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Big Data challenges
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Date | # System | Model | Nodes | Cores | Scale | GTEPS
Nov'l4 | 1 Sequoia Q 96k | 1.5M 41 23751
Jun'l4 | 2 Sequoia Q 64k 1M 40 16599
Nov'13 | 1 Sequoia Q 64k 1M 40 15363
Jun'13 | 1 Sequoia Q 64k 1M 40 15363
Nov'12 1 Sequoia Q 64k 1M 40 15363
Jun'12 | 1 Sequoia/Mira Q 32k | 512k 38 3541
Nov'll | 1 | BG/Q prototype Q 4k 64k 32 253
Jun'1l | 1| Interpid/Jugene P 32k | 128k 38 18
Nov'10 | 1 Interpid P 8k 32k 36 7
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e Important problem that spans many research areas:
» health care
» social networks
» systems biology
» power grid optimization, etc.

Graph community detection algorithms attempt to identify
» modules
» their hierarchical organization

Challenges that limit the overall scalability and performance
» fine-grained communication
» irregular access pattern to memory and interconnect

Open research problem

» strong scalability
» high quality of community detection
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o A weighted directed graph G = (V, E):

» V' — set of vertices
» F — set of edges
» when u, v € V, an edge e(u,v) € E has weight w,,

The goal of community detection is to partition graph G into a set C
of disjoint communities ¢;:

Ueg =V, Ve el
cNej =4, Vci,CjEC

Vertices in the same community are densely connected
Vertices in different communities are sparsely connected
The modularity [Newman, 2004] quantifies a community structure

Empirically, the higher a modularity value, the better a partition quality
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Graph community detection: the modularity metric
Modularity @,
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Louvain algorithm [Blondel, 2008] is a popular greedy algorithm for
community detection.

Put all vertices into distinct communities (one per vertex)
Refine communities
» For each vertex i
e Compute AQ;_,.(;) for each neighbor j
e Join the community ¢(j) that yields the largest gain in AQ
» Repeat until no movement yields a gain
Reconstruct the graph
» The partitions become supervertices
» The weights of edges between communities are summed

Repeat steps 2 and 3 until convergence
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Modularity gain when moving vertex u into community c¢:

w w(uw)Xf
AQuy—e = 2um_>c - (2731;“

Y.t — the sum of the weights from edges incident to any vertex in ¢,

¢
tot — Z wu,v

u€Ec or vee
e(u,v)EE

w(u) — the sum of the weights of the edges incident to vertex u
Wy — the sum of the weights of the edges from vertex u to vertices in

community ¢
Wy—ec = 5 Wy v

veEe
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Hash-based data organization

Key(x) In_Table idx Buckets
Lo 0 |(10),
-.'" \. 57

AS(52) \_.\ \ RN
Key(x) @

f (2,3) idx Buckets
f(2,3) 0|(2,3),2
f(0,5) Out_Table 1 (0,5),1

Vertex ID: mnﬂﬂﬂﬂ
Community ID: mnﬂ 33 E
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Novel convergence heuristic

The fraction of vertices updated during each iteration of the inner loop:

e=p - efpg-iter (7)

Regression analysis and the dynamical threshold for the LFR benchmark:

14
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Parallel Louvain algorithm

Algorithm 2: Parallel Louvain Algorithm.

Input: p: process;
G=(V.E): graph representation;
Vp: vertices owned by process p.
Output: C: community sets at each level;
Q: modularity at each level.

Var: C,: community set owned by process p:
In_Tabley: In_Table owned by process p:
Ourt_Table,: Out_Table owned by process p.

t In_Tabley < ((v.u).wyy). YueV,. Ye(vu)€E :
2 0ur7Tn/;/a,,e0 :

3 Cp—{{u}}, Vuev, :

4 Loop outer

5 STATE PROPAGATION() ;

6 // Refine vertices’ community set.

7 REFINE() ;

8 print C, and Q ;

9 // Reconstruct the Graph.

