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Data Stream Model

» Stream: m elements of some universe of size n
ai, a, as, ..., am ae{l,...,n}
» Goal: gain information about stream

statistical information (median, frequency moments, ...),
longest increasing subsequence, ...
» But: algorithms are restricted to

> sequential access to items in stream
> limited memory, sublinear in m and n
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Sampling

General idea:
» sample (= select) items from stream according to some rule
> rule is randomized
» use sampled items to get information about whole stream

» only need to store sampled items
= good for streaming
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Easy Starter

Sample out a single item uniformly at random from the stream

4

ai, az, as, a4, as, de, A7, 4dg, 49, d10, 411, d12, d13, ---, dry + - ., Am

» Easy if m is known in advance:
» Pick a random number r € {1,2,..., m}

» Go over the stream and snatch out sampled item a,

But what if m is not known in advance?
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

4

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

take as sample

current sample: a3
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

4

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

replace with probability 1/2

current sample:  a,
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

4

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

replace with probability 1/3

current sample:  a,
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

4

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

replace with probability 1/4

current sample:  a,
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

4

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

replace with probability 1/i

current sample:  a,
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

4

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

replace with probability 1/m

current sample:  a,
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm
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Sample out a single item uniformly at random from the stream
without knowing its length

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

current sample:

Pr(final sample aj] =
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

4

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

replace

current sample:  a;

1

i

Pr(final sample aj] =
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Reservoir Sampling [J. Vitter '85]
Sample out a single item uniformly at random from the stream
without knowing its length
4
ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm
'
1
’I
do not replace L.
I”
4
1
1
v
current sample:  a;
Pr[final sample a;] = % x (1 - -5)
i i 1
Basic algorithmic techniques for data streams 6/12 (4
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Reservoir Sampling

Sample out a single item uniformly at random from the stream

without knowing its length

a1, a2, a3, 44, ds, de, d7, 48, 49, 410, d11, 412, 413, - - -, dj, di+1, dj4+2, - - -
1

do not replace

current sample:  a;

Prlfinal sample a;] = % x (1 - -5) x (1 - )

L Mariano Zelke Basic algorithmic techniques for data streams

[J. Vitter '85]

y dm

6/12 4



y
Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream

without knowing its length

$
ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm
'
1
4
e do not replace It
e e -
4
’
1
1
v
current sample:  a;
Pr[final sample a;] = % x (1 — 1) x (1 — -15) x x (1—-1)
pie ai i T+ +2 m
6/12 4
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Reservoir Sampling [J. Vitter '85]
Sample out a single item uniformly at random from the stream
without knowing its length
ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

final sample: aj

Prlfinal sample a;] = % x (1 — ,4%1) x (1— :4%2) x x (1-1)
_ 1 i+1 —1
=5 w1 X o X xS
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Reservoir Sampling [J. Vitter '85]
Sample out a single item uniformly at random from the stream
without knowing its length
ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

final sample: aj

Prlfinal sample a;] = % x (1 — ,4%1) x (1— :4%2) x x (1-1)
1 i+1 —1
R T == SR == B TR

L Mariano Zelke Basic algorithmic techniques for data streams 6/12 (4



y N
Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

final sample: aj

Prfinal sample a;] = 3 x (1 — 7)) x (1 — =5) x ... x(1— 1)
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Reservoir Sampling [J. Vitter '85]

Sample out a single item uniformly at random from the stream
without knowing its length

ai, a2, as3, a4, as, de, dr, 48, 49, 410, d11, 412, 413, ..., dj, dj+1y, di+2, - -+, dm

final sample: aj

Prfinal sample a;] = 3 x (1 — 7)) x (1 — =5) x ... x(1— 1)
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

current samples [ ’ ’ ‘ ]
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Reservoir Sampling

Sample out several items uniformly at random from the stream
without knowing its length

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

take into sample

current samples a a as

3

L Mariano Zelke Basic algorithmic techniques for data streams

[J. Vitter '85]
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4
ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm
current samples [ ai ao as as ]
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

sample with probability 1/5

as

az as

3

Mariano Zelke Basic algorithmic techniques for data streams

current samples [ ai
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

sample with probability 1/5

as

replace a sampled element
uniformly at random

=

az as

3

L Mariano Zelke Basic algorithmic techniques for data streams

current samples [ ai
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Reservoir Sampling

