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Abstract Since alphanumeric data are quite different from nu-

meric data, many known techniques for estimating numeric
Query optimization is an integral part of relational selectivity are no longer suitable for the more general case.
database management systems. One important task inn [4, 5], Krishnan, Vitter and lyer proposed to use suffix
query optimization is selectivity estimation, that is, given trees to estimate alphanumeric selectivity for the case when
a queryP, we need to estimate the fraction of records in the only one individual column is involved (we call theme-
database that satisf#. column estimation

Almost all previous work dealt with the estimation of nu- In practice, a query usually involves many columns. A
meric selectivity, i.e., the query contains only numeric vari- survey of DB2 (relational database system from IBM) found
ables. The general problem of estimating alphanumeric se-93 SQL SELECT queries on single table used an average
lectivity is much more difficult and has attracted attention of 4 predicates [12]. Without the outlier queries that have
only very recently, and the focus has been on the specialover 5 predicates, the average was 1.83 predicate per table.
case when only one column is involved. Therefore, itis necessary to develop techniques for estimat-

In this paper, we consider the more general case whening selectivity when more than one columns is involved (we
there are two correlated alphanumeric columns. We de- call this multi-column estimation Accurate two predicate
velop efficient algorithms to build storage structures that selectivity estimation is beneficial and is addressed in this
can fit in a database catalog. Results from our extensive paper.
experiments to test our algorithms, on the basis of error  \1uiti-column estimation can be done very efficiently if
analysis and space requirements, are given to guide DBMSihe queries contain only numeric data. For example, the
implementors. problem may be solved by the generalized Equi-Depth His-

togram (EDH) method [10, 14]. In general, we can use any

of the various multi-dimensional data structures [3, 8] to
1 Introduction solve the multi-column estimation problem if only numeric

data are involved. But those methods and data structures

Query optimization, conducted by a query optimizer, is cannot be used to deal with alphanumeric daeaoise no

an integral part of relational database management systemsgoOOI ‘order” property can be u“se.zd n th"e later case. That
One important task in query optimization is selectivity es- IS, qlphanumenc d?ta are truly “discrete” data whereas nu-
timation [13]. Given a predicat® specified by a query, a meric data are continuous.
query optimizer first estimates its selectivityl(P) (also Selectivity estimation usually involves two phases: an
calledfilter factor) which is the fraction of records in the Off-line phase and an on-line phase. In the off-line phase,
database that satisfy. Based on such estimation, the opti- usually referred to aRUNSTATSinformation about a
mizer will choose how to execute the query in an economi- (large) table is collected into a catalog (actually a persis-
cal way [9]. The performance of a query optimizer, and thus tent data structure) of reasonable size. In the on-line phase,
the whole query processing, depends essentia”y on how ac.the Catalog is consulted to estimate Selectivity for any given
curate the selectivity estimation is [6, 9]. guery against the database. The practical problem s to store
A |0t of Work has been done on Se'ectivity estimation vast information in I|tt|e Sﬂce, and addl’eSS a” cases. Be-
[6, 11]. Almost all previous work dealt with the estimation cause this is impractical, only a partial solution is possible.
of numeric selectivity, i.e., the predicafecontains only nu- Information loss is accepted and so are heuristic solutions.
merical variables. The more general problem of estimating  In this paper we generalize the work of [4, 5]. We con-
alphanumeric selectivity has attracted attention only very sider the problem of selectivity estimation for the case when
recently, due to the work of Krishnanittér and lyer [4, 5]. two alphanumeric columns are involved. As in [4, 5], we



use suffix tree as our basic data structure. We introducea table, and each column represents one field of a specific

adynamic graph construction probleno characterize the type. For example, a column might be of numeric type,

possible complex correlation between the two columns. Wewhich indicates that all data in this column must have a nu-

develop efficient algorithms to collect statistics about the meric value. In this paper, we are mainly interested in data

two columns and their correlation and store it in a dynami- of alphanumeric type and we assume that all columns are

cally constructed graph of reasonable size that we proposef alphanumeric type. We ugé(s, ), F(x, j) and F(z, 5)

be stored in the database catalog. The graph would beto denote théth row, jth column, andz, j) element ofF',

used for selectivity estimation according to various heuris- respectively. Note that any elemef{z:, j) is a character

tic strategies. We have conducted experiment to validate ourstring.

algorithms. Suppose we are given a quePy which is a set of pat-
This paper is organized as follows. In Section 2, we de- terns,

scribe the problem of selectivity estimation and review pre-

vious work. In Section 3, we introduce the dynamic graph P ={(i1,p,), (12, Pis), - - -, (1%, Pix, ) },

construction problem and formulate the major part of our ) . .

selectivity estimation problem accordingly. Section 4 is a Where €acti; (1 < i; < N) indicates one column and each

general description of our method. In Section 5, we describeP?s sa patte;rn string. We definB(P) as the set of rows

the off-line phase, i.e., the construction of a small version which contain all the given patterns in the corresponding

of a huge graph. In Section 6, we discuss many strategie<0!Umns, i-.,
which will be used to do actual estimation. In Section 7 . .. . . .

