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Accelerating Core Decomposition in Complex Network on GPUs
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Abstract: To analysis the complex networks, core decomposition is a basic and efficient strategy to distinguish the relative importance
of nodes and to discover a special family of core subgraphs in networks. After core decomposition, every node in each k-core subgraph
connects to other k neighbor nodes internally. The core decomposition has been widely applied in several application scenarios, e.g., user
behavior analysis in social networks, visualization of complex networks, static analysis in large system software project, etc. With the
increasing scale and complexity of networks, existing works, which mostly focus on the multi-core CPU-based implementation of core
decomposition, cannot satisfy the high performance of core decomposition in large-scale complex networks. Meanwhile, GPU provides
not only massive parallelism degree (up to 10 000 threads) but also efficient memory I/O bandwidth (approximately 100 GB/s), which
makes it an excellent hardware platform for large graph structure analytic, such as BFS (breadth first search), SSSP (single source shortest

path) algorithms. This study proposes two strategies to enhance the parallel performance of core decomposition on GPU-based platform.
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An algorithm, RLCore, is first presented which exploits GPU-based bottom-up traverse approach and recursively distinguishes the core
levels of nodes by considering their degree and edges. Then, a second optimal algorithm is proposed to improve performance and
scalability, namely ESCore, based on the locality property of core decomposition. In ESCore, nodes gather and update their core level
values from their neighbors, until there is no update among nodes. Compared to RLCore, ESCore strategy reduces the synchronization
overhead from multi-thread contention when scaling to massive parallelism, whereas the iteration number of ESCore is depended on the
convergence of nodes. From the evaluation results, two proposed acceleration algorithms achieve maximum 4.06 billion TEPS (traversed
edges per second), which corresponds to up to 33.6X speedup compared to a single threaded CPU execution.

Key words: complex network; GPU; core decomposition; large graph; big data processing
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Fig.1 A sample graph and its core demoposition, and core decomposition execution flow of BZ alogorithms
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FRATTRE AX PR A HAT S B HE AT S503% (VY BT [ R 25 (] 5222 B2 43 W7, 3R X FE GPU_E ¥ AT AR B 14 25 J T [v) R AT 43
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« GPU & #47.GPU H SMX(streaming multiprocessor), 1 Maxwell 228 (] GTX 980 A4 16 4
SMX, &4 SMX il 2 048 4> HUR5FZ ) CUDA cores, & — > GPU Zkf27E — > CUDA core LT . SMX SCHFik
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« Kernel . 7E GPU $A7 B2 it 2 Ho 38 3 4 A2 4% B R A2 51 block 47 1 B2 28 2 Bt (thread block), X AR A HME 48
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AT H0 B (— AR FE, Warp, Block B Grid)H— & H 0 28 72 3t 47 8 B2 47

« GPU WHAZEZ%.1 A~ SMX #f 65 335 A& 7. AN, B4 SMX 24t T 48KB I = P 47 (shared
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Table 1 CPU (Xeon E5-2650) vs. GPU (NVIDIA GTX 980) memory and access latency (in CPU and GPU cycles)
F 1 CPU(FEFF/R Xeon E5-2650)5 GPU(ZEAHIE GTX 980) N 47 K /NI 7] 118 (cycles) X E,
DL WA core 43 iR SR H& (RLCore 1 ESCore HRHE ) I H 4 &5 14 7 Aii 15 1

Intel Xeon E5-2650 NVIDIA GTX 980
s KN SEIR PN HEIR RLCore (4 17 fifs ESCore ¥4 17 it

R 10 1 65 336 -

L1 cache 64KB 4 48KB (shared) - vplist, rmlist, flaglist statelist, emlist

L2 cache | 256KB 10 2MB -

L3 cache 24MB 40 4 -

DRAM 64GB 55 4GB (global)  200~400  FIZ5HF (A, 14),Buffer 17 FEIS M AE (A, W), Buffer
12 #XIfE
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F B33 A B & K-core 45 14,38 55 210k 43 K-cores.EMcore 55 I 5% b B 5 K H0AEE 1) B B4 4R 1T, FL 49— 40 ik
35 T 3B AR B RO, T 303 A B R 7 1) 485 ) B 5 N K B R A B 1 B Khaouid 5 AUSTRLAS o ot
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VORI 2% N 4% core 3R 1) J3 38 1R 80 A7 19 448 P =4 0 0y w68 1 B AL B 925, 12 T A0 Sk 4 ) T 504

© TEBREEEEIEDT  htp/ www. jos. org. cn



kAT S :@®) GPU T4 49 2.4 W% Core 97 = HF A, 1229

HEAT 20980 AR A1 T BT 50 %) 24 A7 30 R AT AU Aol B0, VP A P v 4 i o B

Bifi 5 22 12 AR 5% 88 RN o0 A sUEEBE T S0 3 B, 52 2 2% core 43+ fiAE SIS AT 0 6 1) R RS 34T 55 70 A 2
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F H AT E % (level) X 4,38 E M7 40 3 S [F) 22 Alberto 25 ANISZE T 55 22 M 4% core ik (1) 23 A 20 S g, % TAE
% Google Pregell" (73 A1 201 S8 A% 3 5 F L core 73R J& 3 M 1) T S0 1k 06 4T 20 A0 QR S B, B 44 I 4%
PR AT AR G TS BB (Wu,core)) BEAT I B AL 35 45 48 5 Y L3R — 2B G B A HL 1S 3
B EIAZEL. 5 — O T A B 0 I SR 3 T core 2 4R H TR 5 % IR 28 11 3 AT SRS, SRR X 4% 45 K AT 45 4
SN AR AR Shin 28 NURIFH & 44 4 HEAT core 43 i SR I X 2 44 XV 4% B 4 M HEAT T IR NI 40 HT,
Forp AR P 2 BN G R . S T s AR I DA B RV S AT TS, N AT I 45 SRR AR A B AE DG (1 I
At 532 Wi ) A8 28 BR02% 0 ORIE T LU RS A B I RT3 T PR RE IR T 17X

X b B IR AH OC AR, AR SCHE GPU P & X 52 22 2% core 23 fif i LA SE 3L, R B GPU (1) £ Ab#1 4 #% S 3 core
SREE S R RE AT UFE A LT IR CPU SRR, AT DUSR (it Sl S 15 MR B 1 AL B RE ), B & m v e L IR
IR BEFE [0 35 H 6 B AR R BT 0, A 00T 72 AR 98 IRTE GPU F & LX) 52 4% 45 1) core 43 fift SR i3k AT 15
THFISEHL.

