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ANropntmMmbl peLieHus
Single Source Shortest Paths

 Jlenkctpsbl, 1959
* bennmana-®oppaa, 1969
* [enbta-ctennuHr, 2003



SSSP, BcnomoraTtenbHble npoueaypbl

InitializeSingleSource(G, s)
forallve V
d[v] = Inf
end for
d[s]=0

Relax(u, v)

If d[v] > d[u] + w(u, v)
d[v] = d[u] + w(u, v)
plv] = u

end If




SSSP, Anroputm [leuKcTpbl

Dijkstra (G, w, S)
InitializeSingleSource(G, s)
S=1{}
Q=V
while Q = {}
u = GetMin (Q)
S=SU{u}
Q=0Q/{u}
for all v in Adj[u]
Relax (u, v)
end for
end while

CnoxHoctb O(N?+M), O(N IgN + M)

G(V, E, W) —
OPUEHTUPOBAHHbLIN,
w(e)>=0, win W
nocnenoBaTe/ibHbIN



SSSP, Anroputm bennmaHa-®opaa

BellmanFord (G, s) e G(V,E,W)-
InitializeSingleSource(G, s) OPUEHTUPOBAHHbIN,
fori=1to|V|-1 W: E->R
for all (u,v)in E *  MOXEeT onpenenaTb
Relax(u, v) HaMume LMKIOB C
end for OTpULLaTE/IbHbIM
end for BECOM

CnoxHoctb O(N M)



SSSP, Anroputm bennmaHa-®opaa

BellmanFord (G, s)
InitializeSingleSource(G, s)
fori=1to|V]|-1
#pragma omp parallel for
for all (u,v)IinE
Relax(u, v) // atomapHo
end for
end for




SSSP, Aniroputm delta-stepping
(2003, U. Meyer, P. Sanders) (1/4)

* G(V, E, W)—opueHtnpoBaHHbin, w(e)>=0, w in W
e deltainR, delta>0

DeltaStepping (G, s, delta)
InitializeDeltaStepping
1=0
while true
processBucket(i)
I=min(k >i:B,!={})
If I == Iinf then break
end while




SSSP, Anroputm delta-stepping (2/4)

InitializeDeltaStepping (G, S)
foralluinV
d(u)= Iinf
end for
d(s) =0
B,={s}
Bint = V / {s}
B,=B,=...= {}

B, ={veV:dlv] €lixdelta; (i +1) * delta)}



SSSP, Anroputm delta-stepping (3/4)

ProcessBucket (i)
A = B,
while A= {}
foralluin A, foralle=(u,v)IinE
Relax(u, V)
end for
A = {X : d(X) nameHeH B npeabiayLiemM LuKne}
A=BMNA

end while
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SSSP, Anroputm delta-stepping (4/4)

Relax (u, v)

i = |d(v)/delta| // crapbiil bucket
d(v) = min(d(v), d(u) + w(u,v))
j=|d(v)/delta| // HoBbIl bucket

If J <1 then nepemecTntb v 13 B; B B;
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SSSP, Anroputm delta-stepping

DeltaStepping (G, s, delta)
InitializeDeltaStepping
1=0
while true
processBucket(i)
I=min(k >i:B,!={})
If 1 '=Inf then break
end while

e JlnAa cnyydarHbiX rpadoB «Xopowmnimnm» nokasatenb delta =
1/d, roe d — makcMmanbHaa cteneHb BepLnHbI, W
paBHOMeEpPHO pacnpegenenbl B [0; 1]
e CnoxHoctb O(M log N) d
e Konnyectso ntepauuu
* d.- makcmmanbHaa gAnHa NyTH

. 5 logn
delta loglogn




SSSP, Anroputm delta-stepping

ProcessBucket (i)
A= B,
while Al={}
#pragma omp parallel for
foralluin A, foralle=(u,v)Iin E
Relax(u, v) // atomapHoO
end for
A = {x : d(x) changed in previous for all}
A=BNA
end while
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BapuaHTbl 3agaHun

PeanusoBaTtb anroputm Aenbra-CTENMUHI Ha pacnpeaeneHHon NaMmsaT npu
NOMOLLIU:

*  QOyHKumn MPI-1

*  mpidpy

* OOHOCTOPOHHME KOMMYHUKaunn MPI-3
« bubnmnoreka OpenSHMEM
 Charm++, charm4py

« Chapel

« Apache Spark, GraphX

* Wcnonb3oBaHune yckoputerneun

« Combinatorial BLAS

* Neodj, ... ?

