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Summaries for MASSIVE Data

Allows approximate computation with guarantees and small space

coreset: small summary, proxy for full data set
with approx guarantees: R
e c-samples of (P,R): approx density |

e c-kernel: approx convex shape

sketch: (random) (linear) combination of full data, recover functions
with approx guarantees:

e Euclidean distance: Johnson-Lindenstrauss random projection

e min-count sketch: approx item counts .

e Greenwald-Khanna sketch: approx quantiles .'s,.. ,
e Misra-Gries sketch: approx frequent items DU

Array:
CM[i,jl d




Summaries for MASSIVE Data

Allows approximate computation with guarantees and small space
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Massive Distributed Computation
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Massive Distributed Computation
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data centers

o P

oSl ot et AP
mryenrens s
e {7 20.% 5 S

23
N o

B

LA

Ay




Massive Distributed Computation
data centers
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size of S(X,¢) is always m
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size of S(X,¢) is always m

e similar to: MUD, Dremel
more restrictive, “natural”

e generalizes streaming

e archiving summaries




size of S(X,¢) is always m

Random Sample
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size of S(X,¢) is always m
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P

val

15

17

20

42

10

14

ran

99

42

.53

23

)

.61




size of S(X,¢) is always m
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size of S(X,¢) is always m

Random Sample

P

S(P,¢)
val | 15 | 7 |10 |14 ]20 |17 42| 3 | 8 | I
ran | 99 | 82 | 75 | 61 | 53 | 42 | 23 | 14 | .02 | .01




Random Sample

S(P,¢)

Pl vali5] 710142017427 3 8 1

ran | .99 | 82 | .75 | 61| 53] .42 ] 23| .14 | .02 | .01
S(Q. €)

(Q val [ 31 ] 9 [16 11 [ 14 ] 7 [ 2 [13] 21 ] 4

ran | .90 | .85 | .80 1 57 | 50 | .37 | 31 ] .12 .10 | .08

size of S(X,¢) is always m




Random Sample

size of S(X,¢) is always m

P

S(Pe)
val | 15 7 10 | 14 | 20 | 17 | 42 3 8 1
ran | .99 | .82 | .75 | .61 | .53 | 42 | .23 | .14 | .02 | .01
S(Q. €)
val | 31 9 16 |} 11 | 14 7 2 13 | 21 4
ran | .90 | .85 | .80 | .57 | .50 | .37 | .31 | .12 | .10 | .08
val | 15 | 31 9 7 16 | 10
ran | .99 | .90 | .85 | .82 | .80 | .75




S(PUQ,e)

size of S(X,¢) is always m

Random Sample

S(P,e)

Pl vali5] 710142017427 3 8 1

ran | .99 | 82 | .75 1 .61 | 53| 42| .23 ] .14 | .02 | .01
S(Q. €)

(Q val [ 31 ] 9 [16 11 [ 14 ] 7 [ 2 [13] 21 ] 4
ran | .90 | .85 | .80 | .57 | 50 | .37 | .31 ] .12 | .10 | .08
S(PUQ,e)
val | 15 [ 31 ] 9 | 7 [ 16 [ 10
ran | .99 | 90 | .85 | .82 | .80 | .75




Random Sample
S(Pe)

Pl vali5] 7101471217
ran | .99 | .82 | .75 ) .61 | .b3 | .42
Q val [ 31 ] 9 [16 J 11 ] 14 ] 7

ran | .90 | .85 | .80 | .57 | .50 | .37

S(PUQ,e)

val | 15 | 31 9 7 16 | 10

ran | .99 | .90 | .85 | .82 | .80 | .75

S(PUQ,e)

size of S(X,¢) is always m

max element
top k elements



Linear Sketches

Count-Min sketch of vector P[1...U]:

e Linear sketch as array size w X d
e Use d hash functions h to map x to [1...w]
e Estimate P|i] = min; CM|h;(7), j]

Array:
CMi,j] d




Linear Sketches

Count-Min sketch of vector P[1...U]:

e Linear sketch as array size w X d
e Use d hash functions h to map x to [1...w]
e Estimate P|i] = min; CM|h;(7), j]

Mergeable: CM(P + Q) = CM(P) + CM(Q)

S(PUQ,e)

size of S(X,¢) is always m




Linear Sketches

Count-Min sketch of vector P[1...U]:

e Linear sketch as array size w X d
e Use d hash functions h to map x to [1...w]
e Estimate P|i] = min; CM|h,(7), j]

Mergeable: CM(P + Q) =[cM(P)|+{cm(Q)
S(P,e) S(Q,¢)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

(1,5)
(3,6)
(8,1)
(11,1)
(14,3)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

(1,5)
(3,6)
(8,1)
(11,1)
(14,3)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

(1,5)
(3,6)
(8,1)
(11,2)
(14,3)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

(1,5)
(3,6)
(8,1)
(11,2)
(14,3)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

(1,4)
(3,5)

