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Abstract: Personalized PageRank, as a basic algorithm in large graph analysis, has a wide range of applications in search engines, social
recommendation, community detection, and other fields, and has been a hot problem of interest to researchers. The existing distributed
personalized PageRank algorithms assume that all data are located in the same geographic location and the network environment is the
same among the computing nodes where the data are located. However, in the real world, these data may be distributed in multiple data

centers across continents, and these cross-geo-distributed data centers are connected to each other through WANs, which are characterized
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by heterogeneous network bandwidth, huge hardware differences, and high communication costs. The distributed personalized PageRank
algorithm requires multiple iterations and random wandering on the global graph. Therefore, the existing distributed personalized
PageRank algorithms are not applicable to the cross-geo-distributed environment. To address this problem, the GPPR (cross-geo-
distributed personalized PageRank) algorithm is proposed in this study. The algorithm first preprocesses the big graph data in the
cross-geo-distributed environment and maps the graph data by using a heuristic algorithm to reduce the impact of network bandwidth
heterogeneity on the iteration speed of the algorithm. Secondly, GPPR improves the random wandering approach and proposes a
probability-based push algorithm to further reduce the number of iterations required by the algorithm by reducing the bandwidth load of
transmitting data between working nodes. The GPPR algorithm is implemented based on the Spark framework and a real
cross-geo-distributed environment in AliCloud is built to conduct experiments on eight open-source big graph data compared with several
existing representative distributed personalized PageRank algorithms. The results show that the communication data volume of GPPR is
reduced by 30% on average in the cross-geo-distributed environment compared with other algorithms. In terms of algorithm running
efficiency, GPPR improves by an average of 2.5 times compared to other algorithms.
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8: G=EstimateTime(P)—ExtimateTime(p');
9: if G>0

10: T pair; FIWLET

11: Continue=true;

12: end if

13:  end for

14: until !continue

15: return P,
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BB, SR T 43 R K b B N T 8 B R R U K 43 B B ), dg K A B ) R 9k R
S LA I UL EEXT B L B SO, A a5 Rl 2() TR, Horh, SEZR SON AR s AR EOE T
R, HE 2 R R 7 LR BN BT R DA R AR R R A g . P AR A AT AR A R AT SR 3
s, BB A G SRR A B 1, v R A 2(6) T AR B F ik S P 7 ZE I B F)
AR 3.95 s, A FHEIE 2 B0 X LS 77 A B3 A AR ST sl i 70 KBl 5, 7T RAAS 240 B 2(0) B s i Ak
SEIR, MRAE 2 0T LAV BEAS B0 B 1B R B B R 2.8 s, BT RAZE 3 f5 I BUHE 5 AR s A s 5 2l LB
B b S 24 I R S AL 7T T IR, PRAIREE — RO B 7] 20 P 5 AR TR), B T 4R v B R A 3 AR

DC1 DC2 DC1 DC2
EstimateTime = max(2/10,3/15) + max(3/0.8, 2/2) = 3.95 EstimateTime = max(2/15,3/10) + max(3/2, 2/0.8) = 2.8
(a) WIER 4 X LG 7 %= (b) BRI X &

B2 oy X 7 Rk %

3 R AUR B (MB/s)

TR A AT 5 LK
DCI 2.0 15
DC2 0.8 10

iR 51N TR B0, AT DUGRAIE B 1 A — 2% 0 I T 7 B AR i ) S B . B 3 ROR T AT
EURE B B O AR, 12k, et iR A SORMET BIEE MR 50 RUE, WA ST U6 o, ~Lm/m AN BERLIGE,
TERR IR, Wi MPC BB A7 B LI A AL, BLRSR UL, B P=(s,») SR TR — UM &1 s TFERMELTE
PTE v BBENLIEE, 285, B —IRBEVLEEERA oI T REMEAE AT M4, HIERER S w, AN, 1-alf)
AR P 2k SR A% 4 B 2 BT R0 AR JE I T A BB AE XY, L RER S W, P, B EE U LR, B
FIFTA (W BE AL E # 45 .

H% 3. Pre-Sample.

