in 10 

different computing nodes can also perform corresponding vector calculations by way of message 

propagation. 

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

detailed description are only exemplary and explanatory, and do not limit the present specification. 

Brief Description of the Drawings 15 

[41] The drawings herein are incorporated into the present specification and constitute a 

part of the present specification, show embodiments consistent with the present specification, and 

are used to explain the principles of the present specification together with the specification. 

[42] Fig. 1 is an example of a network diagram provided by one or more embodiments 

of the present specification. 20 

[43] Fig. 2A is a flowchart of a distributed graph embedding method shown according 

to an example embodiment of the present specification. 

[44] Fig. 2B is a schematic diagram of distribution of a graph data structure shown 

according to an example embodiment of the present specification. 

[45] Fig. 3 is a schematic diagram of another distributed graph embedding method 25 

shown according to an example embodiment of the present specification. 
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[46] Fig. 4 is a hardware structure diagram of a computer device where a distributed 

graph embedding apparatus is located shown according to an example embodiment of the present 

specification. 

[47] Fig. 5 is a block diagram of a distributed graph embedding apparatus shown 

according to an example embodiment of the present specification. 5 

Detailed Description 

[48] Example embodiments will be described in detail here, examples of which are 

shown in the drawings. When the following description refers to the accompanying drawings, 

unless otherwise indicated, the same numerals in different drawings represent the same or similar 

elements. The implementation modes described in the following example embodiments do not 10 

represent all implementation modes consistent with the present specification. Rather, they are 

merely examples of apparatuses and methods consistent with some aspects of the present 

specification as detailed in the appended claims. 

[49] The terminology used in the present specification is for the purpose of describing 

particular embodiments only, and is not intended to limit the present specification. The singular 15 

forms "a," "said," and "the" used in the present specification and the appended claims are also 

intended to include plural forms unless the context clearly indicates other meanings. It should also 

be understood that the term "and/or" as used herein refers to and encompasses any or all possible 

combinations of one or more associated listed items. 

[50] It should be understood that although the terms first, second, third, etc. may be used 20 

to describe various information in the present specification, the information should not be limited 

to these terms. These terms are only used to distinguish the same type of information from each 

other. For example, without departing from the scope of the present specification, first information 

may also be referred to as second information, and similarly, second information may also be 

referred to as first information. The word "if" used herein may be interpreted as "when," or "while," 25 

or "in response to a determination," depending on the context. 
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[51] A graph data structure is a data structure with a high degree of abstraction and strong 

expressive power. Generally, in graph calculation, a basic data structure expression may be: G = 

(V, E, D), V = vertex (vertex or node), E = edge, D = data (weight or other attribute information). 

Many data issues in the physical world may be expressed in an abstraction way by the graph data 

structure, such as social networks, commodity networks, knowledge graphs, user-commodity 5 

networks, etc. The graph data structure well expresses the relationships between data, and the 

relationship calculation is the core of big data calculation, i.e., by obtaining the data relationships, 

useful information can be extracted from massive data with a lot of noise. For example, by 

modeling the relationship between shoppers, users with similar interests can be quickly found and 

recommended with commodities; or in social networks, opinion leaders are found by a 10 

transmission relationship. 

[52] For example, for add-on business, a graph may be constructed based on user 

purchase behaviors, nodes: commodities, edges: the behavior of simultaneous purchases of 

commodities, and weights: the proportion of simultaneous purchases, which may be characteristics 

such as the number of purchases, purchase time, amount of money, etc. Fig. 1 is an example of a 15 

network diagram provided by one or more embodiments of the present specification. In this 

example, vertex A to vertex J are used to represent commodities, and connection lines between the 

vertices may be used to represent the behavior of simultaneous purchases of the commodities. It 

can be understood that Fig. 1 is for illustration only, and an actual network diagram may be 

determined according to business requirements. After a network diagram is constructed based on 20 

user purchase behaviors, the user purchase behaviors may be sampled based on weights as 

candidates for positive samples. Negative samples are randomly sampled from non-purchase user 

behaviors. The samples are used to train a supervised model to obtain a model for recommending 

add-on commodities for a user. 

