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Figure 4.1: A data-stream-management system

Muliple streams of different  varer  (not Synchronised)
Aveival stuve . offline am\\asis
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szoes of $¥veom Queries

1. S’row\div\& Queries

produce off atr oppropriate Yiwme

Quevy  ontinuontly xunning

Contronirly vead wew date

guery exec W be optimised

ey no.of wvewides passing inversechion every wour
ey MO kemp  ever recovded

2 Ad Woc Queries
* not  prederermined ;, arbitrary
need v  steve shream

do SGL guery
© ey o of unigue Wsert n fae lawr 20 o

8: Consider the queries below. Which among them are STANDING
QUERIES and which are AD HOC?
 Alert when temperature > threshold s‘cam\in%

 Display average of last n temperature readings; n arbitrary
0.d-Woc

 List of countries from which visits have been received over
last year od-hoe

« Alert if website receives visit from a black-listed country S’cano\in@



Tosuee i Stveam  Trocessing
\YJ

Velocity L\m'?)\ﬂ

Volume (.hiah)

Need +o sfore in  mewoyy
FromewprL  Requirements

« Scalmble Yo \aroe  clusrers

Second -scale  \otevciee Clow latrencied)

Simple  programming  wodel

TV\‘\'C?)(‘N\'Qd with bodth g interactive procecsing

Efkicient fawl Jtolerawnce
6: Can Hodoop be used?

* The input is a stream of records
from the stock market.

» Each time a stock is sold, a new
record is created.

* The record contains a field
num_stock which is the number of
stocks sold.

* Find_max is a program that
updates a variable Max_num_stock
which is the maximum of
num_stock.

|

Input Stock Data Stream:
num_stock

|

Find_max

Max_num_stock J




© IF vadooy used, dotn wutk ve steved and mas program
WMWY run  on  enhre dotaset

Al frovsacims hoved onto  Hile
Run MR progfam and thare plobal wat vVoariao\e aeyvoss
nodes - ol PReurt
ose $wdy: Coniva Tac.
© Real-xiwme wonitoring, of online werdarn
* Two ?rocessir\a shacue

I Cagom-lowitk  dittriowred  shream  processing  system
- wany nodes reg,

3. Hadoop backend for offline analysis
- Similar computation oac the threamivg cyttem

© Twice e ebfort, buge

Matefuf 4fneom Pmmmlvb

Troditional  etreaming: event-driven, reusrd-at-a-time processing
model

- eath wode: state
- every veuwvd: update state



« State \ott if node dies

Hard fo wale trateful stream  processing foulr tolevany

mutable state

input
records

input
records

Global  Srate: where 4o  stere?

existing  Streaming  Suerews
A\ <

L Srorm
Processes eath  Yeword ot  leagt  ence
N\mb update wwurable stake dwice
Replows rceword W not  processed

a. Trident
Use Arangattignt Yo wpdote stare
Pcocess eath record emc’d% mce
Per stote  4rontachion updates slow



SPARK STREAMING

- fromeweory fer \avae—sc.a\e skream processima

100c of wnodet
Tntegrotes  with Spork's bofth awd intevackive processing

Provides  batdh-lie API fur implementing comples  algorithm
Lan  obsorb \ive dotm  tveawms — Wafka, Flume, ZeroMR et

an Vadoop ‘e wodified)

fssume 4 sec u?dm\-es o.ccey’m\o\e

Modoop fur stveam processing?
Ipnore global vaviolle  problem

Input Stock Data
Stream: num_stock

Find_max: If num_stock > Max_num_stock
Max_num_stock = num_stock

[ Max_num_stock J

Boktn +03ew\er inpwr  recovde every L ser  into siqe)\e WDES

fle
Eery file procested using M2

Update every Second



Input Stock Data
Stream: num_stock )

Batcher: group together records
every second into an HDFS file

|

Find_max: If num_stock > Max_num_stock
Max_num_stock = num_stock

!

