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Bottleneck Sources

 Fundamental system/application characteristics
* Application design

e Human effort/involvement




Fundamental Bottlenecks

 Machine limits

e Latencies

e Seqguential versus random processing
* Machine/network tfailures

* Algorithm characteristics
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http://bit.ly/1aGoF>5l

Table 2.2 Example Time Scale of System Latencies

Event Latency Scaled
1 CPU cycle 0.3 ns 1s
Level 1 cache access 0.9 ns 3s
Level 2 cache access 2.8 ns 28

Level 3 cache access 12.9 ns 43 s
Main memory access (DRAM, from CPU) 120 ns 6 min
Solid-state disk 1/O (flash memory) 50-150 ps 2-6 days
Rotational disk 1/O 1-10 ms 1-12 months
Internet: San Francisco to New York 40 ms 4 years
Internet: San Francisco to United Kingdom 81 ms 8 years
Internet: San Francisco to Australia 183 ms 19 years
TCP packet retransmit 1-3 s 105-317 years

~ OS virtualization system reboot 4 s 423 years
SCSI command time-out 30 s 3 millennia
Hardware (HW) virtualization system reboot 40 s 4 millennia
Physical system reboot 5m 32 millennia
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Sequential vs Random
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Hard Drive Annual Failure Rate

Grey bars are for 2014. Colored bars are for 2015 (Jan-jun)
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Backblaze cloud storage:
35%
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Algorithm Characteristics

Fine grained, coarse grained, embarrassingly (data) parallel:
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Algorithm Characteristics

mutable state + parallel processing = non-determinism

X = 0

async { x = x + 1}
async { x = x * 2}

# can give 0, 1, 2




Different programming models

scheduling, data distribution, synchronization, _
inter-process communication, robustness, fault Message Passing Shared Memory
tolerance, ...

Flynn’s taxonomy (SIMD, MIMD, etc.),
network typology, bisection bandwidth
UMA vs. NUMA, cache coherence Common problems
livelock, deadlock, data starvation, priority inversion...
dining philosophers, sleeping barbers, cigarette smokers, ...

P, P,] [Ps] [Pa] [Ps || Pyl P,||Ps| [Pal [Ps

producer consumer

Different programming constructs bl

mutexes, conditional variables, barriers, ... t
masters/slaves, producers/consumers, work queues, ... ‘R‘ .—’L.—’U

producer consumer
slaves

Programmer shoulders the burden of managing concurrency... @ARA




inputFile = open('document.txt')

counts = {}
for Line in inputFile:
words = line.split()
for word in words:
counts|word |

counts.get(word, 9) + 1

for word 1in counts:
print word, counts[word ]




inputFile open( 'document.txt ')

counts = {}
for Line in inputFile:
words = line.split()
for word in words:
counts|word |

counts.get(word, 9) + 1

for word 1in counts:
print word, counts[word ]




inputFile = open('document.txt')

counts = {}

for line 1In 1nputkFile:
words = line.split()
for word in words:

counts|word |

counts.get(word, 9) + 1

for word 1in counts:
print word, counts[word ]




inputFile = open('document.txt')

counts = {}
for Line in inputFile:
words = line.split()
for word in words:

counts[word| = counts.get(word, 9) + 1

for word 1in counts:
print word, counts[word ]




Scalability: Design

* Data is growing faster than computing power and 1O

=> distributed computing necessary

 Most standard applications cannot run in a distributed fashion

=> Applications need to be designed with scalability from the start



Scalability: Design

|dea: take a step back and consider:

e \Nork without mutable state

* Restrict the programming interface so that more can be done
automatically.

Turns out: we can use ideas from functional programming



-unctional Programming

Restrict the programming interface so that the system can do more
automatically. Use ideas from functional programming:

‘Here Is a tunction, apply it to all of the data”
e | do not care where it runs (the system should handle that)

e Feel free to run it twice on different nodes (no side effects!)
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A Data-Parallel Approach

MapReduce: Simplified Data Processing on Large Clusters
Jeffrey Dean and Sanjay Ghemawat

sanjay @ google.com

—~aanpgle.com,

e, Inc.
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MapReduce

"A simple and powerful interface that
enables automatic parallelization and
distribution of large-scale computations,
combined with an implementation of this
Interface that achieves high performance
on large clusters of commodity PCs.”