. : . " F(P)={F F ;) containg; . as a substring, < j < k}.
we propose a method to build a different kind of catalog. (P)={FG)IF (0 5) Pi; 9. <j <k}
We formulate the problem as a least square calculation andrhen the selectivitg(P) is defined as
show that it can be solved very efficiently. In Section 8, we

report our experimental results. Finally, in Section 9, we (P) = |F(P)|
suggest some problems for future research. M
. Our goal is to estimate(P) for any given queryP, i.e.,
2 The Problem and Previous Work we want to estimate the number of rows which contain the
given patterns.
2.1 The Problem In this paper, we only study the special case whes=

2, i.e., we only consider two columns.
Suppose we have a relational database which has a ta-
ble PART. Arecord (a row) inPART stores information 2.2  Suffix Tree: The Krishnan-Vitter-lyer Method
about a particular part. A part has many characteristics,
e.g., it may have a color and a shape. Each characteristic Krishnan, Vitter and lyer have developed a method
is represented by an attribute BART. SupposePART (henceforth referred to as the KVI method) to estimate
has attributes COLOR and SHAPE. If we want to find out giphanumeric selectivity for the one-column case. Their
all parts which have color GREEN and shape CIRCLE, we method is based on the key data structure of suffix tree. In
may use the standard SQL predicate LIKE to issue the fol-the following, we briefly describe their method (for more
lowing query: details, see [4, 5].)
COLOR LIKE GREEN AND SHAPE LIKE CIRCLE First, let’s briefly review suffix trees. Lfatbe a str'ing of
lengthi. We will uses; to denote the suffix of starting at
If we want to find out all parts whose colors are green-like positions, 0 < i < I — 1 (we count the positions starting
and whose shapes are circle-like, we may use the followingfrom position0 on).

query: A suffix treeT for s is a rooted tree which has the fol-

COLOR LIKE *GREENk AND SHAPE LIKE +CIRCLEs  10Wing properties:

where %" represents the wildcard, i.ex represents any 1. Every edggu, v) has an associated substringscis

(empty or nonempty) character string. its Iab.el. Sometlmes we consider that string as one
For a given query, the optimizer will first estimate how associated with the child node

many rows in the database satisfy the predicate specified 5

X For any node, the first symbols of the substrings
by the query. We can state this problem more formally as

associated with’s children are all different.

follows.
Let F be anM by N table, i.e.,F is a relation with 3. For any node, let path(v) be the path from the root
M rows andN columns. Each row represents one tuple of to v. The string represented hy denoted by(v),



is the concatenation of the strings associated with thestrings. But still, we cannot store the whole suffix tree since
edges along the pagrath(v). We also say(v) cor- the database catalog size is rather limited.
responds to node, andv is thelocus of p(v). Any

suffix is represented by a unique leaf node. 3 Problem Formulation

4. Since any substring afis the prefix of some suffix,
for any substring of s, we can find a unique node In this section, we introduce a problem callBgnamic
such that is the prefix ofp(v), ando is not a prefix ~ Graph Construction We then formulate the off-line phase
of the parent ob. We callv the extended locus of  of our two-column estimation problem as a dynamic graph
o, and denote it by (o). construction problem where the target is a bipartite graph.

For a suffix treel” and a strings, if we can find a path
from the root to a node whose corresponding string con-
tainss as a prefix, i.e., we can find an extended locus, of
then we say we can matehin T' successfully. A (directed/undirected) grap8i is a pair(V, E), where

The above definition can be generalized to a set of stringsV is a finite set of vertices and is a finite set of (di-
in the obvious way. Moreover, for a set of stringiswhen rected/undirected) edges. Wipartite graph is an undi-

3.1 Dynamic Graph Construction

constructing its suffix tred’, for eachnodev which rep- rected graph in whicly can be partitioned into two sets
resents a substring(v), we can assign a couatv) to v andV; such that any edge has its one end vertekjimnd
which is the number of strings ifi that containp(v) as a  the other end vertex iz. A weighted graphis a graph for
substring. which each edge has an associateight given by aweight

For more details about suffix trees and their generaliza-function w : E — N, whereN is the set of weights. In
tion, see [1, 7]. this paper we only consider non-negative integer weights,

Now let us turn to the KVI method. There are two i.e., N is the set of non-negative integers. Also, we may
phases. In amff-line phase (e.g., load, reorganization), assign a weight to each vertex and w#l sall the graph
a suffix treeT for F is built. Each node of corresponds & weighted graph. For a weighted graph,dgtandcg be
to some substring that occurs in some rowfinand vice  two given threshold values. Any vertex with weightcy
versa. For a substring, we denote its corresponding node is called aheavy vertexand any edge with weight cg is
in T' by v(z). The number of rows i which containz as called aheavy edge Others are callelight verticesor light
a substring is denoted kyz) which is called thérue count ~ edges The two valuesy andcg are calledvertex thresh-

of z. old andedge thresholdespectively. For a grapf and the
WhenT is constructed, pruning is done. For a given given threshold values, andcg, we delete all edges which
prune countp, if ¢(z) is smaller tharp, we informally call are not heavy. We also delete all vertices which are neither
z alight substring, andv(z) alight node All light nodes  heavy nor incident to any heavy edge. The resulted graph
will be pruned off. The remaining tree is the so-calteda- ~ is called theheavy subgraph with respect to the specified

log (strictly speaking, the data structure to be stored in the threshold values For precise graph theoretic terminology,

catalog) which is the output of the off-line phase. (We still we refer to [2].

useT to denote this final tree.) Let us consider three operations on a graph: insert/delete
In theon-line phase(e.g., query optimization), when a  a vertexw, insert/delete an edgg and change the weight

predicate “LIKEp+” is given, by running the KVI method ~ of a vertex or an edge. When deleting a veriexll edges

against it, an estimated selectivity for the pattegs is incident tov will also be deleted.
obtained, that is, an estimation on the number of all rows  Suppose there is a weighted undirected gréph=
which contairp as a substring is obtained. (V, E,w) which has a discrete time parameter.e., at any

