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Google: > 1 trillion
indexed pages [Fa.cc-.:book. .> 800
million active users
Web Graph Social Graph

De Bruijn: 4% nodes
(k = 20, ..., 40)

31 billion RDF triples
in 2011

Information Network Biological Network
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Map Reduce
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Extraction Validation

Computing Sufficient
Statistics
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GraphLab\

Graphical Models
Gibbs Sampling
Belief Propagation

Semi-Supervised
Learning
Label Propagation

Variational Opt. CoEM
Collaborative Data-Mining
Filtering PageRank

Tensor Factorization Triangle Counting
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By = HEF : PageRank
PR, (v)

PRk+1 ()= D

veB,

@ PR(u): Page Rank of node u

‘ @ F : Out-neighbors of node u

,: In-neighbors of node u

Sergey Brin, Lawrence Page, “The Anatomy of Large-Scale Hypertextual Web
Search Engine”, WWW ‘98



PageRank BJiE X ITH

K=0
PR(V,) | 0.25
PR(V,) | 0.25
PR(V,) | 0.25
PR(V,) | 0.25




PageRank BJiE X ITH

K=0 K=1
PR(V,)| 0.25 ?
PR(V,) | 0.25

PR(V,)| 0.25

PR(V,)| 0.25
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0.25
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K=0 K=1
PR(V,)| 0.25 ?
PR(V,) | 0.25

PR(V,)| 0.25

PR(V,)| 0.25
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K=0 K=1
PR(V,)| 0.25 | 0.37
PR(V,) | 0.25
PR(V,) | 0.25
PR(V,)| 0.25




PageRank FUIE X ITTH

K=0 K=1
PR(V,)| 0.25 | 0.37
PR(V,)| 0.25 | 0.08
PR(V,)| 0.25 | 0.33
PR(V,)| 0.25 | 0.20




PageRankHIE(XITHE

PR, (v

O PR, )= Y 2RV
A IR
K=0 K=1 K=2
PR(V,) 0.25 0.37 0.43
PR(V,) 0.25 0.08 0.12
PR(V,) 0.25 0.33 0.27
PR(V,) 0.25 0.20 0.16
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(v =) PR, )= 3 )
X =
ﬁ.@

G K=0 K=1 K=2 K=3

PR(V,)| 0.25 0.37 0.43 0.35
PR(VZ) 0.25 0.08 0.12 0.14
PR(V;) | 0.25 0.33 0.27 0.29
PR(V4) 0.25 0.20 0.16 0.20
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PRk+1 (l/l) — Z

PR, (v)

‘ A4

veB,
G‘-@
K=0 K=1 K=2 K=3 K=4
PR(V,) 0.25 0.37 0.43 0.35 0.39
PR(V,) 0.25 0.08 0.12 0.14 0.11
PR(V,) 0.25 0.33 0.27 0.29 0.29
PR(V,) 0.25 0.20 0.16 0.20 0.19
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(e ) PR ()=
X "
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K=0 K=1 K=2 K=3 K=4 K=5

PR(V,) 0.25 0.37 0.43 0.35 0.39 0.39

PR(V,) 0.25 0.08 0.12 0.14 0.11 0.13

PR(V;) 0.25 0.33 0.27 0.29 0.29 0.28

PR(V,) 0.25 0.20 0.16 0.20 0.19 0.19




PageRankH1Z X1 HE

K=0 K=1 K=6
PR(V,) 0.25 0.37 0.43 0.35 0.39 0.39 0.38
PR(V,) 0.25 0.08 0.12 0.14 0.11 0.13 0.13
PR(V;) 0.25 0.33 0.27 0.29 0.29 0.28 0.28
PR(V,) 0.25 0.20 0.16 0.20 0.19 0.19 0.19
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e “Think like a vertex’
e Prege | LA K GraphLab iy 4mFz 2 %8