[;M,a&_,ﬂym:smg&,]

Discrelised  Stream ?rocessing
© Unop live stream into batdher of X Seumds
* toth ootth treated os RDD by Spark
* Processed vesuiit of ROD opevatione (etwrned in  batehes
© Batdh Sizes as low ac Yz second, lotewcies as low ay 4 sec
Potentiol: tombine batoh processing owd stream procesting

live data stream

batches 65X seconds

- S

e | T spark
processed results



Détreamg

Un Spark (no¥ S’Neamivu Spav)
- verw Yoriable — RDD
- Potr "RDDs — \ey-vame paire

Exawmple: et Mah\-o%s from  Twitrer

// twitterStream returns variable of type Dstream

// Dstream: sequence of RDD representing a stream of data
val tweets = ssc.twitterStream(<Twitter username>, <Twitter
password>)

// hashTags is new object of type Dstream

// flatMap transformation

// Dstream is sequence of RDDs

val hashTags = tweets.flatMap (status => getTags(status))

// Push data to external storage (HDFS)
hashTags.saveAsHadoopFiles("hdfs://...")

Twitter Streaming API LW W W —
wweets DStream (L bl Gulalal) Laladall)

hashTags Dstream
[#cat, #dog, ... ]

WL W
Every batch saved to lsave 1save 1save

HDFS



SparlL  Siveaming- Execulion of Tolbt

Twitter, HDFS, Kafka, Flume

Kafka , ‘
» Standard RDD operations —map, ‘[\Z HDFS |
countByValue, reduce, join, ... Flume Spork B E
* Stateful operations — window, HDFS/S3 _Databases |
countByValueAndWindow, ... 4 —_—
’ Kinesis streomlng Dashboards ‘

Twitter

* saveAsHadoopFiles — saves to
HDFS

» foreach — do anything with each
batch of results

. DSteawms owmd Receivevrs

. Shrmwﬁv\a spari- batth proce:s\'na

tvery Ditveaw actocioted with receiver
- vead Ooto frowm towrce
- thele nfo Sparl wewery fov ?-rocetsh\a
- types

@) Batic — Hle systews, Sockets

G Advonted - Kofwa, flume

RelotiontWip between Ditveowm and ADD

RDD @ time 1 RDD @ time 2 RDD @ time 3 RDD @ time 4

data from _ . datafrom | __ | datafrom | _ data from -

DStream = =
timeOto 1l time 1to 2 time 2to 3 time3to4



Sh‘wmivsﬂ Sparl  processes job
- Srarks  receiver on an exewdsr ot & leng  running 3ol

Driver thavks Yatws 4o process  bloths ™ every indrecvad

2. Towtormationt Spo.r\L

+ Sroreless
Srorefwt

© Statelese Trowmtformations

© Trownsfermohon o\??\'\ed independently o every balth
No info carvied Pvward from one baldh tb  wewt

. €qu>les
0
© HodMap()
« FiverO)
Rexut’d'ﬂm 0O
. uce&v \ey )
* oroupBuiteq ()

8: Consider a Dstream on stock quotes generated similar to earlier
that contains
» A sequence of tuples that contain <company name, stock sold>
* Need to find total shares sold per company in the last 1 minute

Show Streaming spark design for the same.



RDO QD 0D

Ditvea
— o] [foaen@
(minutes)

redwce By Ve

U Gy 1wg) J
[ ] 1

sove sawe soave
v 4 v
HOFS HOFS HORS

(v) Storeful  TrantFarmotion

Soke steved ocvoss  diffevevit Loatones of data

€y Mox Rwmount of Srock Sod acrort whole dag for a

(—OW\PQV\\A
Data: ?o\\r RODe

Syar\u.'. o o?\\'(ms

G Window opevnitr = sthare mMaintamed Lor  Swork yen’ods of
Yime Csliding  window)