SinceT must be limited in its size, many “infrequent” timet, thereis agrapti¥; = (V;, E¢, w:). Attime0, thereis
substrings have to be pruned out. Thus it would happenan initial graphGo which is usually empty. Suppose at time
quite often that a given pattern cannot be matched by anyt, we are giverz;_; and a set of operationt®,. ThenG, is
node inT. This mismatch does not necessarily imply that defined as the graph obtained by applying all operations in
that pattern never occurs i, and we still need to estimate  O; (possibly in some specified order)@h_;.

the selectivity of these “unlikely” substrings. In the KVI Now we define theDynamic Graph Construction
method, severaiatching strategieshave been suggested Problem (DGCP for short). Letcy,cg € N be given
to deal with these mismatches. threshold values. Le%, be a given initial graph. LefO.}

The main advantage for using suffix trees is that it allows be an on-line sequence of operation sets. At timenly
very efficient storage of all substrings. Actually the space {O;|: < t} are known. Let» € N. The goal is to construct
complexity is linear in the total length of the represented the heavy subgraph @, with respect tay andcg.



The seemingly most natural method to solve DGCP is to construct a catalog of reasonable size which will be used
deleting all light edges and/or light vertices after the whole in the on-line phase to do the actual selectivity estimation.
Gr has been constructed. As we will see, thisis not prefer-  As in [4, 5], we use suffix trees as our basic data struc-
able and even impossible for very large database applicatures. In the off-line phase, we first construct two (large)
tions becausés,, will become huge and we simply don't  suffix trees, one for each column. The correlation between
have enough space to sta¥g. Instead, we will keep prun-  those two columns will be represented by weighted edges
ing off light edges and/or light vertices during the construc- between the two trees. Then we prune the trees to reduce
tion process. Consequently, the resulted subgraph will betheir size significantly and obtain two much smaller trees.
an approximation to the true solution. The correlation information of the two trees is stored in a

For our problem, we have a table with two columns. We matrix of reasonable size. The two small trees and the asso-
will construct two suffix trees, one for each column. At ciated matrix constitute the catalog.
the same time, we maintain all relations between the two  As mentioned before, the simplest method (method 1) is

columns by creating links between the two suffix trees. to construct the whole grapfi; during one scan of the
We are now ready to describe our problem more for- taple. We already know that this method is not practical
mally. due to storage limitation. Note that for the off-line phase,
a large amount of storage is available, e.g., we can easily
3.2 The Problem: Revisited store the two separate suffix trees. The problem is that we
cannot afford to store the relation between those two trees
Let F' be anM x 2 table as in Subsection 2.1. L&} = since the storage size then is the product of the sizes of the
{F(4,j7)|1 < i < M} be the set of strings contained in two individual suffix trees.
columnj, j € {1,2}. Forany0 < k < M, letTj , be the We may use the following two-pass alternative (method

suffix tree formed from the strings contained in column 1 of ||). We scan the database twice. During the first scan, we

the firstk rows; similarly, letT} » be the suffix tree formed  construct two suffix tree§, andT, independently, where

from the strings contained in column 2 of the fikstows. T; is for columns, : = 1, 2. When the scan is finished, each
DefineV(k, j) to be the set of nodes in tré&& ;, j = node in the trees has a node weight. Based on some thresh-

1,2. Define weighted grapl&, = (Vi, Ex,wy), Where old value, we prune the two trees and obtain two smaller

Vi = V(k,1) UV(k,2), (u,v) € Ex if and only if  trees (we still call therl; andT; respectively). During the

u € V(k,1), v € V(k,2), and for some row < &, second scan, we establish the desired relationship. Specif-

F(3,1) containsp(u) and F(7, 2) containsp(v); wg(u, v) ically, for any row, if substring: occurs in column 1, sub-

is the number of such rows. For any nadeorresponding  stringy occurs in column 2, and both andy have corre-

to a stringe, wy (v) is the number of rows within the firét sponding nodes(z) andv(y) in Ty and T; respectively,

rows which contairx as a substring. then we build a weighted edge between the two nodes. If
Let G, be the empty graph. Let, andcg be twothresh-  that edge already exists, we simply modify its weight.

old values (to be determined later). The goal of the off-line  \ethod Il simulates method | very well as far as the final

phase is to construct the heavy subgrapltzaf (withre-  result (the heavy subgraph 6fx) is concerned. This is

spect tocy andeg). . _ . because the emtbdes of a heavy edge are likely to be heavy
Note that eacimodev in the suffix trees has its ownnode oo, Method Il scans the table twice, undesirable in many

weight c(v) which is obtained in the usual way, i.e., each applications.
suffix tree is constructed based on one column and the node ' ,r method can somewhat be thought of as a one-pass