* Peanusauunsa gomkHa ObITb MacwTabupyemon no namMmAaTu 1 obnagatb
CUNbHOU MacLUTabupyemMoCTbIO

« [1na sk3ameHa aBTOMaTOM peanusauus ormkHa obnagaTb 0COGEHHOCTbIO

 [OepnanHbl: 1.04 — KOPPEKTHOCTb
* 6.05 - macwTabupyemocTtb
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Big Data Landscape
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Apache Hadoop

i APACHE
N adoop o

1 TB Hadoop/Spark Cluster
RN ES

1@@ GB Postgres, Hadoop/Spark Cluster

1@ GB pandas, Spark, Postgres

. Heduc»:e
GB pandas, Spark, Postgres, CLI

APACHE & MB Excel, pandas, Postgres, CLI
[ ]
Spo Km KB Excel, CLI
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Hta Hadoop Cluster

Hadoop Cluster

Rack Switch Rack Switch Rack Switch

® 06 0 00

il
i
i

Rack 1 Rack 2 Rack 3
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HDFS

PaboTaeT NONHOCTbIO B user- NameNode
space ;
g o fsimage + edits File MetaData: Client
OTKa30yCTOMl"I nBaAd Secondary - File Name —
- File Permissions
[OpM30HTaNIbHO NameNode Block D5

- Block Locations

BbICOKOMAcLITabupyemas - Number of Replicas
Pa3paboTaHa ana obpaboTku
HebobLIOro Yncaa 6onbLnNX

dannos

OGECI'IEHMBaET I'IOTOKOByPO Individual Individual
Data Data

0bpaboTKy: 1 3anuce, Blocks Blocks

60NblUOE YNC/IO YTEHUU DataNode1 DataNode2 DataNode3

Pa3bueHune Ha 610KM no size (64 MB),
KO3PPUUMEHT pensinkaumm
Y3en MMeH: meTagaHHble - UHPopMaLKA O
nepapxumn, o pacnpeaeneHnm

* Homep cTonKkmu
Standby NameNode (Hadoop 2.0)

18



Anroputm penamkaumm:

HDFS — pennukauyus

Rack 2

__Rack1
Block Size: 129 MB

Replication Factor: 3
Pata Nedes: 10
u

126 MB
Block

NameNode BbibupaeT y3nbl ANS l I

Pa3sMeEeLLLEHMNA PENIUK C Y4ETOM

A00C

6anaHCUPOBKMU e
1-A pennvKa pasmeLL,aeTca Ha NepBoMm y3ne

N3 CNUcKa

2-A peninKka KonupyeTca Ha Apyron y3en

U Tak ganee

19



LISP

1958 John McCarty (MIT) Lisp (LISt Processor)

Lisp — ®PYHKLUMOHaNbHbIN A3bIK NPOrpaMmmMmnMPOBaHMA
(map f list)

(reduce q list)

(map square ‘(1 2 3 4))
->(14916)

(reduce + ‘(1 4 9 16))
-> 30

(reduce + (map square ‘(1 2 3 4)))
-> 30

20



LISP

1958 John McCarty (MIT) Lisp (LISt Processor)
Lisp — ®PYHKLUMOHaNbHbIN A3bIK NPOrpaMmmMmnMPOBaHMA

(map f list)