i) Sestion looted: Stoke naintained for lovaer

() Window ~oased

KMWL‘)\e'- touny \NJ.S\IL'\'Q-%! over laay \0 wming

val tweets = ssc.twitterStream(<Twitter username>, <Twitter password>)
val hashTags = tweets.flatMap (status => getTags(status))
val tagCounts = hashTags.window(Minutes(1@), Seconds(1)).countByValue()

sliding window operation window length sliding interval

(vove. window \eyd



t-1 t t+1 t+2 t+3

hashTags hi . Q Q E

countByValue

tagCounts - G count over all
the data in the
window

Smont, Window - Bosed CownrhyVolue

val tagCounts = hashtags.countByValueAndWindow(Minutes(10), Seconds(1))

t-1 t t+l t+2 t+3
. Y- ol i
2 _. X countByvalle | -
| I r’-‘, I . add the counts
| P— L. ; ‘ from the new
.vsubtract the batch in the
g pegen counts from window
tagCounts | __ | ___\ batch before
the window
Wy Wivdow-baced educe
© Reduee, inverse reduce
© Cowld have implemenred LOuvx\'Mé as
hashTags.reduceByKeyAndWindow( +_,, - , Minutes(l), ..)




(h Sessin -based

Q: Maintain per-usec  wood 0s tfote | update with Haeir tweett

|= What has to be the structure of the RDD tweets?
Hint — note that updateStateByKey needs a key

2= What does the function updateMood do?
Hint — note that it should update per-user mood

tweets.updateStateByKey(tweet => updateMood(tweet))

* updateStateByKey usesthe
current mood and the mood in the
tweet to update the user’s mood

[ 4weets: duser, wmood?
1. Compute new wwood Yated on  uvvent waood § wew hweet

= updateStateByKey finds the current mood — Happy

= current mood (Happy) and tweet (Eating icecream) is passed to updateMood
= updateMood calculates new mood as VeryHappy

= updateStateByKey stores the new mood for Dinkar as VeryHappy



Fott Toleromf W ?Mde'iwg.

© AL intermedioye doato. are QOO0
an  Yecompute W lost

t-1 t t+1 t+2 t+3

hashTags T -— — -— T

tagCounts

) Fawt in Statelegs
Yewmpute

i) foult- i Stateful
© how wmuth dote fo  vetain?

UnedLpointing
i O

ftoret on QDD
stﬁe’rs \ir\eaﬁe,
* UI\QOL?OM‘\' at £+
- Stoves MshTa%s ond %@ouvﬁ& ot L1

- hﬁe\-s resr of lineage



val tweets =

=T =

f
tagCount--- e
s

Checkpoint

ssc.twitterStream(<Twitter username>, <Twitter password>)

val hashTags = tweets.flatMap (status => getTags(status))

val tagCounts =

Perfornance

batch @t

tweets

hashTags

tagCounts
[{#cat, 10}, (#dog, 25), ... ]

Grep /

+1m2...

# Nodessig Cluster i

hashTags.countByValue()

batch @ batch @
yflatMa

ap
il gkl

{ reduceByKey iredu:eByKey

=3.5

3 3 ~_ WordCount
225

£ 2

31.5

= |

3 +1 sec
£0.5

3 =2 sec
G 0

50 100
# Nodes in Cluster



fast fowlr Recovery

» Recovers from faults/stragglers within 1 sec

Failure Happens

0

15 30\
dl\ebv..pom\’

Sliding WordCount on 10 nodes with 30s checkpoint interval

- N
o o

o
»

Interval Processing
Time (s)
3

o
o

Renl Rw\icod ioms

* Real-time monitoring of video metadata

* Achieved 1-2 second latency

4
=3.5 * Millions of video sessions
5 3 processed
%2_5 * Scales linearly with cluster
= 3 size
=
215
a
o 1
(%]
30.5
t 0 w
<

o

Prodesthcuster  *°



* Traffic transit time estimation using online machine learning on GPS
observations

