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Abstract: In this several years, demand of large scale graph analysis has been bigger than before. Pregel
is one of the most simple and straightforward programming model for distributed parallel graph processing.
However, the problem of Pregel is low performance. We propose a new efficient message handling technique,
called SendAll. Although SendAll can be applied only when a vertex sends the same message to all neigh-
bor vertices, SendAll can be applied to many graph algorithms with a little change in the program. The
result of our performance evaluation on TSUBAME2.5 shows that PageRank gets 1.80-4.04 times faster and
Breadth-first search gets 1.76-4.76 times faster with SendAll. SendAll can also reduce the communication
data volume. When we compute PageRank for R-MAT graph with 32 workers, the amount of data transferred

between workers is reduced by 45 percent.
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val xpgraph = XPregelGraph.make(...); // 7T 7 &iHiAH
xpgraph.updateInEdge () ;
xpgraph.iterate[Double,Double] (
(ctx :VertexContext[Double,Double,Double,Double]) => {
val value :Double;
if (ctx.superstep() == 0) {
value = 1.0 / ctx.numberOfVertices();
}
else {
var sum :Double = 0.0;
for(mgs in ctx) // ZfGA V=YLV —7T
sum += mgs;
value = 0.15 / ctx.numberOfVertices() + 0.85 * sum;
}
ctx.setValue(value);
ctx.sendMessageToAllNeighbors(value / ctx.outEdgesId
().sizeQ));
},
null,
(superstep :Int, aggVal :Double) => superstep < 30

B

X 1 XPregel IZ4& % PageRank D323
Fig. 1 PageRank implemented in XPregel.
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Fig. 2 Graph partitioning example for 6 vertices graph with 4

workers.
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GIE
myId : X{EICIH/DID
mes : EFAYVE—Y

def sendMessageToAllNeighbors(myId, mes) {
Mtmp (myId) = mes;
Btmp (myId) 1;

3 sendMessageToAllNeighbors %
Fig. 3 sendMessageToAllNeighbors function.

514
Mtmp, Btmp : ANERZAVvE—VETTF
BhasEdge : &7 —HINDAHTYIT TS

Mrecv, Brecv : Alltoall TXIJH-7=7—%& (HH)
def sendAllExchange(Mtmp, Btmp, BhasEdge, Mrecv, Brecv)
{
var offset = 0;
for(w in O..(numWorkers-1)) {
send_counts(w) = 0;
for(i in O..(Btmp.numWords()-1)) {
val word = Btmp.word(i) & BhasEdge.word(i)
Bsend.word(Btmp.numWords () *w + i) = word;
send_counts(w) += popcount(word) ;
¥
for(i in (0..Mtmp.size()-1)) {
if (Bsend(i) != 0) Msend(offset++) = Mtmp(i);
3
Alltoall(Bsend, Brecv)
Alltoall(send_counts, recv_counts)
Alltoallv(Msend, send_counts, Mrecv, recv_counts)

4 SendAll ®7 —ARBET VT XL

Fig. 4 Worker communication algorithm in SendAll.
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GIE
localVertexes : ZD7—NIZETRIHMES
compute : 2 —E HEEK

Mrecv, Brecv : Alltoall TEZIJHI-725 —&
def sendAllSuperstep(localVertexes, compute, Mrecv,
Brecv) {
val offset = makeOffset(Brecv);
foreach(v in localVertexes) {
val msgs = getMessage(Mrecv, Brecv, offset, v.
inEdge());
compute (new VertexContext(v, msgs));
}
}

def getMessage(Mrecv, Brecv, offset, inEdge) {
val msgs;
foreach(origin in inEdge) {
if (Brecv(origin)) {
val wordOffset = origin / 64;
val wordMask = (1 << (origin % 64)) - 1;
val mesOffset = offset(word0ffset) + popcount(
Brecv.word(wordOffset) & wordMask);
msgs.add (Mrecv (mesOffset)) ;
}r
return msgs;

}

def makeOffset(Brecv, offset) {
val offset;
offset(0) = 0;
for(i in 0..Brecv.numWords()-1) {
offset(i+1l) = offset(i) + popcount(Brecv.word(i));
}
return offset;

}

5 KTMIZEWZA vt — Y %4ED T compute() MU T
Fig. 5 Looping over worker local vertices with received mes-

sages and the compute() closure.
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Fig. 6 4 workers SendAll example when vertex 0, 1, 2, and 4

send a message to all of their neighbors.
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(ctx :VertexContext[Double, Double, Long, Longl) => {
ctx.voteToHalt();
if (ctx.superstep() == 0) {
ctx.setValue(-1L);
if(ctx.id() != root) return ;
ctx.setValue(root);
}
else {
if(ctx.value() != -1L) return; // 9 TIZEiHA
for(mgs in ctx) {
ctx.setValue(mgs) ;
break; // Avt—YiFk 1 2RAIE I
}r
ctx.sendMessageToAllNeighbors(ctx.1d());
¥

7 WRBEERER DI
Fig. 7 Breadth-first search example.
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(ctx :VertexContext[Double, Double, Double, Longl) => {
var mindist :Double = (IsSource(ctx.realld())) ? O :
INF;
for(mes in ctx)
if (mindist > mes)
mindist = mes;
if (mindist < ctx.value()) {
ctx.setValue(mindist);
for (val it = ctx.getOutEdgesIterator(); it.hasNext
O; it.next()) {
ctx.sendMessage(it.curId(), mindist + it.curValue
0);
}
}
ctx.voteToHalt();
}

8 H—Ifri R D SendAll % i 2 v JEE
Fig. 8 Single-source shortest paths without SendAll.
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Vi
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b, ko7,

Vw

= + dfm < 8am + dam (6)
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77 7RO EFTEBTRELDINL, b E
DF DML T RTA Yy =V HIZHBIL72fEE 2 5
DT, TERX v = VP LR EE, ELPREL R
SendAll SAFNZ % 2 L2350 5.

