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An efficient weighted graph aggregation algorithm

HU Baoli, YOU Jinguo, ZHOU Cuilian, WANG Yang, CUI Hongbo

(Kunming University of Science and Technology Faculty of Information Engineering and Automatic 650500)

Abstract; Graph aggregation (graph summarization) technique is one of the effective ways to mine and
analyze huge graphs. However, in reality, these graphs are not only huge but also carry weighted edges.
The current algorithms do not or seldom take the weight into consideration, leading to a great difference
between the aggregation graph and the original one. In order to solve this problem and improve the quality
and efficiency of graph aggregation, The weighted graph aggregation algorithm was studied, the
consistency of grouping area values of the adjacent matrix of the aggregation graphs was introduced to
measure the consistency of weights of edges, compression ratio was defined to measure the spatial
efficiency of the graph aggregation algorithm, and error rate was used to evaluate the difference between
the aggregation graph and the original graph. The compression quality is ensured by controlling error rates
and a comparison is made between the proposed algorithm and the existing graph aggregation algorithms.
The experiment results show the effectiveness of the graph aggregation algorithm.

Key words: graph data; weighted graph; graph aggregation; graph summarization; compression ratio

s B#A.2015-08-27; & B H #5:2015-09-29

EETWA : HK AR (61462050) . p A AABIEFES: (2013FZ020, KKSY201303095) %t H).
YEBTBIAT AEW, 20, 1989 4RA: il 1A, P92 7 1) BB 4288, E-mail: 18213920251@163. com.
BIEE EEE , 1 /Rl #dZ. E-mail: jgyou@126. com



% 3 #

— AR R e B R AR Sk 181

0 5|5

TE S A I B R Z2 800 T 280 TR Rt ok
TR AR Z A YOG 2R, Ak A2 I 26 FH P 2Z TB) i 4 A
FRFR I I Z A R S ) 2% O 2 L E B
Z IR P P AZ OGR4 A X S U ) ke TR MR
ARSI, H AT T B R PF A 4Tz, T AR R A
fifi 2 1] i vy P SRR SE RO . U R AE BRI T
TR BT 1 PR R A AR A I ] o 1 T At
FIIL A G g 3 — > /NG Y | g A4 L 14
SEAL R VA B A JE U DT SRAS— ] 1 e .
T P R TSR 2 D 2 T (R A D) AR
i PRT P g — 2L P A ) 2 8 AR ) T 5 3
PR A (AR 1) - B AR HOCHR A A B
M ZEAFAE R,

PSR AR 5 R AR LA T B AT T X T
Fror . XA T IR AN B 540 = B AR 2 R 45 44 5
7 PSR AR A )t o 0 B 54 i e 5 R AR 1)
AT B AN OSCHE 975 8 45 4 235 4 o 3 AR 455 7 88 1) 45
Fy. SR AN R Z A TEAN Y L LR 1.

x1 BERESEREZERLILE
Tab.1 Comparison between graph

aggregation and graph clustering

sl 2R sag mmp

- mEg :

HEIE T Tl LA A
GET PN S S ik e
BEE3 & s BE REk

AT I R AE R AR AT LA R DT IR bk —
BPER IS4 . — S OLAP HiRAHZE & b8
Ak Graph OLAP/Cube"™ ; {H % F J& ¥ — St 1)
Ve 2 X TO A5 11 J A7 4 4L TG e [ 2 0 T
P\ 235 4 (2 ). BT — O 1 PR B4 < AR
FFF5 10 B AR [ 1] 43 T v A 1 P S8 L S
FIRGT AR B R, b, Grass'®™ &35 T 8 P (9
I 4E , S-Node 23 T FE 45 2% 11 1 5842 , S-Node 1y
By i T MDY J5 U g g 3 £ Pl 38 482 5 1L
T A — O £ P SR TS X T PR 2 R T4
2L TO IRV LT B P B P A 2 3. BT M Pt
B PR AT M T TR MRS 0 R AR L TR A
RN A ] i 850 « ke 20 $50 S P B o — B A T
SR TR SR — SO R B B A s S —
Tl U7 J e 125 8T e o 45 4 135 18, 0 R ) — A o i

PRI [ B 1 PR, T EL R AR B A R AR IR Frp
REVEM R ER A T B b iyt
IR R ET AR FET SNAP FEEm R RER R, 3
F h-SNAP gk i E R EEH A

