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Abstract: Graphs are widely used to model complicated data in many areas such as social networking, knowledge base, semantic web,
bioinformatics and cheminformatics. More and more graph data are collected such that it has become a rather challenging problem to
manage such complex data. The database community has had a long-standing interest in querying graph databases, and graph similarity
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search is one of most popular topics. This paper focuses on the graph similarity search problem with edit distance constraints. Firstly,
several state-of-the-art methods are investigated to reveal that all the proposed pruning rules have limitations and none of them can
outperform others on various queries. To address this problem, then a novel approach is proposed to support the graph similarity search in
the framework of query evaluation using the relational model. The proposed approach develops a novel unified filtering framework by
combing all the existing pruning rules. It can avoid limitations on existing pruning rules, and have more widely applications. A series of
experiments are also conducted to evaluate the proposed approach. The results show that the new approach can outperform all existing
state-of-the-art methods.

Key words: graph edit distance; graph similarity search; PostgreSQL; filter-and-verification
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Fig.2 Framework of graph similarity search based on edit distance
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SR LB AR PR T 15 AT 1 i, A9 BUAH I R i e B I, b — )2 Rl B T i A8 i 45 ik ade 4 P 0BT 1L DB, DA 2R A,
ML IR JE LU 5 2 A AR REAS T VAR BE AR S i L DR R, R SCR {8 combined-filter 2R
AP R v T,

SR KA A SERAT T — RO R A 23 2l v RIS Bl AR AE T JE T label 3L 0§, #0015
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Bk B R B T path (KI3L 38, SR Ja 05 A4 2 (1t SR 2 T tree (R0, 3% T+ star 45 K4 10 1 D8 T 21 5 Jim 33t
AT XL DB AT AR L i I BB RE Dy, I HLIN ) 52 2% B AR VR AL IR A B 3 B,

frikte ©®

FF-Starid €
ks @

AL D
FTLabelid 3
T4 ©
HFPathid &
k4% @
/ T Treeid y&

Fig.3 Novel framework of graph similarity search based on RDBMS
B3 T i 9% AR TR A 1R 14 4 P AR LU DB HE 2K

A4 combined-filter 75 5¢ £ Y44 FE vh (1 S LB g R ATIAE PostgreSQL i PL/SQL I T 5 T
label,star,tree,path iX 4 P [l 4 B0 P 26 3od 98425, 130 1L R B0 FH L D81 kg 4 b 5 40k 2 IAD S AR ST 1, BT LI b 4
B 10 75 AL AT 53 (0 3 P B s T SR 5, T A {6 M R N 3] % 288 O AR B P e T A A S 1
WAZ A T3 4 P73, AR 48— 1) ied DB S0 HE 28R AT S 3, DA PR UE S0V ) — B0 R UE 20 2 0 U R 0.
e A5 2 R JESVEME S WL STVE 1

BiE 1 B REHEAL.

1 function FILTER(q,D,T,Cand)

Input:q(f5 1% 22 ), D(Kicdla 126 1 1) 11 45 44 2040 4R, T (20 8 1 2 0 1)
Onput:Cand(fi & 5 4).
Cand«J
for geD do
if filter-startegy() then
Add(g,Cand)

end if
end for

10 return Cand

11  endfunction
33 EFHELTEERMERMEGEZE

AR SCAR HA PR 8 PEURABA A ) S0 R L AR5 2 P s 2 — N 4 R 11 P g, I 4 e TR Bt 4 D, 2 2 25
B T, 751 98B B, il i label, path, tree, star (19007 34T J2 Vi 38, 73 2% % 11 I 485 Cand. AR5 1 I A RS % 1)
el G 680 0 2 T S5 7 VE K Cand Hh ) B IR AR B 2 1 45 ARG R DRI A JUAN T i R0 0 1) e R 1, i LAV A5
(R SRR U AT DAY 22 Fh 20, DR T 77 PRl ARHARL A 96 1) 28 3 2.

