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Research progress of triangle counting in big data

JIN Honggiao, DONG Yihong
Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China

Abstract: Counting triangles in a graph is an important step to calculate the clustering coefficient and the
transitivity ratio of the network, which is widely used in important role identification, spam detection, community
discovery, biological detection etc. Counting triangles algorithm is mainly faced with two major problems of
space-time consumption and accuracy. The representative algorithm of the counting triangles in the big graph was
introduced. There existed two kinds of algorithms, which were exact counting algorithm and approximate counting
algorithm. Exact counting algorithms were divided into internal memory algorithm, external memory algorithm and
distributed algorithm. The space-time consumption or 1/0 consumption of exact counting algorithm was very large.
Approximate counting algorithms were divided into auxiliary algorithm, static algorithm and streaming algorithm. In
the end, the counting triangles algorithms were summarized.
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TEOUT B 5EN GOM I R 55 = A Bt SR, X T
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(1+&)g , HH e<0,8<1,
EX 6 () B 2 D — &g m AR,

3 BE=AmNERITE
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AN RN 38— 1 SRR B 5 LA
IAEANAEIEATH S X PR 27 A —SE B Y 10 $24F
oA A A SRR R b = A R A, Bl
FE KN MapReduce 228, WAHE DR T HA QRN
Node-iteratorfl Edge-iterator H.i% , 6 A Matrix-multiplication”
Bk, BT A AR AR BT — R 5 Bt 9 5
%, A AYZM Node-iterator-core ¥ Forward ! Forward-hashed
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Node-iterator ( 45 3% 1% ) B 46 I R — > T8 0 5 — 4o
WEZMERA—FD WA 2R BE A=A,
RZEARE, ATHE-D=AF R E - FEL
HERA TS IR Y . Edge-iterator (13 1% ) -tk 2T A
M VB 2R 30 AN THURT B SR 0 — 23 (e}, A0 0
[ B BAE D) R L), 3 8w ) A HIR— A =M,

Alon , Yuster il Zwick #§ i 3% 101 JE FE il e 25 5 16 —
&, BEAYZEE, RERAES NERROTEES
Viw={v € Vid) <B) R B TR A V=V Vi, Hi
B=my vy S R AR v A R IR 5 R T
R, o B RS SR R e i 9 1 . Node-iterator-core
Bk s A R b 78 R U PR D 2 AR 4 Y
R/ TR, TR BT A = A 23 40 R
Ja K TR M BR o Forward 535 2 ik AR RS . 76
R A T R S WA TR BT A 40 T A L e
— T, 7 Forward 5 i H% % Mo B ih i A€ B A3 46 4 Tt
MIFEATERXATE D W T A ISR A T,
i LA AT DAKE A0 A o] 1 5 (8 PR R L A (o) O BR
WEMERDNEARTF S0 A, Latapy M £ 7 —4
X Forward Bk 19 55 i Compact-forward, Compact-forward
R AR AR AR AT He i 7 4 AT B A 2 O
[F] o AR R HEF 1 1, W ) e 7E — T 5K 1 E 4R
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W R g h WA R A P A IR TR
MEHABAKEEE SR R 0k SRR
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o7 P 2 0 2 10 2 A7 I TR) R R IR, 7 iy 1A A B v s
GLEIY
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7 J B AR 7 (matrix-multiplication) 5 35 H , B3 A 2
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32 HNEEE%
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i) 80 2 PR AIE T 55 0 = A% SO o 1 R R 170
ff ., Chu,Cheng % 5 fl MGT 55 25 0 52 45 610 £ B 20 B 2%
AWFHATIHE , AF G, 5 5 R 77 3 G B
SRR, 1 R o B R TR A T 4P
MLOEHEEA LR Z G BA TR R £ 12
£ 1O #AE Fig 170 [0 7 i, % Chu,Cheng 55 % DGP,
RGP %L MGT 1 N 7708 I3 25% 0, & Sk e A TR
Bofin 5 EACR B, Hordr AT BLER 2 3 GHz CPU
8 GB (I 7E, MGT S 3L 78 1/0 B A8 B 5z 710 ] L AR AL
F Chu ,Cheng 53,

321 ATAXNSWHE®

Chu il Cheng 42 i T 5 T &1 3 43 1 SN 1 = A1 31 55
Bk A A B A LA TR G TSN
TN BEAT LA A . SR 5 KU B4 1 R
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B17