(11,1)
(14,2)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

Pli] — MG[i]| < & = 7o/ (k + 1)

(1,4)
3,5) | S(P,¢)

(11,1)
(14,2)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

Mergeable: Stack MG(P) + MG(Q),

(1,2) (1,3)

3.2) | S(Q,¢) 3.4) | S(P,¢)
(5,1)

(9.5) (11,1)

(14.4) (14.2)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

Mergeable: Stack MG(P) + MG(Q),

size of S(X,¢) is always m

(3,6)
(5,2)
(9,5)
(11,1)
(14,6)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

Mergeable: Stack MG(P) + MG(Q),
decrement all counts C. 4

size of S(X,¢) is always m

(1,5)
(3,5)
(5,1)
(9,4)

(14,5)




Heavy Hitters Summaries

Misra-Gries (MG) sketch of P[1...U]:

e Keep k (index,count) pairs

e If existing index arrives, update count

e If new index arrives, make new pair,
or decrement all counts

Mergeable: Stack MG(P) + MG(Q),
decrement all counts C. 4

size of S(X,¢) is always m

?1,5;

3,5
25,]_; S(PUQvg)
(9,4)

(14,5)




e-Samples (Intervals)

size of S(X,¢) is always m
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size of S(X,¢) is always m

e-Samples (Intervals)
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size of S(X,¢) is always m

val

e-Samples (Intervals)

14

15

17 20

42




e-Samples (Intervals)

val [ 1f3) 7] 8]{10) 14 [ 15 [{17) 20 | 42

An e-sample of e-sample is a 2e-sample

size of S(X,¢) is always m




size of S(X,¢) is always m

S(P,¢e)
val 718 |[10) 14 | 15 |[17) 20 | 42
S(Q,¢
val 719 {11) 13 ] 14 [[16) 21 | 31
val 10 [ 11 ] 16 | 17




size of S(X,¢) is always m

val | 1 ({3 )7

14

15

17 20

42

val | 204 )7
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size of S(X,¢) is always m

S(P,¢e)

val 3) 7|8 [[10) 14| 15 [[17]) 20 | 42
S(Q,¢

val 4) 719 |(11) 13 | 14 [{16) 21 | 31
S(PUQ,¢)

val 410 |11]] 16 |[17




size of S(X,¢) is always m

S(P;¢)

val [ 113) 78 |[10)f 14 | 15 [{17) 20 | 42
S(Q,

val [ 2[4 )7 ]9 [[11) 13 [ 14 |[[16) 21 | 31
S(PUQ,e)

val | 3| 410 [[11)] 16 |[17




val [1(3)7]8](10) 14 | 15 [{17) 20 | 42

Qva12479111314162131

S(PUQ,¢)

Va1|3 4110 [ 11| 16 ([ 17

Random Sample: (1/£2)log(1/4).
size of S(X,¢) is always m Even-Weight Merge: (1/¢)+/log(1/€6).

40 samples



e-Samples (Intervals)

________________________________

size of S(X,¢) is always m



e-Samples (Intervals)

________________________________
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size of S(X,¢) is always m




size of S(X,¢) is always m

Let E; ; is jth merge error at level 7.
E[Ei’j] =0 and ’Ez',j’ < 27’ = Az

Chernoff-Hoeffding Bound:

Prl[ERR > ¢] < 2exp (z._fflz) <0




e-Samples (Intervals)

________________________________
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size of S(X,¢) is always m




e-Samples (Intervals)

________________________________

(N)
S,
L

T

m

IN

S

A

DO
S,

2

m

size of S(X,¢) is always m

Random Buffer:

input: output:
m’ points !pi < P{—>}random u; € [0, 1] k. points
B = {p; }; with top k. u;
P Digi P Re z|_|_‘_> B




size of S(X,¢) is always m

m = O((1/¢)log"*(1/¢) log(1/))

e-Samples (Intervals)

________________________________

DO
<.
L
™
)
IN
S
AN
()
<.
I
)

Random Buffer:

input: output:
m’ points !pi < P{—>}random u; € [0, 1] k. points
B = {p; }; with top k. u;
P Digi P Re z|_|_‘_> B




Mergeable Summaries for MASSIVE Data

Allows approximate computation with guarantees and small space

coreset: small summary, proxy for full data set
with approx guarantees:

e c-samples of (P, R): approx density (Mergeable ]
e c-kernel: approx convex shape (

sketch: (random) (linear) combination of full data, recover functions
with approx guarantees:

e Euclidean distance: Johnson-Lindenstrauss random projectiopMergeable )
e min-count sketch: approx item counts (Mergeable )

e Greenwald-Khanna sketch: approx quantiles (
e Misra-Gries sketch: approx frequent items(Mergeable) — *~
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Array:
CMIi,j] d




Open Questions

Mergeable c-kernels without restrictions

Mergeable summaries for clustering

Mergeable summaries for PCA

Mergeable summaries for graphs [next talk]

Lower bounds for mergeable summaries (deterministic)

Implementation Studies