3.4 EFARREEE % [LUf 3 -0 DHR

Ty VDEATZETATIVI) RALDE% LI, B
TEEIZA =YV IEELZLOD, FHLTVWEIZ Yy D
BRI T, AvE—VOMENRLLGEVD L. 12
&AL, iR e R (SSSP) XX 8 1SR &
I, FHEBETHEICREL Ay b — VDR R L > T W05,
it.curValue() 13 = v YOEA (i) TH5.

COL)BMEIZA v = VREMT, Ty VOERE
PETELLHI2T5H 2T, SendAll 15 = & H A BE
THb. B 912 SendAll %l 9 ¥iE O HL— 0 IR AL
MO LR T, cix.iterator() TA v L= A4 T L —%
AN HLTYL2S, 2OAT L= NOEANT Yy IO
T 7 RADUREE 2> T\wb, it.edgeValue() Z AT T v
ToEL (HiHE) TH5.
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(ctx :VertexContext[Double, Double, Double, Longl) => {
var mindist :Double = (IsSource(ctx.realld())) 7 O :
INF;
for(val it = ctx.iterator(); it.hasNext(); ) {
val dist = it.next() + it.edgeValueQ);
if (mindist > dist)
mindist = dist;
}
if (mindist < ctx.value()) {
ctx.setValue (mindist);
ctx.sendMessageToAllNeighbors (mindist) ;
}
ctx.voteToHalt();

}

9 H—If R KR D SendAll & ff 5 FE%
Fig. 9 Single source shortest paths with SendAll.

DI, ATy I Db ArAyvb—VrHEETE A
Yit, MOy VR IMEE, ATy V&M LHEIC
LEHSHI LT, £ DT NTY X L2 SendAll %558 JH 1]
HETH 5.

3.5 Ayt—TEPVEVGEENDREL

SendAll TIXTEMIZBV/Z A v =TV 2 UST A DIZX 5
WHhbH I, TRTOANZy Vet hAEY bv v
7 Brecv & R ADENH L. THERESN Ay =D
B IBRE S LERFEIA M LELDT, Ayt —Y
BsA i nis, ZOBEIT A NPT RELRY
SendMessage() & fifi o 7238 D X v+ — VEL%ED FHAF)
b, 22T, Avt—YHDP VAR, SendAll
IZEB Ay —VRETIEZR LS, @ED Ay £— VREIC
YWYz 52T, MBOR#EILEFT - 72,

XPregel TlE, A v t—V 2R ET 2THEEIEHRD 2
NI WAL, BEOXA Yy = VR Eb A
LI oTnA,

4. MBETHE
XPregel Zflio> T, RFEFEEMAFTHELZLEKT L.

4.1 FHHERIE

PERERFAM X, BRI LIERFIIHE ST 5D TSUB-
AME2.5 %\ 4T » 72. TSUBAME2.5 134/ — KiZ
CPU Intel Xeon X5670 252 V4 v k&, 54GB O 4 &
UAFER SN TS, L v b7 — 713 Fat-tree ® QDR
Infiniband 7 dual-rail THESE S LT\ 5. XPregel (£ X10
2.5.3 N— A D IS ScaleGraph % fi 272, ScaleGraph
DFH ) —AN—=T 3 2 2.2 D XPregel I2b SendAll %
W Efbid R SN TV A, KF LTl Bans:
IN— 3 VWM 21T > TW 5,

XPregel DFEATIL CPUL V7 v kdhizh 17— 7ot
ATFETT B0, &£/ —F2T—hTEIT L. 72&2
i, 16 /= KT, 327 =770 ATEFLTWAS, 7
T 70Ty DEDPTEEEIIT LT 16 50 R-MAT 77 7

© 2016 Information Processing Society of Japan

100

80

60

40

ETEHME (B)

20

J—F¥
B Naive BCombinerESendAll @SendAll+Sopt
10 PageRank 30 f 7L —3 3 » R-MAT 7 7 Weak-Scaling
(Scale 22~)
Fig. 10 PageRan 30 iteration, R-MAT graph, Weak-Scaling
(Scale 22-).

120
100
80
60
40

ETHME (B)

20

1 2 4 8 16 32
J—F#¥
O Naive BBCombiner@ESendAll BSendAll+Sopt
11 PageRank 30 /1 7L —3 3> 5 ¥ ¥ L2757 Weak-Scaling
(Scale 22~)
Fig. 11 PageRank 30 iteration, Random graph, Weak-Scaling
(Scale 22-).
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Fig. 12 Breadth-first search, R-MAT graph, Weak-Scaling

(Scale 22-).
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Fig. 13 DBreadth-first search, random graph, Weak-Scaling
(Scale 22-).
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Fig. 14 Number of messages transferred in Breadth-first
Search (Scale 26 RMAT).
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Fig. 15 Amount of data transferred in Breadth-first Search
(Scale 26 RMAT).
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Fig. 16 Number of messages transferred in PageRank (Scale
26 RMAT).
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Fig. 17 Amount of data transferred in PageRank (Scale 26
RMAT).
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Fig. 18 Breakdown of PageRank execution (Scale 26 RMAT,
16 nodes).
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