%* 1 DGP.RGP #1 MGT #J Lt %
1/0 #:1E5 1B AT I 1) /s
Kt 4
DGP RGP MGT DGP RGP MGT
LJ 1 053 594 1257 411 307 893 109.562 156.757 19.053 35
BTC 12 683 280 16 539 188 4192 628 1 009.11 1 500.01 111.044 9
USRD 831 306 2 141 150 414 240 62.207 3 189.318 6.688 45
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W TRk f, — 285 {1 MapReduce
Bk EE = A, HETHE A MapReduce HE 42 19 B 1% 2 5
ERCR R 3 N R e 2 i | R S AR
(B W T —sem B, ETRNA S MAET
MapReduce HE4E M58 . 3% 3 NRIEA — 3 [F Y KLl
s I o D PRI 2 B R S TR X 0y p AN
(partition) ,V=V,UV,U--UVp, o, 4 i#jH, VN
Vi=®, [ E XL V=V, UV, UV, Ej={(u,w) € E:uw €
Vit Cu=(VirEi) o Gy WA 3-partition, G; /& 2-partition, G,
J& 1-partition, G, Hl G, & SCanE s /6 8 7 s, GP

partition 1

partition 2

partition 3 H partition 4

5 WisiEB S p NI (p=4)

Bk & = M 3T B 7E MapReduce b 89 #1 % B T, GP 5
EAHBRZICRTTE, TIP B LM CP HEAMREZ IR
R, A map BrBim i TEEMB, K TR
GP B IUARTT R M =& TP Bk g LT 3 M KAM
— ¥ , CTTP (colored triangle type partition ) 5. 7 & £ Xf
GP B L1 “curse of the last reducer” Ifi # #2 i 19 , &t %
T, 3 2 R AERS [ R A48 MapReduce T4 ## shuffle
K/NE, X GPTTP CTTP H ik W L4 . B F H &
Hadoop , 5 ¥t 40 6 HL&F AL, B B HLEF AN AE A 4 GB,
% 2 A W CTTP B3k A8 1 i) F 23 6] 1 48 48 F GP TP
Rk,

1 4 1
v ~
3 6 3
11
7 Q
10
@gG, b G, (©G,
4 4
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11 11
7 10 7
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* 2 GP.TTP.CTTP HEiimtt &

B 5[] /min 34 MapReduce P44 shuffle 19/N/GB
LGRS

GpP TTP CTTP GpP TTP CTTP
L 1 1 1 24.4 4.6 4.5
PhoneCall 11 6 6 104 79 69.5
Twitter 302 162 92 2 140 1 300 315
SubDomain 1 496 455 218 40384 2280.6 56.8

33.1 GP ik
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Hp A G=(VLE), o 0<i<p , JiF LA 22 & A L
THEAZAKTL, GCPREENNFREITRE -1
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T EE R, TR A DU R TTP Bk e X T
3FRAH =ML, B 1 R=ZMEZ =MV 3 A RTER
— ARy B2 R = AR B T AE ) — Ay
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TEARF My, GPAEEMRELIE TH 1 LM
QER=ME, TIPHER T AT LM ER TR, E X
T inner-edge : 1 () 5 A~ T s 7E — A 40 v A B A 12
outer-edge , [ 8 /R AT inner-edge ) 3’ -partition, TTP
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3" -partition FIFEE 3 K =M, WHWAD TIIRITE,

4
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W T IS
333 CTTP #i%

Park 1l Silvestri #1%f GP5EH) “curseof thelast reducer”
$H T CTTP(colored triangle type partition) 3% , &5 — 1
TRAE T A reducer B9 Ko A MBI, ZHE R
MapReduce [ 11888 MR(m,M)H 3 R 09, o m 2
FEA mapper B # reducer i & 145 0], M 2 B AR P
Z s i), ARRIEIET R K MapReduce i3 7, CTTP 3%
M\ d-wise 0 37 1% bR R B DL IS BE — A 6L RR BT B(- ), AT
T %04, CTTP 53k 4 TTP 53k 35 a0k b, 4 108043 %
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JURAHSE 1 KM% 2 K =M. CTTP @i 20 H K
0] B4 BL % R=pE/M vound M7 ik, Mt —A>F )
R — reducer (98, WA R AZ 2 80% 3,84 %
—> round fi% P K/R A~ [l 8, X ARIEGRIE T B —1
mapper A th [ #F 5i2 A A DR e 3 A B0k ke T Bk —
Y18 () mapper HEIR T 3T,

