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R A RAZER, (Markov’s Inequality)

PIEbE R AZER, (Chebyshev’s Inequality)
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R A RAZER, (Markov’s Inequality)
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YL E R AZER, (Chebyshev’s Inequality)
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R A RAZER, (Markov’s Inequality)

XA BENAS R HE[X] = 0, XMEMH B >0, A Pr[X = cE[X]] <-.

YL E R AZER, (Chebyshev’s Inequality)

HX BN R FLVar([X] = 0, XHEfic >0, 4 Pr||X — E[X]| 2 c/Var[X]| < -

c2’

A DM By /R A RA GGG A DT B RA G55
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PIEbE R AZER, (Chebyshev’s Inequality)

A X REHEHAE & HVar([X] = 0, XHEffc >0, 4 Pr [IX - E[X]| = C\/Val‘[X]] = C—lz
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PIEbE R AZER, (Chebyshev’s Inequality)

H X RBEALAS B HVar(X] # 0, %H{Efic >0, 4 Pr||X — E[X]| = cy/Var[X]| < 5.
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A X REHEHAE & HVar([X] = 0, XHEffc >0, 4 Pr [IX - E[X]| = C\/Val‘[X]] = C—lz
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PIEbE R AZER, (Chebyshev’s Inequality)
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PIEbE R AZER, (Chebyshev’s Inequality)

A X2 BEbLAE & HVar[X] # 0, XJfEfac > 0, £ Pr llX — E[X]| = c\/Var[X]] <=

LNy Prlls — E[s]| > eE[s]] < 5
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PIEbE R AZER, (Chebyshev’s Inequality)

A X2 BEbLAE & HVar[X] # 0, XJfEfac > 0, £ Pr llX — E[X]| = c\/Var[X]] <=

LNy Prlls — E[s]| > eE[s]] < 5
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PIEbE R AZER, (Chebyshev’s Inequality)

A X REHEHAE & HVar([X] = 0, XHEffc >0, 4 Pr [IX - E[X]| = C\/Val‘[X]] = C—lz
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PIEbE R AZER, (Chebyshev’s Inequality)

A X REHEHAE & HVar([X] = 0, XHEffc >0, 4 Pr [IX - E[X]| = C\/Val‘[X]] = C—lz
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PIEbE R AZER, (Chebyshev’s Inequality)

FXRBEHA R B Var[X] # 0, KH{Efic >0, £ Pr||X — EIX]| > cy/Var[X]| < 5.

?‘Bﬁﬁ/“ﬁ S$1,S2, ...,Sk <1

Xfi=1,..,n: s; «min{sy, hy(x;)}, ..., s, < min{sy, hy(x;)}
Vs = SRk e — UERXR RTGR ARG
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2 K JE BRI, -, X, QTSRS [ R B9 A5
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Pr(ls — E[5] = €E[5]] < .—
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2 K JE BRI, -, X, QTSRS [ R B9 A5
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2 K JE BRI, -, X, QTSRS [ R B9 A5

PIIEAE 51,52, -, Sk < 1
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% B AH g Google PowerDrill, Facebook Presto, Twitter Algebird, Amazon RedshiftZE %
B REIRRP A FTR AL, Hilan:

Use Case: Exploratory SQL-like queries on tables with 100’s of
billions of rows.

- Count number of distinct users in Germany that made at least
one search containing the word ‘auto’ in the last month.

- Count number of distinct subject lines in emails sent by users
that have registered in the last week, in comparison to number
of emails sent overall (to estimate rates of spam accounts).

Answering a query requires a (distributed) linear scan over the
database: 2 seconds in Google’s distributed implementation.

5] B Christopher Musco <NYU CS-GY 6763 (3943) Algorithmic Machine Learning and Data Science>
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— Order statistics observables: these are based on order statistics, like the smallest (real) values, that
appear in S. For instance, if X = min(.S), we may legitimately hope that n is roughly of the order
of 1/X, since, as regards expectations, one has E(X) = 1/(n 4 1). The algorithms of Bar-Yossef
et al. [2] and Giroire’s MINCOUNT [16, 18] are of this type.