MyFunc(vertex)
{// modify neighborhood }

Gather

Apply
Scatter
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« S EFEEZINEMESE

name="“Jim”
name:llpeter”
SR T
s BEZ T REMREEF

e Trust Rank[VLDB’ 04] 0=
e Topic Sensitive PageRank [WWW’ 02]
 SVD++[SIGKDD’ 08]

e« AdPredictor [ICML’ 10]
age=20

name="Alex”
age=29
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“Think Like a Vertex”
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Score
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Memory Address Order
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“Think Like a Vertex” T score Rank
BIERERER S/ AN
_tﬁﬂéﬂ?’— i_ ( Vertex Memory Address Order
Vi ew) >
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TrustRankE 3% F45
EFEMN
Scorel&]




DTLB : Data TLB Reads
DCA : Data Cache Access
DCR : Data Cache Read
DCW : Data Cache Write
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Score Property Array

Rank Property Array

HloadBEERMHHEE
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M 8EFEF (Property View)
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o wu_ o
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Time per iteration(s)
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un
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1 VertexView 1.96

o

16 32 64 128
Latent Dimention (d)

3 60

[ 1 VertexView

1

2 4
# of workers




M 8EFEF (Edge—Centric
Execution Engine)
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# of threads

Time per iteration(s)
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~— Photon

e—e PowerLyra —x

PowerGraph

s—a GraphX

CombBLAS

# of workers
SGD(d=8)(Netflix)
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o
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a
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5
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8 16 32 64 128
# of workers
PageRank(Live)
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8 16 32 64 128
# of workers
TrustRank(Twitter)
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8 16 32 64 128

Overall Runtime(second)
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o
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o
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8 16

32

64

# of workers
PageRank(Twitter)

128

8 16 32 64 128
# of workers
TrustRank(UK2007)

© s

16

32

64
# of workers
SGD(d=8)(Yahoo)

128

Overall Runtime(second)

16 32 64 128
# of workers
PageRank(UK2007)
T LI LA R

16

# of workers
ALS(d=8)(Netflix)

32

64

128

Overall Runtime(second)

16

32

64
# of workers
SVDPP(d=8)(Netflix)

128

16

# of workers
TrustRank(Live)

32

64

128

16

32
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# of workers

ALS(d=8)(Yahoo)

128

16

32

g
64
# of workers
SVDPP(d=8)(Yahoo)
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PowerGraph H4RfEt7

gl

~ N N (
Gather Apply Scatter
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% Hilbert order

CRATTIIT E R B T T M T
A TP HIAE AL, %0775  GraphMat ARG .

N\



o HLEXTH: PowerGraph F1 Powerlyra
> SR8 I 4R TV oblivious #% FH T3 PowerGraph
> FHXTH, Powerlyra B 2E T A SRR 73 J7 ik
> CUBE RGN 2 5 Powerlyra Al I 15 R FF— 3K

o SEFE: AR A I8 16b BRI B

- HIEE

(I |U| |V |E| BT B — 4R 9 T3 I
Libimseti 135,359 168,791 17,359,346 Hybrid-cut

lastfm 359,349 211,067 17,559,530 Bi-cut

Netflix ~ 17,770 480,189 100,480,507  Bi-cut
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A
v

50 . . .
Q I D — Libimseti, Sc = 256
40 = Lastfm, Sc = 256
<—D> Q[V] I —— Libimseti, Sc = 1024
A 30
Plu] M R[u,v] 20

P * R < 10 D —
' 1 9 17 25 33 41 49 57
Q[v] = R[u,v]*P[u] + R[w,v]*P[w] # of layers
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SumV AT [A]

>0 —— Libimseti, Sc = 256 50
40 = Lastfm, Sc =256 40
30 — |ibimseti, Sc = 1024 20
20 50
10 0
’ 0
1 9 17 25 33 41 49 57
# of layers
SumV: X SR e EERM

_—

SumE FIBAT RS [A]

