DISTINCT ELEMENTS



DATA MINING

® In many data mining situations, the data is not known
ahead of time.

e Examples:

0 Google queries

0 Twitter or Facebook status updates

o Youtube video views

® In some ways, best to think of the data as an infinite
stream that is non-stationary (distribution changes over

time)



STREAM MODEL

e TInput elements (e.g. Google queries) enter/arrive one at
a time.
® We cannot possibly store the stream.

Question: How do we make critical calculations about the
data stream using a limited amount of memory?



PROBLEM

e Input: sequencerofiNmmelements @axpxzymmxy from a known
universe U (e.g., 8-byte 1integers).

® Goal: perform a computation on the 1input, in a single
left to right pass where

0 Elements processed in real time

0 Can’t store the full data. => use minimal amount of storage while
maintaining working “summary”



COUNTING DISTINCT ELEMENTS
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Applications:

IP packet streams: How many distinct IP addresses or IP
flows (source+destination IP, port, protocol)

0 Anomaly detection, traffic monitoring

Search: How many distinct search queries on Google on a
certain topic yesterday
Web services: how many distinct users (cookies)
searched/browsed a certain term/item

o Advertising, marketing trends, etc.



COUNTING DISTINCT ELEMENTS
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e Want to compute number of distinct keys 1in the stream.

® How to do this without storing all the elements?

® Yet another super cool application of probability (and
hashing)



A NALVE SOLUTION, COUNTING!

Store the M distinct user IDs
in a hash table.

Space requirement: O@N)




CONSIDERING THE NUMBER OF USERS OF YOUTUBE, AND THE
NUMBER OF VIDEOS ON YOUTUBE, THES IS NOT FEASIBLE.

Consider a hash function h: U — [0, 1] h(33) = 043
For distinct values in qf , the

function maps to iid (independent and “(@)=014
identically distributed) Unif(0,1) hhw\:>0~36
random numbers. \,\(q,)._ Q-6\

Note that, if you were to feed in two
equivalent elements, the function
returns the same number.
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MIN OF 1D UNIFORMS 433“

If Yy, .., Y, are iid Unif (0,1), where do we "expect” the points to end up?
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JIN OF 11D UNIFORMS il

If Yy, .., Y, are iid Unif (0,1), where do we "expect” the points to end up?

: 1 1
E[min{Yy, ..., Y }] = 1%




MIN OF T1D UNIFORMS il

.,Ymare iid Unif (0,1), where do we " oints to end up?
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THE DISTINCT ELEMENTS ALGORITHM

Algorithm 2 Distinct Elements Operations
function INITIALIZE()

val o co vol Wed)
fulfcilon UPDATE(X

val (—ml.,)-hash(x)} MmN &‘\&*‘ \"7) K’Q>

function EsTiIMATE()
return round (ﬁ - l)

fori=1,...,N:do > Loop through all stream elements

update(x;) > Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.




DISTINCT ELEMENTS EXAMPLE

Stream: 13, 25, 19, 25, 19, 19

Hashes: 0.51, 0.26, 0.79, 0.26, 0.79, 0.79

Algorithm 2 Distinct Elements Operations
function INITIALIZE()
val « oo

function UPDATE(x) val = i nfty
val « min {val, hash(x)}

function EsTIMATE()
return round (Vla.l_ - l)

fori=1,..., N:do > Loop through all stream elements

update(x;) » Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.




DISTINCT ELEMENTS EXAMPLE

Stream: |13 25, 19, 25, 19, 19
h

Hashes: |0.51|, 0.26, 0.79, 0.26, 0.79, 0.79

Algorithm 2 Distinct Elements Operations
function INITIALIZE()
val « oo

function UPDATE(X) val = 1 nfty
val « min {val, hash(x)}

function EsTIMATE()
return round (?lan?‘ - l)

fori=1,..., N:do > Loop through all stream elements

update(x;) » Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.




DISTINCT ELEMENTS EXAMPLE

Stream: |13 25, 19, 25, 19, 19
h

Hashes: |0.51|, 0.26, 0.79, 0.26, 0.79, 0.79

Algorithm 2 Distinct Elements Operations
function INITIALIZE()
val « oo
function UPDATE(X)
val « min {val, hash(x)}

function EsTIMATE()
return round (?lan?‘ - l)

fori=1,..., N:do > Loop through all stream elements

update(x;) » Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.

val

0.51



DISTINCT ELEMENTS EXAMPLE

Stream: 134 25 19, 25, 19, 19
[ h|

Hashes: 0.51,00.26/,/0.79, 0.26, 0.79, 0.79

Algorithm 2 Distinct Elements Operations
function INITIALIZE()
val « oo
function UPDATE(X)
val « min {val, hash(x)}
function EsTIMATE()
return round (?lan?‘ - l)

fori=1,..., N:do > Loop through all stream elements

update(x;) » Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.