Sample out several items uniformly at random from the stream
without knowing its length

[J. Vitter '85]
4

a1, d2, a3, a4, 4as, de, 47, 48, 49, 410, 411, 412, 413, , iy

., am
sample with probability 1/5

as
o[
I' “\\\
replace a sampled element - v
. ¢ Iy \\
uniformly at random .~ Vo,
b ~ o
current samples [ ai ao as as ]
L Mariano Zelke

Basic algorithmic techniques for data streams
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4
ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm
current samples [ a as as ay ]
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

as as

3
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

sample with probability 1/6

a6

as as

3

Mariano Zelke Basic algorithmic techniques for data streams

current samples [ ai
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4
ai, a2, as, da, ds, de, d7, dg, d9, 410, 411, 412, d13, -+, djy - -+, dm
\
\~~
-_\\
A}
v
a6
current samples [ ai as as as ]
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

as as

3
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Reservoir Sampling

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

ar, | ar,

3,4]

current samples [ ar,

L Mariano Zelke Basic algorithmic techniques for data streams

[J. Vitter '85]
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

sample with probability 1/i

aj

ar, | ar,

3,4]
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

sample with probability 1/i

aj

replace a sampled element
uniformly at random

=

ar, | ar,

3,4]
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

sample with probability 1/i

aj

replace a sampled element
uniformly at random

=

current samples [3r1 ary | Ars

3,4]
Memory usage for sampling k items:
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Reservoir Sampling [J. Vitter '85]

Sample out several items uniformly at random from the stream
without knowing its length

4

ai, a2, as, da, ds, de, d7, dg, d9, 410, 911, 412, d13, -+, djy - -+, dm

sample with probability 1/i

aj

replace a sampled element
uniformly at random

=

current samples [3r1 ary | Ars

3,4]

Memory usage for sampling k items: k - log n
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Sampling Applications

Stream 0000000000000000000000000000000000000000000000000
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Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o
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Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o

Goal: determine query selectivity on items of stream

(assume query to be invariant of stream order)
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e Y
Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o

determine selectivity ¢ of query on samples
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y
Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o

determine selectivity ¢ of query on samples

To get (1 £ )-estimate with probability 1 — §: What sample size s ?
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e Y
Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o

determine selectivity ¢ of query on samples

To get (1 £ )-estimate with probability 1 — §: What sample size s ?

Query selects 7 stream items = Exp[st] =2
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e Y
Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling %
samples: ° oo o ) ° ° ° o o

determine selectivity g of query on samples

To get (1 £ )-estimate with probability 1 — §: What sample size s ?

S

Query selects 7 stream items = Exp[st] =2

Chernoff-Hoeffding-Ineq.: Pr[|s™ — Exp[sT ]| >e-st] < e—O(e%s)
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e Y
Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling %
samples: ° oo o ) ° ° ° o o

determine selectivity g of query on samples

To get (1 £ )-estimate with probability 1 — §: What sample size s ?

S

Query selects 7 stream items = Exp[st] =2

Chernoff-Hoeffding-Ineq.: Pr[|s™ — Exp[sT ]| >e-st] < e—O(e%s)
sample O (% -log}) items
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e Y
Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling %
samples: ° oo o ) ° ° ° o o

determine selectivity g of query on samples

To get (1 £ )-estimate with probability 1 — §: What sample size s ?

S

Query selects 7 stream items = Exp[st] =2

Chernoff-Hoeffding-Ineq.: Pr[|s™ — Exp[sT ]| >e-st] < e—O(e%s)
Memory usage: O (% -log ) items x logn bits
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e Y
Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling %
samples: ° oo o ) ° ° ° o o

determine selectivity g of query on samples

To get (1 £ )-estimate with probability 1 — §: What sample size s ?