coupts are obtained co'nsequently. The tree edgesich implementation of method Il. We will build approximations
suffix tree are not considered as graph edges, although W&y, the final heavy subgraph. We partition the whole database
will need to use them to trace tree paths. _ into sections and bring in each section only once. Once we
GraphGyy is usually huge. For example, if we have e one section available, we can do some preprocessing
a table of200K rows and two columns, each column has anq gptain all necessary information. Those information is
about! characters, then e;e\gh suffix tree is of sizeM1) then used to update the current approximate solution.
andGy may containO(M®I*) edges. Supposeach 1tgee More specifically, during the scan, we maintain two suf-
has300[1(;)—450K nodes, then there will be abolitx 10"~ gy o0 of reasonable size, together with a matrix which
20 x 10°" edges which cannot be handled easily. represents the current relationship between the two trees.
The two suffix trees and the matrix constitute an approxi-
4 Method: A General Description mate solution. They are updated periodically, i.e., they are
updated once every section is brought in and preprocessed.
As mentioned earlier, there are two phases: an off-line  Note that our method can be used to solve the general
phase and an on-line phase. The goal of the off-line phase iDGCP problem. That is, we build the dynamic graph by pe-



riodically pruning out light vertices/edges. The method will
work well if the node weight and edge weight are correlated
“smoothly”, i.e., the end vertices of heavy edges are likely
to be heavy.

In the on-line phase, we use the output of the off-line

make sure that all nodesgeeive a valid numbering between
1 andm. The goal is to maintain two suffix tre§ and
T, so thatT; (: = 1, 2) contains the heaviest nodes with
respect to columa of the current view ofF".

Next, we update the matri® according to the two

phase to do selectivity estimation. Since the catalog is verypointer arrays.;, L, and the updated suffix trees. Specifi-

small, not all information about the gra#u, is recorded

cally, for all1 < 7 < m, for any pointerg; € L;(z) and

accurately and we must use some heuristic strategies to dg@, € L2 (%), if p1 points to an old node in T} andp, points

the estimation. We mainly adapt the various strategies of
[4, 5] and generalize them to the two-column case.

5 Off-line Phase

In this section we describe the details of the off-line
phase. Note that the input to the off-line phase idaby 2
tableF', whereM is very large. Suppodeis the maximum
length of any string occured in column

We maintain five data structures during the off-line
phase: two suffix tre€g; andT, each of sizen; anm x m
matrix R; and two arrays of pointets; andL,. Herem is
a parameter determined by the storage available. (In ou
experiments, we choose = 1000.)

We choose another parametewhich is also determined

by the storage available. (In our experiments, we choose

n = 1000). We bring in and preprocess datafhsection
by section, with each section containingrows. At any

time, the sections already brought in and preprocessed forma node if all its a

aview of F.

Each nodes in T; (I3) has a (node) count{v) which
is the number of rows in the current view Bfthat contain
p(v) as a substring in the first (second) column. Each matrix
entry R(u, v) is an approximation to the number of rows
in the current view ofF' that containg(«) in column 1
andp(v) in column 2. We callR(u, v) thecommon count
betweenp(u) andp(v). Note that node counts are node
weights and common counts are edge weights.

When we scan a section, we construct two artayand
L, both of sizen, where eacl (¢) is again an array of size
h; = L;(l; + 1)/2. Note thath; is an upper bound on the
number of substrings which could occur in coluinof any
individual row. L1(3) (1 < ¢ < n) records pointers to all
suffix tree nodes iff; which correspond to some substring
in column 1 of row: of the current sectionL, is defined
similarly for column 2.

Suppose we already have the current versions of
T:,T>, R, L1 andL». In scanning the next section, for each
row i, we insert all suffixes of colums (j = 1,2) into
treeT;, and record the corresponding pointers iBit@s).

r

to an old node in T, we increasek(u, v) by 1; if p1 points

to a new node: in 77 and/orp, points to a new node in

T, we delete the old entrieB(«, *) (and/orR(*,v)) and
insert the new entries. When finished with alfows, we

will have a new matrix® which records the correlation be-
tween nodes in the updated suffix trees. We clear the two
arraysLy, L; and proceed to the next section.

After the scan is finished, we obtain two suffix tré@s
andT; of sizem and anm x m correlation matrixR. We
further prune these trees and reduce the sizR.dbpecifi-
cally, we prune off all light edges and light nodescording
to some threshold valugz and only maintain their corre-
sponding entries irR. In our implementation, the value
cg is chosen in such a way that after the pruning, there are
< 100 nodes remaining in either suffix tree (note that if all
incident edges of a node have been pruned off, the node will
also be pruned off).

In our implementation we have modified the above
method a little. In pruning the two trees, we only delete
djcent edges are light.

Finally, we obtain the following: two suffix treeg,, T
of sizest; and¢, respectively, and & x ¢t2 matrix R, where
t1,t2 < 100. For simplicity, we assum& = ¢; = 100.
T1,T> and R constitute the output of the off-line phase.

The final catalog has a very interesting and useful prop-
erty due to the special implementation of pruning, that is, if
substringz has a corresponding noden 77 and substring
y has a corresponding nodein T3, then the matrix en-
try R(u, v) gives a good estimatioR(u, v)/M for s(z, y).
Note that if we prune off all light edges, it is possible that
z, y have corresponding nodesw in the trees but the entry
R(u,v) does not reflect the common count betweeand

Also note that to further reduce the size of the catalog
(which is of course desirable in any circumstance), we can
use adjacent lists to represent the maRixIn our experi-
ments, howeverR is very dense. Moreover, matrix repre-
sentation allows faster search. So we include magrias
part of the catalog.