TEVFZ2 I FH S0, T v ) 56 F R AR 1 1T L
R T [ A 434 Az e 28 e F iy i,
FEAC G R M &, ih A AR T LA 3RS B AT A Z TR 1Y
R F A EE , AT AT LA A AR RIS DI L.
FUER (1Y) (B SR AR AN (] T 53 1) [ SR AR w2 TR ) 4
T I URH B 22 MR B O 2R R R B SR IR AR T R0
. SCERLI3 A48 1A AR IR SR R Tk SR
TR J1 a8 (brute-force greedy algorithm) . 5]
{HH 1k (thresholded algorithm) . [ifi #1 2f o 458 2
(randomized semi-greedy algorithm) = &y S 17
AN [ R A0 (4 R R) 2 2% B RN s TRl A2 2 . o,
TE T4 SOt #2 v fdH T 2-hop J7 i AR
BLJ5 ek s, SCHRL13 I 45 R W] A A iy [&1 2
A DR RZE SRR/ N RS DL T » AEAR R B L0 4 5
HEASCER 0 PR AT DR AT A R T 46 138 SCHE AT
PSR A By e 2% 1 T 3D AR AR B, 1A % 1R
R A AETE LA S AFAERE 5 0 AH G ) .

A SCAE T P & 2R 2 ) A e — Btk
iy £ AR PR ) S A 1 — B0k I e R SR AR A R
AR 10 SE PR AR A R AR X AE 7 R SR A 1 5
AR DL R B 3 AR RN 1A AR A SR R T AR A
B R E TR 2-hop s IR R SO
7 T R 42 5 o 43 2 B A — BP9 18 4805 . AU
T 1 18 2 I 3 2L P AL (I — SO E o P SR AE R A
ACPRGEAT R A BUOHAE S/ N SO #7601 e
FIFH 46 2% 1522 R B SRR L LS .

1 =3
1.1 [E&ESIAN

W — NI E G TS 22 8] A AR AL
L AT BRI F RN G = (VL,E) M 4T 2
R i AR BT AR £ R R G =
(VLE,W) . & 1(a) iR, T 1~7 Rtk sg W
g TR TS Z B i1 22m N5 N2 JH
TEALSE 4 R i e R o 3 T A R TR I
ESP T N R DN RN P E Y - .3
Yl SCER[13 ]9 A = 1 592 528 539 (semi-
greedy-hop2 algorithm) #F17 I R4 , 16 N il i 4
REOLT  BEL T WA 1(b) Fros. # il E



182 T EAFHARREFR

# 46 %

(ELIU PR s 8 R 1) P 4L X M 7 Rk A
PR RN, AZ B T AES B A5 &
P IEATAE AL ATAERE R A AR S ) AL X5 3%
R B AR R L (R A I - P Y 5 22
R AT DR A TR AR SCHE 15 A A T Y
FIRAE T ik AR SO I ) SR AR T A B B A 4 - D
REETEITRI 1 A7 8] s @i ad AL R ] eS¢
RS i 3] D ] D SRR P i A BIR B2 b At B D PR 4 45
LAIEISE T EREISON

59/21

<ETMM

b H () REE

O

(a) JALE

7)

B 1 fniE
Fig. 1 Weighted graph

1.2 mMIEEREE

Bl G Z—ATCm) aAEE I B FR R G =
(VLEW) JHFV = (v .00, BRRZEG TF
BHTEMNES; EC{(v,v) | visv, € V) AL H N
ZHE AR T XA W=
(Wi s wysw,) I8 & B G T & X
(visv) ZERCEEAES. B G AP R

o] | o]

w=U le wy s HH wy XPRE TSR (v;50;)
wy EFR ISR (o) Z IR AL, Q2R M
SRR w,; WE I EAAAE AR &
N w; A 0.

EX 11 #ER G 2EG= (V.E.W) iy
KIJEAtkF#AR NG = (VLE W) JHP V, =
(V1. Voo, Vi) ,)FIIJIEI G, (%“ELJT%%#F

OV, e V,,V, € V,V, £ O3

@UV, =V.V. NV, = 0;

Q@Es ={(V,,V) | Jue Vi,veV;,(u,v) €
E};

DOW, = (P;W).