S

Query selects 7 stream items = Exp[st] =2

Chernoff-Hoeffding-Ineq.: Pr[|s™ — Exp[sT ]| >e-st] < e—O(e%s)
Memory usage: O (% - log § - logn) bits
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Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o
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Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o

Goal: find the median of the stream
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Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o

sort samples
sorted

IA
°
IA
°
IA
°
IA
°
IA
°
IA
°
IA
°
IA
°
IA
°
IA
°

samples: .
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Sampling Applications

stream:
sampling
samples: ° oo o ° o ° ° ° o o
sort samples
sorted
samples: e <e<e<oe<oecx<[o]<e< o< o< o<

median of samples

Pick median of samples as an estimate of stream’s median
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e Y
Sampling Applications

Stream 0000000000000 0000000000000000000000000000000000000
sampling
samples: ° oo o ) ° ° ° o o

sort samples

sorted
samples: e <e<e<e<oc<[e]<e< o<

IA
°
IA
°

median of samples

Pick median of samples as an estimate of stream’s median

To get (1 £ )-estimate with probability 1 — ¢:
sample O (E% -log %) items
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AMS Samphng [Alon, Matias, Szegedy '96]
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AMS Samphng [Alon, Matias, Szegedy '96]

Stream a1, ap, a3, ..., am
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AMS Samphng [Alon, Matias, Szegedy '96]

Stream a1, a», a3, ..., am
Frequency of an item: f; = ‘{_/ taj= 1}‘
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AMS Sampling
Stream a1, a», a3, ..., am
Frequency of an item: f; = ‘{_/ taj= 1}‘

L Mariano Zelke

Example: stream 2,3,3,2,3,1,2,3
fi=1, =3, f3=4

Basic algorithmic techniques for data streams

[Alon, Matias, Szegedy '96]
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AMS Samphng [Alon, Matias, Szegedy '96]
Stream a1, a», a3, ..., am
Frequency of an item: f; = ‘{_/ taj= 1}‘

n
kth frequency moment Fy = > £k
i=1
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AMS Samphng [Alon, Matias, Szegedy '96]
Stream a1, a», a3, ..., am
Frequency of an item: f; = ‘{_/ taj= 1}‘

n
kth frequency moment Fy = > £k
i=1

Frequency moments provide useful statistics:
» Fo: number of distinct elements in stream
» F1: length of stream, m
> F,: size of self join
» Fi, k > 2: skew of distribution
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y

AMS Sampling
Stream a1, a», a3, ..., am
Frequency of an item: f; = ‘{_/ taj= I}‘

L Mariano Zelke

n
kth frequency moment Fy = > £k
i=1

Frequency moments provide useful statistics:

» Fo: number of distinct elements in stream
» F1: length of stream, m

> F,: size of self join

» Fi, k > 2: skew of distribution

Trivial determination of F,: maintain counters for each f;

Basic algorithmic techniques for data streams

[Alon, Matias, Szegedy '96]
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AMS Samphng [Alon, Matias, Szegedy '96]
Stream a1, a», a3, ..., am
Frequency of an item: f; = ‘{_/ taj= I}‘
n
kth frequency moment Fy = > £k
i=1
Frequency moments provide useful statistics:
» Fo: number of distinct elements in stream
» F1: length of stream, m
> F,: size of self join
» Fi, k > 2: skew of distribution
Trivial determination of F,: maintain counters for each f;
= Q(n) bits needed
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream

L Mariano Zelke Basic algorithmic techniques for data streams 8/12 4



e Y
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}}
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e Y
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}}

Example: stream 2, 3@;)27 3,1,2,3

aj:3,r:3
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}}
3. At the end of the stream calculate

m(rk — (r — 1)%)

L Mariano Zelke Basic algorithmic techniques for data streams 8/12 4



e Y
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}}
3. At the end of the stream calculate

m(rk — (r — 1)%)

for k >1: EXP[m(fk—(f—l)k)]
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)
for k >1: EXP[m(fk—(f—l)k)]
= | m(ff—(A-1)")
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)
for k> 1: Exp[ m(rk — (r — 1)%)]
= | m(ff—(A—-1)%) + m((A-1)k—(A—-2)k)
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)k)
fork>1: Exp[ m(rk — (r — 1)%)]
— [ m(f (A1) + m((f— 1)~ (R—2)") +.. .+ m(2¥ 1)
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y N
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)k)
fork>1: Exp[ m(rk — (r — 1)%)]
= | m(fF—(A-1))+ m((A-1) = (A—-2)K) +...+ m(2k—1K) + m - 1k
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y N
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk —(r — 1))

for k > 1 Exp[ m(rk — (r —1)9)]
= | m(fF—(A=1)%) + m((A-1)k~(A=2)F) +...+ m(2*~1%) + m - 1*
+m(f —(H=1)%) + m((h—1)*—(Hh—-2)") +...+ m(2k=1¥) + m - 1¥
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y N
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk —(r — 1))

for k > 1 Exp[ m(rk — (r —1)9)]
= | m(fF—(A=1)%) + m((A-1)k~(A=2)F) +...+ m(2*~1%) + m - 1*
+m(f —(H=1)%) + m((h—1)*—(Hh—-2)") +...+ m(2k=1¥) + m - 1¥