[53] Graph embedding is a graph calculation method, which can embed the vertices 25 

(nodes) in the graph into computable vectors, and the vertex vectors can form a graph vector matrix. 
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However, when a large scale of graph embedding calculations are performed on the graph data 

structure in the related art, the graph embedding matrix requires a lot of memory, which often 

results in memory overflow. 

[54] The present specification provides a solution for dispersing memory consumption 

in the distributed computing nodes to the greatest extent, which will greatly reduce the calculation 5 

bottleneck caused by memory consumption in calculation. The embodiments of the present 

specification are illustrated below with reference to the accompanying drawings. 

[55] As shown in Fig. 2A which is a flowchart of a distributed graph embedding method 

shown according to an example embodiment of the present specification, a graph data structure is 

distributed in at least two computing nodes, and the method includes: 10 

[56] in step 202, when a preset sampling algorithm is used to perform path sampling on 

the graph data structure, an identification and a current embedding vector of a current sampled 

vertex are added to a predefined message data structure, wherein identifications and current 

embedding vectors of sampled vertices in a sampling process are recorded in the message data 

structure, and the message data structure is obtained by transfer via the computing node where a 15 

previous sampled vertex is located; 

[57] in step 204, when a data length of the message data structure reaches a window 

length defined by a word vector algorithm, the word vector algorithm is used to calculate an update 

gradient of an embedding vector of each sampled vertex in an updated message data structure; 

[58] in step 206, based on identifications in the updated message data structure, each 20 

update gradient is respectively sent to a corresponding vertex, and the update gradients are used to 

update the current embedding vector of the sampled vertex belonging to the current computing 

node; and 

[59] in step 208, after a preset convergence condition is met, a graph embedding matrix 

is constituted by final embedding vectors of all vertices in the graph data structure. 25 

[60] The distributed graph embedding method of the present embodiment may be 
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applied to a distributed system including at least two computing nodes. For example, Fig. 2B is a 

schematic diagram of distribution of a graph data structure shown according to an example 

embodiment of the present specification. Vertices A, B, C, and D may be stored on computing 

node 22, vertices E, H, I, and J may be stored on computing node 24, and vertices G and F may be 

stored on computing node 26. The graph data structure is distributed in at least two computing 5 

nodes, and a plurality of computing nodes are configured to store and calculate the embedding 

vectors of the vertices, so that there is no need of storing the embedding vectors of all the vertices 

in the same computing node during calculation, and memory consumption can be dispersed to the 

maximum degree; and meanwhile, the vertices distributed in different computing nodes can also 

perform corresponding vector calculations by way of message propagation. 10 

[61] The graph data structure may be created based on different business requirements; 

for example, it may be a social network, a commodity network, a knowledge graph, a user-

commodity network, and so on. The preset sampling algorithm may be an algorithm for mining 

the relationship between the vertices, and a vertex sequence (which may also be referred to as a 

node sequence) may be obtained by sampling through the preset sampling algorithm. For example, 15 

the preset sampling algorithm may be random sampling in the form of Deep Walk, or biased 

sampling in the form of node2vec, or other sampling methods. This solution may be applied to 

different vertex/path sampling algorithms. 

[62] In the process of path sampling on the graph data structure by using the preset 

sampling algorithm, when the current sampled vertex is determined, the identification and the 20 

current embedding vector of the current sampled vertex may be added to the predefined message 

data structure. It can be understood that, for distinction, the vertex determined by the current 

sampling may be referred to as the current sampled vertex. The identification may be an 

identification for uniquely identifying the current sampled vertex; for example, it may be a vertex 

ID. The current embedding vector may be an embedding vector stored in the current sampled vertex 25 

at the moment. For example, when the current sampled vertex is sampled for the first time, the 
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current embedding vector may be an initial embedding vector. The initial embedding vector of 

each vertex is obtained by initializing the graph data structure. In a training process, the embedding 

vector of the vertex will be updated. Therefore, when the current sampled vertex is sampled not 

for the first time, the current embedding vector may be the embedding vector obtained in the last 

update. The embedding vector may be a vectorized feature representation. The current embedding 5 

vector of a vertex in the graph data structure is stored in graph vertex data of the computing node 

where the vertex is located, and the graph embedding vector is directly stored in the graph vertex 

data and distributed in all the computing nodes so as to reduce the memory consumption of the 

same computing node. 

