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Abstract; In view of the multi-label classification task of graph nodes,we carry on the improvement on the basis of theNode2vec algo-

rithm, adding some label information to the original random walk,and then representing the nodes with vectors. The algorithm firstly cal-
culates the probability that the neighbor node of the current node is traveling according to the label information of each graph node and its
neighbor node and the value of the walking parameter set in advance. Then, the probability and other parameters begin to walk,and get a
number of paths. After that,the Word2vec method is called to train a number of walking path,each node will be expressed as a vector. Fi-

Key words: data mining ;random walk ;node representation ; multi—label classification

nally, the validity of the algorithm is verified by using the logical classification model to label the feature representation of the nodes. The
experiment shows that the accuracy of multi-label classification is remarkably improved by using the guidance of label information.
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B : probability _walk ( G , start_node, path_length, alias_
nodes)

Input: Graph: G(V,E) , the node which path starts from:
start_node ,

The specified length of path: path_length

The structure of alias method: alias_nodes

Output ; path_list

path_list append start_node

current_node = start_node

while the length of path_list < path_length

neighbors_list= G [ current_node ]

index = alias_draw ( alias_nodes [ current_node | [0 ], alias_
nodes| current_node | [1])

next_node = neighbors_list[ index ]

path_list append next_node

current_node =next_node

$¥% 2 . generate_probability( G , T, p )

input; Graph; G(V,E) , Tags info; T ( V,tag_list), the
specified percentage of tags info: p

Output ; alias_nodes

for each node inV

neighbors_list= G [ node ]

Initial probability_list with zeros,its length equals to neighbors
_list

for each neighbor in neighbors_list

if T [node] and T [ neighbor | has common element

assign the element in probability_list accordingly to one

count+=1

for each element in probability_list

if element= =1

change the element top /count

else

change the element to (1-p )/ (length_of_neighbors—count)

alias_nodes[ node | = alias_setup( probability_list)
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