ERTEE=/

TR R = N s R R AR TR AR £
JH R A 007 0 P = AR KRk o DL A7 3 OB 0 7
B TARZ R, ASCRE MR = MRk i 5
% AR R 3 AR 4

’; =plp=1)/6 F I , F 7140 h 2 — K R,
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BB SRR X R R A e A R = A Rk
S, EAE A AR E N — 0,

4.1.1 DOULIN 4 %

Tsourakakis C E , Kang U, Miller G L #I Faloutsos C
KT DOULINME 2 . DOULIN 53k A2 b F H Al i 55
SRR 6 ST T AL TR SR B AT, AN IR
P e e ik A 77 30 B R ot B AR B9 SE T, DOULIN X

BB —HE T Ml Of BT RE T p,
T B3 ) T RE Pk 1-p o 75 J5 0 0 P& 4R B A = A 1
ANEGRELL 1p® B2 L = A AR A i
4.1.2 Colorful Function i %

Colorful Funtion (B & 410 ) U531 Ay 1] v A T8 43
e —fgit, BB EEE N=1p, K p 22—/ F 1
W SH, Y30 B PN TS w0 e ] — A 205 I 3 A
WARAEZ AR, K5 BT A 5 3 R TR
FEBI A B0 650 R = B AN B, R TS
BB UL p?, B T UG T = AR A H XA TR OG
B AU IR B (9 30
42 BEE%

MAREREETHERN, &M TELIE, Bk
PR M SR L RERL L, it m ER R D,
RBEWARD DT ARG EEA RS, ET
B2 0 T A 30 7 9 550 5 1 IR 2 ) AR AR 5 2 B B AL
FE D SR R T SRR B X WA T R S
by 3 A A A X
421 ATEWHRER 2 F %

Kolountzakis M N 1% A BF 5% & 30, 3 F J& oF 00 A 3k
il Be s AT = OB B BN R s AT ) RS, A
REA =ML~ =0, TRMIEE T~ =
THER U, B = n A EAEE T A=A, X
MEGH Wo ki — =0 ARk 18] s, M5
D =JCHBCREER R E R =M B4 X, R 1
BRI R 0, o TR MR JIF B —3L8 0 ¢
=R B4 EX)=t' N0 A X A2 S 69, BT LA
)R AT DL B

X_
AR
T, Br s Tt 2 O(n'lgnl(te?), M40 B X

‘| <2e 21's/2U]) (1)

DR TIUIE /NG B 5R . B 0 T w1
ZIH (upw), MR {up) uw) e B, XEZTHPEH u
AL 2 dw)?, WRpw eE, BA=TTHATEEH u
MBI Z 2 mo Y duy>m B, 58 R RE % FTLL Y
BRI T m"™ 0 2 B8 TARE UL, =Jc b &
ARETRN=ABR N ERZZE ", SATEEZ
M 2m W, =0 & A w E T = ME A B 2
& 2m™, BATRA U 1R 2 3m™, BT LU FIUI< O(m”
2lgn )O

2 I LR 0(m+

422 MMEME Lk

Avron HYR B B AR B4 58 1) 7 3k 22 A KB =
AN, %0 TR AR 1 2 M T B = A Bk L
WEME MRS, R Monte-Carlo 400K 46 B = /1 ¥ A
B, B AREARTE OF) KRBT, 72 0(eAg(1/8)p(6))
MEALH ﬁlﬁ(s 8)-approximation , 2 1 p(G) 2 X G
Mgy — i XANEERE, RTEE o) % [
<1g2|V|)/\1$7k?}nabL BRI — DB
FE R R ST TR AR K B DL AN B A B — A R AL 1)
x=(), HP L o~NO)(EENA), Ky BEN Ax,T=

A6, B IR M=tk , B = f MMM;?