2000 * Markov chain Monte Carlo
- simulations on GPS
S o V.. observations
b
® / * Very CPU intensive, requires
2 1200 dozens of machines for useful
(2] -
5 computation
= 800 ] . .
z * Scales linearly with cluster size
7]
2 400
w
o
o 0 , :
0 20 40 60 80
# Nodes in Cluster

Sparl, Swore  Clive Hive) , &par\L S’nreaming

e

Stream Ad-hoc
Processing Spark Queries
+

Shark
+

Spark
Streaming

Batch
Processing




4pork, vt fposk Mnunvwvj

Spark Streaming program on Twitter stream

val tweets =(SSE twitterStream(<Twitter username>,
<Twitter password>)

val hashTags = tweets.flatMap (status => getTags(status))
hashTags.saveAsHadoopFiles("hdfs://...")

Spark program on Twitter log file

val tweets = &€ hadoopFile("hdfs://...")

val hashTags = tweets.flatMap (status => getTags(status))
hashTags.saveAsHadoopFile("hdfs://...")

She,o.wu?v\a Spowle  Limitations
+ Near rea\ ¥ime

" Not necessafily otceprable oy tectain ecenarios



Kafka

- Processing  of events
Events p\-ocemd on  serves

e

. Mu\ﬁ9\e doto. sourcet
© Muliple dievks over ool of townedtims
© Muttiple oacend Servert on wwith Yo process Some dake

Backend

Another
Backend

Another
Backend

Another
Backend




Q: Give an example of how datapipelines could be used. What
are some examples of backends?

., Hadoop

Se wvri’na

Qeal -hme
M\a\lo’h‘cs

Publichers (pvoducer®) and Subeoribers Clontumers)
Kofka & ‘broker Ccdecouples dato  pipelingd

Producers w m m
— N

Brokers

NS il 2 \\"”"“—-‘R_
Real-time Data
Consumers|R % b oo

Kafka Decouples Data Pipelines



Pab-Sub Model

Q) What does a Publisher do ..? Q) What does a Subscriber do ..?

A. It publishes messages to the
Communication

A. It subscribes to a category of

messages.
Infrastructure.

Role of TProducer

Definee wwax dofa W wonkt Yo tewd
fublithes et Lommunicabion  infva structure

Alko called puilither

Role of Consumer

© Tt ommunicahon infractruchure whhat type of Wrescoges
W wanit th  veceive

Does not s\:edfa whowm Yo receive message feom

Mesgones delivered o contuwer o) Com municatien
indvativuchuve

© Wso wlled Subturiver



Role of Communicabon  Tnbrostyu chwre

. Kowh‘(\g
O To?ic—\oo.cea\
W Ctontent- based
() Topic-ooted romnﬁ

- fub: sewd Mmesganes  with -\'DP'\L \nbels

Sub: Subtlribe Yo “opicS | veceive Ol mettages en  Yaat
opic

€y substrive o oWl five semsert W b Vo
to) Cowtent- oaved fou’n‘I\O

Sub:. define WMot dhivg eriterio , receive all  westanet ot
moatrth  ceiteria

6«6-. Substribe  odt  ¥aok feoture  Vicax Lokl
© Nov suppsted by Wokko
Povttem- based supporred bu  Woafka

- wildcard expretsion for a Yopic
- By topiee  with  wipl ¥



Pot and  Cone  of Communicakion

Pros

© No hord-wived Ganedions ‘oetween pub g sub
© Hedible: eaty o odd|vemove pub and sub
tong

Decign  and  madnkenance of topics

- Perbormonce overmead due 4o LommumitalRon  InfvaUyuCwre
(one  &xia  wop)

Q: Consider a bookstore portal with various activities such as
Login
List books
Get book details
Buy book
Check status of order Return book
Logout

Assume we have 3 backend modules
Security
Order processing
Book information

(a) Would you use a topic-based or content-based system?
(b) What would be the topics / content?