= | ibimseti, Sc = 256

= Lastfm, Sc =256

= | ibimseti, Sc = 1024

—
1

9 17 25 33 41 49
# of layers
SumE: XHAR H & R

57



PHATHS 8]

BwE DO GD

ALS

PowerGraph Powerlyra CUBE PowerGraph Powerlyra CUBE

64 6.82 6.80  2.59 (4) 87.0 86.8 28 (64)
Libimseti
128 11.64 11.62 3.33(8) 331 331 109 (64)
64 10.4 9.86  2.48(4) 158 111 57 (64)
Lastfm
128 18.6 17.8 3.47 (8) Failed Failed 230 (64)
64 18.3 7.42  4.16(1) 179 66.0 42.5 (8)
Netflix
128 30.6 11.3 6.55 (2) Failed 239 118 (8)
v B2 Powerlyra % & 4.7 1%
v 127 PowerGraph #Eidfx e 7.3 1




GD &% _ERyiE R E D> ALS % b HE R E RS

v' X Lastfm il Libimseti 203542 v R?éﬁﬁﬁ’mn R EHT
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% Netfix IR RHRAE S ALS (0 HHSE A BT LA

< MR E DN 2048, Eﬂﬁ@d A O(N3) BT HE T
Netflix ZUPEEE L EEFEIE 2.5 1%
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2012 D - Clip: RN EH RS

2013 & EEEETND %
____. _________

Our work ‘
2015 ’m ® More flexible processing order

. @ Breaking the neighborhood constraint

. ® More efficient algorithms can be used
WL} GridGraph e

____:. _________

. Primary concern

Wrong trade-off:  They improve the disk I/0O locality .
Reducing the total amount of disk I/0

at the cost of increasing the total
amount of disk 1/0.



User-defined function

Edge block-1 4 e « I® I
e; (s, t1, wy) ) >@ Vertex-centric
Each edge is ez (S2,t2,W2) €n Neighborhood
processed once | € (S faws) | | T constraint
€4 (S4, Vg, Wy) v[s] .
: ] >@ Edge-centric
' v[t
, \_ f(e) J
Memory vivlv Vertex part-1
A kA
-------- Load -t L
Disk .
Part-1 Part-2 | - - Part-n | Vertexes
i » One by one
Block-1 Block-2 | .- .- Block-n Edges

‘\

Next iteration

BE— 2R ILHAAETE IR, Z Jamig e i SN TG BIIREL
FI7 € SR B ReAE FIE AR _EANRERE b N TIOMEH , FEARMERE



(UO' vl) f(e) BIOCk‘l
(vz., v1) Block-2
(Ui' v]) ......
\/ Block-n
T Sorting
l Execution
W Edges (Sequential Read)
elele]e YR
Memory X N - All vertices
. Reentry //' Vv (Random R/W)
AN ,? N
--load ------ Som——-m--- raa
‘ \ //
Disk Block-l\_ﬁ‘ck-z ------ Block-n

CLIP: Squeezing out all the value of loaded data

WP SAEERINAT, R REZ ] QR BB W AT B AT 2k

1R Al e AR B A A B 2 AT T B

2 SR R R A, AT RUSE R AR AT AE A A R B R A



From https://www.amazon.com/




The real-world graph datasets

LiveJournal 4.85M 69.0M 37MB 0.53GB
Dimacs 23.9M 58.3M 183MB 0.67GB
Twitter 41.7M 1.478 317MB 10.9GB

Friendster 65.6M 1.8B 501MB 13.5GB
Yahoo 1.4B 6.64B 10.5GB 49.4GB

Twitter-Big 288M 60B 2.25GB 480GB

Facebook-Big 1.39B 400B 10.4G 3.1TB

The biggest real-world graph:

® The edges size are much larger than vertexes size
® 32G memory is sufficient for vertexes size
® 32G memory cannot hold all edges

