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ABSTRACT sample a fraction of tuples of a table, a fractiog of the disk-

blocks of the table are chosen uniformly at random, ahidhe

Block-level sampling is far more efficient than true uniform-random o5 in these blocks din th le. Thus. |
sampling over a large database, but prone to significant errors if Up &‘,'“t ese blocks are rgturne In the samp €. Thus,n coqtra§t
to uniform-random sampling, block-level sampling requires signif-

used to create database statistics. In this paper, we develop prin: .
cipled approaches to overcome this limitation of block-level sam- 'Ca'.”“y fewe.f block accesses for the same sample size (blocks are
pling for histograms as well as distinct-value estimations. For his- typically quite I.arge, e.g., 8K bytes). . .
togram construction, we give a novel two-phase adaptive method The caveat is that a block-level sample_ IS no anger a uniform
in which the sample size required to reach a desired accuracy is deS2MPle of the table. The accuracy of statistics built over a block-
cided based on a first phase sample. This method is significantlylevel sample depends on thayout of the data on disk, i.e., the
faster than previous iterative methods proposed for the same prob V@Y tuples are grouped into blocks. In one extreme, a block-level
lem. For distinct-value estimation, we show that existing estimators sample may be just as QOOd asa u_mfo_rm-rand_om sample_, for ex-
designed for uniform-random samples may perform very poorly if ample, when the layout is random, i.e., if there is no stat_lstlca_l de_—
used directly on block-level samples. We present a key techniquePENdence between the value of a tuple and the block in which it

that computes an appropriate subset of a block-level sample thatres'des' Howeve_r, in other cases, the values in a block may l_)e fully
is suitable for use with most existing estimators. This, to the best correlated (e.g., if the table is clustered on the column on which the

of our knowledge, is the first principled method for distinct-value histogram is being built). In such cases, the statistics constructed

estimation with block-level samples. We provide extensive experi- f[lom a block-leve(; ?ample m.?y be qwée |naccura|-1te ?shcompareq to
mental results validating our methods. those constructed from a uniform-random sample of the same size.

Given the high cost of uniform-random sampling, we contend
that most previous work on statistics estimation through uniform-
1. INTRODUCTION random sampling is of theoretical significance, unless robust and

Building database statistics by a full scan of large tables can be €fficient extensions of those techniques can be devised to work with
expensive. To address this problem, building approximate statisticsPlock-level samples. Surprisingly, despite the widespread use of
using a random sample of the data is a natural alternative. There ha$lock-level sampling in relational products, there has been limited
been a lot of work on constructing statistics such as histograms andProgress in database research in analyzing impact of block-level
distinct values through sampling [1, 2, 7]. Most of this work deals Sa@mpling on statistics estimation. An example of past work is [2];
with uniform-random sampling. However, true uniform-random however it only addresses the problem of histogram construction
sampling can be quite expensive . For example, suppose that therd'0m block-level samples, and the suggested scheme carries a sig-
are 50 tuples per disk block and we are retrieving a 2% uniform- nificant performance penalty. _ o
random sample. Then the expected number of tuples that will be  In this paper, we take a comprehensive look at the significant im-
chosen from each block is 1. This means that our uniform-random Pact of block-level sampling on statistics estimation. To effectively
sample will touch almost every block of the table. Thus, in this Puild statistical estimators with block-level sampling, the challenge
case, taking a 2% uniform-random sample will be no faster than i to leverage the sample as efficiently as possible, and still be ro-
doing a full scan of the table. bust in the presence of any type of correlations that may be present

Clearly, uniform-random sampling is impractical except for very in the sample. Specifically, we provide a foundation for develop-
small sample sizes. Therefore, most commercial relational databasdnd Principled approaches that leverage block-level samples for his-
systems provide the ability to ddock-level sampling, in which to togram construction as well as distinct-value estimation.

For histogram construction, the main challenge is in determin-
*This work was done while the author was visiting Microsoft Re- ing therequired sample sizeto construct a histogram with a desired
search accuracy: if the layout is fairly random then a small sample will
suffice, whereas if the layout is highly correlated, a much larger
sample is needed. We propose a 2-phase sampling algorithm that
Permission to make digital or hard copies of all or part of this work for is significantly more efficient (200% or more) than what was pro-
personal or classroom use is granted without fee provided that copies argposed in [2]. In the first phase, our algorithm uses an initial block-
not made or distributed for profit or commercial advantage, and that copiesjevel sample to determine “how much more to sample” by using
bear this notice and the full citation on the first page. To copy otherwise, t0 rqss-validation techniques. This phase is optimized so that the
republish, to post on servers or to redistribute to lists, requires prior specific cross-validation step can piggyback on a standard sort-based algo-

ermission and/or a fee. . - . .
%GMOD 2004 June 13-18, 2004, Paris, France. rithm for building histograms. In the second and final phase, the al-
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gorithm uses block-level sampling to gather the remaining sample, The problem of distinct value-estimation through uniform ran-
and build the final histogram. This is in sharp contrast to the algo- dom sampling has received considerable attention [1, 6, 7, 11, 15].
rithm in [2] that blindly doubles the sample size iteratively until the The Goodman’s estimator [6] is the unique unbiased distinct-value
desired accuracy is reached— thus increasing sample size signifi-estimator for uniform random samples. However, it is unusable in
cantly, and paying significant overheads at each iteration. We backpractice [7] due to its extremely high variance. The hardness of
up our rationale for 2-phase histogram construction with a formal distinct-value estimation has been established by Charikar et. al.
analytical model, and demonstrate its overwhelming superiority ex- in [1]. Most estimators that work well in practice do not give any
perimentally. analytical error guarantees. For the large sampling fractions that
Distinct-value estimation is fundamentally different from his- distinct-value estimators typically require, uniform-random sam-
togram construction. To the best of our knowledge, despite a very pling is impractical. Haas et. al. note in [7] that their estimators
large body of work on many distinct-value estimators for uniform- are useful only when the relation is laid out randomly on disk (so
random sampling [1, 7, 11, 15], no past work has analyzed the that a block-level random sample is as good as a uniform-random
impact of block-level sampling on such estimators. We formally sample). However, distinct value estimation through block-level
show that using such estimators directly on the entire block-level sampling has remained unaddressed. To the best of our knowledge,
sample may yield significantly worse estimates compared to thoseour work is the first to address this problem in a principled manner.
obtained by using them on an “appropriate subset” of the block-
level sample. Our experiments confirm that our procedure for se-
lecting such an appropriate subset does indeed result in distinct-3' HISTOGRAM CONSTRUCTION
value estimates that are almost as accurate as estimates obtaine8.1 Preliminaries
from uniform-random samples of similar size, and often vastly bet-
ter than the estimates obtained by theveaipproach of applying
the estimator on the entire block-level sample.
Finally, our study led to the identification of novel measures that
quantify the “degree of badness” of the layout for block-level sam-

pling for stati§tics estimat.ion. Interesting.ly,. these measures ar€ihe underlying data distribution, and is a partitioning of the domain

found to be different for histograms and distinct-values, thus em- i, gisjointbuckets and storing the counts of the number of tuples

phasizing the fundamentgl dlffer(?nces between the two problems. belonging to each bucket. These counts are often augmented with
The rest of the paper is organized as follows. In Section 2, We yengjtv information, i.e., the average number of duplicates for each

survey related work. In Section 3, we investigate the problem of iqsincy value. To estimate density, a knowledge of the number of
histogram construction, and in Section 4, the problem of distinct- distinct values in the relevant column is required. Bucket counts

value estimation, with block-level samples. We have prototyped e in cardinality estimation of range queries while density infor-

our algorithms using Microsoft SQL Server. We present the exper- -0 helps for equality queries.