AL TAEEE T HERMEN core 77 fEAE GPU = HAT AL A ST I A3 HH T &%) core 73 [1) Locality ¥
PEM GPU BIMR AL 725, 50T GPU R core 73 il AL 32 I 2 i (9 S8R AN I B A B 52 5 1/O 1) EEAT PR Ak 1%
REEBEE PR AL IR AR SC TAE GPU F Bl Jy i PR AL SR BE A 3L T GPU I HAT AL HE R4 R E 5 DL— 2 1)
3 2 SC R, 3R A 9 AR AT F 300 e 4k 7 i A SRS B BE T R 2 UK R core 4 iR SR I B AR AL,

2 B M4 core PR E A S

Y E — AR M B GO ), U k-core T I G(K) TR i 2 GBS RIS — M ERERE DN KE G
B ST B AR B SUNELE IZAT M E RIS KRE k5 G A IR AU BT 8 % (coreness). 45 2 T A
ueG MRZHUR KB KR T35 55 u £ K AR SR T — A k-core 8U#H — A58 KL 4584 A /N5 % 52 4%
48T core 4 fifk ) R (1) 25 A M A dE AT IR

EX WEFMLE). 52 M4, ZR I LT 557 5000 1 5% 0, &N 48 P 3 s 8 B %, M
T8 A1 19 R A T AR I 2 2% X 48 RIS BT 1 3 K 7E 52 A P 4 1) R T =X b 3 o R 5 G R S0 R
RN NI (vertex) i (edge) it B 45 F T 2.

7 X B G=(V,E), &N V(G)={Zvili=1,2,...,n} B s8N n 5N E(G)={Zejli=1,2,...m} HL A m.45E
— M RFEV, oV, 4V, SRR T E GV A G —4 T B2 GV,) = (V,{(u,v) e E(G)|u,veV,}).

EX 2TRESE). AEiis ol u 5B G Hr 3 S k47 R, H AR E 4R nbr(u,G)E XN
nbr(u,G) = {v|(u,v) € E(G)}; 17 s u i1 & deg(u,G)H Bk 1) A4 45, Bl deg(u,G)=|nbr(u,G)|.ffi & &2 I, )5 &2 A 75 K
F nbr(u)f1 deg(u) 43 37815 55 u 7E B G RIAKJE AR S,

TE X 3(K-core). 45— G Rl—EH kA4 B G # k-core TRIIEH G, Ban AE G il 24— A
HIEED R K — MK T B, v eV (G),deg(v,G,) = k.

Y5 TE Kmax B G HH B — A K-core 25 477 7E 1 55 K AT BEAE KB4 B G 5T BT 75 [ 1, Koo ) 76 1B Y BT K 1L 1)
k-core £ #4)3 J2 1 R 4FAE:

vi<k<K,, G, cG.

EX 4(core ). X G FMEE—r veV(G),H core #EiE A core(v,G), K m N b v FTTEN k-core 45
MR B K 1 k E, core(v,G) = max {k |v eV (G,)}. At I, /5 2 N 2 K H core(v)kE /R &l v 7EE G %
4 core(v,G).

B — AN E G F—PEE KV, ={veV(G)|core(v) =k}, I G, =G(V,).
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3 THEIE GPU B8 M4 core 2 fRFH1TIREG

AT YA GPU [ core 43 SR g A & 5 S0 B #2.GPU SR A B T B 48 4 Ui 2 2048 Vi (single
instruction multiple data, &K SIMD)ZE4) K HUAE 1) AT 224, 38 T i I % 10 187 B AL BT 5%, 45 SC ) core 3 R 3R
W Be 5 7 e SCRE L = AT F B I SEEL.GPU ¥ & IR AU i B 5 HE R 1T 568 77 o, TR B 52 2 TR 465 1) [ 4544
s A vE s BB Sz BT A A8 £ Power-law 20 A 20, K Ik, E 44 48 1 core MR FE B4 &%
BT IRATVE L X8 L HR 2548 1) P9 A 43 A AT 1] SR (BB -5 I0, U7 1) TR /560,

T 56, FRA T 3 ) 77 N core 43 il K-core S5 H9 [)5E X 42 tH T RLCore SRB, B Ji[A] b 35X ) £ ] idk
1T 27 AR GPU RFE U ] — /N1 15,18 25 K A1 2 core G514 P9 IR 25749 AR 9% FE 20k 1 5 B 8 A% 58 B
s - 56 87 H BT 48 8 A5 10 . RLCore SR S2 P Update F1 Scatter P54~ GPU Kernel B8 £ 7l #4715 s A I 5
SBRIC AN AR JE S B FE T (PG TR T B 3.1 1) R AT EE T core 43 iR B0 R BB R RRAE, 45 O VR R A
K-core 514 NIRRT mUIAZ 305 T HH &2 core 25 AR IAR R ik — Dt FRATT4R tH T 28 2 A core 435K
W& :ESCore, %% 715 5511 core R BARIE H AR BT S 4N core (H AT ML ISR, FFEH HEFTA T &1 core
BB (PEA 8 WA 3.2 7). )5, 3 A11%F RLCore A1 ESCore $EME 2) 34T 7 Bk B L FE M GPU FHUTH
53 BT %t He.RLCore 3B AR IR BN Koo, 28 1T FETE R 2545 o5 AT ot [ B U 1) B B I, 2 R UK 2 10 N A7 P 98 0
B, 00 2 AN AR R BN — AN A A2 ik 22 7 A K 9 [R] 5 S8 1 T 4, 0 2 S SR AR RR A nT T R M R IR R B
ESCore M2 73 B IEAR T 5,4 B B 1 72 1 64T GPU TR T 1 [R) 20 # VR I i ok AR IR SOk T B %
1 1 core {H U SIFR & .

3.1 RLCoreH{T5HEE

TEXT A 4 2% core 43 I E L 4 W HEATHE S 4571 UK core 4 AR 1L BT 15 55 1 core {E I 2 10 R 19
E 1.

I L AEEFRMERIE G A viEE G 1 k-core M I AF2, S BAUH T A v 20FH kML E A
1L k-core [1]F Bl Gy H.

(R, 25 58 B 2 W 45 1 18] G FHBEEMA k38 VAN BR BT A BEE0/N T K B (U2t 2 Bk, BR1 0ht 46 J 4% o 1)
2 B, Hbric X Le = & F R B2 B G 1 k-core 251 Gy

s ik e 1L, AT E T 3T GPU T core 7 fi# i) RemoveList H ik H kI FEA B AN @HE 2 Frw):
B B R ) b 7 25, AN T SR 1 IS T AR T B BT I B, B B T R A 5T AR, R 208 A AR
B8 K K )= core & M FIEEA T @ BIAZ B AZ 5505 b R T 3 AN B5028 4 Sl 1 Sioxd 7 ) v ] 25 SRR, LA T3 1
) core 7 fRERAE.

o WRUBM(EEA vplist IEE LML core 2 3 2 B A9 s BN & S EE(E RN
), T8 BEARE B2 R 8 &1 R T IR core S50 Hoh R EE R, 8 — Rk M BR FEEEUN T Kk 7 UG, 40
JE TR B 2 R IR vplist B — R0 AR TR B R R IS U ).

o MHBR S rmlist. H TR A0 BB TE B R bR ] O AL HE 78 BUE MHBR IR B S A1) core 7 fift
¥4 — AR AL AR T ATE K-core 4514 (AN 2 B AL KO A2 119 5 42 455 LA bool I EE(KEEN n) (n,x,,....r) X &
A AR TE MR PR AT AR .

o RURSHLEA flaglist. ® [EEIFE core 73 fif HH M BR AN A& K-core 4514 B R 5 T M B P a5 4D 00 )81 R 1Y
B2 B RATANEE flaglist DAFRIC & s AE AR08 O BRIRAS 5 75 B2t — 20 5% H B IR 410 Jm i 48 b R 1)
RSO RUEE AT FE A AN 2 24 FT 8 k-core 18, M AR 12 M Bk 7S ELXTRE flaglist 7 45 18 99 BR, R 2 M bR
ANTE R L bool [l i (K JE K n) (s,,5,,..005, ) SRIEATHRIE B PP AR SIS BDIRA.

