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Problem Formulation New Perspective
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New Sketch Algorithm
V[lJJ]NN(.u: 0-2)

What if we condition on ar=a ?

In General:

N

Keyl[1[2]3]4][5]6 3

Vol [a4

V[l, Hl(t)] | dr = &
N (ue (@), of () )

Then:

Putting together the pieces:

a, = argmax Pla; = a| D]
a

[ |7t (@), o2 @)

- N (a; [, 5-1,“2)
%_J

= argmax
a

Prior
Finding the MAP a; is relatively straightforward:
fe i2+m- X VIEH O] - k- (X a)
Yo'tk -(m—-1)

=6 (lal3—a®™
ETHzurich

&t=

Where



Augmentation
How to improve d@; = argmax Pla; = a| D] ? lall5 — a,? is in general not known
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Benchmarks

Error Metrics:

= Average Relative Error: Mean (lat;atl)
t

= Average Absolute Error: Mean(|a; — a¢|)

Performance compared to:
= Count-Min Sketch (CM)
Count Sketch (C)
Seq Sketch (Seq)

PR Sketch (PR)

Proposed Sketches

i, ¥r2 . ll’_fz V[i, H; — k-0, a;
g LA IS RO Bn® L Count-Bayes Sketch (CB)

1] n Vii, H; . .
2~ k() + - D3y ey | Cardinality-Count-Bayes

T+ Sk H Sketch (CCB)
Two versions of CB and CCB Sketch :

agCB —

= Default: 2= oo = no prior
a = argmin |a|

= Trained: j¢ is regressed on a “‘training" trace a|V=M-a
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Benchmarks

Experiments on various traces:| UNI1 Pt.2 -
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Recapitulation

New Perspective: P[D|a] <
Random Hashing for Normal Model:
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Benchmarks

The Effect of Prior Information
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Benchmarks
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(a) Comparison to local sketches (Trace of 100k keys). (b) Comparison to global sketches (Trace of 10k keys).

Figure 3: Comparison based on Poisson trace.
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Benchmarks
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(a) Comparison to local sketches (100k keys). (b) Comparison to global sketches (10k keys).

Figure 4: Comparison based on geometric trace.
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Benchmarks
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(a) Comparison to local sketches (Subsample of 100k keys). (b) Comparison to global sketches (Subsample of 10k keys).

Figure 5: Comparison based on CAIDA trace.
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Theory

THEOREM 1. Letay the aggregate volume of key f € 1, and aCB be

f

the estimate according to Equation 12 with a uniform prior XPCB —§-]

In the limit {ow™! — o, assuming that maXg |ag|1cf — 0,

where
Kf = \/(t’z — a;)_l (w—1)

the accuracy of this estimate is bounded by:

[ 2, \
) e“-t2-dlw—-1)
P[Ia?B—afIZe-£1]$2exp — 2 (17)

|2 (e-dt)
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