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Abstract With a large number of news available on the Internet everyday, it is an interesting work to automatically or-
ganize news events by time order and dependencies between events. The work may help user to conveniently and quickly
navigate news event evolution. This paper defined an Incremental Evolution Analysis (IEA) task to meet the need.
Compared with existed works, IEA present event evolution in graph manner, and incrementally update the process of e-
vents evolving so as to better fit feature of stream of news on the Internet. This paper proposed an Event Evolving

Graph (EEG) structure and the building and tidying algorithm of EEG. Experiments demonstrate utility and feasibility

of the method.
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Procedure buildEEG(c) //&3r EEG
1 us<~(OHC ()5 // i OHC BEH M= E R R R
2 DelNoise(us) ;

3 eeg=new EEGQ); buildLayer(eeg);
4 For each s€cs DO

5 BuildNode(s,eeg);

Procedure updateEEG(c) //F# EEG
7 For each document d in ¢ DO

8  build a cluster s; and put it into set cs;

9  For each node o in i—I1~i—1 levels DO
10 If(o. TC(d) =true) Then
11 put o into parent node set of s; PO;;

12 MergeCluster (us); //&3H-2&
13 buildLayer (eeg);
14 For each cluster s in ¢s DO
15  BuildNode (s,eeg);
Procedure BuildNode(s, eeg) // B &
18 e<—(getEvent(s); tc«—(PARC(s);
19 insertEEG(new Node(e,tc));
20 For each node po in PO of s
21  update child-list of po; //BEEFR W EKEBEF R
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1 set all node in EEG as twig node;

2 For each node o in first layer DO

3 DeepFirTraverse(st,0); //st A— 8B

5 delete all twig;
6 For each node v in LayerTraversal DO //B & F &N &
7  For p in v. Child_List DO
8 If 3qin v. Child_List s. t. p. child=aq. child and p. parent=gq.
parent Then )
9 Merge (p,@); // EIHEMTR
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Procedure DeepFirTraverse(st,node 0)//M -~ TAZ ¥ & node Fi4
— MR RSER

11 st. push(o);

12 If o is leaf in later two layer Then

13 set each o in st as non-twig node;

14 Else H (o is null) Return

15 For each child of node DO

16  deepFirTraverse(st. child)

17 st popQ);
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