imental results in Section 5, and conclude in Section 6. Histogram algorithms differ primarily in how the bucket sepa-
rators are selected to reduce the error in approximating the under-

Almost all query-optimization methods rely on the availability of
statistics on database columns to choose efficient query plans. His-
tograms have traditionally been the most popular means of storing
these statistics compactly, and yet with reasonable accuracy. Any
type of histogram can essentially be viewed as approximation of

2. RELATED WORK lying data distribution. For example, aqui-width bucketing al-
Random sampling has been used for solving many database probgorithm forms buckets with equal ranges, eayi-depth bucketing
lems. In statistics literature, the concepthfster sampling is simi- algorithm forms buckets with equal number of tuplesmaxdiff

lar to block-level sampling being considered here [3]. A large body bucketing algorithm places separators where tuple frequencies on

of work addresses the problem of estimating query-result sizes byeither side differ the most, while the optimabpt algorithm places

sampling [8, 9, 10, 12]. The idea of using cluster sampling to im- Separators such that this error is minimized [14].

prove the utilization of the sampled data, was first proposed for .

this problem by Hou et. al. [10]. However, they focus on de- 3-1.1 Error-Metrics

veloping consistent and unbiased estimators for COUNT queries, We distinguish between two types of errors of histograms. The

and the approach is not error driven. For distinct-value estimation first type of error measures how accurately a histogram captures

with block-level samples, they simply use the Goodman'’s estima- the underlying data distribution. The second type of error arises

tor [6] directly on the block-level sample, recognizing that such an when the histogram is constructed through sampling. This error

approach can lead to a significant bias. The usevofphase, or measures to what degree a histogram constructed over a sample,

double sampling was first proposed by Hou et. al. [9], also in the approximates a histogram constructed by a full scan of the data

context of COUNT query evaluation. However, their work consid- (i.e., aperfect histogram). In this paper, we are concerned with the

ers uniform-random samples instead of block-level samples, andsecond type of error.

does not directly apply to histogram construction. Various metrics have been proposed for the second type of error.
The use of random sampling for histogram construction was first We first develop some notation. Consider a table wittuples,

proposed by Piatetsky-Shapiro et. al. [13]. In this context, the containing an attribut& over a totally ordered domaiR. An ap-

problem of deciding how much to sample for a desired error, has proximatek-bucket histogram over the table is constructed through

been addressed in [2, 5]. However, these derivations assume unisampling as follows. Suppose a samplerdiiples is drawn. A

form random sampling. Only Chaudhuri et. al. [2] consider the bucketing algorithm uses the sample to decide a sequence of sep-

problem of histogram construction through block-level sampling. aratorssi, s»,...,sx—1 € D. These separators partitid into &

They propose an iterative cross-validation based approach to arrivebucketsBy, B, ..., Br, whereB; = {v € Dls;—1 < v < s;}

at the correct sample size for the desired error. However, in con- (We takesp = —oo ands; = o). Letn; be the size of (i.e., num-

trast to our two-phase approach, their approach often goes througtber of tuples contained irf; in the sample, and; be the size of

alarge number of iterations to arrive at the correct sample size, con-B; in the table. The histogram estimatesas?; = £ - 7;. The

sequently incurring much higher overhead. Also, their approach histogram igerfectif n; = n; fori =1,2,... k.

frequently samples more than required for the desired error. The variance-error metric [5] measures the mean squared error



across all buckets, normalized with respect to the mean bucket sizeits shortcomings. In Section 3.3, we provide the formal analysis
which motivates our solution to the problem. Our proposed algo-

@) rithm 2PHASE is given in Section 3.4.

3.2 Cross-Validation Based I terative Approach

For the special case of equi-depth histograms, the problem of de- The idea behind (.:ross.-validation is the follqwing. Firgt, a block-
riving the uniform-random sample size required to reach a given level sampleS; of sizer is obtained, and a histograf is con-

variance-error with high probability has been considered in [5].  structed on it. Then another block-level samgleof the same size
Themax-error metric [2] measures the maximum error across all is drawn. Letq; (resp. riz;) be the size of the'" bucket of7£ in
buckets: S1 (resp. S2). Then, the cross-validation error according to the
N variance error-metric is given by:
Amee = max {w} 2)
i (n/k)

®)

For equi-depth histograms, the uniform-random sample size needed
to reach a desired max-error with high probability is derived in [2].
Although the methods developed in our paper can work for both  ntuitively, the cross-validation error measures the similarity of
kinds of metrics, in practice we observed that the max-error met- the two samples in terms of the value distribution. Cross-validation
ric was overly conservative: a single bad bucket unduly penal- error is typically higher than the actual variance error [2]: it is un-
izes a histogram whose accuracy is otherwise tolerable in practice jikely for two independent samples to resemble each other in distri-
Conversely, an unreasonably large sample size is often required tohution, but not to resemble the original table. Based on this fact, a
achieve a desired error bound. This was especially true when thestraightforvvard algorithm has been proposed in [2] to arrive at the
layout was “bad” for block-level sampling (see Section 3.1.2). Due required block-level sample size for a desired error.A.gt (resp.
to these difficulties with the max-error metric, in the rest of this ryi1) be the uniform-random sample size (resp. block-level sample
paper we chose to describe our results only for the variance-errorsijze) required to reach the desired error. The algorithm starts with
metric. an initial block-level sample of size,,. ;. The sample size ise-
. peatedly doubled and cross-validation performed, until the cross-
3.1.2  Problem Formulation validation error reaches the desired error target. Henceforth, we
The layout of a database table (i.e., the way the tuples are groupedhg|| refer to this algorithm as DOUBLE. The major limitation of
into blocks) can significantly affect the error in a histogram con- DOUBLE is that it always increases the sample size by a factor of
structed over a block-level sample. This point was recognized in two. This blind step factor hurts in both the following cases:
[2], and is illustrated by the following two extreme cases:

e Random Layout: For a table in which the tuples are grouped
randomly into blocks, a block-level sample is equivalent to a
uniform-random sample. In this case, a histogram built over
a block-level sample will have the same error as a histogram
built over a uniform-random sample of the same size.

e Clustered Layout: For a table in which all tuples in a block

¢ Each iteration of the algorithm incurs considerable fixed over-
heads of drawing a random block-level sample, sorting the
incremental sample, constructing a histogram, and perform-
ing the cross-validation test. For significantly clustered data
wherery;;, is much larger than,,, ¢, the number of iterations
becomes a critical factor in the performance.

have the same value in the relevant attribute, sampling a full o If at some stage in th_e |te_rat|ve_ process, t_he sample size is
block is equivalent to sampling a single tuple from the table close torui, the algorithm is oblivious of this, and samples
(since the contents of the full block can be determined given more than required. In factin the worst case, the total sample
one tuple of the block). In this case, a histogram built over drawn maybe four timesy, because an additional sample

a block-level sample will have a higher error as compared to of the same size is required for the final cross-validation.

one built over a uniform-random sample of the same size. S .
To remedy these limitations, the challenge is to develop an ap-

In practice, most real layouts fall somewhere in between. For proach which (a) goes through a much smaller number of iterations
example, suppose a relation was clustered on the relevant attribute(ideally one or two) so that the effect of the overhead per iteration is
but at some point in time the clustered index was dropped. Now minimized, and (b) does not overshoot the required sample size by
suppose inserts to the relation continue to happen. This resultsmuch. Clearly, these requirements can be met only if our algorithm
in the table becoming “partially clustered” on this attribute. As has a knowledge of how the cross-validation error decreases with
another example, consider a table which has columgs and sample size. We formally develop such a relationship in the fol-
Salary, and is clustered on thdge attribute. Since an older age  lowing subsection, which provides the motivation for our eventual
usually (but not always) implies a higher salary, the table shall be algorithm, 2PHASE.