Jeffrey Dean and Sanjay Ghemawat , “MapReduce: Simplified
Data Processing on Large Clusters”, Proceedings of the 6th OSDI

Symposium, 2004



MapReduce Basic High Level

e Block of
(Replicated) St Output File
Data
Native File Syst
el Temp Spill Partitioned Reducer
Data Sorted Data Local Copy
cloudera




MapReaduce Programming Moadel

Map function: (K1, V1) —> list(Ko, V2)

Reduce function: (Ka, list(V2)) —> list(Ks, V3)

<How,1>
B — <now, 1> <How,1 1> —
How now | <brown, 1> <now,1 1> brown 1
Brown cow — <cow,1> | <brown,1> | cow
—— <How, 1> <cow, 1> — does 1
<does,1> <does,1> How 2
How doesH—— | <it,1> <it,1> | it 1
— 1> — now 2
It work oWTT—~—0_ :\:gvrvk 1> swork1> work 1
| Reduce
o
7
\:_/ Local file systems \_/
Map
Input Output

Distributed file system Distributed file system @ARA




Date

01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011
01/01/2011

Time

18:
18:
18:
18:
18:
18:
18:

18

00
01
01
01
04
05
05

: 06
18:
18:
18:
18:
18:

06
10
10
10
11

UserID Activity

userl
userl
user?2
user3
user4
userl
user3
user4
userl
user4
userl
user4
userl

load pagel
load page?2
load pagel
load pagel
load page3
load page3
load page5
load page4
purchase
purchase
confirm
confirm
load page3

TimeSpent

3s
5s
2S
3s
10s
5s
3s
6S
5s
8S
9s
11ls
3s




"l o "01/01/2011 18:00 userl load pagel 3s"
"2n" o "01/01/2011 18:01 userl load page2 5s" — [k1,v1]
"3 o "01/01/2011 18:01 user? load pagel 2s"

"userl" : "3s"

"userl" : "5g" — [k2,v2]

"user2" : "2s"




Host1 Host2 Host3 Host4
lluserl" "38" "user3" "38" "user3" "38" "user4" "8S"
lluserlll "58" lluser4ll IllOSll lluser4ll "68" Iluserlll "98"
lluser2" "28" lluserlll "58" lluserlll "58" lluser4" Hllsll [k2,V2]
"userl" "38"
[Shuffe step
Y
"userlll "38" "user2" "28" "user3" "3Sll "user4" lllOSll
"userlﬂ "5Sll "user3" "38" "user4" "6S" B [k2 V2]
Iluserl" "5S" "user4" "8S" ’
lluserlll ll5Sll lluser4ll llllsll
lluserlll "98" _—
"userlﬂ "38"
Sort step ]
"userlll <"38", "58", "58", "58", "98", "38">
user? <"2s">  [k2,<v2>]
lluser3" <"35", "3S">
lluser4" <"lOS", "68", "85", "llS">




| Host3 |

"userl" : <"3s8", "bs", "bHsgs", "5s", "9s", "3s">
"user2" : <"2s8"> — [k2,v2]

"user3" : <"3g", "3s">
"userd4" : <"10s", "6s", "8s", "lls">

Aggregate
work

"userl" : "30s"
"user2" : "2s"

"yserl3" . "gg"
"userd" . "35s"

— [k3,<v3>]




Shuffle and Sort

Copy “Sort” Reduce
phase phase phase
map task ggg'ta":,'g reduce task
spill to disk
bufferin ¢ "-'
|nput
split




YARN: an executing Application

MapReduce Status
Job Submission

Node Status
Resource Request




Hathi cluster:

e 197 nodes, 8 cores, 64GB RAM

e 1576 container slots

e 4 x1{2,4} TB disks: ~ 2.3PB HDFS

* Hortonworks HDP 2.3 (Hadoop 2.7.1)

e Kerberos authentication

 YARN for {MapReduce, Spark, ... }




Hands-on: Notebooks Jupyter

o

&
* Browse to: http://hadws{1..28}.demouva.vm.surfsara.nl:8888

Jupyter notebooks:

e ©.0.: http://hadws1.demouva.vm.surfsara.nl:8888

 Password: spark@uvahpc
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