[63] Regarding the message data structure, the message data structure is a specific data 10 

structure configured to transfer data during the calculation of the embedding vector, and may also 

be referred to as a path window message. For example, the message data structure may be a data 

structure such as a linked list or a list. The graph data structure is distributed in at least two 

computing nodes, different computing nodes store vertex data of different vertices respectively, 

and the same vertex sequence may be distributed in different computing nodes. Therefore, by way 15 

of message data structure propagation, data transfer between the different computing nodes may 

be realized for updating the vertex embedding vectors. 

[64] At least the identifications and the current embedding vectors of the sampled 

vertices are recorded in the message data structure, and the message data structure may be 

transferred between the sampled vertices. For example, the message data structure may be obtained 20 

by sending from the computing node where the previous sampled vertex is located. If the previous 

sampled vertex and the current sampled vertex are in the same computing node, the computing 

node may directly add the identification and the current embedding vector of the current sampled 

vertex to the message data structure. If the previous sampled vertex and the current sampled vertex 

are not in the same computing node, then the computing node where the previous sampled vertex 25 

is located sends the message data structure to the computing node where the current sampled vertex 
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is located, and the computing node where the current sampled vertex is located may add the 

identification and the current embedding vector of the current sampled vertex to the message data 

structure. 

[65] For example, in one embodiment, when the data length of the message data structure 

does not reach the window length defined by the word vector algorithm, a vertex adjacent to and 5 

connected to the current sampled vertex is sampled by using the preset sampling algorithm, and 

the updated message data structure is sent to the computing node where the determined sampled 

vertex is located. 

[66] It can be seen that the message data structure may be transferred between the 

vertices to avoid the situation where the same vertex sequence is distributed in different computing 10 

nodes and consequently the vertex embedding vectors cannot be calculated. 

[67] One of the functions of the message data structure is to calculate the update gradient 

of the embedding vectors of the vertices in the same vertex path. Therefore, the upper limit of the 

number of sampled vertices in the message data structure is much smaller than the number of all 

vertices in the graph data structure. The identifications and the current embedding vectors of the 15 

sampled vertices are used as a set of data for the sampled vertices. The number of sampled vertices 

in the so-called message data structure may be the number of data sets. 

[68] In one embodiment, the upper limit of the data length of the message data structure 

may be determined according to the window length defined by the word vector algorithm. The data 

length of the message data structure may be the number of current embedding vectors in the 20 

message data structure. In one example, the upper limit of the data length of the message data 

structure may be the window length; and in another example, the upper limit of the data length of 

the message data structure may be slightly larger than the window length. 

[69] The message data structure may be a dynamic linked list or list, and may execute 

an adding or deleting operation along with message transfer to ensure that the current length of the 25 

message data structure does not exceed the upper limit of the length. 
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[70] In one embodiment, the upper limit of the data length of the message data structure 

is the window length, and the method further includes: 

[71] when the data length of the message data structure reaches or is greater than the 

window length defined by the word vector algorithm, an identification and a current embedding 

vector of the earliest added sampled vertex in the message data structure are deleted. 5 

[72] In the present embodiment, the principle of first added first deleted may be adopted, 

and when the data length of the message data structure reaches or is greater than the window length 

defined by the word vector algorithm, data in the message data structure may be deleted according 

to adding time of the data. For example, the identification and the current embedding vector of the 

earliest added sampled vertex in the message data structure are deleted, so that only the vertex data 10 

within the window length are retained and communicated and dynamically updated, thereby 

reducing unnecessary memory consumption caused by storing training samples. 

[73] Further, in order to improve the deletion efficiency, the identifications and the 

current embedding vectors of the sampled vertices may be stored in the order of addition; for 

example, the first-added identification and current embedding vector are added to the header of the 15 

message data structure, and then subsequently added identifications and current embedding vectors 

are added to the tail of the current message data structure, so that the identifications and the current 

embedding vectors of the sampled vertices are arranged in the order of addition. 

[74] When the data length of the message data structure reaches the window length 

defined by the word vector algorithm, the word vector algorithm may be used to calculate the 20 

update gradient of the embedding vector of each sampled vertex in the updated message data 

structure. 