“almost clustered” orbalary too. . . .

Suppose, we have to construct a histogram with a desired er-3-3 M otivating Formal Analysis
ror bound. The above arguments show that the block-level sample In this subsection we formally study the relationship between
size required to reach the desired error depends significantly on thecross-validation error and sample size. To keep the problem ana-
layout of the table. In this section, we consider the problem of con- lyzable, we adopt the following simplified model: we assume that
structing a histogram with the desired error bound through block- the histogram construction algorithm is such that the histograms
level sampling, by adaptively determining the required block-level produced over any two different samples havesdree bucket sep-
sample size according to the layout. arators, and differ only in the estimated counts of the correspond-

The rest of this section is organized as follows. In the next sub- ing buckets. For example, an equi-width histogram satisfies this as-
section we briefly describe an iterative cross-validation based ap-sumption. This assumption is merely to motivate our analysis of the
proach (previously developed in [2]) for this problem, and discuss proposed algorithm. However, our algorithm itself can can work



with any histogram construction algorithm, and does not actually
fix bucket boundaries. Indeed, our experimental results (Section 5)
demonstrate the effectiveness of our approach for both equi-depth
histograms and maxdiff histograms, neither of which satisfies the
above assumption of same bucket separators. Of course, itis an in-
teresting open problem whether these histograms can be formally
analyzed for sampling errors without making the above simplifying
assumption.

Recall the notation introduced in Section 3.1.1. Let therebe
tuples andV blocks in the table witlh tuples per block§ = n/b).
Given a histogrant{ with k buckets, consider the distribution of
the tuples of buckeB; among the blocks. Let a fractian; of the
tuples in thej®" block belong to buckeB; (n; = b - Zj.vzl aij).
Leto? denote the variance of the numbdrs;|j = 1,2,...,N}.
Intuitively, o7 measures how evenly the tuples of bucEtare
distributed among the blocks. If they are fairly evenly distributed,
o? will be small. On the other hand, if they are concentrated in
relatively few blocksg? will be large.

Let S; andS: be two independent block-level samplesraii-

ples each. We assume blocks are sampled with replacement. FoE

large tables, this closely approximates the case of sampling with-
out replacement. Suppose we construct a histogfaoner S, and
cross-validate it againgh. Let ASY. be the cross-validation error
obtained.

THEOREM 1. E[(AGY)?] = 22 3~ o7

PROOF Letq; (resp.m;) be the size 0B; in S, (resp.S»). For
fixed bucket separators, boil) andm; have the same distribution.

2. In Equation 4, the first term inside the summation represents

the actual variance-error. Since both terms are equal in ex-
pectation, the cross-validation error can be expected to be
abouty/2 times the actual variance-error. Thus it is sufficient
to stop sampling when the cross-validation error has reached
the desired error target.

3. The quantityz:f:1 o? represents a quantitative measure of
the “badness” of a layout for constructing the histogrdm
If this quantity is large, the cross-validation error (and also
the actual variance-error) is large, and we need a bigger block-
level sample for the same accuracy. Besides the layout, this
measure also naturally depends on the bucket separators of
‘H. Henceforth we refer to this quantity Bisst_Badness.

We next describe our 2PHASE algorithm for histogram construc-
tion, which is motivated by the above theoretical analysis.

3.4 The2PHASE Algorithm

Suppose we wish to construct a histogram with a desired error
hreshold. For simplicity, we assume that the threshold is speci-
fied in terms of the desired cross-validation eri°? (since the
actual error is typically less). Theorem 1 gives an expression for
the expected squared cross-validation error, i.e., it is proportional
to Hist_Badness and inversely proportional to the block-level sam-
ple size. Since in general we do not knéiist_ Badness (such in-
formation about the layout is almost never directly available), we
propose a 2-phase approach: draw an initial block-level sample in
the first phase and use it to try and estintdist_Badness (and con-

We first find the mean and variance of these variables. The mean isseduently the required block-level sample size), then draw the re-

independent of the layout, and is given by

r
My = g = — =Ty
n

maining block-level sample and construct the final histogram in the

second phase. The performance of this overall approach critically
depends on how accurate the first phase is in determining the re-
quired sample size. An accurate first phase would ensure that this

The expression for the variance is more involved and depends ONgpproach is much superior to the cross-validation approach of [2]

the layout. A block-level sample eftuples consists af/b blocks
chosen uniformly at random. If blockis included in the block-
level sample, it contributeba;; tuples to the size oB;. Thus,
n; (or m;) is equal tob times the sum of-/b independent draws
with replacement from the;;’s. Hence, by the standard sampling
theorem [3],

2 2 T
O

2 2 2
:0',-;”: -b ~0i=7"b0i

b
By Equation 3 for the cross-validation error:

i

k
BIASDY) = 5> Bl - mo))

ko ‘ :
3 Z E[(ni — /Lﬁ,—)z] + E[(mi — /Lﬁw)z]

k
k
= EZU?” +a§~“ (4)
i=1
2%b o~
= =D -
i=1

There are three key conclusions from this analysis:

1. The expected squared cross-validation error is inversely pro-
portional to the sample size. This forms the basis of a more
intelligent step factor than the blind factor of two in the iter-
ative approach of [2].

because (a) there are far fewer iterations and therefore significantly
fewer overheads, (b) the chance of overshooting the required sam-
ple size is reduced, and (c) there is no final cross-validation step to
check whether the desired accuracy has been reached.

A straightforward implementation of the first phase might be as
follows. We pick an initial block-level sample of si2e,,,, ; (where
runy IS the theoretical sample size that achieves an errax"ef
assuming uniform-random sampling). We divide this initial sample
into two halves, build a histogram on one half and cross-validate
this histogram using the other half. Suppose the observed cross-
validation error isA°%. If A% < A"°? we are done, otherwise
the required block-level sample sizg;. can be derived from The-

orem 1 to be(ﬁf—:)2 -Tunf. However, this approach is not very
robust. Since Theorem 1 holds only fexpected squared cross-
validation error, using a single estimate of the cross-validation er-
ror to predictry;, may be very unreliable. Our prediction afx
should ideally be based on the mean of a number of trials.

To overcome this shortcoming, we propose our 2PHASE algo-
rithm, in which the first phase performs many cross-validation tri-
als for estimating-;;, accurately. However, the interesting aspect
of our proposal is that this robustnesames with almost no per-
formance penalty. A novel scheme is employed in which multiple
cross-validations are piggybacked on sorting, so that the resulting
time complexity is comparable to that of a single sorting step. Since
most histogram construction algorithms require sorting anyway

'Equi-depth histograms are exceptions because they can be con-
structed by finding quantiles. However, in practice equi-depth his-
tograms are often implemented by sorting [2].



