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Two-stage Algorithm for Lossy Graph Summarization

FENG Kang, CHEN Wei-Dong
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: The problem of lossy graph summarization is as follows: Given a graph G=(V, E) and a po§itiye integer k, it is
required to merge all nodes in graph G into k super nodes so that the resulting summary graph composed of these super
nodes can represent the original graph G within a certain error range. As a combinatorial optimization problem based on
graph partitioning, this problem is usually solved by randomly extracting node i)airs successively and using heuristic
methods to select node pairs for merging. This study proposes an _effective two-stage algorithm, namely TS _LGS. The
algorithm first sets the stage threshold according to the average degree of graph G. Specifically, in the first stage, the
current number of super nodes is greater than the stage threshold, and the algorithm selects node pairs among the sampled
node pairs in batch for merging based on the current best merging score, so as to effectively reduce the number of
iterations; in the'second sta’ge,athe algorithm preferentially selects adjacent node pairs based on weighted sampling, so as
to merge the node pairs with small reconstruction error increment until the number of super nodes is k. The experimental
results on several typical real network instances show that TS LGS can extract graph summarization with lower
reconstruction and query errors on the premise of lower time complexity compared with the existing best SAA algorithm.
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Lefevre 5 A% k. GS!'Y iz 0 JEAB S DA
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10. if score = bestScore,_;

11. E I EXT (nodel, node2)

12. end for
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16. else /35 2 Br Bt
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18. forj € ddo
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x 1 HIEE
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PdError = "
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(14)

(4) =i R IRt

ARSCAY = A T3 B AR 22 20 5 4 1) 5 4 22 1)
E=MIGE R B 2R oL T U AR (15) Frkos.

T-T
TD=—— (15)
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() RF k5 Py T EMRZESIZITR A
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PR FLREEAE S SAA ZEAZ IR 4R E] [-RE TEAIK
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GEREEIRTTLRIE 60% A7), [FIN, EANFEIRET,
TS_LGS &2 14 A b A Bt A BN b-RE
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2 N R
o I,-RE BATITE] (s)
B4 KP(t) L — —
k-GS SAA TS_LGS k-GS (s) SAA (s) TS_LGS (s) TR TAIZE (%)
R 1000/log, 43.84 3881 36.31 0.43 0.2 0.33 1931 63.54
1000/n 23.40 2236 21.56 11.08 11.75 12.22 1659 54.59
- 10000/log,, 6.45  5.81 6.02 4.17 0.82 0.56 28092 83.82
10000/n 285  2.66 3.32 626.68 442.76 102.54 28969 86.43
K3 PRI L REEX L
y I,-RE JE AT} ] \
e KIP(t) 1 a8 S
SAA TS_LGS SAA TS LGS T, L TAE (%)
3 10000/log,, 20.54 20.92 3523 30.36s 159085 58.50
10000/ 7.16 6.60 15.15h 542 h 162278 59.68
R4 8000/log, 23.61 23.59 112.45 s 98.02 s 253619 64.46
8000/n 19.60 19.14 4552 h 1543 h 236793 59.88
R4 TR 2 S T
e I,-RE ZATHTE] (s
Ko kIP(f) : ! (s)
SAA". SAAW=50) SAA(W=100) TS_LGS SAA SAA(W=50) SAA(W=100) TS_LGS
R5 10000/log, ~ 23.80 = 2541 24.78 23.76 495.58 470.46 482.73 468.49
R6 10000/log, © 6.72 7.28 7.08 6.72 392.81 233.79 293.71 195.89
£S5 AAEET L-RE X
G/ S kIP(f) SAA SAA(W=50) SAA(W=100) S2L TS_LGS
R1 1000/log, 19.51 35.00 28.66 581 18.16
R2 10000/log,, 291 3.01 2.92 72 2.95
R3 10000/log,, 10.57 11.83 11.81 38 10.46
R4 8000/log,, 11.87 11.89 11.87 51 11.85
\

(2) TR SHCT B R 2 HIg 4TI [E]

K2 Il 3 & 7E R3 W44 1, 24 k=10000, P(t)=n
I, AR 22 IS AT IR A S A R AR T S G R
A LAE Y, TS LGS Sk S
(10 F K % 25 I8 T T B0 SAA R 4 B I R 2L
REA R, TS LGS S35 (132 176 18] )R
ji o A R ) 172, ﬁﬁf%zﬁuﬁﬁ TS_LGS %
{1 47k 22 1 A 0% 2 3 @#%&%1ﬁﬂmﬂ@ﬁ%%
KA. 24560 425 O RA T & I, TS LGS HI 47 i A 4K
IH G AR SR/ (] g 0 281 ) 4 22 ) ) i 25 A 2 B
K. XY T TS_LGS HiEH N A B2 &2 H
B