[75] The word vector algorithm may be a tool for calculating word vectors. For example, 

the SkipGram or CBoW algorithm may be used to calculate the update gradients of the embedding 

vectors, other word vector algorithms may also be used, and a custom loss function may also be 25 

supported to calculate the update gradients of the embedding vectors. Since the word vector 
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algorithm is a conventional algorithm, its specific calculation method is no longer detailed. 

[76] Based on the identifications in the updated message data structure, each update 

gradient is respectively sent to a corresponding vertex, and the update gradients are used to update 

the current embedding vectors of the sampled vertices through the computing nodes where the 

vertices are located. 5 

[77] Each training is an update to the vertex embedding vectors. After multiple rounds 

of training, the vertex embedding vectors may be updated to a relatively stable state. Therefore, 

the vertex embedding vectors need to be adjusted in each training. The gradients (which may be 

referred to as update gradients) of the embedding vectors are calculated. Because the gradients are 

also vectors, the current embedding vectors are added with or subtracted by the gradients, and thus 10 

the current embedding vectors are updated. 

[78] The preset convergence condition may be a condition that makes the embedding 

vectors stable. For example, it may be that sliding windows in all vertex sequences reach a preset 

number of training steps (iteration steps). 

[79] Further, different vertex sequences may update the embedding vectors at the same 15 

time. Different vertex sequences may be different vertex sequences in the same computing node, 

or different vertex sequences in different computing nodes. 

[80] As can be seen from the above embodiments, the embodiments of the present 

specification can use the graph embedding vector as part of the vertex data and store it in each 

computing node in a distributed manner to avoid memory bottleneck caused by a single computing 20 

node. Meanwhile, since only the vertex data within the window length are retained and 

communicated and dynamically updated, unnecessary memory consumption caused by storing 

training samples can be reduced. 

[81] Further, the present specification also provides an application of the graph 

embedding matrix. In one embodiment, a training sample may be constructed by using the graph 25 

embedding matrix based on a preset task, and a preset model is trained by using the constructed 
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training sample to obtain a model for processing the preset task. For example, if the graph data 

structure is a commodity network graph, the preset task may be a commodity recommendation task 

and so on. 

[82] The various technical features in the above implementations can be arbitrarily 

combined, as long as there is no conflict or contradiction between the combinations of the features. 5 

However, due to the limited space, the combinations will not be described one by one, and 

therefore, arbitrary combinations of the various technical features in the above implementations 

also belong to the scope disclosed in the present specification. 

[83] Illustration is performed with an application example below. 

[84] Fig. 3 is a schematic diagram of another distributed graph embedding method 10 

shown according to an example embodiment of the present specification. Some of the vertices are 

shown in Fig. 3, and vertex 1 to vertex N+1 may be stored in different computing nodes in a 

distributed manner. 

[85] A graph data structure is initialized to obtain an initial embedding vector of each 

vertex, and the initial embedding vectors are stored in a vertex data structure (step 1). 15 

[86] A preset sampling algorithm is used to perform path sampling on the graph data 

structure, and assuming that a determined sampled vertex is vertex 1, the computing node where 

vertex 1 is located adds a vertex ID and an initial embedding vector of vertex 1 to the header of a 

message data structure. When a data length of the message data structure does not reach a window 

length defined by a Skip Gram/CboW algorithm, an adjacent vertex continues to be sampled, and 20 

an updated message data structure is sent to the determined sampled vertex. Assuming that the 

sampled vertex is vertex 2, the computing node where vertex 1 is located sends the updated 

message data structure to the computing node where vertex 2 is located (step 2). 

[87] The computing node where vertex 2 is located adds a vertex ID and a current 

embedding vector of vertex 2 to the tail of the message data structure. For example, the message 25 

data structure is: an array of vertex 1 (ID and current embedding vector) and an array of vertex 2 
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(ID and current embedding vector). When the data length of the message data structure does not 

reach the window length defined by the Skip Gram/CboW algorithm, an adjacent vertex continues 

to be sampled, and the updated message data structure is sent to the determined sampled vertex 

(step 3). 

[88] The addition operation of the message data structure and the data length judgment 5 

operation are repeated until the data length of the message data structure reaches the window length 

defined by the Skip Gram/CboW algorithm (step 4). 