Algorithm 2PHASE

Input:
A" : Desired maximum cross-validation error in histogram
r1 . Input parameter for setting initial sample size

Imaez : Number of points needed to do curve-fitting

Phase I:
1. A[l...2r] = block-level sample ofr: tuples
2. sortAndValidatéA[l . . . 2r1], 0)
3 rur = getRequiredSampleSize()
Phase IlI:
4, A[2r1 + 1...7ui] = block-level sample ofy, — 2 tuples
5. SOFt@[?Tl +1... Tblk])
6. mergtéA[l . 2T1], A[2T1 +1... Tblk:])
7. createHistograrmy{[1 . .. ryx])

sortAndValidatef[1 . ..r], 1)

1. if (I = laz)

2. SOrt@[l...r])

3. else

4. m=|r/2]

5.  sortAndValidated[l...m],l + 1)

6.  sortAndValidated[m +1...7],1+ 1)

7. lh = createHistogram{[1...m])

8.  rh=createHistogran{[m + 1...r])

9. sqErr[l] += getSquaredErrotk, Alm +1...r])
10. sqErr[l] += getSquaredError, A[l ... m])
11. merged[l...m],Alm+1...7])

getRequiredSampleSize()

1. if (sqErr[0]/2 < (A7¢9)?)

2. return2r;

3. else

4, Fit a curve of the forny = ¢/« through the
points ¢1/2%, sqErr[i]/2° ) fori = 0,1,...

5. return xvegyz

;lmaw -1

Figure 1. 2-Phase approach to sampling for histogram con-
struction

=2

Figure2: Combining cross-validation with sortingfor l,,q, = 2

on the left and right halves. Each histogram is tested against the
other half, and two estimates GAS.Y)? for a sample of size/2

are obtained. Note that the recursive cross-validation of the two
halves will give severa(AS).)? estimates for each sample size
r/4,r/8 ... etc. Effectively, we are reusing subparts of the sample
to get several different cross-validation error estimates. We note
that the standard statistical techniquebobtstrap is also based
upon reusing different subparts of a sample [4], and it would be
interesting to explore its connections with our technique. However,
the approach of piggybacking on merge-sort is very specific to our
technique, and is motivated by efficiency considerations.

Although quick-sort is typically the fastest in-memory sort (and
is the method of choice in traditional in-memory histogram con-
struction algorithms), merge-sort is not much slower. Moreover, it
allows us to combine cross-validation with sorting. The merge-sort
is parameterized to not form its entire recursion tree, but to truncate
after the number of levels has increased to a thresliglg.}. This
reduces the overall overhead of cross-validation. Also, at lower
sample sizes, error estimates lose statistical significance. Usually
a small number such ds,.. = 3 suffices for our purposes. At
the leaves of the recursion tree, we perform quick-sort rather than
continuing with merge-sort.

Once this sorting phase is over, we have sevetd])? esti-
mates corresponding to each sample gize /2, ..., /2'me= "1,

We compute the mean of these estimates for each of these sample
sizes. We then find the best fitting curve of the foxA = ¢/r
(justified by Theorem 1) to fit our observed points, wheris a
constant, and\? is the average squared cross-validation error ob-
served for a sample of size This curve fitting is done using the
standard method of least-squares. The best-fit curve yields a value
of ¢ which is used to predict,;;, by putting A = A", This is

this sharing of cross-validation and sorting leads to a very robust done in the procedurgetRequiredSampleSze.

yet efficient approach.

Finally, once we have an estimate fay;, we enter Phase II.

The pseudo-code for 2PHASE is shown in Figure 1. We assume The additional sample required (of sizg, — 2r1) is obtained and

merge, sort, createHistogram and getSquaredError are externally

sorted. It is merged with the (already sorted) first-stage sample, a

supplied methods. The first two have their standard functionality. histogram is built on the total sample, and returned.

The functioncreateHistogram can be any histogram construction

In summary, the 2PHASE algorithm is significantly more effi-

algorithm such as the equi-depth algorithm, or the maxdiff algo- cient than DOUBLE, mainly because it uses a more intelligent step

rithm [14]. The functiorgetSquaredError cross-validates the given

factor that enables termination after only two phases. Note that

histogram against the given sample, and returns the squared cross2PHASE seeks to reach the cross-validation error target in the ex-

validation errorl ASY)?, according to Equation 3.

pected sense, thus there is a theoretical possibility that the error

In Phase I, the algorithm picks an initial block-level sample of target may not be reached after the second phase. One way to
size 2r; wherer; is an input parameter. This parameter can be avoid this problem would be to develop a high probability bound on
set asr.,f, however in practice we found that a setting that is 2 the cross-validation error (rather than just an expected error bound
to 3 times larger yields much more robust results. Then, cross- as in Theorem 1), and modify the algorithm accordingly so that it
validation is performed on different size subparts of the initial sam- reaches the error target with high probability. Another alternative
ple, where the task of cross-validation is combined with that of would be to extend 2PHASE to a potentially multi-phase approach,
sorting. This piggybacking idea is illustrated in Figure 2, and isim- where the step size is decided as in 2PHASE, but the termination
plemented by theortAndValidate procedure in Figure 1. We use an  criterion is based on a final cross-validation step as in DOUBLE.
in-memory merge-sort for sorting the sample (the sample sizes usedAlthough this will reduce the number of iterations as compared to
in the first phase easily fit in memory). To sort and cross-validate DOUBLE, it will still not solve the problem of oversampling due to
a sample of size, it is divided into two halves. Each of these are the final cross-validation step. However, neither of these extensions
recursively sorted and cross-validated. Then, histograms are builtseem to be necessary since 2PHASE in its present form almost al-



ways reaches the cross-validation error target in practice. Even innaively with block-level samples, highly inaccurate estimates may
the few cases in which it fails, thactual variance-error (which is be produced. Then, in Section 4.3, we develop an exceedingly
typically substantially smaller than the cross-validation error) is al- simple yet novel technique called COLLAPSE. Using formal ar-
ways well below the error target. guments, we show that COLLAPSE allows us to use a large class
of existing estimators on block-level samples instead of uniform-
4. DISTINCT VALUE ESTIMATION random samples such that the bias remains small. Finally, in Sec-
tion 4.4, we study the performance of COLLAPSE in terms of the
ratio-error metric. As with histograms, we identify a novel measure
that quantifies the “degree of badness” of the layout for block-level
sampling for distinct-value estimation. Interestingly, this measure

4.1 Problem Formulation

The number ofdistinct-values is a popular statistic commonly

maintained by database systems. Distinct-value estimates often ap : ; -
pear as part of histograms, because in addition to tuple counts in!S found to be different from the corresponding measure for his-

buckets, histograms also maintain a count of the number of distinct ©©9rams, thus emphasizing the fundamental differences between
values in each bucket. This gives a density measure for each bucket€ WO problems.

which is defined as the average number of duplicates per distinct
value. The bucket density is returned as the estimated cardinality ) ) )
of any query with a selection predicate of the foAm= a, where _Consider the following naive approach (called TAKEALL) for
a is any value in the range of the bucket, akids the attribute over  distinct-value estimation with block-level sampling:

which the histogram has been built. Thus, any implementation of TAKEALL: Take a block-level sample S5, with sampling fraction
histogram construction through sampling must also solve the prob-q. Use Sy, with an existing estimator as if it were a uniform-

4.2 Failureof Naive Approach

lem of estimating the number of distinct values in each bucket.
There has been a large body of work on distinct-value estimation

using uniform-random sampling [1, 6, 7, 11, 15]. Here we address

the different problem of distinct-value estimation through block-

random sample with sampling fraction g.