(reduce q list) dyHKUUOHaNbHOEe
nporpammupoBaHue:
(map square ‘(1 2 3 4)) * OyHKUMA — 06BbeKT 1 Knacca
> (149 16) (MOXXHO COXpaHATb Kak
(reduce + ‘(1 4 9 16)) 3HauYeHue, NnepegaBaTth Kak
> 30 aprymeHT, BO3BpaLaTb
(reduce + (map square ‘(1 2 3 4))) 3HayeHue)
->30 * OtcyTcTBMe side-apdeKToB
* HenameHAEMOCTb 3HAUYEHUM
nepemeHHbIX

21



MapReduce 2002 [Dean, 2004]

1. Input. lNonyyeHne BXOAHbIX
HHbIX Ha [TAaBHOM m r
NAHHbIX Ha rNaBHOM y3ne (maste ety | KaListV2)

n Od e) b . Deer, 1 Bear, (1,1) Bear, 2
2. Split. ThaBHbIN y3en genut decriear Ve pug Bear, 1 List(K3,V3)

River, 1
BXOAHble AaHHble Ha YacTh (K1) un

Input i Splitting Mapping Shuffling = Reducing Final Result

Bear, 2

Deer Bear River 3 X Car, 3
nepenaet pa boumm y3/1am (WO rker BGESLIES Car Car River : ‘ Deer, 2
Deer Car Bear iver, River, 2
node)
3. Map. Kaxkabin pabouni ysen Deer Car Bear

npumeHaeT pyHKUMto Map K
Kaxaomy K1 (noKanbHble AaHHbIe)
N 3aNMCbIBAeT pPe3ynbTaT B
dopmaTte «Knto4-3HaveHue» (K2,
V2) BO BpeMeHHOoe XpaHUauLLe

4. Shuffle (&Sort). Pabouune y3nbl nepepacnpeenstoT AaHHbIE HA OCHOBE K/toYel, YTobbl Bce
AaHHble C ogHMM Katoyom K2 nexanu Ha ogHom pabouem y3ne.

5. Reduce. Pabouune y3nbl npumeHsaoT pyHKUMOo Reduce K KaxKaow rpynne pe3ynbtaTos C
oAMHaKoBbIM K2 1 nepeaaeT B rNaBHbIM y3en

[Dean, 2004] J. Dean, S. Ghemawat MapReduce: Simplified Data Processing on Large Clusters

https://www.usenix.org/legacy/event/osdi04/tech/full papers/dean/dean html/ 22
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MapReduce

* map (in_key, in_value)
-> (out_key, intermediate_value) list

* reduce (out_key, intermediate_value list)
-> out_value list

OCHOBHbIe NPEeNMyLLEeCcTBa: Hadoop Cluster

* ABTOMaTU4YecKoe /
pacnpeaeneHne aHHbIX U
pacnapannennsaHume mmswiﬂ Core Switch

BblumcneHwic S e
* BanaHCMpPOBKa HarpysKku -
*  OTKa30yCTOYMNBOCTb
— ToBTOP BbINOHEHWS
onepauuit B Clyyae OTKA30B

r—

Rack Switch Rack Switch

0o 000

[+]
e
(4]

|OOO||| :

Rack 1 Rack3



[Mpumep

Java

Input ‘ Splitting Mapping Shuffling  Reducing Final Result

List(K2,V2) K2,List(V2)
K1,v1i

Deer Bear River

Deer Bear River
Car Car River Car Car River Car, 1
Deer Car Bear River, 1

Deer Car Bear

public void map(LongWritable key, Text value, Context con) throws ... {
String line = value.toString();
String[] words=line.split(",");
for (String word: words ) {
Text outputKey = new Text(word.toUpperCase().trim());
IntWritable outputValue = new IntWritable(1);
con.write(outputKey, outputValue);

1

public void reduce(Text word, Iterable<IntWritable> values, Context con) throws ... {

int sum =0;

for (IntWritable value : values) {
sum += value.get(); }
con.write(word, new IntWritable(sum));

24



Shuffling

Input Output
Sorting

OonTumusauyumu:
* Combiner —3anycK Ha y3nax mapper nocse gasbl map (noKanbHbIM Mini reduce) ana
3KOHOMWM NMPONYCKHOM CNOCOBHOCTH

Input
Data

Output
data

stored
on
HDFS

Stored
on
HDFS

On one mapper machine:

Map output . . . . ....
\/ \/
Combiner
eplaces with: . .

