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OTKyAa BO3HUKaKOT OonbLuue
rpadpbl?

* WUHTepHeT (WWW)

— Ha cenTa6pb 2016 — 47 munnnapaoB CTpaHuL,
— [lo oueHke Google — bonee 1 TpunnnoHa

 CoumanbHble Megua
— bBbnorocdepa: 2011 — 172 x 10 (+10%/geHb)

— Facebook: 2010 — 500 x 109, 2013 — 1:1 x 10° (650 x 10°
akT.nonb3./aeHb), 140 x 10° cBA3en

— Linkedin: 2013 — 8 x 106, 60 x 106 cBa3en
— Twitter: 2011 — 140 x 106 coobweHuin/aeHb

 TpaHCnoOpTHbLIE CeTU
 BunouHpopmaTUkKa
 BbusHec-zapaum

thttp://www.worldwidewebsize.com



TpeHAbl pa3BUTUSA
CynepKoMnbIOTEPOB: KOMMepLUUs
VS 3aKas3

Beowulf cluster, 1994
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Big Data vs HPC
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bunonHdopmaTuka: cxoacTteo
OpraHVI3MOB (H PC)
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JnekTpocetn (HPC)
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AHanun3 coumnanbHbIX ceTeu
(BigData, HPC)

AHanun3 coobLlecTB

[ToHnMaHue
HaMepeHnH

[lnHamuka nonynauum

PacnpOCTpaHeHme
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busHec-aHanNUTuUKa n
KnoepbesonacHocTtb (Big Data&HPC)
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OoNbLWNX MaccnBoOB
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 AHaNn3 gaHHbIX
 BbigBneHne moLeHHn4YecTBa
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[‘pachoBbLIe HENPOHHbLIE CeTU:
TUNWNYHO rpadgoBble NpueMbli

.+ Message Passing /07
— 0bMeH C —
coceasimu = PN

hy = g(z1, x5, )

Pooled netwark Pooled network Graph
at level 2 at level 3 classification

https://theaisummer.com/static/f9b31178c15de7dcb02a206f8041da2a/c56af/graph-convolution.png
https://arxiv.org/pdf/1806.08804.pdf 9



https://arxiv.org/pdf/1806.08804.pdf
https://arxiv.org/pdf/1806.08804.pdf

[lpu3Haku B rpadax Ana MallMHHOro
o0y4yeHuUs
» BepWuHbI (CTeNeHb, NONYyCTENEHM,
betweenness centrality, PageRank)

 [lapbl BEPLUNH (KOMMYECTBO ODLLNX
cocefen, Bec pebpa)

* Egonet (konn4ecTBO TPEYrosibHNUKOB,
KOnn4ecTBO pebdep)

* [pynna BepLmnH (NMIOTHOCTb = KOM-BO
pebep/Kon-Bo BEPLUMH, 0OLLKNI BEC pebep)
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Knaccudounkauma sapgavy aHanmsa
rpachoB

* [lo Tuny rpadgoos
— cTatundeckue rpadsbl (static graph analysis)

— AnHamumnyeckue rpadbl (dynamic graph
analysis)

— 0bpaboTka NOTOKOB BEPLUNH 1 pebep
(streaming graph analysis)

* [1o Tnny obpaboTkn
— B peXume pearbHOro spemenmn (online)

— B peXxume BbinonHeHusa 3agaHun (offline,
batch processing)
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Big Data Landscape
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http://www.christophersherwin.com/

[lporpamMMHbIe Mogenu n cpeacTsa

PenaunoHHasa mogenb
— Cassandra, SAP HANA, ...

MapReduce
Generic MR:

— Hadoop, Yarn, Dryad, Stratosphere, Haloop
Graph-optimized: Pegasus, Surfer, GBASE, GraphX

CI'IeLI,VIaJ'IVI3I/IpOBaHHbIe A3bIKU NporpaMmmMmnpoBaHUA

—  [1pobreMHO-OpUeHTUPOBAHHbLIE SA3bIKM NporpaMmmmpoBaHna (DSL)
Green-Marl, Exedra

— A3blkK 3anpocos K rpagosbiM CYB[]
SPARQL, G-SPARQL, Neo4j, ...

BSP
— Parallel BGL
Vertex-centric/BSP
— Pregel (Giraph, Hama, Mizan, ...)
Vertex-centric/Data, Message-driven
— GraphLab, SWARM, Trinity, Charm++, ...

Fine-grained Threaded Shared Memory/PGAS
— GraphCT, STINGER, Grappa

TexHonornu napansnenbLHoro nporpaMmmMmpoBaHns
— OpenMP, MPI, CUDA, ...
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Big Data vs HPC
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[lporpamma Kypca

Anropntmbl 06paboTku rpados
— BFS, DFS

— SSSP

— MST

— CBA3HblIE KOMIMOHEHTHI

— [louck coobulecTB

GraphBLAS

[MporpammHble mogenun Charm++,
MapReduce, Spark

MeToabl napannensHou peanm3aunm Ha
cuctemax c oowen NnamMaTbio

MeToabl napannensHou peannsaunm Ha
cucTemax c pacnpeaeneHHom NamaTbio
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