[89] Assuming that after the computing node where vertex N is located adds a vertex ID 

and a current embedding vector of vertex N to the tail of the message data structure, the data length 

of the message data structure reaches the window length defined by the Skip Gram/CboW 10 

algorithm, an update gradient of the embedding vector of each vertex in the message data structure 

is calculated according to the Skip Gram/CBoW algorithm (step 5). 

[90] The computing node where vertex N is located sends the update gradient to a 

corresponding vertex (step 6). 

[91] After the update gradient is received by the computing node where the 15 

corresponding vertex is located, the update gradient is used to update the embedding vector of the 

vertex (step 7). 

[92] The vertex data in the header of the message data structure are deleted, and the 

message data structure is sent to the vertex determined by sampling, so that the computing node 

where the vertex is located adds an identification and a current embedding vector of the vertex to 20 

the message data structure (step 8). 

[93] The steps 3 to 8 above are repeated until the specified number of training steps is 

reached (step 9). 

[94] It can be seen that the graph embedding vector is directly stored in the graph vertex 

data and distributed in all the computing nodes. While path sampling is performed on a graph, 25 

training samples are dynamically generated for training, thereby reducing memory consumption. 
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[95] Corresponding to the embodiments of the foregoing distributed graph embedding 

method, the present specification further provides embodiments of a distributed graph embedding 

apparatus and system, and an electronic device to which the apparatus is applied. 

[96] The embodiment of the distributed graph embedding apparatus in the present 

specification may be applied to a computer device. The apparatus embodiment may be 5 

implemented by software, or by hardware or a combination of hardware and software. Taking 

software implementation as an example, as an apparatus in a logical sense, it is formed by reading 

corresponding computer program instructions in a non-volatile memory into a memory for running 

through a processor of the computer device where it is located. From a hardware perspective, as 

shown in Fig. 4 which is a hardware structure diagram of the computer device where the distributed 10 

graph embedding apparatus is located in the present specification, in addition to processor 410, 

network interface 420, memory 430, and non-volatile memory 440 shown in Fig. 4, the computer 

device where distributed graph embedding apparatus 431 is located in the embodiment may 

generally further include other hardware according to the actual function of the device, which will 

not be repeated here. 15 

[97] As shown in Fig. 5 which is a block diagram of a distributed graph embedding 

apparatus shown according to an example embodiment of the present specification, a graph data 

structure is distributed in at least two computing nodes, and the apparatus is arranged on one of the 

computing nodes and includes: 

[98] message updating module 52 configured to add an identification and a current 20 

embedding vector of a current sampled vertex to a predefined message data structure when a preset 

sampling algorithm is used to perform path sampling on the graph data structure, wherein 

identifications and current embedding vectors of sampled vertices in a sampling process are 

recorded in the message data structure, and the message data structure is obtained by transfer via 

the computing node where a previous sampled vertex is located; 25 

[99] gradient calculating module 54 configured to use a word vector algorithm to 
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calculate an update gradient of an embedding vector of each sampled vertex in an updated message 

data structure when a data length of the message data structure reaches a window length defined 

by the word vector algorithm; 

[100] vector updating module 56 configured to respectively send each update gradient to 

a corresponding vertex based on identifications in the updated message data structure, and use the 5 

update gradients to update the current embedding vector of the sampled vertex belonging to the 

current computing node; and 

[101] matrix generating module 58 configured to constitute a graph embedding matrix by 

final embedding vectors of all vertices in the graph data structure after a preset convergence 

condition is met. 10 

[102] In one embodiment, the current embedding vectors of the vertices in the graph data 

structure are stored in graph vertex data of the computing nodes where the vertices are located. 

[103] In one embodiment, the apparatus further includes: 

[104] a vertex sampling module configured to sample a vertex adjacent to and connected 

to the current sampled vertex by using the preset sampling algorithm when the data length of the 15 

message data structure does not reach the window length defined by the word vector algorithm; 

and 

[105] an information transmission module configured to send the updated message data 

structure to the computing node where a determined sampled vertex is located. 

[106] In one embodiment, an upper limit of the data length of the message data structure 20 

is the window length, and the message updating module is further configured to: 

[107] delete an identification and a current embedding vector of the earliest added 

sampled vertex in the message data structure when the data length of the message data structure 

reaches or is greater than the window length defined by the word vector algorithm. 