Horfr, P 3 8 A5 2 (0] 88 30 77 76 i HE 28, AR i R ik
JITAR A0 2 7 A i PN IO 2 () ) 30 A 3 A

TERIREZR I LUR PR AN R B33 073 «

Q) iVevd e (v bulib) i

] Al REAF AR B Ty = VL [V s

SobRofFE WO OB K OE =
(| V.V, || (V;.V;) € E..W,~ D} ;

ffﬁ)ﬁZl‘EﬂﬁTiile"J’fﬂiﬁ P = Eij /Flj/ .

CIT ) A T A QR Y PR A T ) S AR

L P B T[] AT BE A7 AR B SR D =
Civ,) =V | (Vi |=1)/2;

ST ST (S (L I A I DR S
(V. Vi [T (V. V) € ELW, £ 0 5

/«jéﬁ)\h: W%ﬁﬁ’—ﬁiﬂ%’fﬂ%?ﬁ P=E;/T;.

Hor [V | 37508 2P DUt 480 78 3 A R
(EL A T 2R A 1R 7 D J&1 o A+ L A B A i A Y o
(VZ¢

ﬁ El] -

F2 B 1WMEEEW
Tab. 2 The adjacent matrix W of Fig. 1(a)

1 2 3 4 5 6 7

1 0 9 8 0 0 0 0

6 0 2 0 0 7 0 6

7 0 0 ) 8 0 6 0

EX 1.2 BAEMERG = (V.E.W) K
SREEHERE . M Ciea » Cier » Coxna 105050 4R
{ELZH K.

Ciure T B H 1Y 255 22 1] 14 A TR A X 38,
Cinter 2N BRI 115 8042 3 22 18] (1) A FE A X 35,
Coxira FERN BRI LA RI 12 15 22 18] (0 A T 1 X 3.

it . & 1Ca) (AR A [ Wk 2 R Rk
FEE 1) A IF Y SRR 5.6, DIk s i) e T 48
AR 3 .

*3 1(a) B8 E 4B 5E
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EFSSULERYIENEE S SUR et YR P
FAEAF &I 5.6 HEIF A 4.7 LR BES
A BN i U R Bk i .

B, GRS 5,6 MRS RN A IR
5.6 R ISR EHE MR anR 3 Firs , 8 3 P C #F93
AR 0,7,0,7,0 KRR AR T LIA T LU
HI&. FTLL BCEABEATHE 5 B R g 7.7

I:Fl ,fj ﬁ y‘:’ Meimra - 7T_H - 7 ’ I{ji (Oinlra -

(T—1*+ (T =7 =0;
Ciover TG BRI R -3, 2,6, HEATHEF IS 1
BANH 2,3, 6, WP AECH Mewe = 3 3 puer =
(3—2)24+(3—3)"+(3—6)2 =3.162;
M 055 = P+ 20mer = 042X 3. 162 = 6. 324.
HUR A IO 4,7, 1 R AR 42 5k 4
. ﬁ%ﬁﬁlﬁlﬁﬂ?ﬁﬁ S»G,mﬂ: o — (OimmJFZPimer -
042X 1.732 = 3. 464,

F4 B L mBELBEER
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Algorithm 2.1 CNP(G)

Input: The graph G=(V,E,W)

Output: A Heap of node pairs

1 / * Initialization Stage * /
2 for (i=0,i<n,j++)
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Algorithm 2.2 BUS_WG (G,ena)

Input: The matrix A, «,, of G=(V,E,W)

themaximum error rate gy

Output: The matrix A, of aggregation graph G,

1 / * Initialization Stage * /

2 For A, x»—>>a[n+1][ ],store the degree of each node;

3 Get the Heap Heap=CNP(G) ;

4 Heap H=®, Vector Value=2;

5 / % do while loop get the smallest value and the node

pair * /
6 while e<Temux do
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7 while Heap is not NULL do

8  Get the top value of Heap;

9  Calculate p, error rate e

10 Calculate super edge weight w

11 the according value of H<-Heap, H<—p;

12 end while

13 Get root node from H

14 Update Heap;

15 BUS_WG (G, ema)

16 end while

17 Output aggregate graph G, ;
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Fig. 4 The aggregation graph of Fig. 1(a) when g=1
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Tab. 6 The experiment data of DBLP
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The experiment result of arXiv dataset
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