FRAE ik g 3 1,36 T GPU () RLCore 5B, BEAR M N A 5 2% I 2% 1) 1] G AN A1 3832 A 1 425 11 1) 6 )2 k-core
BEHUE. 550, B & FPRESARIE device_finish 145 M BR SRS OPRIC rmlist length; 73 A6 2 ik 3 /M4L
#11¥) Host L&A1 Device A8 &8, TC 31 mUB M MR 4R DL RURASBLFR 1,5 Device 28 &k 4T 4247 47 Bic
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IF T Host Xof [ A% 5] 5 37 SR 30— 20 3t %00 O 2R I 2% core 70 R AL BRRAE 7 72 WP 4> GPU K kernel.

Block /4 (1Y Thread ]

T

BEREH

wplisi[V] (218 [5]3[2[a [¥]

Al e e HR A R A
rm};;.\-;[l"] [oJoJolu T[] mesams
11\5.‘&24'1[[ ] I [ ] ] | | o faglisi[ V]

flaglist| V]

< Scatter kernel >

Block /4 (11 Thread |

REEA MoToJoJo 1 [1]1]

F

WA T Tals]23]117]

edgel V]
FERA

vplist| V]
(b) RemoveList 2 2 2540 J& 77 i [F] 25

(a) RemoveList 5 1 25 % i fUIR A

/

31312121111

Fig.2 Parallel execution flow of RLCore core decomposition
Kl 2  RLCore AT 3K B I A2 7~

H % 1(a)H 1) UpdateKernel A T 28 1 40 3R, AN F2 iR Fr 78 Block 1 threadId J4) B 4 1 — AN B 75
RO VAT~38 247),45 5% /v 5t rmlist 1 RFR & r AT AIBTCGE 5 4T), 8 F O BB, U s v © R8T 4MZ k-core
SER, T W Ak SR B W vplist FFRTIC I AL v (02 BT deg(Viewr (BB 7 17). 1 deg(Vi)eur /T 2480 BT AL 3K
core 1% % keore, LB v; J& T 240 core 454, B, v; ANJ&E T 2470 core 4584, %) rmlist AR1C 51 Bk 05 vi(BF 9 17), - bR ic
flaglist 5t RIA7 A true(58 10 47), 37~ v TR B3 131 I AH B2 i R IBG 1 320 48 2 40 0 Bl DR b 75 2 33k — 25 0o 2L 4R J

R AT IE.

E % 1(a). RLCore Flag Update Kernel (RemoveList 581 f s B2 IR 2 5 37).
B N\ HHE B Graph, #% 5 k-core, &8 1 B B4, vplist, i B s 46470 rmlist, SRR AL flaglist;

% th :remove ARG rmlist.

J71%://RLCore HI%5 1 2 Step 1: Update the RemoveList and States of Vertices

(1)  Tid=blockldx.x*blockDim.x+threadldx.x;//GPU £ %5
(2)  IF Tid>=total count of vertices in Graph

(3) THEN return;

4)  Vid=Tid; //GPU ZfE<=>Vid i /5

(5) IF rmlist[Vid]==false //Vid % & K124 B &b FAR TS

(6) THEN

7 IF vplist[Vid]<kcore //Vid 75 s 1E 24 7+ & i
®) THEN

) Set rmlist[Vid] value to true;

(10) Set flaglist[Vid] value to true;

(11) AtomicAdd removed count (rmlist length) by 1;

7% 1(b) ScatterKernel 3 T RLCore 43 f# (156 2 D20 IR X 5L 1(a)F flaglist Frdric 093E BR St — 2
HEAT AL T MR T A8 T2 core S5 K B m, [FI B s BT SR U0 t — FE gl M B 1, 81 obbe 95 22 50 A ok 1) R 46 1Y
B8 E S B — B M UMB IE 8 7 flaglist Anic A B2, % CARIC 1 A AT 40 R AL PR R 38 P A B SR BRI 1 4K,

W A3 450 45 100 1) &% 1, 5 BT BT 400 8 A5 S W A 5 0 DI, e oA A D e, D0 5 By L b T 8 B 380 1 R 1) 3 A e s
H3 .

s firstedge _index AR ¥ &1 id, A3 22 1 KA RFIME.
« lastedge_index MR¥E LAY 1d, 153 B H 5 — KU MRG0 &
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« edge_dest MRHE U MR 51,15 %L £ 5/ id.

&% 1(b). RLCore Scatter Kernel(#R 3 RemoveList X 41 J& 55 55 1) F5E 5 41 5 57).

N B4 B Graph, 558 R FE U vplist, I BR s SR ARIC rmlist, s AARZS 67 flaglist;

K < A R TR S Y wplist.

J71%://RLCore H1%% 2 2 Step 2: Update the degree of neighborhoods for new added vertices in rmlist array
(1)  Tid=blockldx.x*blockDim.x+threadldx.x;//GPU £ %5

(2) IF Tid>=total count of vertices in Graph

(3) THEN return;

(4)  Vid=Tid; /GPU ZfE<=>Vid T &1

(5)  IF flaglist[Vid] value is true

(6) THEN

(@) Set StartlD value to the first edge index of Vid vertex invoking Graph.firstedge index(Vid);

(8) Set EndID value to the last edge index of Vid vertex invoking Graph.lastedge index(Vid);
9) FOR EACH vertex ID in StartID to EndID range /% Vid HI4R & & 838 [

(10) Set DestID value to the destination vertex invoking Graph.edge dest(ID);

(11) IF rmlist[DestID]==false

(12) THEN

(13) AtomicSub &(vplist[DestID]) by 1;

(14) Set flaglist[Vid] value to false;
3.2 ESCore#{THHEg

TATRT E AL core 73 fRHAT #E— 30 5 EHE S ARYE core 23 A 14 JR) 0 14 58 B2 B X % N1 s [ core
IR 8 AR AR 2 B0 AT L S B D R BT,

TETE 2481 A e I G AT v e V(G) (% 5 core(v) 2 20 7 it 3 2 4m T R A

1) FEEFHNEMERIV, < nbr(v), i /2: |V, |= core(v), Xf Vu eV,, core(u)=core(v); H.