(3) AL AT L

£ R1 5 R4 Hl 4R b, Ao HEAE kT, XT 5
EEIFI B AT TR FREm E Ot AR
FE S AR R bR B 25 S X L. A3 6 T LUE H, 72/
BB I, TS_LGS HIEAE FE FURFIE 1) & O M 17
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1 B B, A i 47 22 1

)2 SR 115 SAA T LRSS RR, 15 =
ﬂfﬁf@ffﬁﬂfﬂﬂ%@ﬁ 0T A2 7 AT LA, W%
@%ﬂ&%ﬁkmmﬁtﬁﬁ¢Tsuﬁﬁ&f%
m%@hht% SRR T H AR R

20

15

250 000 200 000 150 000 100 000 50 000 0
n(t)
—— TS_LGS (time=6.13 h) —— SAA (time=15.88 h)
—=— SAA(W=50) (time=14.71 h) —— SAA(wW=100) (time=15.61 h)
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60 000 F
50 000
40 000 r
'S 30000 |
£
=
20000 r
10 000 r
O L 1 1 1 1 1 1
250 000 200 000 150 000 100 000 50 000 0
n(t)
— TS_LGS (RE=6.60) —— SAA (RE=7.16)
—— SAA(W=50) (RE=22.94) —— SAA(wW=100) (RE=16.36)
B3 IR S BAT I E]
#*6 Rl _EAFEAWLG RN
k ﬁYf Dangrror DstdError P, avgError P, gtdError (X 10._5) D
SAA(w=50) 12.62 23.54 | 3.57 . 6.67 —0.689
1500 SAA(w=100) 6.6? 1242 1.89 3.52 —0.419
SAA 4.66 596 1.32 1.68 —0.087
TS_LGS 5.15 6.45 1.46 1.82 —0.084
SAA(w=50) 16.59 2287 4.70 6.48 —0.800
1000 SAA(w=100) 10.39 16.49 294 4.67 -0.612
SAA 7.63 8.66  2.16 2.45 —0.150
TS_LGS 7.86 8.62 222 2.44 -0.116
SAA(w=50) 21.47 2590 6.21 7.01 -0.911
500 SAA(w=100) 15.35 2394 443 5.48 —0.832
SAA 11.97 1242 339 3.52 -0.277
TS_LGS 11.01 10.30 3.12 291 —0.161
®7 R4 _LBFDA MG RN
k ﬁ‘(ﬁ Dangrmr DsldErmr P, avgError P, stdError(X1077) D
SAAw=50) 4.67 8.87 4.77 9.08 —0.965
10000 SAA(w=100) 4.65 7.77 4.5 7.95 —0.961
SAA 4.68 7.84 479 8.02 —0.960
TS_LGS 457 737 4.67 7.54 —-0.959
SAA(w=50) 498 936 5.10 . 9.57 7 —0.982
5000 SAA(wW=100) 4.96 8.69. 504" = 8.89 —0.980
SAA 497 891 " 5.09 9.12 —0.979
TS LGS 493 842 505 8.61 -0.977
SAA(w=50) 541 11.48 5.53 11.17 —0.996
1000 SAA(w=100) 5.36 10.50 5.48 10.75 —0.995
SAA 533 10.16 5.46 10.03 —0.995
TS_LGS 493 842 S5.05 8.51 -0.977
5 Kk

X T B A 040 B ) A, AN SCHRE T MY B
75 TS LGS. &4, TS LGS iHH T & KT ¥R
FOBUE R SE I B E 245015 S 8O TR B

HAIZE 1 BB, TS_LGS St 7 —F % o & FF ik 55
T3, PR T 03dE & I x4 22 P o 2 RN R RS
55 2 BrB, TS_LGS T B -7 2 FE M Z5 k5 2 52
T 5B RO BBk U5 ik, AR I A B
P A4 R Z2 AR /. ASSTAE 6 A TR RIS ) 32 S 1
2 BT TS0, A RRWIARFL S AR R R B %A
b, BENS SE PRI PB4 U 2. JF H, TS_LGS
FOERA RIF MY Fetk, seibid F T 58 R I 25,
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