Bk 2. FE TR R R YA A A PR A AL S R S

1 function COMBINED-GRAPH-SEARCH(q,D,T)

2 RO

3 CREATE VIEW Candidate AS

4 SELECT*FROM StarFilter(q, TreeFilter(q,PathFilter(q,LabelFilter(q,D))));

© 00 N o 0o B~ WwDN
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for g in SELECT*FROM Candidatedo
if ExactGED(g)<<T then /it 5LK: ffi 9w 4 H 25
Add(g,R)
end if
end for

© 0 N o O

10  end function

DR b, 7 A IS A B 0 g 3 I, T DL L A7 1) SQL Eif i AUEAT IR Gl R % SQL BBt A 3 2
B0 A 2 B A T B A (vertex-array) « FF £ 1 ] 1130 204 (edge-array) . 2 1] BIAEL(T), HP W3R 9] 2 0 44 21 11 1] 45
R TR A HE g s

SELECT Combined-Graph-Search(Vertex-Array,Edge-Array,T).

3.4 SQL-BasedE4F1E 2 EY

XF TR AL IR, AT 45 7 SQL T 5 B PR AT BEAL S5 19 2R i) JAR, et 77— Pl R vy 10 Pt g %,
WEE 3.

Bk 3. KM RS

1 function BREADTH-FIRST-SEARCH (edge,node)

2 lledge i14E & node T fi4E &

3 WITH RECURSIVE transitive-closure(a,b,distance,paths,labels) AS

3 (

4 SELECT fromnode, tonode, 1 AS distance,

5 array[fromnode] $||$ array[tonode] AS paths,

6 array[nl.nname] $||$ array[n2.nname] AS labels

7 FROM edge left join node n1 on fromnode=n1.nid left join node n2 on tonode=n2.nid
8 UNION ALL

9 SELECT tc.a, e.tonode, tc.distance +1,

10 tc.paths $||$ array[e.tonode] AS paths,

11 tc.labels $||$ array[n3.nname] AS labels

12 FROM edge AS e left join node n3 on n3.nid=e.tonode

13 JOIN transitive-closure AS tc ON e.fromnode=tc.b

14 WHERE tc.paths::text NOT LIKE “%’||e.tonode||‘%’

15 )

16 SELECT tcl.paths,tcl.labels FROM transitive-closure as tc1 where tcl.distance=q
17 and tc1.a$<$tcl.b ORDER BY labels;

18 end function

iz H WITH,UNION JCH8EF7E SQL 1 5 S8 T =i R 336 U 25 340, I T 2 045 ) 4 e R i B vh i B % A%
#£4 distance ZBAVK B 12 K% paths ARR TH S 40 5 415 M %42, labels AR R T S FR 2415 142, W 1 4 TR,
R g 0 B e 4l Wb AT A B 3 R BE AR B IO 491 AR B b [l 48 28 vk A T DA {6 b A 3145 3] tree, star 254514

o T 38 JA A5 v BT 7% 21K Edge FH Node ¢, FRATT I8 I 1 38 1 JE AR AT 14 2, Node R A A FBC T s g 5
(nid:integer). T s FR2E (nname:integer);Edge & B4 3 /N F B IR UA T 5 (fromnode:integer), 45 9 T 5 (tonode:
integer), i1 47 % (ename:integer). P 5K 3% 45 At 5K, AT LA 58 4 3R 7 H— ik LA 11 &5 34 R0 A4Re A0 70 B30 Ak B IRF, 56 A
graph & Al iEAS BAKE L AR5 ] Node AT Edge 2R 2024k, IR 5 28 B8 B 14 1) <7 33 0 FL 3kl bk
AT T A SR A R 8 B A Ry IR A9 Ly, R e A i mT LA 18 5 1) % R i e vh 0 H ok
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Path Label

(H) 215 | 161
315 | 161

H-C-® 415 [ 161
213 | 161

® 214 | 161

Fig.4 Path extract example

K4 iRyl

Nid Name
1 6
2
1
H 5
GORCRG)
Fromnode| Tonode Ename
m 2

(O W

Fig.5 Node and Edge relation schema
K5 Node il Edge 5% &t

4 TREZERSN

AN AR A W VA AT T SIS BRI, I 0 SE e A5 A A AT T RS AT A LR Intel(R)
Xeon(R) CPU E5-4607@2.20GHz,8GB P 171l 55 #% - 56 B, e 4E R 45 CentOS Linux 7.0. 514 (5L &R d it
PL/SQL i & #4752 81, JF-4£ PostgreSQL 9.4 fRA AT iE L.