N B’ G=(V.E), &R WMH a, P,,.
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B B RO BENLIEE SRS W
wp<—|_m/nJ; w=J;
for 1,....,R do
for each veV in parallel do
for 1,...,|—a)p/P—| do
W) < Wl (MU, ;
end for
end for
(R OBAGE
while W, #0 do
W' « W, filter{b — (Random(0,1)) < &} ;
W, W, OW,;
W, W\W,

A A A > S e

—_ = = e
w N = O

W, < W, map-value{v — u<>—N, (v}
14:  end while
15: end for

16: return w,

4 ETHLEM Push BJE

X TR SE S I B, W R B AR AR AL, R R A (SRR R AR). A A > A AL
T, O AT R R 1 B (RO AR AR AR JE ), 10K 2 B A 0 B RO BB . X R XA e
7T E BB R A R R I, T AT R AR . %k 1 B, 7 Forward-Push 55
IEIEE—A push #AFHR 2R BIIE 2 575 5 A BE LI AE 1R 30 20 HHE 38 0 A () 1 2 &R . o0 T XA AR ey v
TRV, 7, AR AR R AR B (V)R d BRI KT AR AFAR /N, RIS X R 3T R
WAAR /N, S5 —TJ7 i, W SRR IR, RIS A AR A th /5 2 R SE B B AR B, T DA T R AR
el 5 ZE AR KR 8. 26T DL BT A EE, O 7 X R R RE ML E o, w7 DUIEREHL I E 1
L 2 H AR JE (K — AN IBENL 7 4. KRABIEW], XA HREALIL push 7T LAAS 245 A HER AL (19— N A E
fliit, WmAKOIIR.

4, ()< (Jd,, () - (1= ) 1, @) s A%
push=1d,,,(v)>(d,, @) -1~ ) r.0)/a- &) and d,, () < (Jd,,, () - (1-a) -, (r-a-g)), BELIEE  (9)
d,, ) > (4, () - (1= ), /(- 2)), A%

REG M A oRBl, RIS LR AR, TR ASE BRI T 50y 3 2K, R PR L RELAERS
f IEHERE, AnlEl 3 Fros. BRSO MRS, sl 4 1 x, LR T SRR R RO (1-a) (D) dou(v); R
TREHLAEIE T ROR UL, W 3 IO il u Mz, Hf R G R BN a - eyd,, () , (ARBHEEIRT
NRO) P RIBENUE ;3T R R T ROk B, W 3 g Ry, HoAR & 5 81 sk AT ek, BNk
FO 7 R R BEAR K, JF HLe T AR B B R P 70 45 5 S 2T AR, T DARE— N JE SR S i 2 R BRI
VREEAE, B R B AR SR B A S A AR /N AR LR TT VR S 1A — A T AR A TR B, ER B AEAR /D
(YIRS % the 2 o7 PR S5 10t 98, 3 SOOI B R A el 9 4 P R v
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B3 Random F#Ei% 7RI

Hugh tH GPPR HIEBEARMELS, W5k 4 Pk,
&% 4. GPPR.

BN B G=(V.E), BRES O, SR H o, MXKEELs, WD XBETTE Py

i I AR YEAN ML PageRank 1H 7 .
l: 6«1/n; p—1/n;

2: wp<—p-|—|_m/nJ/p—|;

3w, (263+2)log(2/p)/£5),

4: for each seQ do

5: re—[(s,1)]; 7, « O

6: Poum<—1; Fmax<—1;

7. while 7,,,,> @,/ @, 5 do

8: Fsum<—(1=Q) g

9: (Fax o 72> 7, ) <= Random-Push(G,a,r,,7,) ;
10: end while

11: for each (v,r(v))er, in parallel do

12: O (D) T @, |

13: () < [t <—w,("),r, (V) @,) | i =1,...,,]
14: end for

150 7 <, 7O

16: 7, < 7, U 7.reduce-by-key{+}

17:  return 7

18: end for

1099

SREVE T L T AL BR B Bk 0] () e LA O SR B R — AN WA S O, O TR E BT E A MK P A R AL H %
WAL BIE, H, @, 52 50 R J7 00 2 52 S 1 I PEAL PageRank Jir 7 (K FE LT AE B (53 4 55 3 17);
RIE, BEXTE RS O TR AN I ALs, FIEELE p PHOINEE X (s,1), FORFIRM s T HITUGHE
BLIFE (% 4 58 547), Il ryec @) 0, SR RRIESVE B & S5 RN PE, o, o, 2 TR B AT
BRI BELI EHCRE. BRI R, SIAIE TR Push BE(RE 5), ik 5 BEIEN AKX (9)KitAT

SR T AR I BEALIAE (B 5 R T), JFES A AUE, it A X (10)

19 B B 4 A 4k PageRank {H:

SR0 3 RIGEI 5 A v ) 45 2R,
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Z(6) = A,(0)+ 2 r,(v) - 7() (10)

vel

&% 5. Random-Push.