2) AL R U1 T % MF1:V,,, < nbr(v):|V,,,|=core(v) +13f B} Vu eV,,,,core(u) = core(v); #f— &, ik
IR TE LA TE Uy U, Us,. RN T s v I K-HE AR R T L BRATHE S T W TSR A =

core(V) = Ky, i /2 [{u e nbr(v) | core(u) = k}| = k 15K k {H K, (1)

AE A

VOEX 3 P —ANE G OMIAE k-core T G PHMER T A VLR T A WeV(G).k<
core(v) < deg(v,Gy).

OV B core(v) I TE B K, deg(v,GY)].

SEH PR v BH K AREE SAE k-core 1T Gy .

SO RV IR K AR R AR B

{uenbr(v)|core(u) = k}.
RV RS core(V BRI TTE Gy AT JE AN 2 B
core(v)=|Vy.
LAR & MU |{u € nbrr(v) | core(u) =k} = k|, Bl coe(v)=k I 4 1437 &
|{u e nbr(v)| core(u) = k}| = k.

2 BT R v A% B core(v) I L BRI 2 bR SR A AR Y KA. O

FR A 2 2 BRFPE A A 301, AT e 9% T8 s b B 28 48 (1) core 70 fRFE GPU b 1) S2 L EAT AR AL Lt ]
3(b) T, ESCore S M [ 2 A4 BUARCA 3271 20y HPo O BEAT IR AS B 37 Ach B, JEL % 40 R BT I, 52 20 X 4% &1 Ph F /1
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HRAE B O AP U AT W96 06 % B R ARZ BRI BS99 it 2 AR &0 J P [ 20 O A% 380 98 i R P e i
EH I 0 SR ERT U B O R B BE 2D i, — BT R B M ST R BT L A e AR BB A
FAEAT RSB 9 Ak R AR 5 B 2 (B A5 AR 0019 i u IO AR B 5

1) AP AR b R 5 R R KT B S5 T A u I A AL

2) AT R TS BT SR AR B A .

| BlockM [ Thread |, |

REEY rrmm e
statelist| V] £orfolf 1 Forf 1 Fodbod]

pUE e
edgeyy L0 L[4 15]6]7]..]9]
weeeeoyplistd oo 5 . count Update
o - bk : =
IR Atomic - o
..... vplists oo | -4-{-5- mm}“_] HEHEBIE
(a) PEREBI 15 RemoveList Mt vplist 5 1 B (b) Estimating %0317 Vi 72

Fig.3 Parallel execution flow of ESCore core decomposition and atomic operation overheads in RemoveList

K3 ESCore 5M& AT HLAE 5 RLCore SEM [ J5L 7 # A 73 Mt 2 41

S35 2 H ) ESKernel 3 2 A T &+ € # 2 1) ESCore AT TH R S L N A 22 M4 11 B G5
DBEAN T R SR AL B o ) A R B D SR AR 1T core BB S5 RAEELAL emlist. 73 4h, 7% FE B 7E 1% 4
AR A BT S R S B L S R KRR TE A Sl statelist AR IS B — 50 B # AR
B, TTORE AN Bl K19 i R AN 5 BEREAT AR AT o 5, AT AR T KRBT TH B 40 0 1Y it vl 1 W FL 0 Bl IR 2 ok e
B2 5 ECE 8 4T) BiEVIZA L COUNT Z4Hic M 1 B vi I 2 B2 E([1,core(vi)eur]) T8 B BT L& I X 52
R v A1 BT S AN GE 7 47), B X LA T core(Vi)eur 55 Vi 548 B A1 24 A A% 0 B IME B count 220
G 11 4T~55 14 47) R4 1 <i <core(v,),, T ) COUNT[i| 4L, 2t — B2 vi 408 s P R T4 F K
RN SUM(ES 15 47~35 19 47), B3 2035 2 54 {u e nbr(v)| core(u) = k} B4 A ANH0 5, AR 4 e 28 2
) A (), FIW 5% A SUM = K AT 15 31 5 R R 2 Sk A 0 KB AR KBS core(vi)eur HUBL/IME 75 21 5E 8 (1755
BV B RTAZ B I ARE T AR v R, T — 8RR TR (B 20 47~58 23 47). 500 2 FIA TR E B E M
25 BT T A BEEIR S RIS B 1L R statelist £04 A F AR false IR,

&% 2. ESCore Kernel(Locality J& ¥4 1 & SRS 550,

SN B B graph, sSSEE T core PEANE 2 emlist, sSEEIRZS AT statelist;

i VRN core VPANE $U4E emlist HH{H.

J71%://ESCore

(1)  Tid=blockldx.x*blockDim.x+threadldx.x;//GPU RS

(2)  IF Tid>=total count of vertices in Graph

(3) THEN return;

(4)  Vid=Tid; //GPU ZfE<=>Vid i &1

(5)  IF statelist[Vid]==false //Vid i s PR

(6) THEN return;

(7)  Set Coreg, value to emlist[vid];

(8)  Setup COUNT[Core,,] array to record the number of neighbors related to core value;

(9)  Set StartID value to the first edge index of Vid vertex invoking Graph.firstedge index(Vid);

(10) Set EndID value to the last edge index of Vid vertex invoking Graph.lastedge index(Vid);
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(11) FOR EACH vertex ID in StartID to EndID range //%§ Vid (145 J& 55 £E3 77

(12) Set DestID value to the destination vertex invoking Graph.edge dest(ID);

(13) Set POS to compared Core,, with emlist[DestID] invoking min(Core,,emlist[DestID]);

(14) COUNT[POS]=COUNT[POS]+1;

(15) Setup SUM value to 0 for recoding summary value of vertices count;

(16) For K in Coreg,, to 2 and K--

17) SUM=SUM+COUNTIK];

(18) IF SUM>=K

(19) THEN break;

(20) IF K<Corey

(21) THEN

(22) emlist[Vid]=K;

(23) statelist[Vid]=true;

33 KWL 5iTie

1. RLCore 5 ESCore TR M) 5 4% & 5T Lk

MRS [) 52 2% B2 F >k RLCore #ilg 5 ESCore HE - 1) 5092 1) B A5 PRI ARME 5 A v 5 FL AL f5 49 s g AT 38 /77,
SAREEIN O(deg(v)). H 1 ,RLCore 7 E it — B HHERTT SR C rmlist A BRI EEEA vplist FEATHFI, RN
O(2n);ESCore i 3t — D AR5 &1 1 A AR JE A A J2 B0 5 T 2 2% 1R 1 &0 & 55 s O AT 0 LE SR R e
O(Kmax), 1 — AT 78 L3 IR Kipax < degman. 1L, 45 78 IEARIRHN 7,RLCore FEME ) e I [A] 52 2% 04 O(7-(m+
2n));ESCore g 1S B 7] 52 4% FE 358 O(7(m+n)).