We show that many existing estimators may return very poor
estimates if used with TAKEALL. Our arguments apply to most
estimators which have been experimentally evaluated, and found to

level sampling. To the best of our knowledge, this problem has perform well on uniform-random samples, e.g., the HYBSKEW es-
not been addressed in a principled manner in previous work. Wetimator [7], the smoothed jackknife estimator [7, 11], the Shlosser
shall only consider the problem of estimating the number of dis- estimator [15], the GEE estimator [1], and the AE estimator [1].
tinct values on the entire columk through block-level sampling. Letd be the number of distinct values in the sample. Let there be
The most straightforward way to extend it to histogram buckets is f; distinct values which occur exactlyimes in the sample. All the
to use the distinct value estimators on subparts of the sample correestimators mentioned above have the common form d+K - f1,
sponding to each bucket. where K is a constant chosen adaptively according to the sample
We clarify that this problem is different in flavor compared to (or fixed according to the sampling fraction as in GEE). The ratio-
the one we addressed for histogram construction. Here we focusnale behind this form of the estimators is as follows. Intuitively,
on developing the best distinct-value estimator to use with block- represents the values which are “rare” in the entire table (have low
level samples. The problem of deciding how much to sample to multiplicity), while the higher frequency elements in the sample
reach a desired accuracy (which we had addressed for histograms)epresent the values which are “abundant” in the table (have high
remains open for future work. This seems to crucially depend on multiplicity). A uniform-random sample is expected to have missed
analytical error guarantees, which are unavailable for most distinct- only the rare values, and none of the abundant values. Hence we

value estimators even with uniform-random sampling [1, 7].
Let D be the number of distinct values in the column, andet

need to scale-up only the rare values to get an estimate of the total
number of distinct values.

be the estimate returned by an estimator. We distinguish between However, this reasoning does not apply when these estimators

thebias anderror of the estimator:
Bias |E[D] — D|
Error = max{D/D,D/D}

Our definition of error is according to thatio-error metric defined
in [1]. A perfect estimator shall have errer 1. Notice that it is
possible for an estimator to be unbiased (F8D] = D), but still

have high expected error.

Most prior work has been to develop estimators with small bias
for uniform-random sampling. Getting a bound on the error is con-
siderably harder [1, 7]. In fact, there are no known estimators that
guarantee error bounds even for uniform-random samplinde-
ally, we would like to leverage existing estimators which have been
designed for uniform-random samples and make them work for

are used with TAKEALL. Specifically, consider a table in which the
multiplicity of every distinct value is at least 2. Further, consider a
layout of this table such that for each distinct value, its multiplicity
in any block is either O or at least 2. For this layout, in any block-
level sample (of any size)f; = 0. Thus, in this case, all the above
estimators will returnD = d. Effectively, no scaling is applied,
and hence the resulting estimate may be highly inaccurate.

More generally, the reason why these estimators fail when used
with TAKEALL, is as follows. When a particular occurrence of a
value is included in a block-level sample, any more occurrences of
the value in that block are also picked up— but by virtue of being
present in that block, and not because that value is frequent. Thus,
multiplicity across blocks is a good indicator of abundance, but
multiplicity within a block is a misleading indicator of abundance.

block-level samples. Moreover, we seek to use these estimators4 3 Proposed Solution: COLLAPSE

with block-level samples in such a way, that the bias and error are
not much larger than when these estimators are used with uniform-
random samples of the same size.

The rest of this section is organized as follows. In the next sub-
section, we show that if existing distinct-value estimators are used

2The formal result for the GEE estimator in [1] is a proof of the
bias being bounded, not error.

In this section, we develop a very simple yet novel approach
called COLLAPSE which enables us to use existing estimators on
block-level samples instead of uniform-random samples.

The reasons for the failure of TAKEALL given in the previous
subsection, suggest that to make the existing estimators work, a
value should be considered abundant only if it occurs in multiple
blocks in the sample, while multiple occurrences within a block



Algorithm COLLAPSE

Input: q: Block-level sampling fraction

1. Sampling Sep: Take a block-level sampl§,;;, with
sampling fractiony.

2. Collapse Step: In Sy, collapse all multiple occurrences

of a value within a block into one
occurrence. Call the resulting sam@g,;;.
UseS.,;; with an existing estimator as if it
were a uniform-random sample with
sampling fraction.

3. Estimation Sep:

Figure 3: Distinct-value estimation with block-level samples

should be considered as only a single occurrence. We refer to this

as thecollapsing of multiplicities within a block.

In fact, we can show that such a collapsing stepeessary, by
the following adversarial model: If our estimator depends on the
multiplicities of values within blocks, an adversary might adjust the
multiplicities within the sampled block so as to hurt our estimate
the most, while still not changing the number of distinct values
in the table. For example, if our estimate scales ofilyas most
existing estimators), the adversary can give a multiplicity of at least
2 to as many of the values in the block as possible. Thus, our
estimator should be independent of the multiplicities of the values
within blocks.

This leads us to develop a very simple approach called COL-
LAPSE shown in Figure 3. Essentially, multiplicities within blocks

contributes tof; in Sy iff exactly i occurrences out of itsV;
occurrences are chosen$, ;. Since the sampling fraction is
the probability that; contributes tof; in S, ¢ is the same as in
the above. Hence the expected valug;dh S, is the same asin
Scoll- |:|

Now consider any distinct-value estimairof the formD =
>or_, aifi (wherea;’s are constants depending on the sampling
fraction). We can show that for use with estimafgrS..;; is as
good asS,.s (in terms of bias). LeB3(T..u1, q) be the bias of
when applied to uniform-random samples fr@jg;; with sampling
fractionq. Let B..i (T, q) be the bias of when applied to block-
level samples fron¥” with sampling fractiong, and which have

been processed according to the collapse step.

THEOREM 2. B(Teot1,q) = Beot (T, q).

ProoOFE First note thaf,,;; andT have the same number of dis-
tinct values. Further, by LemmaE][f; in Scou] = E[fi in Suny].

£ is just a linear combination of;’s, and the coefficients depend
only on the sampling fraction which is the same.$o5; andSu .
Thus, by linearity of expectations, the result follows. O

The above theorem enables us to leverage much of previous work
on distinct-value estimation with uniform-random samples. Most
of this work [1, 7] tries to develop estimators with small bias on
uniform-random samples. By Theorem 2, we reduce the problem
of distinct-value estimation using block-level samples to that of
distinct-value estimation using uniform-random samples of a mod-
ified (i.e., collapsed) table. For example, GEE [1] is an estima-
tor which has been shown to have a bias of at n@asy/1/q) on

of a block-level sample are first collapsed, and then existing esti- ,niform-random samples with sampling fractigrMoreover, GEE
mators are directly run on the collapsed sample, i.e., the collapsedig of the form as required by Theorem Digpr = L fi
i=2J

sample is simply treated as if it were a uniform-random sample
with the same sampling fraction as the block-level sample.

We now provide a formal justification of COLLAPSE. LEthe
the table on which we are estimating the number of distinct values.
Letv; denote the*” distinct value. Let; be the tuple-level mul-
tiplicity of v;, i.e., the number of times it occurs I, and N; be
the block-level multiplicity ofv;, i.e., the number of blocks & in
which it occurs. LefSy;, be a block-level sample froffi with sam-
pling fractiong, andS...;; be the sample obtained after applying the
collapse step t61.. LetT..i;; be animaginary table obtained from
T by collapsing multiple occurrences of values within every bloc
into a single occurrence. L&,y be a uniform-random sample
from T..;; with the same sampling fractiop Notice thatT,;
may have variable-sized blocks, but this does not affect our anal-
ysis. As before, leff; denote the number of distinct values which
occur exactlyi times in a sample.

k

LEMMA 1. For the Bernoulli sampling model, E[f; in Scon] =
E[fiin Syny] for all i.