When the scan of this section is completed, both suffix treesb  On-line Phase

grow (significantly) with the node weights updated. Now
we prune out all light nodes and keep only the heawviest
nodes ireach tree. Note that this pruning might cut off some

In the on-line phase, a que® = (p1, p2) is given. We
need to estimate the selectivityP) based on the informa-

old nodes and add some new nodes. Relabeling is done tdion contained in the catalog which consists of two small



suffix treesTy, T> and a matrixR. Note that this catalog Thene(P) is defined as
is an approximation to the heavy subgraph of the weighted

graphGyy. i . )

We will use the following general strategy. First, we e(P) = U U e(e(2), 87)),
search the two patterps andp, in T} andT> respectively, 1=0s=0
trying to match them with some nodes in the trees. If we wheree(a3), 6j)) is an appropriate matrix entry in
can find two matching nodes, say nad¢for p1) and node R divided byM (the number of rows in the database).
v (for p3), we returnR(u, v)/M as an estimation te(P). Here we assume that if one efi) and 3(j) does

In most cases we cannot find exact matches for the two not have an exact match in its corresponding tree,
given patterns. In those cases we will use sonigmatch i.e., there is not a corresponding entryfi we let

strategy to estimates(P). e(a(i), B(5)) = 0.

In [4, 5] many mismatch strategies have been developed
for the one-column problem. Our main job here is to adapt
those strategies to cope with two columns.

Asin [4, 5], there are two classes of mismatch strategies,Strategy I: This is the same asl; except that if

Basically, this strategy assume independence among
different subpatterns.

most of them are based onggeedy parsingof the given e(I;; P) = 0, we sete(I,, P) = cg/M wherecg is
query patterns. the edge threshold value (also calle@mmon prune

In the next subsections, we describe various mismatch count). That is, we assign the common prune count
strategies in details. But first let us describe greedy parsing. to all “unlikely” patterns.

Let T be a suffix tree and be a string. We search,
starting from the root, and try to find the longest prefixyof ~ Strategy I3: This is similar tol;, but we modify the esti-

which matches the substring represented by a nod@e iret mation ofe( (%), 5(j)): if one of a(z) andf3(5) does
this prefix bes(0). Next we start from the root again, try to not have an exact match in its corresponding tree, we
search for the longest match with a prefix of the remaining sete(a(3),8(5)) = cE.

substring, and so on. If at some time we cannot even find
one match right from the root, we take the first character of Strategy I,: Supposéa| = I3, |G| = l5. Let Ly =11 (l1 +

the remaining string as a search result. 1)/2, Ly = I53(I; + 1)/2. Consider all suffixes; of
The parsing results is a partition of, ¢ = a and all suffixess; of 5, wherel <i <il;,1<j <
o(0)o(1)- - - o(m), where|o(s)| > 0 forall0 < i < m, l2. We definee(14; P) as

and eacho(i) is either the maximal match of; in T

(G = 1o(0)] + - - - + |o(i — 1)|), or else the single character holln!

at position; of ¢ if no non-null prefix ofs; successfully e(le; P) = Z Z wige(L; e, By),
matches irf". =0 =0

For a given querny? = («, ), we will usee(X; P) to wherew;; is a weight. In our implementation, we
denote the estimate &f( P) using mismatch strateg¥ . choosew;; = wl;w2; wherewl; = (I; —i)/L; and
When X is known from the context, we omX from our w2; = (I — 7)/ L.
notation.

The rationale behind this strategy is that we expect
] the average selectivity of all suffixes would give a
6.1 Independence-based Strategies good estimation on the selectivity of the string itself.

In using independence-based strategies, we parse thetrategys: In Iy, replacel; by I.
given patterns into many sub-patterns which can be matched ) )
in the two suffix trees. We then assume independence>trateégyls: In Is, we replace the two weight functions
among all sub-patterns and give our overall estimation wl, w2 by
based on the selectivity of those independent matchable
sub-patterns.

There are seven independence-based strategies. We de-
note them byf;, 1 <7 < 7.

wl; =247/ Ly w2y = 2279/ Ly,
and we also changk; and L, correspondingly, i.e.,

. Ly =24 42l =ohtl_9 [, =2l . .4ole = glatl_9g
Strategy I;: Let o andg be greedily parsed as follows: ! oot 12 oot

a=a(0)---a(m),B=p86(0)---8(n) (1) Strategy I7: In I, replacel; by Is.



6.2 Child Estimation-based Strategies Strategy C'E5: This is similar toC E;. We still define
This class of strategies are based on estimations on the e(P) = oginzl og}l<nzz es' (e, B5),

children patterns of the given patterns. - N
Suppose we are given two strings, sagnd¢. Let the

first segments of the greedy parsings@ndt be s(0) and . e(a;,3;) ifthere is an exact match

t(0), respectively. Let the corresponding nodes(d) in es'((ai, B;)) = { es(a’, é.) otherwise

T: bew, and let the corresponding nodet¢8) in T bew. v

Suppose has childreny, . . ., v;. We define a quantith Strategy C E,: Consider the greedy parsing (1). We use

but we changes as follows:

as follows: the following formula (derived from Bayes rule) to
k estimates(P):
A:R(u!v)_ZR(u!vi)' m—1n—1 ( () ,6( ))
iz es(af(z), b(g
! e(P) =e((0),800) T ] (a(0),8G))
We further define an “uncounted” count(s,t) of s with =0 4=0 '
respect ta. If eithers or¢ is animpossible patternwe de- . .
fine uc(s,t) = —1. Here by impossible pattern we mean 7 Depth-based Estimation
a pattern which cannot occur in a suffix tree before it is ]
pruned. Otherwise we define 7.1 The Basic Method
A fA>D Recall that all the previous discussions are based on a
uc(s,t) = . - . :
cg IFA<O catalog consisting of two suffix tredg, T,, both of size
_ _ 100, and a100 x 100 matrix R. In turn, these are obtained
We then estimate the number of pruned children a$ from two larger suffix trees of size (m = 1000 in our im-

plementation) and a matrix of ordet. Now we begin from
there and produce another catalog which is much smaller
than the current catalog.