+m(fK—(f—1)) + m((f,— 1) —(£,—2)K) +.. .+ m(2k—1%) + m - 1
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y N
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk —(r — 1))

for k > 1 Exp[ m(rk — (r —1)9)]
= | m(fF—(A=1)%) + m((A-1)k~(A=2)F) +...+ m(2*~1%) + m - 1*
+m(f —(H=1)%) + m((h—1)*—(Hh—-2)") +...+ m(2k=1¥) + m - 1¥

+m(fK—(f—1)) + m((f,— 1) —(£,—2)K) +.. .+ m(2k—1%) + m - 1

1
m
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)
fork>1: Exp[ m(rk — (r — 1)%)]
=+ B+ B+ fE
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)
fork>1: Exp[ m(rk — (r — 1)%)]
=+ + 5+ .+ =F

Mariano Zelke Basic algorithmic techniques for data streams
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)

To get (1 & ¢)-estimate of Fy with probability 1 — §:
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)

To get (1 & ¢)-estimate of Fy with probability 1 — §:

£2

—1/k .
Run O (”1 ) ) parallel instances, take average A
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y N
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)

To get (1 & ¢)-estimate of Fy with probability 1 — §:

—1/k .
Run O (”1 ) ) parallel instances, take average A

£2

= Chebyshev-lneq.: Pr{|[A—Fx| > e-Fx] < p < %
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)

To get (1 & ¢)-estimate of Fy with probability 1 — §:

—1/k .
Run O (”1 ) ) parallel instances, take average A

£2

= Chebyshev-lneq.: Pr{|[A—Fx| > e-Fx] < p < %

Take median M over O (Iog %) such averages
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y N
AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)%)

To get (1 & ¢)-estimate of Fy with probability 1 — §:

1-1/k .
Run O (” 52/ ) parallel instances, take average A
1

= Chebyshev-Ineq.: Pr[[A—F,| > e-F] < p < 3

Take median M over O (Iog%) such averages
= Chernoff-lneq.: Pr[|M — Fx| > e-Fc] < §
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AMS Samphng [Alon, Matias, Szegedy '96]

AMS Sampling (for estimating Fy)
1. Pick random item a; from stream
2. Compute r = ‘{j’ > ap = aj}|
3. At the end of the stream calculate

m(rk — (r — 1)¥)

To get (1 & ¢)-estimate of Fy with probability 1 — §:

Run (9(
= Chebyshev-lneq.: Pr{|[A—Fx| > e-Fx] < p < %

/k
) parallel instances, take average A

Take median M over O (Iog%) such averages
= Chernoff-lneq.: Pr[|M — Fx| > e-Fc] < §

Memory consumption: O (71“ log - (log n + log m)) bits

N
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Sliding Window Sampling
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a Y

Sliding Window Sampling

ai, a2, as, a4, as, de, dr, 48, 49, 310, 411, 412, d13, -+, @iy ---, dm
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a Y

Sliding Window Sampling
4

ai, a2, as, a4, as, de, dr, 48, 49, 310, 411, 412, d13, -+, @iy ---, dm
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a Y

Sliding Window Sampling
4

31337 a4, as, de, 47, 48, 49, 410, 411, 412, d13, -+, @iy -+ -, dm

current sample: a
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a N

Sliding Window Sampling
4

31337 a4, as, de, 47, 48, 49, 410, 411, 412, d13, -+, @iy -+ -, dm

current sample: a

Current sample might be "far away“ from actual item
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Sliding Window Sampling
4

3133, a4, as, de, a7, ag, 49, 10, 411, 412, @13, ---, dj, - .., dm

current sample: a

Current sample might be "far away“ from actual item
- fine for some applications

- for others only w recent items matter
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a N

Sliding Window Sampling
4

3133, a4, as, de, a7, ag, 49, 10, 411, 412, @13, ---, dj, - .., dm

current sample: a

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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Sliding Window Sampling
4

ai,)az, as, da, as, de, d7r, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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a N
Sliding Window Sampling
4

ai, a2,)as, a4, as, de, 47, ds, dg, 310, a1, d12, 313, ---, i, -- -, am

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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a N

