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Abstract

It must be quick, accurate, and reliable when the size of views are estimated in OLAP. Many me-
thods to deal with view-size estimation apply specific statistical assumptions but their error may
usually be large. In comparation, probabilistic techniques have slower speed, but the estimate has
higher accuracy and reliability by using less memory. Several hashing-based view-size estimation
methods were introduced and analyzed experimentally in this paper. The results showed that the
Adaptive Counting provided accurate estimates regardless of the size of view, and its estimated
speed remained constantly fast as the memory budget increased.
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HARE A R A1) 5650 o 1K UK 1 8 58 T (1) 4l 552 (Probabilistic Counting) [4]. 5% 0 4 £k 55
(LOGLOG Probabilistic Counting) [5]. & 1E&#:(Adaptive Counting) [6]. ACHrAHNT K. AR 5 it &
A1) T HR AR o A A S R AT S [ 7]
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Algorithm 1. View-size estimation using a multifractal distribution

1: INPUT:Fact table t containing N facts

2: INPUT:GROUP BY query on dimensions D,,D,,---, D,

3: INPUT:Sampling ratio 0< p<1

4: OUTPUT:Estimated size of GROUP BY query

5: Choose asamplein t' of size N'=[pN]

6: Compute g =GROUP BY (t')

7:let m_ be the number of occuences of the most frequent tuple X, X,,---,X, in g
8:let F, be the number of tuplesin g

9: k «[logF,]

10: while F <F, do

11 pe(m, /N)"

12: F eg[z](l—(pk (1~ p)a)w)

13: k«k+1
14 pe(m, /N)"

15: RETURN: F eg[zj(lf(pk’a (1- p)“)N')

HIRGHE ™, SETEM Xy, BOLRS—1, WEtE A sy E TSR MTA R X,y » WiR
P(h(xl): Yo Ah(x,)= yz): P(h(x1): yl)P(h(xz): y2):1/4L

Bi1078 5 @ 1P ST A P T L VAL e =S fa b o T S N3 D O VA 11
P(h(x) =y, A Ah(x )=y )=Y2%y, , WAL k B RER T, BJ5, Fnt B k (I8 k 2
BERATG, BB ARSI EME, T Q(R,) MNEITHINAEO]. Ry RKIE AT SEFRI .
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AMEFEZ AR W] FR 557 D, A1 D, £ GROUP BY Al D, fil D, EfJ GROUP BY MIFLEI K/, {H
HF— /N RRT, .
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Algorithm 2. View-size estimation using Probabilistic Counting

1: INPUT:Fact table t containing N facts
2: INPUT:GROUP BY query on dimensions D,,D,,---, D,

3: INPUT:Memory budget parameter M = 2"
4: INPUT:Independent hash function h from d tuplesto [0,2")

5: OUTPUT:Estimateed size of GROUP BY query
6: b« MxL matrix(initialized at zero)
7:fortuple xet do

8: X « 7y 5 o, (X) {projection of the tuple}

9: y«h(x) {hashx to[0.2")}

10: a =y modM

11: i« position of the first 1-bit ini « [y/M]

12: b, «1

13: A«<0

14:for a@€{0,1,---,M -1} do

15: increment A by the position of the first zero-bitin b, b, ,

16: RETURN: M/¢g2"" where ¢=0.77351

1.3/\M . SXse it |45 FB A MO B, Shr ERAEESIRN, T L ERE AN ER K, M
SEEVTT LI AN — AN T R AE MK, TR M AN b i LA (Algorithm 2
I M ). 4t 5060 A A, IR [ 2 M R0 BT S 2 SR B [10] (R, Algorithm 3
5 —17)
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STL map #RREESL, HALLEM T AR . Bk A A ) A 45 SR il 5 4R GROUP BY 7 b
PURPF RN AEHI RN IR B8 S H0H 6 (K4 — 2D tH 5 GROUP BY ALK/ B Fe A bt 18] [RIRERG,
2 B RS HE AR H AR GROUP BY R A] 545 5 K /N RRER RBEH LR T- .

5.1. FEHESH

M DBEGEN 7 E 8tk LigAT M EEAE 2] 1T R EERARHE IR Z (LA 1),
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Algorithm 3. View-size estimation using LOGLOG and Adaptive Counting

1: INPUT:Fact table t containing N facts

2: INPUT:GROUP BY query on dimensions D,,D,,---, D,

3: INPUT:Memory budget parameter M =2

4: INPUT:Independent hash function h from d tuples to [O,ZL)
5: OUTPUT:Estimateed size of GROUP BY query

6: M «0,0,-,0
N

M

-

:fortuple xet do

@

X 7y 0, (X) {projection of the tuple}

90 y«h(x) {hashx to[0.2")}

10: ] < value of the first k bits of y in base 2

11:  z « position of the first 1-bit in the remaining L-k bits of y(count start at 1)

122 M« max(M,z)

13: (original LOGLOG) RETURN: aMMﬂZjMJ Where @, ~0.39701—(2x’ +In22)/(48M ).

1
a,M2"% M, if 5/M >0.051
—Mlog /M otherwise

14: (Adaptive Counting) RETURN: where #isthe number of M, for j=12,.--,M with value zero
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Figure 1. Standard error comparison of view-size estimation algorithms
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Table 1. Running times of the algorithms
72 1. BERBITRYE)

Loading Hashing Counting Time(s)
m; m, m; m, m; m, m; m,
1) 29% 15% 68% 13% 3% 2% 239 240
) 30% 13% 70% 11% 1% 76% 235 277
3) 29% 15% 71% 13% -- 2% 237 240

m;=256; m,=8388608; (1): LOGLOG; (2): Probabilistic; (3): Adaptive Counting

YU 2 PN FEMR. HE—2 S, 12— 5 GB A/NMIBUESE I, SRR — NSRRI SN
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FHIRTE 2 (R (B4 B A2 B OCRUE  (FO 0die) o SR T, FECH N T AR B [ 328 K HL AR A8 B A TS (e 1)
S 45 R WIME IR 512 (Adaptive Counting) ANE AL B DR /IN ey 24 i (3t 5 8 P A6 B0 7 L 224 98 R A7 i UG
] PR BRSO L

6. FERIE

SCES AT T 3 AT B O R S O O SERGE, I SEIR B B T S A AR AR AR 2
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