® 32G DDR3 chips are very cheap and prevalent now

Tips: Some single-machine graph systems have similar
design, such as GraphChi and FlashGraph



Example: Calculating single source shortest path (SSSP)

Start<. 0 e
(2

1 —>

6

Initdist|0 |00 |00 |00 |00 |00|

source | target |weight
el 1 6 1
e2 2 1 1
e3 3 2 1
e4 4 3 1
e5 5 4 1
€6 6 5 1

Edge list on disk

. Prior system: process once

: el
e2
| e3
i e4
' es
e6

V1 (2]

|
Disk | Memory

|

|

B

I once
|

|

|

V3 V4 Vs v

i lteration1 | 0 | oo

6
fo fo ]2 ]1]

Clip: process multiple times

el

e2

e3

es4

€5

€6

|
Disk | Memory
|



Example: Calculating single source shortest path (SSSP)

Start—. 0 e | Prior system: process once

1 ——» 6

|
Disk | Memory
I

el
e2

|

|

|
€3 I l once
e4 |

|

|

€5
€6

mitaist [0 [ [ [ [ ||

Vi V2 V3 V4 Vs Vs
lteraton1 | 0 | oo oo | 0o | 2 | 1 |

source | target |weight
el 1 6 1 lteration2 | 0 J oo [ oo | 3 | 2 | 1 |
e2 2 1 1
e3 3 2 1
e4 4 3 1
e5 5 4 1
€6 6 5 1

Edge list on disk

Clip: process multiple times

el

e2

e3

es4

€5

€6

|
Disk | Memory
|



Example: Calculating single source shortest path (SSSP)

Start—<. e e %

1 ———» 6

mitaist [0 [ [ [ [ ||

source | target |weight
el 1 6 1
e2 2 1 1
e3 3 2 1
e4 4 3 1
e5 5 4 1
€6 6 5 1

Edge list on disk

Prior system: process once

|
Disk | Memory

el |
e2 :
€3 I lonce
e4 |
es5 |
e6 !

Vi V2 V3 V4 Vs Vg
iteration1 | 0 J oo J oo J oo | 2 | 1 |
Iteration 2 | 0 Jo | |3 |2 ]|1]

lteration3 | 0 | o | 4 | 3 |2 | 1 |

Clip: process multiple times

el

e2

e3

es4

€5

€6

|
Disk | Memory
|



Example: Calculating single source shortest path (SSSP)

Start—<. ° e
(2

1 —>

6

mitaist [0 [ [ [ [ ||

source | target |weight
el 1 6 1
e2 2 1 1
e3 3 2 1
e4 4 3 1
e5 5 4 1
€6 6 5 1

Edge list on disk

. Prior system: process once

|
Disk | Memory

E el |

': e2 :

i €3 I lonce
i e4 |

E es5 |

3 es !

i V1 %) V3 V4 Vs Ve

| iteraton1 | 0 | oo | oo [ | 2 | 1 |
i iteration2 | 0 | o [ oo | 3 | 2 | 1 |
i Iteration 3 [0 oo |4 312 ]1]

: tteraton4 | 0 [ 5 |4 |3 ]2 1]

Total amount: 4 * 6 + sizeof (e)

i Clip: process multiple times

el

e2

e3

e4

€5

€6

|
Disk | Memory
I



Example: Calculating single source shortest path (SSSP)

Start—<. ° e
(2

1 —>

6

mitaist [0 [ [ [ [ ||

source | target |weight
el 1 6 1
e2 2 1 1
e3 3 2 1
e4 4 3 1
e5 5 4 1
€6 6 5 1

Edge list on disk

Prior system: process once

|
Disk | Memory
I

e1 |
e2 |
e3 :
|
f

€4
e5
€6

Vi UV V3 Vg Vs Vg
iterationT | 0 | oo | oo | 0o | 2 | 1 |

lteration2 | 0 J o | oo [ 3 | 2 | 1 |

lteration3 | 0 J o | 4 |3 |2 | 1|

lteraton4 | 0 | 5 | 4 |3 |2 |1]