-1 if ue(s,t) <0
TLC(S,t) — { [uc(syt)/cE] otherwise

Finally we have the following estimation anwith respect Suppose tred: has depthl, and treeT has depthi,.
tot: For any0 < ¢ < d1,0 < 5 < dy, we consider the average
0 if ue(s,t) <0 weight of all edges which link a node of deptin 73 to a
es(s,t) = LXSJ&) otherwise node of depthy in T>. This average weight can be obtained
]

easily from then by m matrix R. We store it as thé:, j)

Now we are ready to describe all the child estimation- entry of a(d; + 1) x (dz + 1) matrix D. Matrix D is called
based strategies. There are four of them. thedepth statistics tableor DST.

Then we prune the two trees as before, obtaining two
small suffix trees of siz€00. Note that we don’t need node
weights anymore. Instead, we only need to maintain the
structures of those trees. We still call th@mandT.
e(P)= min min es(a:,f;). As a result, we obtain a new gatalog which consists of

0<i<ly 0<5<iz B Ty, Ty, and the DST tabl®. The size ofD depends on the

) , . ) depths of the original large suffix trees, and is usually small.
This strategy is based on the fact that if two strings g, example, in our experimentd, = ds = 7, and we only
occur in the same row, any suffix of the first string aeq to mair;tain a matrix of ord@r '

and any suffix of the second string must occur in that

Strategy CE1: We consider all the suffixes of the two
given patterns. andg. We estimates(P) according
to the following formula:

In the on-line phase, for any given pattefs= («, ),

row as well. we first do a greedy parsing and obtain
Strategy C E;: Consider the greedy parsings (1)e@fnd a=a(l) - alm),f=H(1) - B(n).
5. We then have
m Then we search for those sub-patterns in the corresponding
e es(a(.i),ﬁ(.j)) trees and find out their depths. We W&, z) to denote the
e L CLONE6))) depth of the node corresponding to stringn treeT. If «

does not have a corresponding nod&'irwe consider it as
That is, we consider the children of all subpatterns as corresponding to a pruned node at depémd set(T, z) =
independent of each other. 1.



Now we define the depth ef as a weighted average of
the depths of its sub-patterns,

d() = " w; x ATy, afi)). (2)
=1
Similarly, we define the depth ¢f as
d(B) =D w; x d(T3, 8(7)). (3)
7j=1

In the above formulasy;’s are weights to be determined
later.

Once we have determinelfo) andd(3), we look into
the DST tableD and returnD(d(«), d(/3)) as our estima-
tion e(P). Sinced(a) andd(#) may not be integers, we

need to adjust them. Keeping this in mind, we arrive at the

following formula:

D(|d(a)], |d(8)]) + d(e) x d(B) x D(a, )
M

where:d(a) = d(a) — |d(@)], d(8) = d(B) — |d(8)), and

D(a,8) = D([d(e)], [d(B)]) — D(|d(e)], [d(B)]).

e(axﬁ) =

substrings; in Ty is denoted by;, 1 < 7 < L. Note that
L < M1+ 1)/2.

Suppose we prurn&, and obtain a much smaller trgé
(of size100). Suppose the depth @fisd. For any substring
s;, We can use greedy parsing gnagainstl’ and obtain

si(n),

wheren < [ — 1. This parsing will give the following equa-
tion (according to (2) and (3)):

s = 8;(0)---

n

d(Th, s:) = > w;d(T, si(5)),

7=0
where0 < d(T, s;(j)) < d. We can rewrite it as

n—1

Y; = ijtcij,lgtg L
5=0

(4)

where we use;; to denote the depth of thith sub-pattern
of s; inthe small tred".

Since we can construct bofy andT' easily during the
off-line phase, we can consider gifs andz;;'s as known

Depending on the choice of the weights, we have threeNumbers. We need to solve equation (4) for the to-be-

different depth estimation-based strategies.
Strategy DFE;: Choosew; = 1/1.

Strategy DE,: Choosew; = 1/(2: — 1).
Strategy DE3: Choosew; = 1/2¢.

In our experiments, we found th&tE, and D E, are better

determined weightsig, wy, ..., w;_1.

LetY = (yl,...,yL)T € RFX1 X = (zi5) € RIXL
andw = (wo,...,w_1)T € R™*!. Then we can rewrite
equation (4) as

Y =Xw (5)

Our goal is to solve equation (5).
Equation 5 is very unlikely to be solvable. Actually we

than DEs. An interesting observation is that the accuracy don’tneed to solve itat all. We only need to solve the fol-
of the estimation is very sensitive to the choice of weight |0Wing Least Square problem:

functions. This suggests that we should try to find some

good weight functions.

In the next subsection, we formulate the problem of find-

-1

L
min Z(yl - Z ziw;)?
i=1

=0

(6)

ing a weight function as a least square problem and we then _
show that the latter problem can be solved by collecting nec-In other words, we only need to “solve” equation 5 for an

essary information in the off-line phase.

7.2 A Least Square Problem

approximate solution.
Left multiplying XT on both sides of 5, we obtain

XTxw=Xx"Ty.