M TR 5 2% FE oK RLCore S M 7 241 7 o W) A2 B, G459 AR B B2 AL wplist MBS 1Y R AR 10
rmlist(K & rm_cnt) 5 S HLRAS L flaglist, 9 A7 (5 8 FE4 O(n). FIF:, ESCore 3R I 75 ZE% 7 s LA @RS A
statelists PEAA{EZ emlist A1 A ECE DT EA count, NAF 5 H AN On), A 1t RLCore 5 ESCore HHE K]
7S [E B 2R B O(n).

2. GPU R IFATAREEXS LE

FEASL AR o 3RAT3E— B A GPU BN A7 /2 200 BT s v i S 3R 47 70 %k b, 32 2225 18 an R g A J7 1.

(1) AL &I R A

(2) BIEAE GPU P WAF A Gl 73 A

LIRS IR E T GPU T I BIEIFAT BE B8 B R A S5 AT 14 BE: AN RLCore [IHAT M BE KRB, B
R B TR IR ) 52 25% FBE R 2% 1) 52 % P i 8 ik B e (04K, AR T 3RAT 1 R B0, RILCore H S 1) 47 SR AR FH K &2 14 i
BAEREAT B BB (A 3(a) TR, 22 5 BUE RBUEIFAT B 00 [R5 TR 89 48 K JE /2 RLCore 7EALBE DL S
e R ) 52 4% X 48 S5 R I, 22 S 2R (R N 55 [R] — AN 5 s AT B8RRI O 1 ORAIE — BUME 0 Z5U B 5 s R S
NHEAT JE T PR A IXRE 4 0 25 SRR B 1) [F) 25 JT 48 AH EL SR G ESCore SIS H T 52 2% I 25 1) = 3 1k 58 2, %

A0 5T ST R B AR, e RIE BEAIC A 22 T 48, AT A B GPU b 3 R AT BE AL .GPU B K&
4 J7) A7 (global memory) it % block 2 [] {1 4 Jm) B4 52 #2, 1M %% block A7 J 57 AN AR i BE Bt i 3L 52
M £7(shared memory)#! Cache. AT IX BIA™ core 7 fifk 5K W A HE /£ GPU A7 H 474 B0 43 A b AT 43 B, W3R 1.4
EEok % ,RLCore Al ESCore 12 [T 7 22 (11 3L 52 W AZ 4 O(n), 04 45 1) P 45 1 Bt 2 A7 T2 Jmy N A7 .

4 £ B

NISUEATSCHR P RS T GPU AR A M4 core 73 A SRIE, 55 A 9% AR IO AS A I AT B 2R T S AR AA]
PRENE B2 R, BATEAT T — R B AV I UE S50, SR A 1A [R) RUASE (8 I8 16 30 52 52 2% IR0 4% 8 g 10 i AN T 1
FHAR AT 7MKL, B B T AR [F AT RLCore 1 ESCore JH4T 22 M %% core 43 A SR IS 1A 21
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PRSI AT F M SRR AE . A\ S 56 s BT WL, 5 te CPU R AR R vE T AE, 5 T GPU HJ RLCore 1 ESCore & 2% M
%% core 7 R SR B REASTE MR RE Lk B 2 /b — AN R F IR TH, 36U T A SCATHE SR bE (1) 2.
4.1 SEIG I & 5Benchmark

B A SCHE B 2 I 4% core 7RIS ERC B NVIDIA GTX 980(16 > Maxwell Wi 4b¥E#%,128 Cores/MP,
4GB GDDRS)) TAE 3k IR 55 2% b 56 Bl i, IR 45 45 W 347 A0 GPU Vi /751 FUfic & S B G EUE R 1R %S 2%
Host it B 2 4~ 10 # Intel Xeon(R) E5-2650 v3 E 4N 2.30GHz ) CPU F1 64GB kK /)Ml DDR4 P 17,1
R B 512GB 11 SSD f#fifi it IR 55 4 5 AE RS RH Ubuntu 16.04(WAZ AR v4.4.0-38), L EIRA v7.5 1)
CUDA/CHJF K58 T A AR 4 3K F-03 #53, BC B H b5 GPU B 1) streaming £ Ab P28 2E il 2%

ARSI 5 R A A A W] L2 2, BB 4 S TR IR Y B S A 2 I 5% 445 44 I B4R (http://snap. stanford.edu/
data/index.html)F1 2 AN N T4 35 A2 BRECHE 4 R FH 10 S0 56 2 4% 4 150 LA AN (R BIUARE K /N B AN [ 45 440 43 A e R
AuthorsDBLP 1 Livejournal #4480 5 44 41 22 W 48 $ 48 42, 31 e 7 9 P[] (9 DR B O &R (A 1R & A1 ).
Webbase M U184 ¢ R B 48 48, Road-CA A3 < M (Califormia) i [X 1) 53 2% 2% X B 48 £2. 53 4 1> RMAT 44
P4, R Powerlaw 4745 9 RMAT A T4 s o4 1B 45 4 BEAT [ 30 A B, 15 8 FH 9 Graph500U S i 18 42 1)
fic &, B B0 4 i 240 a=0.57,b=c=0.19 AR 532 Gu it AT TR & MR B M i R E L. = KIEES P
FOEAT 0T 3R 2 BT R & 5008 45 B A 22 80K 1 A P 5 5 1 2 A, R 008 A e R B0 E AR SC AR B R0

Table 2 Evaluation datasets
Fz2 R
SRMSEHIEE  WALERDNV BERDE BREH(degnn) BRI E (Kna) TP (Kag)  TULERFER (5)

AuthorsDBLP 299 067 977 676 115 112 2.81 4.85
Webbase 1 000 005 3105 536 4700 494 2.7 10.52
Road-CA 1965 206 5533214 12 5 2.32 4.21

Livejournal 4847 571 68 993 773 20293 9180 8.54 147.23

RMAT23V67E 8 388 608 67 108 864 133 570 415 8.60 56.18

RMAT24V134E 16 777 216 134217 728 205 772 531 8.99 141.96

4.2 SEINEI

T R IUEHET GPU T &M E M4 core 7 fif I /> I 1 P R, S0 B0 AIE 5 0 B sl AR 4 /N J5 T
AT T AT R GPU T [R5 2 M %% core 43 fif I 45HIE.

1) A2 T AE M A st o5 #6281 GPU 3135 R ) RLCore 1 ESCore 5<% () #4414 B 3 AT 1F Al R AT 11 5T
P TR R A2 BB E 2 4 core 7 R 5H1E:BZ A ParK Bk, BRI E 1R,

o BZ SLVAPL LR ML G 0% BZ Sk, B TR AT A0 B L E BZ AT CPU LT,

o Park HVEP: £ 4% CPU AT AR MERE. SCUOTCE N 2. 4. 8 F1 16 Lofe 2 AT AL FE IR 5.