W) Topic -based
(k) each M$6 tan e o ‘opic

Topics, Producers and Consumers.

— Kafka

Wed T Clstr
Producer | Topic

!
i

A Kafka Message

Messages retained for
fixed duration
« E.g., 2days

key key

attributes length | message

Key: Message ID
Can be empty if Message Body
not needed




Scolingy, Voflea,
O/

€odh Lofum Servey
Cavoid ‘oottleneg)d

Wwot W one topic ‘oo big for singje terver?
- Partitigns for o Yopic

Scaling in Kafka (Partitions)

Partition
0

Topic
with 3

partitions Partition

New

v

Packikione  allow

- \logt 7 disw  sine
- Wwombhgw\- > S(nﬁ\e. secver

Distrivmted over Sevvers

How 4o partitien?

- Lound Robin

- ‘boned M \Leb tath)

Publisher

re,&?ms'\\o\e for o cerhnin fopic

decides
which

partition

to write




EMv\_«p\e

weather (— S ?o.r\'if\"\é\l\g Condeerd)
Qi et ( % ?arf\‘\\—'\ gng  Cowdiets)
* Producer Sundt 4o poriition?)

Fault Tolerance W Vofwa

8: How can reliability be guaranteed in Kafka?
Hint: How does HDFS guarantee reliability?

Redundonties ocvoss Par'h%'mr\!

Po ) P ~'?.
So S, 9,

© Mt be  real-fime  Ccawnod woit Yo malke  wpies)

Lalfka

© Parkfons repli cored
- leader : oMl reads, writes
- followers: replicate



Durobility levels
= e = offer  guorum  writes
©oquorum =2, vepicas=d D i A3 veplitas wade
© quorum= min no bt veplicas fof ¥he write o
sueceed
* quora weed Yo veplicate

= ftwne
()70 = leader only (dnedt with leader if date veceived)
-1 = no write
- Possible lote  of datn  GF leader faiig)
* Lleader't re,a?ms‘\\oi\i’% t  ensure followers are
rephitated (no  Quavanteed

W\wm%e Dw\rwg o CLomewuw
Kafka Cluster

S Topic Server 1 —Server 2
partitions PO || P3 | Mm !PQ !\

C3

C4 (| C5 || C6

onsumer Group A Consumer Group B——
Consumer group Partition delivers message to
Typically multiple instances ONE of the group members

of an application Load balancing



8: In the below configuration, how is the load balanced over all
the instances?

Kafka Cluster

Tor;it; : Server 1 Server 2
wit
partitions POlLEs /@

Bl

C3 || C4 || C5 (| C6

onsumer Group A onsumer Group B——

Group A Giroup e
C assigned Po,P3 €y 0ssiomed Po
cL ass(aneo\ P\, 02 Cy assipned 1

(s ossigned P2
C, assi%neo\ P2

Q- Suppose we have a Kafka system
1 topic
3 servers
3 partitions
3 replicas per partition
Consumer group with 3 instances

Draw a diagram showing
Servers
Partitions
Consumer instances
Partition assignments



Lol Cwstey

go Sl S 2
—3 Po Pl fo ﬂ fo f|
l 9» p‘b \ Ps
\ead.er | ]

afua  Courformance

120000 T~

100000

Y ( ¢
t\ G Cy
Congumend

80000

msgs/second

RabbitMQ

(batch100, sync) (batch100, sync)

HornetQ

Kafka (batch100,
sync)

60000
40000 =
- _—_m

0 4—_,_- =

Kafka (batch100,
async)

# Send

W Receive



\/o

© Segquential reads by onfumer
. saquenﬁm\ writes oy producers

Zevo - Lopy YO

+ OMA
No wopyy from (emel +o wser

Us%e of \Vofua

Linkedin: Activity data and Operational metrics.