Sliding Window Sampling
4

ai, a2, as,)ds, as, de, 47, s, dg, 310, a1, d12, 313, ---, i, -- -, am

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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a N

Sliding Window Sampling
4

ai, a2, as, a4,)as, de, 47, s, dg, 310, a1, d12, 313, ---, i, -- -, am

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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Sliding Window Sampling
4

(a1, a2, a3, a4, 35,)a6, a7, 3, Ao, 10, A1, A2, A13, - -; s -+ A

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w

L Mariano Zelke Basic algorithmic techniques for data streams 9/12 (4



a N

Sliding Window Sampling
4

31,@2, as, as, as, 36)3% as, 49, 410, 911, d12, d13, - -+, di; - -+, dm

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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Sliding Window Sampling
4

a1, a2,(33, a4, as, 3, 37,)3s, 39, 310, AL, 12, A3, -5 i -5 Im

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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Sliding Window Sampling
4

a1, a2, a3,(a4, 35, 3, a7, 3,)d9, A10, A1, A12, A3y -+ -, Ay -+ Am

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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a N

Sliding Window Sampling
4

a1, a2, a3, 24,(3s, 3, a7, 3g, 9310, AL, A12, A3, -5 s -5 Im

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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Sliding Window Sampling
4

a1, a2, a3, a4, as,(3, a7, g, A9, 310,) A1, 12, A3,y -5 s -5 Im

Current sample might be "far away“ from actual item
- fine for some applications
- for others only w recent items matter

= only consider items in a sliding window of size w
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Sliding Window Sampling
4

ai, a2, as, da, 357@67 ar, ag, 4o, al@alla 12, 413, - -+ dj5 - -+, dm

Goal: sample an item uniformly from sliding window of size w
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Sliding Window Sampling
4

a1, a2, a3, a4, as,(3, a7, g, A9, 310,) A1, 12, A3,y -5 s -5 Im

Goal: sample an item uniformly from sliding window of size w
Trivial: - memorize whole window content = w - log n bits

- impractical if w is large
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a N
Sliding Window Sampling

4

a1, a2, a3, a4, as,(3, a7, g, A9, 310,) A1, 12, A3,y -5 s -5 Im

Goal: sample an item uniformly from sliding window of size w
Trivial: - memorize whole window content = w - log n bits
- impractical if w is large
Better idea:
Algorithm:
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a N
Sliding Window Sampling

4

a1, a2, a3, a4, as,(3, a7, g, A9, 310,) A1, 12, A3,y -5 s -5 Im

Goal: sample an item uniformly from sliding window of size w
Trivial: - memorize whole window content = w - log n bits
- impractical if w is large
Better idea:
Algorithm: 1: For each a; pick random value r; € (0, 1)
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a N
Sliding Window Sampling

4

a1, a2, a3, a4, as,(3, a7, g, A9, 310,) A1, 12, A3,y -5 s -5 Im

Goal: sample an item uniformly from sliding window of size w
Trivial: - memorize whole window content = w - log n bits
- impractical if w is large
Better idea:
Algorithm: 1: For each a; pick random value r; € (0, 1)

2: In window (@j—w+1,- .., a;) choose a; with smallest r;
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a N

Sliding Window Sampling
4

a1, a2, a3, a4, as,(3, a7, g, A9, 310,) A1, 12, A3,y -5 s -5 Im

Goal: sample an item uniformly from sliding window of size w
Trivial: - memorize whole window content = w - log n bits
- impractical if w is large
Better idea:
Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling

ai, a2, as, da, as, de, d7, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N
Sliding Window Sampling
4

ai,)az, as, da, as, de, d7r, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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Sliding Window Sampling
4

ai,)az, as, da, as, de, d7r, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm

random value r; = 0.2

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N
Sliding Window Sampling
4

ai,)az, as, da, as, de, d7r, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm

random value r; = 0.2

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling

1
ai,)az, as, da, as, de, d7r, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm
random value r; = 0.2
current
sample

|

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling

N
ai, a2,)as, a4, as, de, 47, ds, dg, 310, a1, d12, 313, ---, i, -- -, am
random value rp, = 0.4
current
sample

|

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling

N
ai, a2,)as, a4, as, de, 47, ds, dg, 310, a1, d12, 313, ---, i, -- -, am
random value rp, = 0.4
current

sample a
) \04)