FATEM T 2T PubChem Hls HAE o SETS Bl A B 4 i AL 100 J7 4N L SE IR 2 45 4~ B4 IR T
Bk 23.98, 1Kk 25.76, )8 T4 O R 1) ] o B 45 1 70 1 v AN AEAE BR85S ), 35 6 AR SC S R g
AT AEBE RS b AR SO A v G 5 e/ 10 TR O A i e i 4R o ) 4% ) 181 5 R A o T AR o
R FH AN () 14 2ok 90 v A oA L A v 5 A A 1 TR AR ARA T 18] 5 vy B v 15 380 45 SR DA R ok v 75 S 1 I ) 3 o &
AR /N BL B e 8], ] AR fo b 2 AN ) 00 PR kAL N TR &t T R R ) s X

o 4R 4(candidate size), & I B 2l i pEAR VR FY 80 H 45 R 2 5 159 2 i o 4R 45 AR/

h 45 AR T B A5 R AN B
o LB (A (response time), Fi ik I8 AR VEPUAT (1 I 1] 3 BL AT 220 M6 A0 326 A2 A T L A4k 1 G 86 P 120 T 4511
565 I BT 1), K1 g 56 I o 1) 42 500 308 42 DK /I 8 I b, DA 3B B8 DA /N 3t T A £ HR 26 F B 7).

AL SN 4 Bl O A 138 7 VR K SR R R AT T X L S G 4 FT B 1k AE PubChem i3 45 Hh B LA E 0.1k
AV 1k AN 10k NEHILE AT 4 1 SEI0 BRSO SRR LT 4 Bl vE IR IR AU AR S I B LA
B2 20 100K (W25 48 X0 A SCER D 1K) 43 R 1l BB AR T HEAT T SE I IE, 9T 55 4 i A 1 BB VA I P AR AT X
Ll AT 43 7 AR STV R S AR .

4.1 AFEIERA EMEES

5ET path [ P8 5L FF 4R € path KB o, BRI, FRATTHE 0.1k, 1k, 10k 3% 3 /N $i4fs £ 0 BUAS ] 1 4 . A 7] path
K REPREE N AR PR R AT T R 45 SR A0 P 6 BTk I 6(a)~ 8] 6(c) 7 03 0.1k, 1k, 10k Hi i 4, 35 i AN [ B
JIT 453 1) ik 98 45 R4 K/ (candidate size); & 6(d)#E Hi T {E 10k £ #i 45, path 32 1) i 17 (response time)Fifi path )
WA RS BT UL o (6N AR DR UE S I8 RE 00 B 00 TR AT R/ W] BUE B2 2 path K EEEL 3 1 72 AN [A] R /N
HH A, AN ) B T (R SRR I A R, I B LA S5 KNG — 9F B2 path (CBE R 3 0, 25
S5 M TR N DL 25 b 70 I S se 5 b FRAN 4 8 path IR ESE—HY 3.



MR F AT SQL ¢ BAR L E 98 5 ik 699

100 — T T T T T | PR PR PR 900 — T = =
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Fig.6 Path-Based filtering method analysis
6 JET path (I uE ik A
HET tree (Y3t v Uy kT T EER G AL W ROV L K S £ 2 R e i 45 SR LUK W I [ A 5 i PR
FARE k=1, AR A TR,
FATM PubChem s 4L i BEHLIEL 1 5 41 10k )&t R A Dy oxd 4 Fofried PE 792 8E47 R LE 73 B 110 S 36 K 4
MK 5 21 S50 45 SRV B 0 05 305, 49 2 10 25 SRR /N B B (B AR A6 2 161 7 (@) BT 2o, i B I T 401 B 7 (b) BT s