Twitter: Uses it as part of Storm stream Processing infrastructure.
Square: Kafka as bus to move all system events to various
Square data centers (logs, custom events, metrics, and so on).

Outputs to Splunk, Gtaphite,Esper-like alerting systems.

Spotify, Uber, Tumbler, Goldman Sachs, PayPal, Box, Cisco,
Cloud Fatr, DataDog, LucidWorks, MailChimp, Netflix, etc.

1111 InGraphs
SeNsors) A cive Kafka » Consumer
== W’
Service |

Container ’ InGraphs




Yooming  Maoithmy

Stream processing: procetting of events n never-ewding stveam

Need +o Stove sumwmaried

Streafn Filtered
of events
events Stream

Processing

/

Based on some
criteria, we want to

keep only a few
events

Aggroach A
* Breawup Stream into  window of events
* Ppacne spark — felofional operotions o o window
Summary of ecavn window of sire n
Tesweg
- Vdoury of Steawm
L Al vare for diff  Sveame

¥ intranraneowns decitions

- no. of streame
¥ Stvess  in memoYy

- connpl steve on  ditw
* Yoo Slow



- need approximate  Solutin, not exack

- often wse \mdniv\a Yo intvyodute vowdomness

SAMILING  ALGORITHMS

* Given long Stveam of  elemems, pick vepresentodive
sample

€y sartn engine: what fracion of ae typical wserk queries
were repeated over e patk  wonh)

Sample a few .
elements as it is not ’7
possible to analyze \ 4
all the elements \/

Need to ensure that
analyzing the
sample is
representative of
analyzing the entire
stream

Obvious R\@w\-\hm
For every siream  tuple, %emm‘\z & rwdem  nuwoer (0,41

If value == o, tture the fuple. Onerwite ditcard



Flaw in Obviows Nﬁmm\m

?ro\oaU\\P% of du\;\im\—e query = _lé__
)

Query number mis s
- ,,'f}

p(m sampled) = 1/10

Query number nis also s

p(n sampled) = 1/10

p(m and n sampled) = 1/100

Fin Plngritam
Sample Viot™  of  users

Une. i user wn Sawwple
- 3% ¥nepy oare, odd query
- W not, ossign  number in 00,41 to user ond add if numboer= 0

- Hogh e wsername 4o o nuwber from 0 4o Q
- ¥ 0, Stlec

No need 4o seavOh e ewnire data  structure

@\t gprbage 1In, garbage out — analysis
- ™mugr give Clean daxa for clean ourput



Gleveralisaxion

* Moy components of query Chere, user)
Prev: <user, guevw, ¥imed
Hoash ey CDMPOV\QV\‘\'S in e ranoe €0,b)

To oger sample size &/b , select query & hath UL% tomp) < &

8: Suppose we want a sample dataset to debug a program that profiles

transactions by user and country
How would | generate a 1/20 sample?

lwa wm?rmen*: ueer, ouwmy
moap Nogh Cwer, tountvy) —  To,143

W hagh Lu&lr, wun—kné) ==0, seledh

FILTERWN G ALLORITHMS

Fiter events based en data
© Gy Gream of ewails, remove o\l Spam ewails

Con tivants
- 1 6% mewmv“\
- 4 bilitm  wel\-Lnown Non- Spawy emails

- a0 bb\-cs/cma\\ addvess

Cavwnot  troye on  Aiswe



—BLoOM  FILTER
1 6B "‘em“'A'- 8 ><u>q = 8 billitm b sh%na

Bloom filker invHolsation
- Magh  non-spam ewail ide o t‘.o,ax\o’—il
- se¥ covresymdinﬁ v o 4