2) Kernel $447 R %t He: E & 43 4 RLCore F1 ESCore ] GPU kernel FF4T $0AT R I 5 BEARTF 45 EL ).

3) BB 1 Ak 1 e X LE 35 B 4 AT RLCore Al ESCore 7E GPU JiIE '~ 9 A B 45 # B 77 =03 47 Ab B 3
£t 2 (traversed edges per second, & #% TEPS)I X EL.

4y EARUCSER 734175 2 EMCore WS X 14 REIKI5Z MR, 3E— 25 43 BT ESCore 1EARFE T SUE MU S ZR.
43 ZLWERRSH

43.1 HHKXITIEXLE
4T 3&3E RLCore 1 ESCore JF47 5K B& [ P g, FAT 15T B B RLCore 1 ESCore FF4T SIS K H # GPU RLE.
N T ARUE D250 A 0 AN 2 P 14, PE e S A0 HE B T 25045 Tl Ak 225 00 28 31 M A7 (host memory ) F) B[] F- 45, 3% 4
AR T 10 RS0 45 FECFIAE. 5 4, BeAi1E— 25 43 #T T RLCore F1 ESCore W& /£ GPU F4AT 1 A~
s A& 5 Bt (HostToDevice. DeviceToHost) FIHAT B B (kernel execution) H I A 44, 3 43 B HEAT FE &
TEMERETPAE S2 36 b BATSE T T BZ ik, ParK(2 4iF2). ParK(4 Z6F2). ParK(8 £Zk#%). ParK(16 Z&#2) LA K
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RLCore Fll ESCore & fF:AT AT IS IZ TR ). 03 3 R, AP T A FIlC B SRR SEI6 45 1.
3 PATIT (A A7 s Fo b e AR A G DD AT FR 10 MT Ros 2 AR RIS H IiC &, BZ 2R F B 4672
AT BT 75 B 3R AT B IR, A 2 22 50 T B AR Hp 25 A B8 A B 000 B [ 1) P 350 4L TRD B, R AT T %S HEAT AT 5K
W () B EE AT AT T AL AR E. N AT LU L EE TR AR 6 MEEIREE+, 2T GPU & FHATH
RLCore F1 ESCore % & 1% 15 2 5 A0 A0 1 BE 2R, Hinid 3 &5, H /F ESCore 7F 4 MU 4 L 11 BE R I i
ff RLCore 7E Road I RMAT23V67E P 44 4 b (1) 1% g 3 I &% 0, X0 b A2 M0 O B¢ &5 4 |9 I 4%
RMAT24V134E BEETE 16.3s < WHAT 58 core 43 fif, B L AT DA KR B R 24 4% core 40 iR I BAT 2R,
H 3 T B0 B0 I, 76 8 SRR RV 20 A 1) L s R v B s 45 3% T GPU °F 4 T #9221 RLCore Al ESCore
VLI AT I 1) B8 B PR R 2 30 (LR P AR A, X 1 5 A S B 3.3 71 R X B9k BT A S 1O I T 4R 4 A iR T 458
LR

Table 3 Runtime (in seconds without preprocessing) comparison over various datasets

%< 3 RLCore fl ESCore & 5 4 5¢ TAE BIAT PERECA B & 250088 Tl b B2 5 25 9 A2 B B X L

eI BZ  ParK(2 MT) ParK(4 MT) ParK(8 MT) ParK(16 MT) RLCore ESCore
AuthorsDBLP 1.85 0.61 0.64 0.48 0.52 0.27 0.17
Webbase 32.17 19.41 12.24 6.55 4.38 5.13 3.6
Road-CA 1.35 0.95 0.58 0.34 0.29 0.11 0.15
Livejournal 491.0 256.2 140.1 80.1 46.3 28.2 15.1
RMAT23V67E 197.0 119.9 73.5 542 41.4 16.18 18.6
RMAT24V134E 548.6 275.4 174.5 130.6 92.6 21.9 16.3

#E—25 43 #71,RLCore Fl ESCore H ik Lt BZ HiEfEMERE LA WK M3 &, B 5 N AE T BZ BRI 8
PE R AETE BT b, 1 B B B 2 AR T R AT AT RE ), a0 B 1(b) s R4S BZ (BT IR) 52 24 B 9 2 14 R T 5 9
BRZHERIF RN LG — DT EAAIEN 3 MU SR core [EEH LA EH) J & 1R
FrIEE It B 3 AN RS AT B T S 5 7 1) ok A2 mP ol 1R I S, DR, DK R A 1Y) P A b 2 [0 4 Y 1R
IR S BZ BE A T 31T 38 4 E 3R B RLCore Al ESCore HE IR 32 35 T GPU £ ZR I, 73 73 A
Pt 75 R0 R it -t core A3 FRHEAT T AT ILFEAR AL, B 3 PR T £ LR AR N AE bk U7 ) — B T A, 3 0 T B
BR3P A, 5 ParK SEAAH LK, RLCore 5% B 1) S IIL R B A AR Z Ak, 320 °R F 1 20 2R R 5 I o 4545 o S AR 4
H AT R F (leve) X2 ARG B 2 A 35 T8 551 core {8, B/ IN 18] 8 44 ¥ 94 O(m+n),ParK 11 RLCore 8
SIETZ AN BT A B R rp e A2 K B R T [R) A5 T8 (atomic); AH B 1T & ,RLCore FIF flaglist X255 554K
BALFEAT R DR B AR T SRS T A S ALY 5 ESCore A LL ParK 111 &, F H core 70 ) & 3 1 BE AT
JE AT SR RS SR, AR T K R — T AR S R AR A F P R, & T GPU R AT I T SR B S I H
TLF 3,3 — B IAIE T A SOt 12595 RLCore 1 ESCore M1 RS 3, AL AL R GPU & AT IR s &
F: % core R IIBAT 2R, T B AVALE B AT RS R AT M R A

R 3 R, AT — 518 3] RLCore Fl1 ESCore #1% 5 BZ A1 ParK 532 i 76 2l A i 18] 1 052 bL AR
BT BZ HE,BRATIE 4(2) AT LLE HASCHR H (12T GPU 1) RLCore F1 ESCore 5 I 58 %535 I & Lt
8.8X-33.6X.[ifi & I 45 K4 (1 B0 H 15 A ARG 58 R M8 K RLCore Al ESCore M G815 32 L H 5 4 1) v e in it
L, B a0 7E RMAT24V134E %445 I ESCore MR I AR, REB2 1A B 33.6X HIPERR I b R M T 24
CPU FHATH ParK 7%, RLCore Fl ESCore & [F) 1 Bt it 125 2 m] UL KT I L, AN 8 ZeF2 A 16 2672 T 1 ParK
SR AT &5 B REAT T S 005 b 20 #r, G B 4(b) T 4(c) BT T A SRS AE i X L 8 ZR 72 T 1) ParK B ikiA F
2X-8X AN b, 6 HE 16 ZRF8 R ) ParK 03234 2] 2X-5.6X 153 b, 1 B X6 BE (0 25 7T BLE R GPU Y
TIE 15 2 45 core S AR BERE KIR IR T2 4% CPU N HITERE.