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling

N
ai, a2,)as, a4, as, de, 47, ds, dg, 310, a1, d12, 313, ---, i, -- -, am
random value rp, = 0.4
current
sample

|

D

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling
4

ai, az, as,)ds, as, de, dy, 48, A9, a10, d11, d12, A13; -+, iy - -+, Am
random value r3 = 0.7

current
sample

|

@GN

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling
4

ai, az, as, ds4,)as, de, a7, 48, 49, a10, d11, d12, d13; -+, iy - -+, Am

random value r4s = 0.8
current
sample

|

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling
4

(a1, a2, a3, a4, 35,)a6, a7, 3, Ao, 10, A1, A2, A13, - -; s -+ A

random value r5 = 0.6
current

sample
) \0.6/

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling
4

(a1, a2, a3, a4, 35,)a6, a7, 3, Ao, 10, A1, A2, A13, - -; s -+ A

random value r5 = 0.6
current

sample
) \0.6)

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling
4

@1) az, as, as, 359367 ar, ag, d9, d10, dil1, 412, 413, ---, dj, -.., dm

random value r5 = 0.6
current

sample
) \0.6)

G N
@Gy Tl

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N
Sliding Window Sampling
4

(a1, a2, a3, a4, 35,)a6, a7, 3, Ao, 10, A1, A2, A13, - -; s -+ A

random value r5 = 0.6
current
sample

|

@GN

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N
Sliding Window Sampling
4

31,@2, as, as, as, 36)3% as, 49, 410, 911, d12, d13, - -+, di; - -+, dm

random value rg = 0.5

camole =
v

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N
Sliding Window Sampling
4

31,@2, as, as, as, 36)3% as, 49, 410, 911, d12, d13, - -+, di; - -+, dm

random value rg = 0.5
current

sample a

| \05)
NN AN
G—G @

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N
Sliding Window Sampling
4

31,@2, as, as, as, 36)3% as, 49, 410, 911, d12, d13, - -+, di; - -+, dm

random value rg = 0.5
current
sample

|

@G N

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N
Sliding Window Sampling
4

ala@Za as, a4, as, 36):97, ag, d9, 410, 411, d12, 413, ---, djy - -+, dm

random value rg = 0.5
current
sample

|

(a1 L (2 e
o) g Gy

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a N

Sliding Window Sampling
4

31,@2, as, as, as, 36)3% as, 49, 410, 911, d12, d13, - -+, di; - -+, dm

random value rg = 0.5
current
sample

|

G

Algorithm: 1: For each a; pick random value r; € (0, 1)
2: In window (@j—w+1,- .., a;) choose a; with smallest r;
3: Only maintain items in window whose r-value is

minimal among subsequent r-values
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a Y

Sliding Window Sampling
ai, a2, as, a4, as, de, dr, 48, 49, 310, 411, 412, d13, -+, @iy ---, dm

current
sample

9
X
y
5
<
Y
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y
Sliding Window Sampling

ai, a2, as, da, as, de, d7, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm

current

@~
9

linked list ¢
Analysis: What is the length of ¢ 7

9/12 4
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y
Sliding Window Sampling

ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current

(
Gk
Y
J
Y

linked list ¢
Analysis: What is the length of ¢ 7
Worst case: |¢| = w But that is very unlikely.

9/12 4
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y

Sliding Window Sampling
ai, a2, as, da, as, de, d7, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm

current
sample

dx
6%

@

linked list ¢
Analysis: What is the length of ¢ 7

Exp[|¢]] =

L Mariano Zelke Basic algorithmic techniques for data streams 9/12 (4



y

Sliding Window Sampling
ai, a2, as, da, as, de, d7, 4g, 49, 410, 411, 412, 413, ---, i, - -+, dm

current
sample

dx
6%

@

linked list ¢
Analysis: What is the length of ¢ 7

Exp[|¢]] = Prla; € £] +
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y

Sliding Window Sampling
ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current
sample

dx
6%

@

linked list ¢
Analysis: What is the length of ¢ 7

Exp[|¢|] = Prlaj € £] + Prlaj—1 € ¢] +
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y
Sliding Window Sampling

ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current

(
Che
Y
J
Y

linked list ¢
Analysis: What is the length of ¢ 7

Exp[|¢|] = Prlaj € £] + Prlaj—1 € ]+ ...+ Pr[aji—w4+1 € /]
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y
Sliding Window Sampling

ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current

(
Gk
Y
J
Y

linked list ¢
Analysis: What is the length of ¢ 7
Exp[|¢|] = Prlaj € £] + Prlaj—1 € ]+ ...+ Pr[aji—w4+1 € /]
=1+
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y

Sliding Window Sampling
ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current
sample

dx
6%

@

linked list ¢
Analysis: What is the length of ¢ 7

Exp[|¢|] = Prlaj € £] + Prlaj—1 € ]+ ...+ Pr[aji—w4+1 € /]
=1+1+
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y

Sliding Window Sampling
ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current
sample

dx
6%

@

linked list ¢
Analysis: What is the length of ¢ 7

Exp[|¢|] = Prlaj € £] + Prlaj—1 € ]+ ...+ Pr[aji—w4+1 € /]
=1+3+1+
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y

Sliding Window Sampling
ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current
sample

dx
6%

@

linked list ¢
Analysis: What is the length of ¢ 7

Exp[|¢|] = Prlaj € £] + Prlaj—1 € ]+ ...+ Pr[aji—w4+1 € /]
1,1 1
=1+3+3+3+...+x
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y
Sliding Window Sampling

ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current
sample

dx
6%

@

linked list ¢
Analysis: What is the length of ¢ 7

Exp[|¢|] = Prlaj € £] + Prlaj—1 € ]+ ...+ Pr[aji—w4+1 € /]
=1+3+3+3+...+1 =0O(ogw)
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y
Sliding Window Sampling

ai, az, as, as, as, ae, dr, dg, 49, 410, 411, 412, d13, - -, djy .-+, dm

current
sample

dx
rx

Y

@

(&

linked list ¢
Analysis:
Exp[ memory usage] = O(log w - log n)

9/12 4
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

Point query: f; =7
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

Point query: f; =7

Trivial solution: maintain n counters
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

|rand.hashfunct. h1| | | | | | | | | | | | | |
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

{

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

|rand.hashfunct. h1| | | | | | | | | | | | | |
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

{

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

2/e
A

~

e
|rand. hash funct. hll'\’“l'\’l\"l"‘l’_)l | | | | | | | |
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

{

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

2/e
A

~

e
|rand. hash funct. hll'\/\l'vl\/'|~/+—>|+1| | | | | | | |
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

$

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

2/e
A

~

P
|rand. hash funct. h1|~\‘|~+/1v‘|’\-|~'|\/+/‘|'—>|+1| | | |
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

$

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

2/e
A

~

e
|rand. hash funct. h1|~\-|~>|+1| | | | | | | | | | |
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

|rand.hashfunct. h1| | | | | | | | | | | | | |
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

|rand.hashfunct. h1| | | | | | | | | | | | | |

Point query: f; =7
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

i 2/e
\ A
- N

|rand.hashfunct. h1| | | | | | | | | | | | | |

Point query: f; =7
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
i 2/e
\ A
7 N

[rand. hash funct. | ~~pPAAN~SSIE] [ [ | ] ]

Point query: f; =7
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
i 2/e
\ A
7 N

[rand. hash funct. | ~~pPAAN~SSIE] [ [ | ] ]

Point query: f; =7

Give f as estimate for f;
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
i 2/e
\ A
7 N

[rand. hash funct. | ~~pPAAN~SSIE] [ [ | ] ]

Point query: f; =7

Give f as estimate for f;

Analysis:
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
i 2/e
\ A
7 N

[rand. hash funct. | ~~pPAAN~SSIE] [ [ | ] ]

Point query: f; =7

Give f as estimate for f;

Analysis: > f
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y

|

Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

i 2/e
[rand. hash funct. hi| ~~pAN~ASIAL | | | 1]

Point query: f; =7

Give f as estimate for f;

Analysis: > f

Explfi] < fi +c-m/2

Mariano Zelke Basic algorithmic techniques for data streams
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
i 2/e
\ A
7 N

[rand. hash funct. | ~~pPAAN~SSIE] [ [ | ] ]

Point query: f; =7

Give f as estimate for f;

