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e 1. High arrival rate, e.g., 1M item/s
_OnS raints 2. Limited memory

Network monitoring + clickstream analytics

~

n(t) using o(/N) memory

And one pass algorithm
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Counter-based

ld + count for a subset of items, e.g.,

Space Saving [4], Frequent [1,2]

Sketch-based

Random projection of counts vector,
e.g., Count-Sketch [3], Count-Min-
Sketch [5].

(Yi(t), . ,YM'(t)) = Il(t)H}I 11 € MN,M[(R)

Sparse random matrix
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Example: > ni=mny+ny
N=5 M=4 d=2

n=|[10 10 1 1 1

ny = min(21,12) = 12
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h (Tt_|_1

if dl € [d] : hl(rt—l—l) = C

pdate Rule I otherwise.

Count Estimation — il) = ?611;1 Yhz(%) t)
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Counting Error (CE)|  memm—)

12



13



| — True Counts
10!, —— CMS
—— CMS-CU

104 10* 10° 10° 10°
Iltems Ranked by Popularity

Inflated Count ~ CE of infrequent items

14



| — True Counts
. —— CMS
—— CMS-CU

104

10*

Iltems Ranked by Popularity

Inflated Count ~ CE of infrequent items| ~

104

10°

107

—o— CMS
—a— CMS-CU

O
oo

o
o

©
B

False positive rate

o
N

o
o

0.5 1.0 1.5 2.0 2.5 3.0
¢ (Threshold) le—3

Critical Threshold ¢.



Sketch: (M, d) = (1000,5

~N

-

S

Quantifying CE of infrequent items

\.;/

—e— CMS
n Un ol —a— (CMS-CU
10 50.8
»n103 20.6]
- 2
102 20.4]
) O —— True Counts 30'4
n
100 —— CMS £0.2
—— CMS-CU
10° 70 11 2 3 oY 0.0
10 10 10 10° 10 05N 1.0 1.5 20 25 3.0
Iltems Ranked by Popularity ¢ (Threshold) —3

Inflated Count & CE of infrequent items| ~ |Critical Threshold ¢,

- |Near-optimal Configuration of CMS-CU

16




Definition 1 [Counting Error (CE)]

e(t) = hit) — n(r) .

Definition 2 [Unseen Items’ Error (UE)]

() £ minY.(r) : X ~ Unif(([M]>).

ceX d
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Definition 1 [Counting Error (CE)]

e(t) = hit) — n(r) .

Definition 2 [Unseen Items’ Error (UE)]

() £ minY.(r) : X ~ Unif(([M])).

ceX d

Definition 3 [Reference Error (RE)]

e*(t) 2 min Y (2),
ceX

3 Y.(t)+ 1, ifc €argmin _ Y, (2
Y(t+1)=< _ o , (X)) and X are i.i.d.
Y (2), otherwise.
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Pr (e(f) 2 x) < Pr (€%(0) 2 )

1) UE is a proxy for the errors of infrequent items

2) The false positive rate in ¢-Heavy Hitters can be bounded in terms of UE
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Theorem 1 [From CE to UE]: Pr (e,(r) > x) < Pr (1) > x)
1) UE is a proxy for the errors of infrequent items

Theorem 2 [From UE to RE ]:] For a class of skewed streams: E [eo(t)] <C + ok [é*’k(t)]

2) The false positive rate in ¢-Heavy Hitters can be bounded in terms of UE

Counters Stream

e*(T) M ] r = (rt)tE[T]
e“NT) | IMI\UZ h(i)) | r\Topk
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Theorem 1 [From CE to UE]:

1) UE is a proxy for the errors of infrequent items

ﬂ

Pr (e,(r) > x) < Pr(e’(®) > x)

2) The false positive rate in ¢-Heavy Hitters can be bounded in terms of UE

Theorem 2 [From UE to RE |

Counters Stream
e*(T) M ] r = (rt)tE[T]
e“NT) | IMI\UZ h(i)) | r\Topk

)
)

Conijecture 1: E |2%4(7)| < E [e74(0)|

1) These bounds are provably tight for some streams
)

2) These bounds are valid for any stream If:

For a class of skewed streams: E [eo(t)] <C +oE [é*’k(t)]

—— True Counts
—— CMS
—— CMS-CU
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ltems Ranked by Popularity

ﬁ Computing RE is important




Analyzing Y is difficult

~ Y()+ 1, ifc € argmin Y (),
Fi+1)=4 ° €K1 1
Y (2), otherwise.

[
1) Complex dependency on X, |, vs CMS: Y (¢) = Z Il (c = XS)

s=1

2) Y is a Markov process but its state space grows fast with time
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Analyzing Y is difficult

Y(t+1) = {

Yc(t) + 1, ifc & argminuexmfu(t),
Y (2), otherwise.

[
1) Complex dependency on X, |, vs CMS: Y (¢) = Z Il (c € X,

s=1

2) Y is a Markov process but its state space grows fast with time

~/

3) Similar to a Balls and Bins with Power of d: B

9

3 B.(t)+1, ifceminargmin . B0,
B.(t+1)= +
otherwise.

B.(v),

Number of increments is d in B but random in Y

)

1) Alternate representation:
m ~ ~
A : ADE Y T(V.(0) = V() =1).
c=1
2) Variants of Y-
CU-LB (Y'®8) and CU-UB (YUP:8)
2.1) (A%(2)), is a finite state space

m+g—d>

Markov chain of size (
g

02)YPs < ¥ < YUPs
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ub,g d GUP:g(7) =
If X,,{ C argmax Ylb’g(t), and Glb’g(t) =g If X1 C argmaxce[m]YC (1), an (1) =g

celm]” €

) Y05 4 1) = YIP5(p) sl |ncrement all min value counters and those in X,
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ub, b.gr —
If X, C argmaxce[m]chb’g(t), and G'P8(1) = g If X, Cargmax Y (1), and GYP8(r) = g
—> Y'bag(t 1) = Ylb,g(t) —> Increment all min value counters and those in X,
Otherwise: Otherwise:
— VP4 1) = cu (VP — V4 1) = cu (T4

GPs(r) < g, GYPs(1) < g
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e Yo 9@, and GP() = g
1) = YP2(r)

q ?Ibag(t

Otherwise:

— Y0504 1) = CU (i{'b»g(t))

If X,,{ C argmax

If X, ; C argmax

YUb,g

cEeE|lm]” ¢

(1), and GUPE(1) = g

sl |ncrement all min value counters and those in X,

Otherwise:

q

GPs(r) < g, GYPs(1) < g

Yubs(s 4+ 1) = cU (Y“b»g(t))

)¢, <l <Ele*(DIT| <U,,, < U,

2) L”g and U, can be computed in 0] ((T+ g)m (

3) lim Pr (£,(c0) < (/1 < Uy(o0) ) = 1

[— 00

m+g—d

g

)

Table 1: Results for different values of g with m = 50, d = 4, and T" = 250.

g 1 2 3 4 5

0y(T) 0.01860 | 0.02956 | 0.03420 | 0.03540 | 0.03559
U,(T) 0.07654 | 0.04090 | 0.03637 | 0.03572 | 0.03562
Execution time in (s) | 0.05 0.68 17 257 3241
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