PROOF In the Bernoulli sampling model, for picking a sample
with sampling fractiong, each item is included with probability
independent of other items. This closely approximates uniform-
random sampling for large table sizes.

A particular distinct value; contributes tof; in Scoy iff exactly
i blocks in which it occurs are chosen §fy;;,. Sincev; occurs in
N; blocks, it contributes tqgf; (i < Nj;) in Seon with probability

(Agj)q’(l —q)NJ'_i. Thus,
N;\ g
( i7>q (1—g)7

Now, in Ty, the tuple-level multiplicity ofv; is N;. Thus,v;

E[fiin Seou] = Z

JINj 2i

ﬁfl ). Thus, if we use GEE with COLLAPSE, our estimate also

will be biased by at mos©(/1/q) for a block-level sampling
fraction of g. Other estimators like HYBSKEW and AE do not
exactly satisfy the conditions of Theorem 2 since #h's them-
selves depend on thg’s. However, these estimators are heuris-
tic anyway. Hence we experimentally compare the performance
of COLLAPSE with these estimators, against using these estima-
tors on uniform-random samples. The experimental results given
in Section 5 demonstrate the superiority of COLLAPSE against
TAKEALL with these estimators.

4.4 Studying Error for COLLAPSE

In this subsection we discuss the impact of COLLAPSE on the
ratio-error of estimators. However, unlike bias, formal analysis of
the ratio-error is extremely difficult even for uniform-random sam-
pling [1, 7]. Consequently, much of the discussion in this subsec-
tion is limited to qualitative arguments. The only quantitative result
we give is a lower bound on the error of any estimator with block-
level sampling, thus illustrating the difficulty of getting estimators
with good error bounds.

Charikar et. al. give a negative resultin [1], where they show that
for a uniform-random sample eftuples from a table of: tuples,
no distinct-value estimator can guarantee aratio etré¥(/n/r)
with high probability on all inputs. We show that with block-level
sampling, the guarantees that can be given are even weaker. For a
block-level sample of tuples, this lower bound can be strength-
ened toO(y/nb/r) whereb is the number of tuples per block.

THEOREM 3. Anydistinct-value estimator that examines at most
R blocks from a table of V blocks, cannot guarantee a ratio error
< O(4/Nb/R) with high probability on all inputs, where b is the
number of tuples per block.



Distribution A Distribution C standard deviation af;’s (j = 1, ..., N). We defineDV_Badness

11 1 2340 ked, (ALt 21 280 e e KOHL as the coefficient of variation of thg’s, i.e.,o /u. The higher the
n-k I's k distinct values N-k Type I blocks k Type Il blocks value of DV_Badness, the higher the error of COLLAPSE.
Distribution B Distribution D Notice thatHist Badness and DV_Badness are different mea-
111 eee e 111 11,000 0 cen ens 11...1 sures. Hence the layouts which are bad for histogram construc-
N1 N Type I blocks tion are not necessarily bad for distinct-value estimation, and vice-

versa. For example, whilelist_Badness is maximized when the
table is fully clustered, it is not so withV_Badness. In fact, even
when the table is fully clustered, COLLAPSE may perform very
well, as long as the number of distinct values across blocks does
not vary a lot (so thabV_Badness is still small).

Figure 4: Negative result for distinct-value estimation

PrROOF We first review the proof of the negative result in [1].
Consider two different attribute-value distributions and B as
shown in Figure 4. Consider any distinct-value estimator that ex-
amines at most out of then tuples. For distributiorB, the estima-

5. EXPERIMENTS

tor shall always obtaim copies of valuel. It is shown in [1] that In this section, we provide experimental validation of our pro-
for distribution A, with probability at leasty, the estimator shall posed approaches. We have prototyped and experimented with our
obtainr copies of valud provided: algorithms on Microsoft SQL Server running on an Intel 2.3 GHz
ner 1 processor with 1GB RAM.
k< In - (5) For histogram construction, we compare our adaptive two-phase
2r v approach 2PHASE, against the iterative approach DOUBLE. We

In this case, the estimator cannot distinguish between distributionsexperimented with both the maxdiff bucketing algorithm (as im-
A andB. Leta be the value returned by the estimator in this case. plemented in SQL Server) as well as the equi-depth bucketing al-

This gives an error ofk + 1)/« for distribution A, anda for dis- gorithm. The version of DOUBLE which we use for comparison is
tribution B. Irrespective ofy, the error is at leasy/k + 1 for one not exactly the same as described in [2], but an adaption of the basic
of the distributions. Chooske according to Equation 5. Then, with  idea therein to work with maxdiff as well as equi-depth histograms,
probability at leasty, the error is at leasD(y/n/r). and uses the variance-error metric instead of the max-error metric.

To extend this argument to block-level sampling, consider dis-  For distinct-value estimation, we compare our proposed approach
tributionsC and D, and their layouts as shown in Figure 4. Type COLLAPSE, with the neie approach TAKEALL, and the ideal
I blocks containb duplicates of the value 1, while Type Il blocks  (but impractical) approach UNIFORM. For UNIFORM, we used a
containb new distinct values. Consider a distinct-value estimator uniform-random sample of the same size as the block-level sam-

that examines at mosR out of N blocks. For distributionD, it ple used by COLLAPSE. We experimented using both the HYB-
always obtaing® type | blocks. For distributiod, using the same  SKEW [7], and the AE [1] estimators.
argument as above, if < N,)}R In L, then with probability at least Our results demonstrate for varying data distributions and lay-

~, the estimator shall obtaiR typg: | blocks. Thus, the estimator  outs:
cannot distinguish between distributiof'sand D in this case, and

Do For both maxdiff and equi-depth histograms, 2PHASE accu-
must have an error of at leaglkb + 1 for one of the distributions. * ! qui-cepth histog u

rately predicts the sample size required, and is considerably

Thus, with probability at least, the error is at leasD(,/Nb/R). faster than DOUBLE
Hence, it is not possible to guarantee an exta®(y/ Nb/R) with - L

- 1 . e For distinct value estimation, COLLAPSE produces much
high probability on all inputs. O . X

more accurate estimates than those given by TAKEALL, and
The above lower-bound notwithstanding, it is still instructive to almost as good as those given by UNIFORM.

evaluate the performance of estimators for more general layouts , o quantitative measuredist_Badness and DV_Badness
in terms of the ratio-error metric. We give a qualitative evalua- accurately reflect the performance of block-level sampling
tion of the performance of COLLAPSE by comparing it with the