[108] In one embodiment, the apparatus further includes a task model determining module 25 

configured to: 
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[109] construct a training sample by using the graph embedding matrix based on a preset 

task, and train a preset model by using the constructed training sample to obtain a model for 

processing the preset task. 

[110] The apparatus embodiment basically corresponds to the method embodiment, and 

therefore reference may be made to the description of the method embodiment section for relevant 5 

parts. The apparatus embodiment described above is only schematic, where the modules described 

as separate components may or may not be physically separated, and the components displayed as 

modules may or may not be physical modules, that is, may be located in one place, or may be 

distributed to a plurality of network modules. Part or all of the modules may be selected according 

to actual needs to achieve the objectives of the solution in the present specification. Those of 10 

ordinary skill in the art can understand and implement without creative efforts. 

[111] Correspondingly, the embodiments of the present specification further provide a 

computer device including a memory, a processor, and a computer program stored on the memory 

and executable on the processor, wherein a graph data structure is distributed in at least two 

computing nodes, and a following method is implemented when the processor executes the 15 

program: 

[112] when a preset sampling algorithm is used to perform path sampling on the graph 

data structure, an identification and a current embedding vector of a current sampled vertex are 

added to a predefined message data structure, wherein identifications and current embedding 

vectors of sampled vertices in a sampling process are recorded in the message data structure, and 20 

the message data structure is obtained by transfer via the computing node where a previous sampled 

vertex is located; 

[113] when a data length of the message data structure reaches a window length defined 

by a word vector algorithm, the word vector algorithm is used to calculate an update gradient of 

an embedding vector of each sampled vertex in an updated message data structure; 25 

[114] based on identifications in the updated message data structure, each update gradient 
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is respectively sent to a corresponding vertex, and the update gradients are used to update the 

current embedding vector of the sampled vertex belonging to the current computing node; and 

[115] after a preset convergence condition is met, a graph embedding matrix is constituted 

by final embedding vectors of all vertices in the graph data structure.  

[116] The embodiments in the present specification are described in a progressive 5 

manner. Reference can be made to each other for the same or similar parts between the 

embodiments. Each embodiment focuses on the differences from other embodiments. In particular, 

the device embodiment is described relatively simply since it is basically similar to the method 

embodiment, and reference may be made to the description of the method embodiment for relevant 

parts. 10 

[117] Correspondingly, the embodiments of the present specification further provide a 

computer storage medium in which program instructions are stored, and the program instructions 

include: 

[118] when a preset sampling algorithm is used to perform path sampling on a graph data 

structure, an identification and a current embedding vector of a current sampled vertex are added 15 

to a predefined message data structure, wherein identifications and current embedding vectors of 

sampled vertices in a sampling process are recorded in the message data structure, and the message 

data structure is obtained by transfer via a computing node where a previous sampled vertex is 

located; 

[119] when a data length of the message data structure reaches a window length defined 20 

by a word vector algorithm, the word vector algorithm is used to calculate an update gradient of 

an embedding vector of each sampled vertex in an updated message data structure; 

[120] based on identifications in the updated message data structure, each update gradient 

is respectively sent to a corresponding vertex, and the update gradients are used to update the 

current embedding vector of the sampled vertex belonging to the current computing node; and 25 

[121] after a preset convergence condition is met, a graph embedding matrix is constituted 
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by final embedding vectors of all vertices in the graph data structure. 

[122] Correspondingly, the embodiments of the present specification further provide a 

distributed graph embedding system, wherein the system includes at least two computing nodes, a 

graph data structure is stored in the system in a distributed manner, and any one of the computing 

nodes may execute a following method: 5 

[123] when a preset sampling algorithm is used to perform path sampling on the graph 

data structure, an identification and a current embedding vector of a current sampled vertex are 

added to a predefined message data structure, wherein identifications and current embedding 

vectors of sampled vertices in a sampling process are recorded in the message data structure, and 

the message data structure is obtained by transfer via the computing node where a previous sampled 10 

vertex is located; 

[124] when a data length of the message data structure reaches a window length defined 

by a word vector algorithm, the word vector algorithm is used to calculate an update gradient of 

an embedding vector of each sampled vertex in an updated message data structure; 

[125] based on identifications in the updated message data structure, each update gradient 15 

is respectively sent to a corresponding vertex, and the update gradients are used to update the 

current embedding vector of the sampled vertex belonging to the current computing node; and 

[126] after a preset convergence condition is met, a graph embedding matrix is constituted 

by final embedding vectors of all vertices in the graph data structure. 