— Bit-pattern observables: these are based on certain patterns of bits occurring at the beginning of
the (binary) S-values. For instance, observing in the stream S at the beginning of a string a bit-
pattern 0°~11 is more or less a likely indication that the cardinality n of S is at least 2°. The
algorithms known as Probabilistic Counting, due to Flajolet-Martin [15], together with the more
recent LOGLOG of Durand-Flajolet [10] belong to this category.

P18 5| HP. Flajolet et al., <HyperLogLog: the analysis of a near-optimal cardinality estimation algorithm>
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Probabilistic counting algorithms for data base applications

P Flajolet, GN Martin - Journal of computer and system sciences, 1985 - Elsevier

This paper introduces a class of probabilistic counting algorithms with which one can estimate
the number of distinct elements in a large collection of data (typically a large file stored on ...
Y¢ Save Y9 Cite Cited by 1500 Related articles All 30 versions

Loglog counting of large cardinalities

M Durand, P Flajolet - European Symposium on Algorithms, 2003 - Springer

Using an auxiliary memory smaller than the size of this abstract, the LogLog algorithm makes
it possible to estimate in a single pass and within a few percents the number of different ...

Y¢ Save DY Cite Cited by 407 Related articles All 23 versions

Hyperloglog: the analysis of a near-optimal cardinality estimation algorithm
P Flajolet, E Fusy, O Gandouet... - Discrete Mathematics ..., 2007 - hal.archives-ouvertes.fr

This extended abstract describes and analyses a near-optimal probabilistic algorithm,
HYPERLOGLOG, dedicated to estimating the number of\emphdistinct elements (the

cardinality) of very large data ensembles. Using an auxiliary memory of m units (typically,"

short bytes"), HYPERLOGLOG performs a single pass over the data and produces an

estimate of the cardinality such that the relative accuracy (the standard error) is typically

about $1.04/\sqgrt {m} $. This improves on the best previously known cardinality estimator ...

Y% Save DY Cite Cited by 645 Related articles All 39 versions 99
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G T E{RMS A RISTR A B d IR & WX AN R AR T EA
/

THEOREM 3.A. The average value of parameter R, satisfies:

R, =log,(¢n)4 P(log, n) + o(1),

where constant @ =0.77351 ... is given by

. 1))
=21 ey_2_ I [(4P+1)(4P+2)]‘ i
1

3 (4p)(4p +3)

p=

and P(u) is a periodic and continuous functions of u with period 1 and amplitude
bounded by 10 °.

BT AT E RGN T (stochastic averaging) HYEZIGHETHEER B,
B 2247 [ B e 7 bR L BoRs Bdis P34 70 i 2 4~ B
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TABLE I

Sample Executions of Algorithm PCSA on 6 Files with the Same Multiplicative Hashing Function

File Card. ( 16 3 64 128 256 > BHE 7 B ST

man 1 16405 17811 16322 14977 15982 16690 17056
1.08 0.99 0.91 0.97 1.01 1.03

man l.w 38846 40145 40566 40145 43290 41230 42592
0.96 1.01 0.96 1.07 1.02 1.06

man 2 3149 2427 2887 3015 3015 2840 2982
0.77 0.91 0.95 0.95 0.90 0.94

man 2.w 10560 10590 9711 9100 9100 10032 10734
1.00 091 0.86 0.86 0.95 1.01

man 8 3075 4452 3744 3360 3252 3097 3106
1.44 1.2} 1.09 1.05 1.00 1.01

man 8.w 11334 10590 10590 10363 10705 10999 10676
0.93 0.93 0.91 0.94 0.97 0.94

Note. The figure displays the file name, the exact cardinality, the estimated cardinality for nmap =8,
16, 32, 64, 128, 256, and the ratio of estimated cardinalities to exact cardinalities (in italics).

K FHO-1502H K BE | L >log,(n/nmap) + 4.
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