10 GRAPH RECONSTRUCTION() ;

1 if No improvement on the modularity then
12 | exit outer Loop:

15

Key(x)
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Vertex ID: mnﬂﬂﬂ
Community ID: mﬂ 33 E
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Community state propagation
Update of Out Table

Key(x) In_Table idx Buckets
GV o o [(1L0).1
Algorithm 3: Community State Propagation. G2 (1,0),
1 function STATE PROPAGATION B PR (5,2),1
2 begin o
3 // Scan In_Table and send messages.
4 for ((vu),w)ein_Table, do
5 send ((v.c),w) to process p'(vevpu uec) : Key(x)
6 | //Update Out_Table. f(23) idx | Buckets
7 for ((u,c),w) received do 0 (23)2
8 if 3((u,c).w') € Out Table, then f@23) (23)
9 wew fw £(05) Out_Table 1] (05).1
0 else
1

| place the triple with linear probing ;

Vertex ID: ﬂnﬂﬂnﬂ
Community ID: mg 33 E
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Community refinement

Algorithm 4: Refine.

Var: my,: vertex u’s maximum modularity N
0 vertex u's best candidate community s
1 function REFINE

Key(x) In_Table idx | Buckets
___________ af(1,0)~.,\-' o [L0)1
PR AL A6
- \ s
-\
\4," Key(x) -
f23) idx | Buckets
£(23) 0((2,3),2
£(0.5) Out_Table 11(0,5).1

Vertex ID: ﬂnﬂﬂﬂﬂ
Community ID: mg 33 E

Algorithm 3: Community State Propagation.

2 begin
3 Loop inner
4 my 0.6, +—c. YueVyucc :
5 // FIND BEST COMMUNITY.
6 for ((u ¢)w)eou _Table,, ucc do
7 if AQ, | r>mu then
8 Gt 2
9 my—AQ,
10 /" Obtain updamd rhres}wfd
1 Compute threshold AQ from Equation 7 ;
12 // UPDATE COMMUNITY INFORMATION.
13 YueV, it my, >AQ then
14 il Xt 4w(u) o XS, X0, —w(u) :
15 GG Hu} o c—c—{u} :
16 TATE PROPAGATION() :
17 // Calculate Zj,.
18 for ((u,c),w)€Out_Table, do
19 if (uec) then
20 | Zf X tws
21 Calculate community set and modularity.
22 0,0
23 for c€ C, do
u | 0 0p+3a— (32
25 Q< Allreduce(Qp) :
26 if Ne improvement on the modularity then
7 RL exit inner Loop:
28 eset Out_Table, and X
29 L Vp+GCp:
17

1 function STATE PROPAGATION
2 begin
3 // Scan In_Table and send messages.
for ((v.u),w)ein Table, do
send ((v.c),w) to process p (vevpu uec) ;
6 // Update Out_Table.
7 for ((u.c).w) received do
8 if 3((u.c)w) €Out_Table, then
9 w/ — w, +w

IS

10 else
1 | place the triple with linear probing ;
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Graph reconstruction

Reconstruction of In Table

Vertices ID: (oY 2[3][a]s[e]7[s |§ community 1D: [0 Jo[s[s[o[s[o[s |

Algorithm §: Graph Reconstruction. o Nodes 1 iNode1 Tax | Buckets

1 function GRAPH RECONSTRUCTION 1~ 6 4 idx | Buckets | i o {[0 | 38)2

2 begin f o[ o1 |18 i[1] @aa

3 Reset In_Table, : e’ 1] sor [T 2] e

4 for ((u,c).w)€Our_Table, do i 1 2| o1 |i° i[5 ] wcan

1 1 ’ 1

5 send ((¢'.c).w) to process p (c€C,puec’) : 2 | (B 4] 6ot

6 // Reconstruct In_Table. JILEL

7 for ((v.u),w) received do

) ; N
8 if 3((vu).w )eln_Table, then @ { }
/ '
9 W—w+w; o~
10 else -1 idx | Buckets
N N . . :Node 1 ’ 1

11 | place the wriple with linear probing ; o 4 *Node2 o[ ©os3 2 i [iax ] Buckets

12 | Reset Out_Table, ; 1| eoz [N PO | @ua
2| (181 £ 1| (811
3 (8,8).4 Node 2
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Scalability analysis: weak scaling

P7-IH, BTER: 222 vertices per node, average degree of 32

19
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Scalability analysis: strong scaling

20
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9 Conclusion
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Highly scalable parallel Louvain algorithm for distributed memory
systems
Preserves/slightly improves

» the convergence properties
» the overall modularity
» the quality of the detected communities

A novel implementation strategy to store and process dynamic graphs

Validation on a wide variety of real-world social graphs
Scalability:

» BTER, 4B vertices/138B edges — 1k P7-IH nodes (32k threads)
» R-MAT, 8B vertices/138B edges — 8k BG/Q nodes (512k threads)
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Greedy optimization — applies different approaches to merge vertices
into communities for higher modularity

Simulated annealing — adopts a probabilistic procedure for global
optimization on modularity

Extremal optimization — is a heuristic search procedure

Spectral optimization — uses eigenvalues and eigenvectors of a special
matrix for modularity optimization
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All the information, representations, statements, opinions and proposals in this
document are correct and accurate to the best of our present knowledge but are
not intended (and should not be taken) to be contractually binding unless and
until they become the subject of separate, specific agreement between us.