To reducer To reducer



MapReduce

Peannsaumun MapReduce: Hepoctatkm MapReduce:

e Google File System * TpyaoemKkocCTb NPOrpamMmMmnUpoBaHUA B

* Apache Hadoop yucton napagurme MapReduce

* Yahoo e Kaxkapbli pa3 pe3ynbTaTbl CKAAA4bIBAOTCA HA
* Amazon AWS ANCK, NPOU3BOAUTENbHOCTb

( Pregel } (  Giraph )
( Dremel ) ( Drill ) l Tez |

MapRed -
@ I Impala ) ( GraphLab )
1 Storm } q S4 )

General Batch Processing Specialized Systems: 26
iterative, interactive, streaming, graph, etc.



Spark [Zaharia, 2010]

* RDD (Resilient Distributed Dataset) — rnaBHaa abcTpakums B Spark:
—  KOMNEKUMA 3/IeMeHTOB

— OTKa3oycTon4mBas
— napannenbHasa 0b6paboTka
— read-only
Driver
\ > Node
S R S . [ B R -
: | I [ I I I |
| ] | ] | RDD ] | | [
I | | | | | | [
(SRt IR S AN S IS SR
Worker Worker Worker Worker
Node Node Node Node

[Zaharia, 2010] Zaharia M. et al. Spark: Cluster computing with working sets //2nd USENIX Workshop

on Hot Topics in Cloud Computing (HotCloud 10). — 2010. -
https://www.usenix.org/legacy/event/hotcloud10/tech/full papers/Zaharia.pdf



https://www.usenix.org/legacy/event/hotcloud10/tech/full_papers/Zaharia.pdf

Spark

transformations

Transformations
—  BblYMCNEHUA NeHuBble (ONTUMM3ALUMA NNaHA BbIYUC/IEHUN,
BOCCTaHOB/IEHUE)
— map, filter, flatMap, union, distinct, groupByKey, sortByKey, reduceByKey,
join
Actions
— reduce, count, collect, saveAs
Persistence
— cache — octaBnaeT NeHUBbIM, HO U3MEHAET MECTO XPaHEHUA Nocse
BbINo/HEeHUA BblvncneHnn: MEMORY_ONLY, MEMORY_AND_DISK,
MEMORY_ONLY_SER, MEMORY_AND_DISK_SER, DISK_ONLY,
MEMORY_ONLY_2, MEMORY_AND_DISK_ 2
PasgenAaemble nepemeHHble
— broadcast (read-only)
— accumulators
(Tonbko moaundmKkaums) 78



Spark: cluster

Worker Node

Driver Program
SparkContext

Cluster Manager

Exectuor m
=3

&

Worker Node

Y
Exectuor m
task [§ task
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Spark: rpad BbInonHeHus

\ 4
onepauuu
e
stage 1 artion
“( - -
o
-
stage 2
C:
o
@@
-
S———————map(
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[MTpumep

Scala:

val f = sc.textFile(“Input.file”)
val wc = f.flatMap(l => I.split(“ ”)).map(word => (word, 1)).reduceByKey(_ + )
wc.saveAsTextFile(“wc_count.txt”)

31



Spark

Logistic Regression Performance

4500

4000 -
@ 3500 -
g3ooo -

= 2500
o
£ 2000
€ 1c00
: S
& 1000
500
0

127 s/ iteration

/

& Hadoop

l W Spark
| — L ‘ L first ltgratlorl 174 S
further iterations 6 s
1 5 10 20 30

Number of Iterations
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Spark
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