[127] The embodiments of the present specification may take the form of computer 20 

program products implemented on one or more storage media (including but not limited to a disk 

storage, a CD-ROM, an optical storage, etc.) containing program code. Computer-usable storage 

media include permanent, non-permanent, removable, and non-removable media, and can store 

information by any method or technology. The information may be computer-readable instructions, 

data structures, modules of programs, or other data. Examples of computer storage media include, 25 

but are not limited to, a phase change memory (PRAM), a static random access memory (SRAM), 
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a dynamic random access memory (DRAM), other types of random access memories (RAM), read-

only memories (ROM), electrically erasable programmable read-only memories (EEPROM), flash 

memories or other memory technologies, read-only compact disc read-only memories (CD-ROM), 

digital versatile disks (DVD) or other optical storage, magnetic tape cassettes, magnetic tape 

magnetic disk storage or other magnetic storage devices, or any other non-transmission media, and 5 

the computer storage media can be used to store information that can be accessed by computing 

devices. 

[128] Those skilled in the art will easily think of other implementation solutions of the 

present specification after considering the specification and practicing the invention filed here. The 

present specification is intended to cover any variations, uses, or adaptations of the present 10 

specification. These variations, uses, or adaptations follow the general principles of the present 

specification and include common general knowledge or conventional technical means in the 

technical field not applied for in the present specification. The specification and embodiments are 

to be considered exemplary only, and the true scope and spirit of the present specification are 

pointed out by the following claims. 15 

[129] It should be understood that the present specification is not limited to the precise 

structure that has been described above and shown in the drawings, and that various modifications 

and changes can be made without departing from the scope thereof. The scope of the present 

specification is limited only by the appended claims. 

[130] The above description is only preferred embodiments of the present specification 20 

and is not intended to limit the present specification. Any modification, equivalent replacement, 

improvement, etc. made within the spirit and principle of the present specification shall fall within 

the protection scope of the present specification. 



 

23 

 

CLAIMS 

1. A distributed graph embedding method, wherein a graph data structure is distributed in at 

least two computing nodes, and the method comprises: 

when a preset sampling algorithm is used to perform path sampling on the graph data 

structure, adding an identification and a current embedding vector of a current sampled vertex to a 5 

predefined message data structure, wherein identifications and current embedding vectors of 

sampled vertices in a sampling process are recorded in the message data structure, and the message 

data structure is obtained by transfer via the computing node where a previous sampled vertex is 

located; 

when a data length of the message data structure reaches a window length defined by a word 10 

vector algorithm, using the word vector algorithm to calculate an update gradient of an embedding 

vector of each sampled vertex in an updated message data structure; 

based on identifications in the updated message data structure, sending each update gradient 

to a corresponding vertex respectively, and using the update gradients to update the current 

embedding vector of the sampled vertex belonging to the current computing node; and 15 

after a preset convergence condition is met, constituting a graph embedding matrix by final 

embedding vectors of all vertices in the graph data structure. 

2. The method according to claim 1, wherein the current embedding vectors of the vertices in 

the graph data structure are stored in graph vertex data of the computing nodes where the vertices 

are located. 20 

3. The method according to claim 1, further comprising: 

when the data length of the message data structure does not reach the window length defined 

by the word vector algorithm, sampling a vertex adjacent to and connected to the current sampled 

vertex by using the preset sampling algorithm, and sending the updated message data structure to 

the computing node where a determined sampled vertex is located. 25 
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4. The method according to claim 1, wherein an upper limit of the data length of the message 

data structure is the window length, and the method further comprises: 

when the data length of the message data structure reaches or is greater than the window 

length defined by the word vector algorithm, deleting an identification and a current embedding 

vector of the earliest added sampled vertex in the message data structure. 5 

5. The method according to any one of claims 1 to 4, further comprising: 

constructing a training sample by using the graph embedding matrix based on a preset task, 

and training a preset model by using the constructed training sample to obtain a model for 

processing the preset task. 