BN B G=(V.E), WMIHEE O, HRME a, HIXTKERIES
Bt SO e R, SR 2

1: 7. < ramp-value{r,(V) = a - r,(v)} ;

2 for each (v,r(v))er, in parallel do

3 if 9 R 1 E PR HEIR S A

4: r W) < [u,(1-a)-r,()/d,, () |ueN,, ()]

5 else if i & BEALMEHERR %

6

R0y [(wa- g/, m)ueN,, 0]

7: else
8: r) <@
9: end for

10: 7 (U, )
11: 7, <7 Uz,
12:  rypaé<rireduce-value {max}

13: return ry,y, 75, 7

B 5 ST AR AT e I EE T RER (B AL Push Bk, B et O A B A, £ u g — AT Ay,
SRS A () FT E SR 3 AR S5 A, A &t P A R /ISR 5 2719 5 B9 push #27E (509%: 5 19 58 3-8 1T). 1E
XFERYSRAE R, RS B RR T A, T AR Jel b R 4T BEAL I AE T 75 AL A8 RO B B, b I PRI B0
I fE R, M A RS AR, Ba BRI IC BRI ry(v), IR EHZAE AL 12 500 4 R0 Sl A 1
(EFIE S0

ST WA 10 Push Bk, JLA5 RO TCwMEE I 40T

A RS IREBE NGRS, 38 (u,v) K — IR push 84, JH Xy (u,v) R 7, (s,v) FELEIR push FI3E 0 &, R
i 5, M (- a)i(s,u)/ | N,, @) = ag/ N, @) B, X, @v)=0-a)i(su) | Ny@)l; 50, Xouy) B
IN @) (1= @)i(s,u)fae | N, ()| B9 %K as/ N, (), FAHE B A 0. 3 H AL 7)) #om Y Asu),

X () KT (7 (9)} IS AR AT LS B ELX,, (u,v) | {7()}] = (1 — a)P(s,u)/ | N, () |. -
N EL (s,u) = VE%(M)XHI(M,V), FrLA 7, (s,u) RT {7(s)} B2 AR I EE 2
Ef, () [ {7 ()] = VENZ(H)E[X w1 V) {7 ()]
BT AT — AT LR B E[7, (s,u) | £(s)] = ZN ((10i a)i(s,u)/ | N,,u)]).
AN ElG, (s,u)] = ELEL7, (s,u) | ()}, BT Uﬁf PR E L7, (s.0)] = D (1= @E (5,01 | Ny |-

ueN;,

A4 T 0 E[A (s,u)] =r(s,u) , BHILFTHERS E[7, (s,0)] = D (1—)E[A(s,u))/ | N, () ) =1, (s,u), EITG

PP L.

M4k PageRank 15 IR ZIE W1,

IEH: ZRET R v P o, MEHLIEE, B X —MABRIL T X () CA5E | IRBEHLIEE R IETE ¢ 5 s B
H 1, BN 0), IR HMAEA (). MR —ANBEVIFEERE ¢ SAHR, WX A PPR fhiHE 7,00 26—
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WEN r() o, WINE N, WA LS 5 2% E[z;”;(uv-X:L(r))]:rs(v)-n\,(r), Ho, 3% (u, - X1(0)
Z,0) WA v BRI R XA BRI Ay, TREREY )= o). Wk, BIA

FORAPVF R th i e B, Bz R ve VAT R 2 o=ry(v)- 0, N BEHLIFE IREE T, 2,0) A1), (w,) A&
BENWASTEN PageRank flitHE 7,(v) W2 € X 1. HTAXEECRIE rnn< ) 0,585, 7] — 5153
Fmax: Ws,6= @, B, AERE—DN 8 v BT A ARG T 208 B R BEHLIE & TR IE FORA SEBRRIRAL. 45 F,
ARSI R E 1.