© TEBREEEEIEDT  htp/ www. jos. org. cn



k3T 8@ GPU -F 4 49 2 M Core 5 & 77 AP

1237
BRemovelist @ Removelist 6 B Removelist
WEstimating 8 @Estimating B Estimating
30
X o T
B 20p =
= B
2 =3
10F
P A L © S % 08 % b ot 0 3 O %
o NG Al - oo -5‘\1{"‘ > \‘?b 2007 o\)‘*\lbq\" oOva® rbb’.o\‘st“-lb‘q\?
S T e a8 O Vel ?.3'1.‘:@ o EAE Q’f’@&
N oM o S Rttt o RO
Dataset Dataset Dataset

(a) RLCore 5 ESCore HHg T L BZ B3 (1 Ik b

(b) XFLE ParK [1) 8 £k#2 (c) XtE ParK 1 16 2k F2

Fig.4 The speedup ratio of RLCore and ESCore vs. BZ and ParK algorithms
Kl 4 RLCore fl ESCore #1541 5% A A 14 RE I i L

432 Kernel $WAT R X} L

T BTN SEIEAE GPU L) kernel 147 1 g, 3AT 1% RLCore F ESCore WS 7E GPU _EHIHAT 73 A i3t
177 BB 5 B T AN SRR AR GPU L — R0k ARTH SR BT EAT AOBRAE 10 20 A 1 100, £ 2B B T HostToDevice
1 DeviceToHost 1 ™84 A& Fr#4F 1) Gt v+ FH B Al Kernel Execution HIFHAT A B M & 5 1] W, RLCore #ll ESCore
FEAT HEHE 1K) K & I 45 7E HostToDevice 404 &% 7144 L, Kernel Execution [T FF84 &5 T 1R/ BG4, 3L
RLCore [¥] Kernel $447 5 LU 7E 18%~38.5%< [],ESCore HH& ] kernel 44T i LL7E 3%~23.8% 2 [A], H ESCore 7£
kernel $4AT I ) DB 241 T RLCore SEHE .25 5 3 B,GPU T /4™ 5 B 1) kernel bR UHAT a1 2L, BE 85 B K b 42
THE R core 73R MITRAT PR BEAT 21 7 KIEHE T

RMAT24V | 34E RS RMAT24V134E

RMAT23V6TE

Livejournal [EES

Road-CA [IES

Webbase [ = HostToDevice
= Kernel execution
DeviceToHost

AuthorsDBLP IR,

1 10 100
Average elapsed time/lteration (ms)

(a) RLCore 47 HEH& AT B 8] 43 A

RMAT23V6TE P
Livejournal |8
Road-CA
Webbase

AuthorsDBLP

= HostToDevice
= Kernel execution
DeviceToHost

10 100
Average elapsed time/lteration (ms)

(b) ESCore FAT 5 B P AT B[] 734

Fig.5 The execution time distribution of GPU operations for RLCore and ESCore
K5 RLCore 1 ESCore 7E GPU b I AT AT ¥ % # A 04T I 8] 43 A1

4.3.3  EHGE A Pk BE X EE

T &AL GPU F core 43 fif 1) B $HfE U7 ] 14 B8, 3 AT 1% RLCore 1 ESCore H47 & 45 — 50 1 AR 2 77 1)
TR % (traversed edges per second, [ #R% TEPS)FEAR1E T % Lk, I\ 6(a)H 7J LA H ,RLCore F] TEPS f8 5 7E 5
AN 2 P Bt 2RI 102 T3 9%/s~217 T3 5k/s;ESCore ) TEPS $8FRF I 131 J55k/s~406 15 5%/s. 15 1k, ESCore
ff] TEPS 4R AH E RLCore SRS ZARAL 1.3-2.4X. Bt 190 2% %04l 5 (1946 K ESCore [#] TEPS 75 ik 1 RE 4R n R B
35 AL, R 35 BH R GPU I ¥ RLCore 1 ESCore HEHE BE 1% KR FE 52 F+ B 04T R0
4.3.4 ISR L

N T BAIE ECore S M 595 A3 ARUS SR (1 5 1, FRATTNS 47 s (0 SRR BT T 0 A (ln &I P 6 %), 9 F it 1

© P EBEEG T

http:// Www. jos. org. cn



1238 Journal of Software 2kfF 4% Vol.31, No.4, April 2020

TR EARE BEBTT s AR KN & b 3, % B8 1) ESCore SRIE M EE 1 A0IEARIFLH/ETT AU E] emlist HI4G1L,
Jer SRS AN W S AL, PR e — RIS AR ST T R B BUA B B AR a3 B 6 AT LR HL & A
(7 7 A RV A 1) W 48 BRI £ core 2 Aot 52 o ol SEIT 15 e S A Bl i B 20 A th AN 22 4, 1) 4, Road-C AL 1% 9 1) £
PRAEAEREAT 4 FEIEAUGZEA L FTAT 5 /U0 core CLIASE 5 SR IEANA AT ST 1Y /5T Livejournal A58 9 4%
RS R 1R 71 R ST AR A TP 02, — R 50 Rk ARUS A RBIE B 1% 7Y mR SR B T USSR

4x10¢} WTEPS in RLCore 9 AuthorsDBLP
@ [EPS i ESCore = — Webbase
1L 8 Road-CA
- 2 Livejournal
@ 5 RMAT23IVGTE
e 2F - — RMAT24V134E
E 3
1t 2 _
-] e
0 1 i ——
Q e P A < 2 20 30 40 50
o a0 ;\Q’L : S5 NETY A # Iterations
\\0{5 3 T .\‘:\_,\_ P:r\’f’ r\_.'h\l
,;\\;\ A\ Q&‘I\' ?},\'ﬁ
Dataset
(a) RLCore 5 ESCore 4T & i1 #5 H: % (TEPS) % Eb (b) ESCore FHAT 5 W& P AT B 8] 3 A

Fig.6 TEPS comparison and updated vertices ratio in iterations of ESCore core decomposition

Kl 6 TEPS fatrhf t 5 ESCore & 2k ¥ £% 73 fiff Hh A 5 16 AR B B (9749 s 0 o LA O

R4 DL g Fn) LS B AR ST R HE I 3 F GPU #) RLCore #1 ESCore Sl AEE N J4 W 48 7 i iR ik s vk
AE () AT A3 Be % ST KA AS S . T 4E | T8 % A2 100 X 55 45 2R TR 57 2 X 6% 1) s 38020 W A LG T I
25443 fif WS AN BV RLCore Fl ESCore SEMEHI A GPU (1) AT FREE ATk B 81£5 1 1 e 48 - [F] BF, A SC
RLCore Fl ESCore 5% GPU kernel EAEUHAT =i 3%, H ESCore TR W& 1 ik MR 5 I8 B T 406 T3 5% /s.

