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Abstract In response to the inadequacies of current graph compression methods, such as higher time complexity,
dependence on experiences to set parameters, too many parameters to adjust, compression loss, ignoring the
community structure of network, a social network compression method is proposed based on the importance of the
community nodes. The method include community discovery algorithm (GS) based on greedy strategy and social
network compression algorithm (SNC). Adopting topological potential theory GS algorithm is not only capable of
discovering communities but also capable of mining important nodes in the communities. SNC algorithm takes
communities as targets, achieves lossless compression while maintaining the connections between communities,
and keeps important nodes in communities or basic community structure if necessary. The feasibility and
effectiveness of the method are verified in experiments.
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Fig. 1 Community compression schematic diagram
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typedef struct CommNode{
int Node
int hop
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}CommNode
typedef struct {
int RepNode
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typedef struct{
int adjMatrix[maxSize][maxSize]
double potential[maxSize]
CommNode *RepSet
int TagArr[maxSize]
CommunityArr Comm
MulAttrNodeArr BoundNode
CommRelation *CommR
}Graph
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typedef struct RepNode{
int RepNodeNum
double probability
struct RepNode *next
}RepNode
typedef struct MulAttrNode {
int NodeNum
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InitComm( ); InitTag(TagArr,—1); InitBoundNode( )
for (each node v in RepSet){
i = GetRepNode(v); j = 0; InsertComm(i, i, j)
InitQueue(Q)); InitQueue(Q,); EnQueue(&Qy, i);
TagArr[i] = i
while(Q; is not empty){
o+
while (Q is not empty){
DeQueue(&Q;, &u)
for (AP ENTFETF u AR 1 w)
if(TagArr[w] != i){
InsertComm(i, w, j)
if(TagArr[w] == —1){TagArr[w] = i;
EnQueue(&Q,, w);}
else {112 TagArr[w]FI4t X i 2 [B] B CHE ¢
RAATEAL X S R R CommR HY)
InsertRelation(CommR, TagArr[w], i)
if(BoundNode[w] is empty)
InsertBoundNode(w, TagArr[w])
InsertBoundNode(w, i)
TagArr[w] = i; EnQueue(&Q2, w)
H
}
}
while(Q,.front != Q,.rear) {DeQueue(&Q,, &u);
EnQueue(&Q), u);}

}
G.Comm[i].totalhop = j

}
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r = G.CommR->next
while(r){
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r = r->next
}
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Fig. 3 Communities discovered by GS algorithm on karate club network
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