6. A distributed graph embedding apparatus, wherein a graph data structure is distributed in 10 

at least two computing nodes, and the apparatus is arranged on one of the computing nodes and 

comprises: 

a message updating module configured to add an identification and a current embedding 

vector of a current sampled vertex to a predefined message data structure when a preset sampling 

algorithm is used to perform path sampling on the graph data structure, wherein identifications and 15 

current embedding vectors of sampled vertices in a sampling process are recorded in the message 

data structure, and the message data structure is obtained by transfer via the computing node where 

a previous sampled vertex is located; 

a gradient calculating module configured to use a word vector algorithm to calculate an update 

gradient of an embedding vector of each sampled vertex in an updated message data structure when 20 

a data length of the message data structure reaches a window length defined by the word vector 

algorithm; 

a vector updating module configured to respectively send each update gradient to a 

corresponding vertex based on identifications in the updated message data structure, and use the 

update gradients to update the current embedding vector of the sampled vertex belonging to the 25 

current computing node; and 
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a matrix generating module configured to constitute a graph embedding matrix by final 

embedding vectors of all vertices in the graph data structure after a preset convergence condition 

is met. 

7. The apparatus according to claim 6, wherein the current embedding vectors of the vertices 

in the graph data structure are stored in graph vertex data of the computing nodes where the vertices 5 

are located. 

8. The apparatus according to claim 6, further comprising: 

a vertex sampling module configured to sample a vertex adjacent to and connected to the 

current sampled vertex by using the preset sampling algorithm when the data length of the message 

data structure does not reach the window length defined by the word vector algorithm; and 10 

an information transmission module configured to send the updated message data structure to 

the computing node where a determined sampled vertex is located. 

9. The apparatus according to claim 6, wherein an upper limit of the data length of the message 

data structure is the window length, and the message updating module is further configured to: 

delete an identification and a current embedding vector of the earliest added sampled vertex 15 

in the message data structure when the data length of the message data structure reaches or is 

greater than the window length defined by the word vector algorithm. 

10. A distributed graph embedding system, wherein the system comprises at least two 

computing nodes, a graph data structure is stored in the system in a distributed manner, and any 

one of the computing nodes executes a following method: 20 

when a preset sampling algorithm is used to perform path sampling on the graph data 

structure, adding an identification and a current embedding vector of a current sampled vertex to a 

predefined message data structure, wherein identifications and current embedding vectors of 

sampled vertices in a sampling process are recorded in the message data structure, and the message 

data structure is obtained by transfer via the computing node where a previous sampled vertex is 25 

located; 
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when a data length of the message data structure reaches a window length defined by a word 

vector algorithm, using the word vector algorithm to calculate an update gradient of an embedding 

vector of each sampled vertex in an updated message data structure; 

based on identifications in the updated message data structure, sending each update gradient 

to a corresponding vertex respectively, and using the update gradients to update the current 5 

embedding vector of the sampled vertex belonging to the current computing node; and 

after a preset convergence condition is met, constituting a graph embedding matrix by final 

embedding vectors of all vertices in the graph data structure. 

11. A computer device, comprising a memory, a processor, and a computer program stored 

on the memory and executable on the processor, wherein a graph data structure is distributed in at 10 

least two computing nodes, and a following method is implemented when the processor executes 

the program: 

when a preset sampling algorithm is used to perform path sampling on the graph data 

structure, adding an identification and a current embedding vector of a current sampled vertex to a 

predefined message data structure, wherein identifications and current embedding vectors of 15 

sampled vertices in a sampling process are recorded in the message data structure, and the message 

data structure is obtained by transfer via the computing node where a previous sampled vertex is 

located; 

when a data length of the message data structure reaches a window length defined by a word 

vector algorithm, using the word vector algorithm to calculate an update gradient of an embedding 20 

vector of each sampled vertex in an updated message data structure; 

based on identifications in the updated message data structure, sending each update gradient 

to a corresponding vertex respectively, and using the update gradients to update the current 

embedding vector of the sampled vertex belonging to the current computing node; and 

after a preset convergence condition is met, constituting a graph embedding matrix by final 25 

embedding vectors of all vertices in the graph data structure. 