Any IBM Machines provided are subject to the Statements of Limited Warranty
accompanying the applicable Machine.

Any IBM Program Products provided are subject to their applicable license terms.
Nothing herein, in whole or in part, shall be deemed to constitute a warranty.
IBM products are subject to withdrawal from marketing and or service upon
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in price changes.
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Machines Corporation 8 CLLIA n/unn gpyrux ctpanax. NonHblii cnucok ToBapHbix 3HakoB komnanum IBM cmotpute
Ha y3ne Web: www.ibm.com/legal/copytrade.shtml.

HasBaHus gpyrux koMnaHuii, NPoAyKTOB 1 yCAyr MOryT SIBASITbCSl TOBapHbLIMU 3HaKaMu WAN 3HaKamu obcnyxusaHus
APYruX KOMAaHWiA.

(c) 2015 International Business Machines Corporation. Bce npasa 3awuuieHsi.

YnomuHaHue B 3Toli nybnukauumn npoaykTos unu ycayr kopnopauuu |IBM He osHauvaeT, 4yto IBM npegnonaraer
NpefoCcTaBnsTE UX BO BCEX CTPaHaX, B KOTOPbIX OCYLLECTB/AET CBOIO AeATENLHOCTb, MHbopMauusi o
nNpeaocTaBneHNN NPOAYKTOB UM YCYr MOXET BbITe nsMeHeHa 6e3 ysegomneHus. 3a camoii ceexxeii nncgopmauueii
o npoaykTax u ycnyrax komnavuu IBM, npegoctaensiemeix B Bawem pervone, cnegyert obpauwatecs B bnvxaiiwee
Toprosoe npeactasuTtensctso IBM nnn k aBTopusosaHHbIM 6usHec-napTHepam.

Bce 3asBneHns oTHocnTeNbHO HaMepeHUii U nepcnekTuBHbIX nnaHos IBM moryT 6biTh nameHeHbl 6e3 yBegomneHus.
NHdbopmaums o npoaykTax TpeTbux bvpM MosyyeHa oT MpPovsBoAUTENEN 3TUX NPOAYKTOB WM U3 Ony6ANKOBaHHbLIX
AHOHCOB yKasaHHbIX NpoaykTos. IBM He TecTupoBana 3Tu npoayKTbl U HE MOXET NOATBEPAUTL
NPON3BOANTENLHOCTb, COBMECTUMOCTb, Un Atobble Apyrue 3asiB/IEHNS OTHOCUTENLHO MPOAYKTOB TPETbUX chupm.
Bonpockl 0 BO3MOXHOCTSIX NPOAyKTOB TPeTbux hrpm criefyeT agpecoBaTh MOCTABLUMKY 3TUX NPOAYKTOB.
NHdbopmanms MoxeT cofepxaTb TEXHUYECKNE HETOYHOCTU UM Tunorpacpnyeckmne owmnbku. B npeacrasnennyio B
ny6avnkaumm nHcbopmMaLmo MOryT BHOCUTBLCS 1 5, 3TN ” 51 ByAyT BKAOHATLCA B HOBblE pefakLun
AaHHol nybnnkauumn. IBM MoxeT BHOCUTb M3MEHEHUSI B paccMaTprBaeMble B AAHHON Ny6anmkauum npogykTel uam
ycnyru B ntoboe Bpemsi 6e3 yBegomaeHus.

Jlrobble ccbinku Ha y3nbl Web TpeTbux chupm npueegeHbl Tonbko ans yaobcTea n HuKonM obpasom He cryXkaT
nogaepxkoii 3Tum ysnam Web. MaTtepunansl Ha ykasaHHbix y3nax Web He siBnsitoTcs 4acTbto maTepuanoe gns
AaHHoro npopykTta IBM.
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