Total amount: 4 * 6 + sizeof (e)

el

e2

e3

€4

€5

€6

L1

|
Disk | Memory

U2

l Pass bwe

V3 V4 V5 Vg

lteraton1 | 0 | oo [ o | 3 | 2 | 1 |




Example: Calculating single source shortest path (SSSP)

Start—<. ° e
(2

1 —>

6

mitaist [0 [ [ [ [ ||

source | target |weight
el 1 6 1
e2 2 1 1
e3 3 2 1
e4 4 3 1
e5 5 4 1
€6 6 5 1

Edge list on disk

Prior system: process once

|
Disk | Memory
I

e1 |
e2 |
e3 :
|
f

€4
e5
€6

Vi UV V3 Vg Vs Vg
lteraton1 | 0 | oo | o | 0o | 2 | 1 |

lteration2 | 0 J o | oo [ 3 | 2 | 1 |

lteration3 | 0 | o | 4 |3 |2 | 1|

lteraton4 | 0 | 5 | 4 |3 ]2 |1]

Total amount: 4 * 6 + sizeof (e)

|
Disk | Memory

el
e2
e3
€4
€5
€6

vy V2

l Pass bme

V3 V4 V5 Vg

lteration1 | 0 | o J o | 3 | 2 | 1 |

lteration2 | 0 | 5 | 4 |3 |2 | 1|

Total amount: 2 = 6 * sizeof(e)



Example: Calculating weakly connected component (WCC)

t Prior system: label propagation based i Clip: disjoint set (all vertexes in memory)
O—p o™ o7
| ; |
| Disk | Memory Disk | Memory
v IR 7 I I — | M wels]w]
! 253 | ! 253 |
G—@ S ]
4-3 I 4-3 I
| 3-4 | ! 3-4 |
': 352 | ': 3-2 |
Undirected graph = =
source | target ! v v v . !
e 2 3;9 i 1 4 E V1 V2 V3 Vy
1 Iteration 1 ‘—“—‘ !
i Iteration 1
- 3 i | OmOmOn0
es3 1 2
es4 4 3
es 3 4
€6 3 2

Edge list on disk



Example: Calculating weakly connected component (WCC)

t Prior system: label propagation based i Clip: disjoint set (all vertexes in memory)
O—p o™ o7
| ; |
| Disk | Memory Disk | Memory
—1 | [ w]= - | M we]w]wa]
; 2-3 | ' 51
i 1-2 | ) 2 |
i | l i -3 [ | l
! 4-3 I ! 1 I
: 3-4 | : -2 |
‘. 3~z | ‘. |
Undirected graph = =
source | target ! v v v . !
e 2 3;9 H 1 4 E V1 V2 V3 Vy
1 Iteration 1 ‘—“—‘ !
i Iteration 1
- 3 i | D@ (O O
es3 1 2 Iteration 2 0 o o o
es4 4 3
es 3 4
€6 3 2

Edge list on disk Total amount: 2 6 * sizeof (e) Total amount: 1 = 6 = sizeof (e)



Programming model of Cu»

All
| vertexes




The user only write a very short code———SSSP on CLIP vs SSSP by user

CLIP: 50 lines of code are enough

Sorting: 440 Exec: 614 lines
lines

The user need to write more than 1000 lines of code to
implement the optimized SSSP algorithm, which consists of
sorting, overlapping, multi-thread...