10000 — T T T T T T =5 10000 m— T T T T T T T T T
9000 |- label —— A oo VIS VARVIE 2L ARV
gooo |- star —é— - 1000 |- 4 &

e 1 2 1ok ]
‘> 6000 |- path 4 3 £ E
= S F ]
& 5000 - 7 = 10 g E
g 4000 i i 8 1B label —— ]
§ 8 ER
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Fig.7 Four filtering methods’ performance
K7 4 FOE R IR B B BT

M 7 (@) AT LA BT 5t 4 ol 7 R 1 BB AR 8 PR Ak 48 K/ S B R R PR 18 KT 18 K (E A 2 S B AN [ 1
e B Bl B AR AR A, 45 SR AR B N B i R R B 2 B AN T 7 I R T label FREDE T 5 ER star 5
TR M BT 7 I A S DR e AR Y P A AEAR AT S 00 T RERB AL T 53— P U7 ik 10 4518 Al
B 7(b) s AH S I 8] F) 0 B, 22 T label PRt 98 A 21 I 1) AH A T 3ol 3 b5 328 20, B AAE g — Rl 20 it 3k 10 5
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WA A 3d LT path K7 v R IR 1) 80 5E T star B path (197 35800, HL&540 i JE AR K B AR B BN 1
R R B B K B Ol R R 2 5 TR R Ry v dE Re AN Re e BRI AR N 28 2 B id gy
B HLIR T, T star FIIET tree (13 16 Uy 120 T B (D ik N ) AR AR S 6 45 S ep star g vt N TR K 11
SE8, N B Se AT HE T tree BOREIE G FRHEAT LT star (03l 98 2 200 R A0 T 100 7 S 400 T 00 2 A O S e o IR R A 0K
S PR N B AR O /MAH L B2 10k AN B AR A BT #0523 6ot Bt A v 1) Ve R A3 g 8 1 e 12 BT 1) 22 ey
Kt B 10 /I g s TR SH A I I ¥ B ) {1090 2% A BE AR 4 R AN AR
4.2 FHEIEFRIE R A EMEED

FEAS YR S0 P BRI Ok 1 R AN 5 B B SR A N 1 LU AR s i R T LU AR 1 T 5 L2 2K (8) (LE A
55k 9E A8 R LG FR ik 9 B B, LU AR )

Ratio=|Cand]/|DJ (8)

AL T 100k o 4L HEAT Xof Ll SE 50, Rl o BEALAR R 3 41 100K 1) A4 A2 E 4T T 42 5200 (1) )y vk, A A3 S 50
R0 25 SR A T A SI2 06 4% TR 3 ok S 448 10 7 245t Ratio {7 B MR A8 AL 20 1) 8(a) Bt 7, - 44 i 8 IS 1] 2 1)
8(b) FT 7~ AE B 8(a) nI LA F1: 4% SCHE H 113 98 7 72 ml AR B4 /N 1) 45 SRR SR AR SE AR AR IS 50%, 43 )2 TR
A R PR TATAT—Fh s — b w6 5 ik M B 10 B, 22 T A ok 6 EL A — 11 label 3L 8RR 45 50%, L #— (1)
F T tree (A3 SR B 1E 1006, 76 13 9 I 8] U5 T, 4 1 8 () T s B T A SC 2 vkt U ) JEL M A VL SRR A B (1 4 R 4R
HI AT AR L PR WA, DR I o T o 7 s ) A K P69 9%, e N Ak 32 R 8 5 DK /IN ALK i I i 1) e 169 ) 4288 /I8, A
TR R Rl sk /> 7 e S8 B [ R kg 55 T labell (993 98 A Ay — ol DAy HEL I HL Y B4R o £ 3 0 v, IR G A 1 8(b) e
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Fig.8 Original filtering methods’ performanceanalysis
K8 B g R SR o
5 #HRIE
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B P TR 4 1 I SRS 2 SR T DU Sk g B R 5 A e i R O SR S S o 5% % g B2 1) R S A
T3 9 58 22 1) I 8 R 90 5 LU0 I i s 2 5 0 K/ AR SC e el i T, 328 IO AT AR MR IR 50 AR B B fl PR R &
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