) ! o . ! . as compared to uniform-random sampling for histogram con-
approach of estimating distinct values usifig, , i.e., a uniform- struction and distinct-value estimation respectively.
random sample of the collapsed tafilg,;;. We assume that the . ] )
same distinct-value estimator is used in each case, and is of theWe have experimented with both synthetic and real databases.
formD =d + K - f1 as in Section 4.2. Theorem 2 says that both Synthetic Databases: To generate synthetic databases with a wide
approaches will have the same bias. However, the error of COL- variety of layouts, we adopt the following generative model: A
LAPSE may be higher. This is because although the expected valuefractionC between 0 and 1 is chosen. Then, for each distinct value
of f1 is the same in botl.,; andS., s (recall Lemma 1), the vari- in the column of interest, a fractiaff of its occurrences are given
ance off; in S¢o;; may be higher than i§,,. ;. For example, for consecutive tuple-ids, and the remainiig- C) fraction are given
the layoutC shown in Figure 4f; in S.,;; can only take on values  random tuple-ids. The resulting relation is then clustered on tuple-
which are multiples ob (assuming> 1 Type | blocks are picked id. We refer toC' as the “degree of clustering”. Different values
up in the sample). On the other harfd,in S.,; can take on any of C give us a continuum of layouts, ranging from a random lay-
value from0 to kb. This larger variance leads to a higher average out forC' = 0, to a fully clustered layout fo€ = 1. This is the
error for COLLAPSE. model which was experimented with in [2]. Besides, this model
The layouts in which the variance ¢f in S.,;; (and hence the captures many real-life situations in which correlations can be ex-
average error of COLLAPSE) is higher, are those in which the num- pected to exist in blocks, such as those described in Section 3.1.2.
ber of distinct values in blocks varies widely across blocks. Based Our experimental results demonstrate the relationship of the degree

on this intuition, we introduce quantitative measure for the “bad- of clustering according to our generative modg),(with the mea-
ness” of a layout for distinct-value estimation with block-level sam- sures of badnedsist_Badness andDV_Badness.
ples. We denote this measurelA4 Badness. Letd; be the number We generated tables with different characteristics along the fol-

of distinct values in thg" block. Lety be the mean, and be the lowing dimensions: (1) Degree of clusteriggvaried from0 to 1
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(C=0.7, Z=0.5) (C=0.7, Z=0.5, b=132)

_10

2 35

2 87 30 -

X 6 mIDOUBLE o 25 1

I m2PHASE § 20 mDOUBLE

% 4 OACTUAL GEJ 15 - m2PHASE

(_%' 2 [ 12 ﬁh

@ 0 . . . 0 ,4:__'_& : :

5.0E+05 1.0E+06 5.0E+06 1.0E+07 5.0E+05 1.0E+06 5.0E+06 1.0E+07
Table Size Table Size

Figure 5: Effect of table size on sample size for maxdiff his- Figure 6: Effect of table size on total time for maxdiff his-
tograms tograms
according to our generative model, (2) Number of tuplesried ] ]
from 10° to 107, (3) Number of tuples per blodkvaried from50 to Sample Size vs Degree of Clustering
200, and (4) Skewness parametévaried fromo to 2, according (n=1E7, Z=0.5)
to the Zipfian distribution [16]. i
Real Databases: We also experimented with a portion oHome g 12
database obtained from MSN (http://houseandhome.msn.com/). The X 10
table we obtained contained 667877 tuples, each tuple representing | 3 g -+-DOUBLE
a home for sale in the US. The table was clustered oméigh- 3 6 = 2PHASE
borhood column. While the table had numerous other columns, o 4 / -+ ACTUAL
we experimented with thapcode column, which is expected to be g 2 %
strongly correlated with the neighborhood column. The number of 3 o ‘ ‘ ‘ ‘
tuples per block was 25. 0 025 05 075 1
5.1 Resultson Synthetic Data Degree of Clustering (C)
5.1.1 Histogram Construction Figure7: Effect of clustering on samplesize for equi-depth his-

We compared 2PHASE and DOUBLE. In both approaches, we tograms
used a client-side implementation of maxdiff and equi-depth his-
tograms [14]. We used block-level samples obtained through the
sampling feature of the DBMS. Both DOUBLE and 2PHASE were ot maydiff histograms. It can be seen that the amount sampled

started with the same initial sample size. , by each approach is roughly independent:of Also, DOUBLE
In our results, all quantities reported are those obtained by av- g hstantially overshoots the required sample size (due to the last
eraging five independent runs of the relevant algorithm. For each .oss_validation step), whereas 2PHASE does not overshoot by as

parameter setting, we report a comparison of the total amount sam-,,ch. For n=5E5, the total amount sampled by DOUBLE exceeds

pled by 2PHASE, against that sampled by DOUBLE. We also re- ¢ apje size, but this is possible since the sampling is done in steps
port, theactual amount (denoted by ACTUAL) to be sampled to il the error target is met.

reach the desired error. This was obtained by a very careful itera- |, terms of time, 2PHASE is found to be considerably faster than

tive approach, in which the sample size was increased iteratively by hoypg|LE. Interestingly, the total time for both 2PHASE and DOU-
a small amount until the error target was met. This actual size doesg| £ increases with, even though the amount sampled is roughly
not include the amount sampled for cross-validation. This approaChindependent ofi. This shows that there is a substantial, fixed over-

is impractical due to .the huge number of iterations, but repor‘ted head associated with each sampling step which increasesawith
here only for comparison purposes. We also report a comparisonTis aiso explains why the absolute time gain of 2PHASE over

of the time taken by 2PHASE, against that taken by DOUBLE. poyg|E increases with. DOUBLE incurs the above overhead
The reported timis a sum of the server-time spent in executing iy each iteration, whereas 2PHASE incurs it only twice. Conse-

the sampling queries, and the client time spent in sorting, merging, quently, 2PHASE is much more scalable than DOUBLE.
cross-validation, and histogram construction. '

We experimented with various settings of all parameters. How- Effect of degree of clustering: Figure 7 shows the amount sam-
ever, due to lack of space we only report a subset of the results.Pled, and Figure 8 gives a time comparison for varying degree of
We report the cases where we set the cross-validation error tar-clustering () for equi-depth histograms. Figure 8 also shows (by
get atA™®¢ = (.25, the number of buckets in the histogram at the dotted line) the badness meashiiet_Badness on a secondary
k = 100, and the number of tuples per blockbat: 132. For each axis. Hist_Badness was measured according to the bucket separa-
experiment, we provide results for only one of either maxdiff or tors of the perfect histogram. Siné#ist_Badness is maximized
equi-depth histograms, since the results were similar in both casesWhen the table is fully clustered, we have normalized the mea-
sure with respect tdlist_Badness for C = 1. As C increases,

SAll reported times are relative to the time taken to sequentially both Hist_Badness, and the required sample size increase. Thus,
scan 10MB of data from disk. Hist_Badness is a good measure of the badness of the layout.

Effect of n: Figure 5 shows a comparison of the amount sampled,
and Figure 6 shows a time comparison for varyingor the case
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Figure 9: Effect of skew on sample size for maxdiff histograms
. . Figure 11: Variation of error with the sampling fraction for AE
For C = 0.5, DOUBLE overshoots the required sample size 'gu el W pling !

almost by a factor of 4 (which is the worst case for DOUBLE). these estimators with each of the three approaches— COLLAPSE,