Analysis: > f
Explfi] < fi +c-m/2
Markov-Ineq.: Pr(fi > fi+e-m] < 1
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

|rand.hashfunct. h1| | | | | | | | | | | | | |

L Mariano Zelke Basic algorithmic techniques for data streams 10/12 4



a Y

Count-Min SketCh [Cormode, Muthukrishnan '04]
ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
2/e
A
7 Y

rand. hash funct. h;
rand. hash funct. hy
rand. hash funct. hs3

[and hashfunct ] [T T T T T TTTTT]
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a Y

Count-Min SketCh [Cormode, Muthukrishnan '04]
4
ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
2/e
A
7 Y

rand. hash funct. h;
rand. hash funct. hy
rand. hash funct. hs3

[and hashfunct ] [T T T T T TTTTT]
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a

Count-Min Sketch

1

ai, az, as, a4, as, ae, dr, ds, 49, 410, 411, 412, 413, - - -

2/e
A
p
rand. hash funct. hi| ~~g~p—P—]+1
rand. hash funct. hy| ~~I~A~AANAANAS| L
rand. hash funct. h3| ~~~1—|+1

|rand. hash funct.

ho] ~~ A [ [ ]

L Mariano Zelke

Basic algorithmic techniques for data streams

[Cormode, Muthukrishnan '04]

'7am
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a Y

Count-Min SketCh [Cormode, Muthukrishnan '04]
4
ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
2/e
A
~

rand. hash funct. hy| ~~
rand. hash funct. hy| ~~
rand. hash funct. hs| ~~

NAAANAAISNSNAANANTISNAS] L
~|+1
N

eANANISSAAN—| L

RN

|rand. hasf; funct. hdl '\/\{’\/I\/‘lﬂ/\-l"-)l“i | | | | | |
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a Y

Count-Min SketCh [Cormode, Muthukrishnan '04]
ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm
2/e
A
7 Y

rand. hash funct. h;
rand. hash funct. hy
rand. hash funct. hs3

[and hashfunct ] [T T T T T TTTTT]

Point query: f; =7
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

i 2/e
\ A
- N

rand. hash funct. h;
rand. hash funct. hy
rand. hash funct. hs3

[and hashfunct ] [T T T T T TTTTT]

Point query: f; =7
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

i\ 2//\5

~

rand. hash funct. hi| ~~I~f~t-—~—

rand. hash funct. hy| ~~I~AAANIAANAS d—

rand. hash funct. h3| ~~~1— )
- log 5

|rand. hasf; funct. hdl ’\/\I’VI\/'lv\P\-I’Vl‘—)D | | | | |

Point query: f; =7

L Mariano Zelke Basic algorithmic techniques for data streams 10/12 4



a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

i\ 2//\5

~

rand. hash funct. hi| ~~~f~py—

rand. hash funct. hy| ~~I~AAANIAANAS d—

rand. hash funct. h3| ~~~1— )
- log 5

|rand. hasf; funct. hdl ’\/\I’VI\/'lv\P\-I’Vl‘—)D | | | | |

Point query: f; =7

A
i

Give f; := minimum of D—values as estimate for f;
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

i\ 2//\5

~

rand. hash funct. hi| ~~I~f~t-—~—

rand. hash funct. hy| ~~I~AAANIAANAS d—

rand. hash funct. h3| ~~~1— )
- log 5

|rand. hasf; funct. hdl ’\/\I’VI\/'lv\P\-I’Vl‘—)D | | | | |

Analysis: Pr[f; > fi+e-m] < (%)d =0
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a N
Count-Min SketCh [Cormode, Muthukrishnan '04]

ai, a2, as, as, as, de, d7, 48, 49, d10, 411, d12, d13, - -+, dj, ..., dm

i\ 2//\5

~

rand. hash funct. hi| ~~~f~py—

rand. hash funct. hy| ~~I~AAANIAANAS d—

rand. hash funct. h3| ~~~1— )
- log 5

|rand. hasf; funct. hdl ’\/\I’VI\/'lv\P\-I’Vl‘—)D | | | | |

Analysis: Pr[f; > fi+e-m] < (%)d =0

Memory consumption: O (% . Iog% -logm + Iog% -log n)
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Recap

v

Reservoir sampling for uniform selection

v

AMS sampling for frequency moments

v

Sliding window sampling

v

Count-Min sketch for point queries
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