For simplicity, we discuss the case when the databaseDenoteB — XTX e B 7 = XTY € R'*!. Note that

table F' has only one column. Supposach row contains a
string of length at most Therefore, any substringin the
database can be greedily parsed into at rhesb-patterns
against any suffix tree.

B andZ are very small matrices now. So we only need to
solve the following small system of equations:

Bw = Z. )

Suppose in the off-line phase, we have constructed the

whole suffix treeT; for this single column. Then any sub-
strings occuring inF' has a depth ifiy, and we denote this

The problem is how to obtai® and Z. By examing the
definition of B and Z, we immediately see that each entry

depth bydg(s). We can enumerate all substrings contained in both B and Z can easily be accumulated during a sec-
in F in any particular order. Suppose there are a total of ond scanning of the whole database taBlence we have

L substrings in the enumeration, then the depth ofithe

constructed; andT'.



It is important to notice that the two-pass scanning is  We introduce correlation factor into the generation of
needed mainly for determining the weight We can con-  TPC-D tables. More specifically, we generate our table
duct several experiments on different database tables (eaclas follows. First, we generate the first colu@® L4, using
needs to be scanned twice) and try to find a good choice forthe standard TPC-D method. We then generate the second
the weight functionv. Once we have such a good weight column based on the content of the first column.
function w available, we can use it in other applications  There ared92 base patterns specified in the benchmark,
if we want to use a depth-based estimation method, in thewhere each of the patterns is a color, e.g., “green”. Each
hope thatv is a good approximation to the true weight func- entry of COL; is a pair of two randomly chosen base col-
tions of current applications. ors separated by an underscoré “Thus, each element in

We point out the fact that in the experiment, the depth- COL, is of the formp;_p,, where bothp; andp, are base
based estimation method performs no better than othercolors.
methods and strategies, even though we use a weight func- Each element of the second colunif) L, is generated
tion obtained from solving a least square problem as above based on the content 6fO L, in the same row. To generate
This is because the method itself has inherent limitations. COL, elements, we partition thg2 base colors into six

groupsgi, g2, 93, g4, g5, andges. Each group is partitioned

8 Experiments into four equal size subgroups. The partition is shown in
Table 1.
We conduct two groups of experiments. In group one, ToUb namel aroub sizel SUbOroUD Size
we test our method using artificial data. In group two, we group ?1 P 9 1 P
test our method against real customer data. j ! 8 5
2
8.1 Experiments using artificial data g2 12 3
g4 16 4
. . . 20 5
We conduct our experimenggcording to the following 95 32 8
guideline: g6
Data Generation: Generate large database tables with two Table 1. Partition of the 92 base patterns
alphanumeric columns. Generate query patterns in-
volving the two columns. Assume that at th&h row, COL; is p1 p2, we'll gener-

) ] ) ate the correspondingO L, elementyg; _¢» as follow: First
Off-line Construction: Use the methods of Section 5 and e determine which subgroups contginandp,. Suppose
Section 7 to build catalogs of reasonable size. p1 isin subgroupy; andp? is in subgroupy; . With a proba-

On-line Estimation: Use all the mismatch strategies of Pility of A, we randomly choose a color i and a color in

Section 6 and Section 7 to estimate the selectivity of 97 3591 andg, respectively. With a probability af — ), we
query patterns. randomly and independently choose two colors frontthe

base colors ag; and g, respectively. In our experiments,
Error Analysis: Compare the estimated selectivity with we choose\ = 80%.

the exact selectivity. We can see that the smaller the subgrgups, the
stronger the correlation between and ¢; will be. The
8.1.1 Data Generation same is true fop, andg;. Thus, the correlation between

) o ) ~_ the two columns depends on the partition of the base color.
Since no similar studies have been done before, no existingrne correlation also depends an

benchmark is available for our experiment. We must gener- |5 our experiments, we have generated a tabBlef

ate our own experimental data. According to the nature of 900 i rows, i.e.. M = 200K.

the problem, we need a database table which contains two  oyr query pattern is of the forifp, ¢), wherep andq

correlated columns of alphanumeric type. are base colors. In our experiments, we have genedated
There is an emerging industry standard Transaction Pro-qeries .

cessing Council (TPC) benchmark, known as the TPC-D

benchmark [15], that involves the predicates such as the8

LIKE predicate. Tables involving either numeric or al-

phanumeric data can be generated using TPC-D. The TPCin the off-line phase, we proce#ssection by section, with

D data is used in the KVI method to conduct all the experi- each section containin)00 rows. At the end of the pro-

ments. Unfortunately, all the alphanumeric type columns of cessing of each section, we always obtain two trees of size

TPC-D data are independent of each other. 1000 (nodes) and &000 x 1000 matrix R.

1.2 Off-line Construction



After the whole table has been processed, we further
prune the two trees and obtaiy and T3, whereT; has
96 nodes and’ has100 nodes. Correspondingly, we reor-
ganizeR and obtain &6 x 100 matrix R. 11, T and R
constitute the catalog.

To use the depth-based estimation methods, we need to
construct a different catalog, which (in our experiment) con-
sists of two suffix tree§; andT:, plus a smallf x 7 DST
table. The two trees are the same as before. The DST table * Relative Error (o) 0
stores depth-based common count information. The&ize
comes from the fact that the trees before the final pruning Figure 1. Performance of the Independence-
both have depth. based strategies for 476 patterns.

Cumulative Number of patterns

8.1.3 On-line Estimation

Although the final catalog contains two suffix trees, no
guery can be matched exactly. This is natural because the
two trees can only record substring information due to its
small size. So we must use one of the mismatch strategy to
estimate selectivity.