5 ZRIE

AR R T2 R A 251 core 43 MR IAIPRAT P A8 inl 8L 32 H T T 70 B8 9 =i 3K GPU - & R IR 44 M
%% core 43 f AR AL IR0 HE S A0 SEBK 1 UT 5 SEIL T S8 AR B R U481 core 23 iR HE S 52 T RLCore RIS F)
F GPU IR M Re Al 35, 68 IR 28 1 Je 1) b (171 sl AT i 73 A 38, A 22 933 2 HEAT core o3 iR L IR AR SCHE— 20
T core 73 fif R B ) 5 B4 TOE M T2 B I R ALK ESCore SEBE 0T &5 AR A0 E 1T AU S T E
HEAT TEBT, T ASE 15 23 09 core (LR 2 IRAR RE 08 (50 21 40 Bk AR UH 8, A BURAK 1 78 = 9747 GPU THE IS T 1 [R5
PRAETFA. S90S F 6 20 B A A RIS K /N B A TR 485 460 0 A 1) 52 2 9 44 G W iR A7 3R 0E, S B N T 12 I BZ 35
HEFZ % CPU LRI AR BE ) ParK BIEIEAT EREXT LU, 2 M BEIRUE T AR SC TAR R e FIAL 8. T — 20
VB FRATVHE S kS J758 B 22 45 11 core 23 fRBEAT =i rT ™ RE AL AR AL, R FH GPU ZEM (1 70 A7 it LA BEFR BT SR 3
core 73 fit.

References:

[11 Shin K, Eliassi-Rad T, Faloutsos C. CoreScope: Graph mining using k-core analysis-patterns, anomalies and algorithms. In: Proc. of
the ICDM. 2016.

[2] Han ZM, Chen Y, Liu W, Yuan BH, Li MQ, Duan DG. Research on node influence analysis in social networks. Ruan Jian Xue
Bao/Journal of Software, 2017,28(1):84-104 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5115.htm [doi:
10.13328/j.cnki.jos.005115]

[3] Batagelj V, Zaversnik M. Fast algorithms for determining (generalized) core groups in social networks. Advances in Data Analysis
and Classification, 2011,5(2):129-145. [d0i:10.1007/s11634-010-0079-y]

[4] Cheng J, Ke Y, Chu S, et al. Efficient core decomposition in massive networks. In: Proc. of the 27th IEEE Int’l Conf. on Data
Engineering (ICDE). IEEE, 2011. 51-62.

© TEBREEEEIEDT  htp/ www. jos. org. cn



k3T 8@ GPU -F 4 49 2 M Core 5 & 77 AP 1239

[5] Dasari NS, Desh R, Zubair M. ParK: An efficient algorithm for k-core decomposition on multicore processors. In: Proc. of the 2014
IEEE Int’l Conf. on Big Data (Big Data). IEEE, 2014. 9-16.
[6] Montresor A, De Pellegrini F, Miorandi D. Distributed k-core decomposition. IEEE Trans. on Parallel and Distributed Systems,
2013,24(2):288-300.
[7] Zhong J, He B. Medusa: Simplified graph processing on GPUs. IEEE Trans. on Parallel and Distributed Systems, 2014,25(6):
1543-1552.
[8] Khorasani F, Vora K, Gupta R, et al. CuSha: Vertex-centric graph processing on GPUs. In: Proc. of the 23rd Iint’l Symp. on
High-performance Parallel and Distributed Computing. ACM, 2014. 239-252.
[9] Wang Y, Davidson A, Pan Y, et al. Gunrock: A high-performance graph processing library on the GPU. In: Proc. of the 21st ACM
SIGPLAN Symp. on Principles and Practice of Parallel Programming. ACM, 2016. 11:1-11:12.
[10] Sengupta D, Song SL, Agarwal K, et al. GraphReduce: Processing large-scale graphs on accelerator-based systems. In: Proc. of the
Int’l Conf. for High Performance Computing, Networking, Storage and Analysis. ACM, 2015. 28.
[11] Merrill D, Garland M, Grimshaw A. Scalable GPU graph traversal. ACM SIGPLAN Notices, 2012,47(8):117-128.
[12] You Y, Bader D, Dehnavi MM. Designing a heuristic cross-architecture combination for breadth-first search. In: Proc. of the 43rd
Int’l Conf. on Parallel Processing (ICPP). IEEE, 2014. 70-79.
[13] Zhang H, Zhang L, Wu Y. Large-scale graph processing on multi-GPU platforms. Journal of Computer Research and Development,
2018,55(2):273-288 (in Chinese with English abstract).
[14] Seidman SB. Network structure and minimum degree. Social Networks, 1983,5(3):269-287.
[15] Khaouid W, Barsky M, Srinivasan V, et al. K-core decomposition of large networks on a single PC. Proc. of the VLDB Endowment,
2015,9(1):13-23.
[16] OBrien MP, Sullivan BD. Locally estimating core numbers. In: Proc. of the 2014 IEEE Int’l Conf. on Data Mining (ICDM). IEEE,
2014. 460—469.
[17] Malewicz G, Austern MH, Bik AJC, et al. Pregel: A system for large-scale graph processing. In: Proc. of the 2010 ACM SIGMOD
Int’1 Conf. on Management of Data. ACM, 2010. 135-146.
[18]  Graph500. http://www.graph500.org/

M 325 3Tiik:

[2] T ARR TR A, 01 S SR G 2R R BH B K v Ak 2 N 4571 U I g 40 AT T 9 AR R 2441 ,2017,28(1):84-104. http://www.jos.org.cn/
1000-9825/5115.htm [doi: 10.13328/j.cnki.jos.005115]

[13] FKHT, KLU, BUAE 72 JE T Multi-GPU “F & 19 K HURE FE Hdfs b 21k SEHLRF 98 5 K J,2018,55(2):273-288.

RHT (1990 —), 53,1 dL KT A, 1 4 ,CCF
S o T BT A AN 4 AT S IR AT
T RSO AL T AR R4

FESR(1985—), 55, M &, 2 BT T S A %L
P a5 A B

ZBARA(1985—), Y5 1 B 19 b /B, BRI 5T
GUR A BRAE R G0 R G

RIEFE(1979—), 5 1 L 5 70 o 1 4
FM,CCF 9 23 B, 32 TEATF 50 S04k A 45
1E & %.

BER (1967 —), 55, 1 L 0 52 04, 1 LA 5
Jili,CCF i 2 2> by, 32 BE W 5 4008 o o 7R
WE mEEA

© PEBEERKCEIFR  htps/www. jos. org. cn