Vsage

- Hath incoming emoll 1D

- Uhedl doowm filter ew

- £ 0, definitely nor seen before —> spam

- If 4, not sure if seen befsve Choth colligion)

kvs@pes.edu

Bloom Filter

Compute Hash [y

Dinkar
KVS

Spam

May be non-spam




(ENERAL BLOOM  FILTERS

Bloom filter Contiste of

- ooy of n bk (sue of  wewmevy

- wledimm of . hath funthme Wy, by oy by

- fet § of Wene wih wm elemens Cwnown non-spamd

Purpose: ojven o key o, determine it K oin 8

Tnitialisation

- for Al \eys wn S

— tompute ol K hash Lundtions
- seY Lorres?ono\'wa bis o Ll

USopye

- hagh inGowing Loy with ol L hah Functi one
- al corresvoMiV\a bift are 4, kaown non-tpam
Chonce of fale positive Cl —e )
devivahion = RI, page L\

€o:  top— inserdion, bottom — chew




Q: T¢ ¢ tpawm o not spam oY Pos&'\\o\te &paw\?

- spam Cone 0)

gxtrentione
USe sumdavg s+m-a¢0e
Ca.suw\ine vloom filtere

— & bloom filters i  series
- f bire 4, use second BF

v

v
090 — 0 o




COUNTING OISTINCT ELEMENTS

No of olistinet wsefs visi’n’na o wWebsite

Flajolet Marhin  flporithm

Pick hash funchion bigaer rhan s 4o be hashed

© gy for counting 1P oddresses, hash > & Gillin
for wunﬁna VRLS, use b4 bitg

Bosic Properiy

Toul lenpth for wath function: no. of 0% af end of the hath
for o gjven Whoash funttion

- ¢ \Wioolooo

Hash each celement in  Stream

toil length =3

let R= max +ail lengh of all bit stringg

:19‘ {3 o\pprox‘\ma’re\a e numoer of disHacr elements
seen

8: Gount no. of wuser (Ds ¥t visit o webpane vting mid
Sguare  hash

1D Seguence : 10,10,7, 10,6, & (% 12, 6, 5,7

Mid Square hash: cuboe user 1D, make 12 bits, toke widdle
6 bite



0 — 10lo0

4k — \to do not

= P \2 — \1oo use directy
6 — ol\\o S — o010}
10°= 1000 = 0o [\ 1L1e 1 |ooo
13= 3432 oo0o |l olo( o (\ |
6> =2Ab = ooo |0 (\o1 | |00O
14> 2744+ lo|o toun (| opoo
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PC hash(ad ends iy ot least ro0's) = 1 2°°
Qf
Suppose hash = hh, ... h,
P(.h(\f'°3 3 _‘_
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Plh - hn = 00...0) = 2
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T daere are m elements in the Sream, Plnone have +ail
lev\sﬂm r) =2
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Plaone have TL=r) = (1-2") = € where 1= 2

This estimate makes intuitive sense. The probability that a given stream

element @ has h(a) ending in at least r 0's is 2~

". Suppose there are m distinct

elements in the stream. Then the probability that none of them has tail length
at least r is (1 —277)™. This sort of expression should be familiar by now.

We can rewrite it as ((1 — 2"")27‘)”"2

. Assuming 7 is reasonably large. the

inner expression is of the form (1 — €)'/*, which is approximately 1/e. Thus,

the probability of not finding a stream element with as many as r 0's at the
aie - i =T 5

end of its hash value is ¢ ™2, We can conclude:

1. If m is much larger than 2", then the probability that we shall find a tail

of length at least r approaches 1.

2. If m is much less than 2", then the probability of finding a tail length at

least r approaches 0.
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elemente in  Shream

Simple  approach e

- 1 wtw funtkion, m © alwoys  power ot 2

- pice & wagh  funchions , eshimate m=2% for eadh
- toke Ovgy 6 mean

Provolewms
- ovoy pulled ‘owards w\mL/ ourlievs
= median : esimate olwoys power of 2



lombined opproach
- divide & Washes inYo Qrowps

-~ ompute oy of each group
- median of avoys

(unigune elements)