val =

0.26



DISTINCT ELEMENTS EXAMPLE

Stream: 13, 25,

Hashes: 0.51, 0.26,

19

h

.79

25, 19, 19

0.26, 0.79, 0.79

Algorithm 2 Distinct Elements Operations

function INITIALIZE()
val « oo
function UPDATE(X)
val « min {val, hash(x)}
function esTiMATE()
return round (?lan?‘ - l)

fori=1,..., N:do
update(x;)

return estimate()

> Loop through all stream elements
» Update our single float variable

> An estimate for n, the number of distinct elements.

val

0.26



DISTINCT ELEMENTS EXAMPLE

Stream: 13, 25, 19, 5, 19, 19
[ h|

Hashes: 0.51, 0.26, 0.79, P.26} 0.79, 0.79

Algorithm 2 Distinct Elements Operations
function INITIALIZE()
val « oo
function UPDATE(X)
val « min {val, hash(x)}

function EsTIMATE()
return round (?lan?‘ - l)

fori=1,..., N:do > Loop through all stream elements

update(x;) » Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.

val

0.26



DISTINCT ELEMENTS EXAMPLE

Stream: 13, 25, 19, 25, 19 19

Hashes: 0.51, 0.26, 0.79, 0.26, |0.79), 0.79

Algorithm 2 Distinct Elements Operations
function INITIALIZE()
val « oo
function UPDATE(X)
val « min {val, hash(x)}

function EsTIMATE()
return round (?lan?‘ - l)

fori=1,..., N:do > Loop through all stream elements

update(x;) » Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.

val

0.26



DISTINCT ELEMENTS EXAMPLE

Stream: 13, 25, 19, 25, 19, 19

Hashes: 0.51, 0.26, 0.79, 0.26, 0.79, |9.79

Algorithm 2 Distinct Elements Operations

function INITIALIZE()
val « oo Vd\\"“ ‘A\

function UPDATE(X) . b.l “‘ val = 0.
val < min {val, hash(x)} “Ar\ =00\

function EsTIMATE()

retumround(;-;,- ) ,ﬂ}%’}‘ ) V c\‘.;

fori=1,....N:do > Loop through all stream elements

update(x;) » Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.
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DISTINCT ELEMENTS EXAMPLE

Stream: 13, 25, 19, 25, 19, 19

Hashes: 0.51, 0.26, 0.79, 0.26, 0.79, |9.79

Algorithm 2 Distinct Elements Operations
function INITIALIZE()
val &« oo

function UPDATE(X) val = 0.26
val « min {val, hash(x)}
function
unction ESTIMATE() Return
return round (% - 1)
_ round(1/0.26 - 1) =
fori=1,....N:do > Loop through all stream elements _
update(x;) » Update our single float variable round ( 2. 846) -

return estimate() > An estimate for n, the number of distinct elements. 3




DIY: DISTINCT ELEMENTS EXAMPLE 11

Stream:{ 11, 34, 89, 11, 89, 23

Hashes: 0.5, 0.21, 0.94, 0.5, 0.94,(0.1

Algorithm 2 Distinct Elements Operations
function iNrTIALIZE()

val « oo —
function UPDATE(X) val = 0.1

val « min {val, hash(x)}
function EsTIMATE() Return= 9
return round (# - l)

fori=1,..., N:do > Loop through all stream elements

update(x;) » Update our single float variable
return estimate() > An estimate for n, the number of distinct elements.
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HOW CAN WE REDUCE THE VARIANCE?
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CODING ON PSET §

You will use a hash function h: U — [0,1]
For distinct values in U, the function
maps to iid (independent and identically
distributed) Unif(0,1) random numbers.

Note that, if you were to feed in two
equivalent elements, the function returns
the same number.

We will implement the hash function for
you! Just know that you can consider it an
iid uniform continuous random variables
for each of the values being hashed.



10 DO BETTER...

1. we will keep track of K DistElts classes each with its own independent hash
function

2. take the mean of our K mins to get a better estimate of the min

3. and then apply the same trick as earlier to give an estimate for the number
of distinct elements based on this min that we saw.






JOINT DISTRIBUTIONS



).1 JOINT DISCRETE DISTRIBUTIONS



AGENDA

o OTIVATION

o [ARTESTAN PRODUCTS OF SETS
® JOINT PMES AND LIPECTATION
® [ARGINAL PMIS



NATVE BAYES CLASSIFLER - WHAT WE CALCULATE

P("You buy Viagra!" | spam) P (spam)
P("You buy Viagra!")

[P(spam | "You buy Viagra!") =

IP’({ "you","buy","viagra" } | spam) P(spam)
= [LTP]
P({"you","buy","viagra" } | spam) P(spam)-+P({"you","buy","viagra" }| ham) P(ham)




NATVE BAYES CLASSIFIER - THE NAIVE PART

P({ “you”, “buy”, “viagra”} | spam)
~ P(“you” | spam)P(“buy” | spam)P(“viagra” | spam)
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UBIQUITOUS IN ML #e (reasjges, .. b
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