5 £

ARG I 1 22 2 U6 U0 IR PP AN AR SR AR B A B T A R, e S i B AR . X HE R S B E
BEAT IR, FEBCEEG B AT 2 AN LU SO, SR Sea £ SR BEAT VRN 40 AT

51 LWgE

o RIGIRIR

HIEAEFH Scala B 5, T Spark HEZLSLIL. {fFH 20 &40 A 76 & R ELIEIL 10 AN ML A A 1950 O,
S ESR R O, R EEES . P ERE. EESE. mEE R, EEBFRT. EEBRA. HAKR.
BURFERJE . B iR, BRUGERE AR B 1) 6 (3R AR Otk 47 S8 ) B BT L 25 IR 25 38 EAT 306, 9
B RREGBIE 16 1% 64 GB AAE. NS HIAEG, BRE & RS EATA N7 %8, |AHHZ 8 5. 3L
Pi4E{E ] GrQc. DBLP. Stanford. Pokec. LJ. Orkut. Twitter. Friendster 3t 8 /NEI% I 4E, Hrh, T A %M
WHF 4, 3L k=10°, M=10°, B=10° {177 X 2B, PEANEE T LLAE KONECTM I H #8 3 3F F #%.

R4 LA EEE

k3 T 54 % B FHIER KBS
GrQc 5.2k 29.0k 2.77 FAG
DBLP 613.6k 2.0M 6.6 Tt )
Stanford 281.9k 2.3M 16.4 A I
Pokec 1.6M 30.6M 37.5 A I
L] 4.8M 69.0M 28.2 Hla
Orkut 3.1M 117.2M 76.3 T 1)
Twitter 41.7M 1.5B 70.5 Il
Friendster 65.6M 1.8B 75.7 T 1)

o XFELEVE

Spark HEZLHR AL ) Power 572 Delta-Push 57: A1 DistPPR 5%, H A, Power By Ad AR 19 7 sk SZE,
FFHESL TR 43 (0 23 A5 N BE 0, I BRI BRIEZE AR IR a5 % 2 AR 107 J il N 2 111448, Delta-Push %
{4 5 Push 83, 7 H3HL T Map-Reduce #2758, 3% A F 73 45 2NIA 5% ; DistPPR 51548 pipeline HLi1, @it
2 P AT HLHI R S I S R ARG, v DUE A BT AU T B A AL PageRank fH, {H2H %1817
i T .

o ZHRHE

S T M 5 2 50 B A Delta-PushPOV 803k, B 0=1/n, p=1/n RARUEH LK H #) > 1E4L PageRank i
YEFRIE — R T A, JRALE 1 ATk, SREEH, 58 =02, £=0.5.
52 SIRLE
5.2.1 BATIH]

B LASEIAT A T F SRR RN, 4 MEEEARREEEE T BT ) JEECA T T RAR, AR
DI HOE R 2. W 4 fos, E5M RS T, A5 H 1 GPPR BIEAHX T 4041 20T (14 Power HiE T LA
H 3-5 513 F, 5 Delta-Push ZIEM LA DRI, X FERE AN T Delta-Push HiZEK i, GPPR HiZ:
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BARIIP TIERBIER, HEMEI T8RN B DB, W0 T ZIEFER. DistPPR HiEJEH FER, JFHLE
Ja 4 NEIEE LS TR T 24 h, fEIX BEAEIDR.
1e+08 = Power

| = DistPPR
= Delta-Push

1e+06| = GPPR :
1le+04+ L =
] P b

100 b i i .
1l A% B 00 BB BN BB

GrQc  DBLP Standford Pokec  LJ  Orkut  Twitter Friendster

running time (ms)

Bl 4 SFEE 47 IE

522 RBERA

B2 ANREE T EMRSSRAMT, 4 MEIEER RIS B ERA, WE 5 Bios. BT GrQe
B8 AE BA I, A, W LG H: Power BES = i KIS AE AR, X2 BN FR A 4 MRk AR
RSB INAE— %t TR 5 2 1A (938 (5 &, Delta-Push SARMH A 7 BURAE S, (B TS SIR B 5 10 4 i)
A, FOmAE AR EE IR R, DistPPR FRIIE A BA S FAth B2 AH FUAR S AN i, (ELZ OB AT I 18] i 1 0 2 3
Fidth, NERT KBS, B THER 4 MRS LR G 24 h, A7 RUX B F SR B A A
T3 H 1) GPPR JR03k A DA, 35 b B AR I 3R 158 11 B4 PE AL PageRank B30 SUIE (S AR,

8,000+

= Power

= DistPPR
== Delta-Push
= GPPR

7,000+

BfEm+ (GB)