We test all the mismatch strategies. The performance of
those strategies is reported in the next subsection.

Cumulative Number of patterns

Relative Error (%)

8.1.4 Error Analysis

) Figure 2. Performance
We measure the performance of any mismatch strategy by ¢ the Child Estimation-based strategies for
computing its relative error. That is, for a given pattétn 476 patterns.

if the true selectivity iss(P), the estimated value (based
on one mismatch strategy)déP), we compute the relative
error(e(P)—s(P))/s(P). Note that we allow negative rel-
ative errors in our discussion, but it can never be less than
—100%. Also note that based on the talfie we can do a
simple exhaust search and find the exact value of the selec-
tivity for any given query.

We plot the cumulative number of patterns along ghe
axis against the relative error on theaxis: a point(z, y)
on the graph means thapatterns have relative errar z%.

In the experiment, both stratedy and strategys give0
as the value of( P) for almost all patterns. This is not sur-
prising because those strategies estin@fe) as the prod- Figure 3. Performance of the Depth
uct of the selectivity of many subpatterns®f Strategyl, Estimation-based strategies for 476 patterns.
either under estimate or over estimate: all zero values for
subpatterns are regged by edge weight (a large number)
and all small values remain small. These three strategies
are not acceptable and are not shown.

The performance of other strategies for #76 patterns
is shown in Figure 1-Figure 3. As we can see from the The original database table contaiNsrows (V ~ 1 mil-

Cumulative Number of patterns

Relative Error (%)

8.2.1 Description of data and query

graphs,1s,Is, CE,,CEs, DE; and DE, are the best lion) and 36 columns. One of the columns, column 34, has

strategies and we collect them in Figure 4. a name SPECIUNSTR.TEXT. This column is of the var-
char type (variable length character strings), with a max-

8.2 Experiments using real data imum length 80 (characters). For example, the following

sentences occur in this column,
Our experiments in this group are all based on customer e DONT JUMP FENCE
data and query obtained from one of our DB2 customers. e SMALL DOG NO PITT/ SCE LOCK ON GATE

10



Cumulative Number of patterns
Cumulative Number of patterns
8
1
ENS
&

T T 1 o o T T

Relative Error (%) Relative Error (%)
Figure 4. Graph of the best performing strate- Figure 5. Performance of the Independence-
gies for 476 patterns. based strategies for 39 DOG query pairs.

e ENT LEFT DOG ON RGT

For this particular column, users (home meter readers) were
interested in asking queries of the following form (@G

query):

SELECT *
FROM T

WHERE SPELCLINSTR.TEXT LIKE ‘%BAD%’
OR SPELCLINSTR.TEXT LIKE ‘%BEWARE%’ Relsive Errar (%)
OR SPELCLINSTR.TEXT LIKE ‘%DANGEROUS%’
OR SPELCLINSTR.TEXT LIKE ‘%DOBIE%’

OR SPELCLINSTR.TEXT LIKE ‘%DOBY%’

OR SPELCLINSTR.TEXT LIKE ‘%DOG%’

OR SPELCLINSTR.TEXT LIKE ‘%MEAN%’

OR SPELCLINSTR.TEXT LIKE ‘%PIT%’

OR SPELCLINSTR.TEXT LIKE ‘%VICIOUS%’ COL like xp1* AND COL like *ps*
OR SPELCLINSTR.TEXT LIKE ‘%DG%’

Cumulative Number of patterns

Figure 6. Performance of
the Child Estimation-based strategies for 39
DOG query pairs.

One interesting thing to notice is that for this type of
queries, the two trees build on the off-line stage are exactly

We single out this particular column from the table and form the same and the final by n matrix is symmetric. So we

a file with N rows. We found that about 4/5 of the rows Jjust need to keep one tree and half of the entries in the ma-
are empty. For convenience, we delete all empty rows andtrix in the catalog.

obtain our final fileF based on which we will conduct our In our experiment, we generate all possible pairs of the
experiments. Incidently, the size &f is 200K, the exact  ten single patterns. There até x 9/2 = 45 of them.
same size as the file KVI used in their experiments. Note Among them, 6 have selectivity of exact 0 which means the
that the original experiments in [5] were based on the TPC- Pattern pairs never appear simultaneously in the same row.
D benchmark where the input file is generated by artificial SO we only consider the remaining 39 pairs. Their exact

means. Our data are chosen from real database and it hagelectivities vary fron®.000005 to 0.010995.
a very different distribution. There are ten patterns in the ~ We notice that same as the KVI method for the real data,

DOG query and their selectivities vary from000185 to to obtain a reasonable accurate estimation for the DOG
0.11072. query pattern pairs, we need to keep a much larger tree
and matrix in the catalog. Figure 5-Figure 7 plot the per-
formance of different strategies for a catalog tree of 1000
nodes.

Although DOG query only involves one columninthetable,  We found that very similar to the experiments for arti-
the multiple patterns in the query make it very interesting to ficial data,ls, I's, CE1, CE3, DE; and DE,4 have the best
apply our two-column method to it. We just assume that performance strategies for real data. Their performance is
the two columns in our method are exact the same and byplotted in Figure 8.

doing that, we can apply our method directly to estimate the ~ We point out thatD E; and DE, are very attractive be-
selectivity for the one-column two-pattern query : cause the space used in the caltog in these depth-based es-

8.2.2 Using our method on DOG query

11
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