M
DT
i=1

43 mAEHE

WA E T B, SESHEML, &N TS
TR ERAARFIER, 325 R4 E A (arbitrary streams ) il
%ﬁ‘{;w(mmdence streams Vﬁ fﬁg{m'? jjf {JILEFET
B, HE DUE BT U0 7E SRl 4 A
TR QR By a0, e TR AL o) BB AT B H B 42
Aoy BT A SRR B vy, 0, oo 0, B 2 o i A7 B E
() o R Rk 3 o R P VB, T DAKE SRR U2 one-pass B
LA multiple-passes B34

T — A multiple-passes & £ = f P 15 1k, X
U AT B, 55 2 Buriol L SUSHE H ) 3-passes B
B R A R ECH ROk ONIEL R A i
— %kl e={ab}, WHSJHEPEL — TR v, XA TUEE T V\
{ab); R {ap) R (b0} ERE T E, 314 B=1, 7 W4 B=0, &
JRRE B, XANE A —E B H AT (estimator)
B R E A 1 SR E E[B1R , =M A4
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¥ TR E Y E[B]-IEL-(1V1-2)/3,

multiple-passes & & A LI & B N one-pass & ¥ |
Buriol L S 4 3-passes F 1 3 LAY 1-pass 52  FEHLIR
— AR o JFLEW TR — Sl {a,b), IR AETEHE T ORI
Vi il B R KU IR0 70 i G 4
multiple-passes 535 1§ # £ T one-pass 515,

T 35 one-pass 5 . J T4B & K ( Neighborhood
sampling ) & 1 | 5 T 2-path 1 &% 8 9 5275 # TRIEST &
W S RFEA K (H T ORFED A A 3 Fh % Y
Mt 25 T FE S0 5 W, 26T 2-path AR 8 09 50k 7 247 i
ZATHB I, BT L2 6] 38 #E AR TRIEST 8 ik X 45 2% 141 )
FRAPUEAT — W AP S AT B LA AR K, 3 A
BEmEm B OAZER ., K32 3R,
KT LR [ Y Bdis 5 R B 2B B, T X
T Ao B 2 S LT 5 R A [ i B

®3 SHMAXEENEBELER

piEE S A. Pavany Laurent Bulteau TRIEST
DBLP 0.19 2.3 5.3
YouTube 4.42 1.7 7.8

431 ATARERES &

Pavany A Fll Tangwongsan K!"'4§ A% it 1 — A~ ] %5
() SCREE o 9 Bk . XA R T AR e R Y
one-pass 5 : H JE U P BEALRBE — 2R 0, AR5 R FEANIZ
WA FEF TR, Ne)FRTET T 53l e HHAB (HZTE e
P T EDE B 30  FA e=c(e)=IN(e)l . BUH LA AIE 23k
P RANE w, M TE—RMEE, & AR, L m/
(w+m) P AR O B 3 2530 SR JE RS 48300, DA c(e)(c(e)+
ce) M HEZR I Nie) N B RAE— 55301, 5 J I Wi 0 4% 341 e
5 5 R AL — A = 250/ 50 A i) 25 ) 5 2
B O(r+w)
432 AT 2-path = B #5589 H %

Bulteau L Fil Froese V. 4 A Bt T — 4T 2-path
R O PR A 1 7, R Al 3l 2 TR b = R 0 R
i, R H 2 one-pass , A0S FE Al P10 R 1 X B3 3 I R b
1) BT A AT A7 0 A PRI A A TSR O M B .
P R BRSO 7R T i P8P Y 2-path SR RE LT 55 T
T IR B 2-path R, BEHLIEHE 7 KA 2-path, 5
BB B = AP 1 2-path B £ 115 38 R 8 0 TR
s — A 88 8 R 2Ok 4 T B SME  (second moment
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estimator ) , B it 52 48 13 Kf & [ K 2-path {f , 5 LR B
H B 8 51 (coloring hash ) bR &I 2 v it 61 3, 75 21 804
P B X T4 — R 8 BEHLR A — € 80H 19 2-path
HWRBAR=MIE, I8 55 R R R
2-path " A4 AL = fA IV 1 4 ie 5 R FE Y 2-path £ (9 1L
{5, 580K 2-path B L8, ZAETHEA B T =AM
Bog, ZREEGEH TR R = AR EREN TR,
433 TRIEST &%

T TR PR g S 0 S 3 R A MR
p LS E R — S ml B, A s A R T
SO U R R i i MR K R p R
K, 2l At s ), 5 p /N A5 B0 45 R 2 kA i
B 35 58 T HREAE Y p, o TE T 5 SR BN A 09 A A S ]
T3 45 RALA R B, TRIEST B34 B X 3 2 ] 42
TR RTT I

TRIEST PV & 7F one-pass [, A X T H & 84 fin ik
R 5 MSCOT™! & id A M Bk 1 (3 , 16 220 5 = f )
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