DBLP Standford Pokec [N Orkut  Twitter Friendster

Bls  ROlAfE oA

GrQe

5.2.3 HEBIT PR IR
B3 ANRIG U TEAR R SIS AE TR, 4 NEIREA R ERE F E s IR, R K 6 Fix.
150

== Delta-Push
= GPPR

100

rounds

50

DBLP Standford Pokec LJ Orkut  Twitter Friendster

K6 THFx

GrQc
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T ELA H: 4 N5E T, DistPPR 5k 2 2 HIEAUREL, I AESE BRI G 4 D EUE 4R LI r i &
IR Power AN ] A FFIAARHEAE, N VIR BN, 75 BT 2 4L Delta-Push 5%
GPPR HEEARIREAH ZAK, 1T GPPR 7 Delta-Push Sk 2 Fin 7 BEHL Push Hi%k, Brbla] LL—@ 2
JE b BEAR SR B AR KL, BRAR SR I IS AT I ).

524 ZHARNRELII

B4R TAFESEaEL T, ABEFIIR 1) GPPR 5iA4E Pokec Al LT LAY AT (8] 424k,
K7 P& 2 on, FTUAE i S8 ok, L& Z AR 8. BN 2 a8 K, 0 1 & — KB
FEAF IR, D T SRRSO 5 ZE A 8], AT 3 B0 S AR AR D

15

—e— LJ
—&— Pokec

\

=
|

running time (s)

K7 ol

525 SLARIEY RN

5 SRR UL TR EE AL R R BEA RN, B K GPPR AL Power
5% Delta-Push SHE(E Pokec A1 LT P %4 5 L RIZ 4TI [6], 40 &) 8(a)MI(b) T, 73 e SR A A1 o
SN 20, 30, 40 A1 50. M ECHE WY AAF AL BEAE THSLCT AL ECR ROHE N, 4 D FE AR AN Wb (EHR
TR AR NS — e R, ARSI R EA R, XRRNAEZ IR A ES
BUE BRI R — R IR R A A T 2 A it R, P T SR B T R R R, SEARE )T
8 et — IR SR A ACE L. MR 3 N EARE ST LE T LUE B ABEFCER 9 GPPR SEA
FLER TR, AEREIN R SRR, BRI ER RS AT RERS, $RTF AR AR,

—&— Power 4 —&— Power
8 —+— Delta-Push 8- —+— Delta-Push
—— GPPR —— GPPR

]
|
]
1

running time (s)
IS
P L
running time (s)
&
|

2- T T T T 2= T T T T

20 30 40 50 20 30 40 50
number of executors number of executors
(a) Pokec (b) LI

K8 AR SR
52,6 EREEBURIE
5 S DRI T AEEREE AR MR OUT, SR SRR T ST RO S B I SR YT R RE DA R S
SCUG 6 A B BEANRRE N THE T AR ARG OU T, BN AR REBCR i ok B SRV RE AR AR DL 9 P
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7). GBI BRI EE N 2, 4, 6, 8, 10 (RRAEIE AT E Y SUEEN 20), M AR 2, 4, 6, 8, 10. 4 M
ELR /NI, ] X B Sk B 2 A0 4 P 4 B2 1K) BFS/DFS SRR B S AT THRICANES 3 k), =4 M i3 i ad
By A B O BRI, B — AN B AT B A A LA A BB (B RO B, VR FERT S 3. R Dy AH X
F— A ERAT B — AR O R, T2 0RO 0 T BTN B T SRR, 0 S R ke AR
AT DR EREEN 6 I, FIAMURE, By 6 IEG & M3 o A A tho O AN BRI EL B, 3B
E. HA SRR BB, ik, 4 M I A6 M8 oo N, Svknr LS BRI 1T 3R

8,000+

150+04 { | mm Pok - )
o Lj o . [ 7000 Etj)kec {/
| (= Orkut [ - 6,000-||= Orkut B
w0 7 | @5‘000 ! i ! "
E gamo |
" 2 3 000
5,000 e
2,000 7
1,000 ?I
ol ol | |
0 0 6
REME
(a) FLVLFERS (b) JB 4
Ko SEREEAN
6 B %

T RIS R ) A A EAL PageRank SHUEFTAFE GBS B M BRI #, AR T GPPR
SRVE . JE I R T AT A B R R SR S, SRS 25 R AR R B A AT I ), R RIE VA B AT
IR AT S T, A7 2R T S i 5 s BANEE A, RN, SIA TR TR Push FkA A B 45
G, WD T REREEAREL, IR T A TR I SRAT I 1] SR S5 SRR 1% 75 AR DR UE 45 R AE R T I 1
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