Hence, the total amount sampled becomes almost the same as tha®KEALL, and UNIFORM. We use AECOLLAPSE to denote

for C = 0.75. This is a consequence of the fact that DOUBLE the COLLAPSE approach being used with the AE estimator. Other
picks up samples in increasingly large chunks. The time gain of estimates are named similarly. The usability of a distinct-value es-
2PHASE over DOUBLE increases witH, since the latter has to  timator depends on its average ratio-error rather than on its bias
go through a larger number of iterations when the required sample(Since it possible to have an unbiased estimator with arbitrarily high

size is larger. The results for maxdiff histograms were similar. ratio-error). Thus, we only report the average ratio-error for each of
. ¢ 7 Fi 9 h led f the approaches. The average was taken over ten independent runs.
Effect of Z: Figure 9 compares the amount sampled for vary- |, ot cases, we report results only with the AE estimator, and

ing skgw @) of the distribution, fpr maxdiff h!stograms. As the  omit those with HYBSKEW, as the trends were similar.
skew increases, some buckets in the maxd|ff h|§togram become For the following experiments, we added another dimension to
very large. Consequently, a smaller sample size is required to eS-qur data generation process— the duplication factap). This

timat((je these buck.er: cl?unts accurately. Thus, the r_equired Sargpl% the multiplicity assigned to the rarest value in the Zipfian dis-
size decreases with skew. However, 2PHASE continues to predictyp, ion. Thus, increasingup increases the multiplicity of each

the rquiredfsarﬂple size. more‘accu.ratzly the|11n DO.UBLfE' A time gistinct value, keeping the number of distinct values constant. The

comparison for this experiment is omitted, as the gains of 2PHASE |, ey of tuples per block was again fixedat 132.

over DOUBLE were similar to that observed in previous exper- i i )

iments. Also, we omit results for equi-depth histograms, which Effect of sampling fraction: Figures 10 and 11 show the error

showed very little dependence on skew. of the HYBSKEW and AE estimators respectively with the three
Due to space constraints, we omit results of experimenting with approaches, for varying sampling fractions. With both estimators,

varying b, k and A"*¢. The results in these experiments were as TAKEALL leads to very high errors (as high as 200 for low sam-

expected. Ad increasesi ok increaseS, oA"¢? decreaseS, the re- pllng fractions), while COLLAPSE pel’fOI‘mS almost as well as UNI-

quired sample size goes up (by Theorem 1). The amount by which FORM for all sampling fractions.

DOUBLE overshoots 2PHASE increases. So does the time gain of Effect of degree of clustering: Figure 12 shows the average ratio-

2PHASE over DOUBLE. error of the AE estimator with the three approaches, for a fixed
.. . . sampling fraction, and for varying degrees of clusteri6g.(As
512 Distinct-Value Estimation expected, the performance of UNIFORM is independent of the de-

For distinct value estimation, we use the two contending estima- gree of clustering. The performance of TAKEALL degrades with
tors AE [1] and HYBSKEW [7], which have been shown to work increasing clustering. However, COLLAPSE continues to perform
best in practice with uniform-random samples. We consider each of almost as well as UNIFORM even in the presence of clustering. In
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to its failure to recognize rare values), produced a more accurate fi-
nal estimate than either COLLAPSE or UNIFORM. Thus, the good
performance of HYBTAKEALL for this case was coincidental, re-
sulting from the inaccuracy of the HYBSKEW estimator.

Effect of bounded domain scaleup: For this experiment, the ta-
ble size was increased while keeping the number of distinct values
constant (by increasindup). Figure 14 shows the average error
of AE with the three approaches for a fixed sampling fraction, and
for various values oflup. It can be seen that at low values of
dup, TAKEALL performs very badly. However, agup increases,
almost all distinct values are picked up in the sample, and the esti-
mation problem becomes much easier. Thus, at high valuéspof
TAKEALL begins to perform well. COLLAPSE performs consis-
tently almost as well, or better than UNIFORM.

For low values oflup, the superior performance of COLLAPSE
against UNIFORM is only because the underlying AE estimator is

Figure 12, we also show (by the dotted line) the measure of badnesso; perfect. For low values afup, there are a large number of dis-

of the layout DV_Badness), on the secondary y-axis. It can be seen
that the trend irDV_Badness accurately reflects the performance
of COLLAPSE against UNIFORM. Thuf)V_Badness is a good
measure of the badness of the layout.

Note that unlikeHist_Badness (Figure 8), DV_Badness is not
maximized when the table is fully clustered. In fact, Or= 1,
COLLAPSE outperforms UNIFORM. This is because when the ta-
ble is fully clustered (ignoring the values which occur in multiple
blocks, since there are few of them), the problem of distinct-value
estimation through block-level sampling can be viewed as an ag-
gregation problem — each block has a certain number of distinct

values, and we want to find the sum of these numbers by sampling

tinct values in the table, and ABNIFORM tends to underestimate
the number of distinct values. However, for AEOLLAPSE, the
value of f; is higher due to the collapse step. Hence the overall
estimate returned is higher.

Effect of unbounded domain scaleup: For this experiment, the ta-

ble size was increased while proportionately increasing the number
of distinct values (keepindup constant). Similar to the observa-
tionin [1], for a fixed sampling fraction, the average error remained
almost constant for all the approaches (charts omitted due to lack
of space). This is because whénp is constant, the estimation
problem remains equally difficult with increasing table size.

a subset. Moreover, the variance of these numbers is small, as in5.2 Resultson Real Data

dicated by a smalHist_Badness. This leads to a very accurate esti-
mate being returned by COLLAPSE. We omit the results with the
HYBSKEW estimator, which were similar.

Effect of skew: Figure 13 shows the average error of AE with
the three approaches, for a fixed sampling fraction, and for varying
skew 7). Here again, COLLAPSE performs consistently better
than TAKEALL. We again shovDV_Badness by the dotted line on
the secondary axis. The trend DV_Badness accurately reflects
the error of COLLAPSE against that of UNIFORM.

Although we do not report results with HYBSKEW here, it was
found that for high skew, HYBTAKEALL actually performed con-
sistentlybetter than HYB.COLLAPSE or HYBUNIFORM. This

Histogram Construction: We experimented with 2PHASE and
DOUBLE on theHome database. The number of buckets in the
histogram was fixed at = 100. Figure 15 shows the amount
sampled by both approaches for various error targat§?) for
maxdiff histograms. Again, 2PHASE predicts the required size ac-
curately while DOUBLE significantly oversamples. Note that for
this database the number of tuples per block is @slyfor higher

b we expect 2PHASE to perform even better than DOUBLE. Also,
in this case, the sampled amounts are large fractions of the origi-
nal table size (e.g13% sampled by 2PHASE foA™? = 0.2).
However, our original table is relatively small (abdu? million
rows). Since required sample sizes are generally independent of

seems to violate our claim of COLLAPSE being a good strategy. original table sizes (e.g., see Figure 5), for larger tables the sam-
However, at high skew, the HYBSKEW estimator itself is not very pled fractions will appear much more reasonable. We omit the time
accurate, and overestimates the number of distinct values. This,comparisons as the differences were not substantial for this small
combined with the tendency of TAKEALL to underestimate (due table. Also, the results for equi-depth histograms were similar.
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Distinct Value Estimation: The results of our distinct-value esti-
mation experiments on tHéome database are summarized in Fig-

ure 16. As expected, AEOLLAPSE performs almost as well as [13]
AE_UNIFORM, while AETAKEALL performs very poorly.

6. CONCLUSIONS

In this paper, we have developed effective techniques to use blocki14]
level sampling instead of uniform-random sampling for building
statistics. For histogram construction, our approach is significantly
more efficient and scalable than previously proposed approaches.
To the best of our knowledge, our work also marks the first prin- [15]
cipled study of the effect of block-level sampling on distinct-value
estimation. We have demonstrated that in practice, it is possible
to get almost the same accuracy for distinct-value estimation with [16]
block-level sampling, as with uniform-random sampling. Our re-
sults here may be of independent interest to the statistics commu-
nity for the problem of estimating the number of classes in a popu-
lation through cluster sampling.
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