An Example for Sorting

M, M,

My, My, [¢&—Sorted— M My,

¢o a; a; b

Y
(Clo, bO' ay, ay, bli bZ)

e—> @D F(e)

_A/l\_

[ag, bo) | [bo, a1) |[a1, az) |[az, b1)

[by, b,]

block- block- block- block-
1 2 3 4

block-
5

r Step 1

~ Step 2

AN

} Step 3

Only need 3 iterations to read edges

Reading all edges once and determining
the bucket boundaries

Sorting bucket boundaries and creating P *
(P 4+ 1) — 1 buckets
Reading edges and splitting them into buckets

Reading each buckets again and sorting the
edges in memory



® Disk I/O—Overlapping ® Selective scheduling

Active bitmap

Task queue

|
|
|
|
|
|
|
|
|
|
m I
|
|
|
i
|
Read . Proces | .
| » Main | Edge active?
s ! block »  [e]
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Buffer Process
Yes: load
® Concurrency control (Multi-thread) k
Active?
® Neighborhood constraint: fined-grained locking Memory
® Many iterative algorithms can tolerate update b """"""""""""""'""""""""Ei's;"'

overwriting: SSSP (Hogwild[NIPS’11]) i
’ block | block | «++ | block




The real-world graph datasets

| vertexes | Edges | vertenessize | Edees size [NNNNPULL LU EUULILS

Livelournal  4.85M 69.0M 37MB 0.53GB
Dimacs 23.9M 58.3M 183MIB 0.67GB ;@ Relaxing-based applications
Twitter T AT 378 10068 —» SSSP (Single Source Shortest Path)
Friendster 65.6M 1.88 501MB 13.5GB —> BFS (Breadth-first Search)
Yahoo 1.48 6.64B 10.5GB 49.4GB

—-----@ Beyond-neighborhood applications
—» WCC (Weakly connected
—»> M@m?([l‘rtr'al Independent Set )

MCST (Minimum Cost Spanning
Tree)

Tips: Dimacs and Yahoo have a large diameter

Test environment

CPU: Two Intel(R) Xeon(R) CPU E5-
2640 v2 @ 2.00GHz (each has 8-cores)

----- Beyond the Neighborh
DRAM: 32GB, L3 cache 20MB eyond the Neighborhood

machine

PageRank

Disk: Standard 1TB SSD drive. The
average throughput is about 250MB/s
for sequential read.

SpMV (Multiply the sparse adjacency matrix of a
directed graph with a vector of values, one per
vertex)




Execution time (in seconds)

1/O amount of SSSP (GB)

Twitter r
Friends e W X-

ter ——204 Stream

M GridGra

Dimacs [y — ph
Livelou ———~--49

rnal —6 286

0 2000 4000 6000 8000 10000

Iteration Count

SSSP speedup: 1.8x-14.06x
BFS speedup: 1.9x-12.08x



Execution time (in seconds)

Iteration count
CLIP

—> Sequential implementation

——> But only need one iteration

WCC speedup: 5.6x-4264x
MIS speedup: 34x-60x
MCST speedup: 9x-14x




Preprocessing time (seconds)

KR IR
FEFP AR 22 NLFH BT 5 22

FEP RS 1T RIS
PLR B T HE

Total time on Friendster (seconds)

——mm

X-Stream 4867 4867
MIS GridGraph 185.5 3777 3962.5
Clip 145.3 62.49 207.79
X-Stream 0 1322 1322
MCST :
Clip 228.9 93.02 321.92

MIS speedup: 19.07x MCST speedup: 4.1x



Execution time on changed iterations

1600

1000
800
600

0

Execution Times (s)

1
=X-Stream 1500
—GridGraph 493.4
=—Clip 264.9

1400
1200

2
1094
346.2
168.7

4
1037
205
148

8
1024
155.5
148.1

400 :
200

16
1018
147.6
144.8

Tips: Running 5 iterations of PageRank on Twitter Graph

PageRank and SpMV cannot be optimized by Clip

They have a fixed number of iterations

Performance comparison
Better performance

® C(Clip gives a better performance than GridGraph when
the number of threads less than

Overlapping the disk
readings and computation

]

Not bad

® Clip has a same performance with GridGraph when the
number of threads more than 8.
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