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Abstract — I n this paper, we consider two kinds of unordered tree
matchings for evaluating tree pattern queriesin XML databases.
For the first kind of unordered tree matching, we propose a new
algorithm, which runsin O(|D||Q|) time, where Q isa tree pattern
and D isalargest data stream associated with a node of Q. It can
also be adapted to an indexing environment with XB-trees being
used to speed up disk access. Experiments have been conducted,
showing that the new algorithm is promising. For the second of
tree matching, the so-called strict unordered tree matching, we
show that the problm is NP-complete by a reduction from the sat-
isfiability problem.

Key words: Tree mapping, twig pattern, XML databases, query eval-
uation, tree encoding

I. INTRODUCTION

In XML [33, 34], data are represented as a tree; associated
with each node of the tree is an element name tag from afinite
alphabet >.. The children of a node are ordered from left to
right, and represent the content (i.e., list of subelements) of that
element.

To abstract from existing query languages for XML (eg.
XPath [15], XQuery [34], XML-QL [14], and Quilt [6, 7]), we
express queries as tree patterns, where nodes are labeled with
symbols from > U {*} (* is a wildcard, matching any node
name) and string values, and edges are parent-child or ances-
tor-descendant relationships. As an example, consider the que-
ry tree shown in Fig. 1.
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Fig. 1. A query tree

This query asks for any node of hame b (node 3) that is a
child of some node of name a (node 1). In addition, the node of
name b (node 3) is the parent of some nodes of name ¢ and e
(node 6 and 7, respectively), and the node of name eitself isan
ancestor of some node of name d (node 8). The node of name b
(node 2) should aso be the ancestor of a node of name f (node
5). The query corresponds to the following X Path expression:

a[b[c and .//f]]/b[c and &//d].

In this figure, there are two kinds of edges: child edges (/-
edges for short) for parent-child relationships, and descendant
edges (//-edges for short) for ancestor-descendant relationships.

A /-edge from node v to node u is denoted by v — u in the text,
and represented by a single arc; uiscalled a/-child of v. A //-
edge is denoted v = u in the text, and represented by a double
arc; uiscalled a//-child of v.

In any DAG (directed acyclic graph), anode u is said to be
adescendant of anode v if there exists a path (sequence of edg-
es) from v to u. In the case of tree patterns, this path could con-
sist of any sequence of /-edges and/or //-edges. We aso use
label (v) to represent the symbol (e > U {*}) or the string asso-
ciated with v. Based on these concepts, the tree embedding can
be defined asfollows.

Definition 1. An embedding of atree pattern Q into an XML
document T isamapping f: Q — T, from the nodes of Q to the
nodes of T, which satisfies the following conditions:

(i) Preserve nodelabel: For each u e Q, label(u) = label (f(u)).
(ii) Preserve parent-child/ancestor-descendant relationships: If
u— vinQ, thenf(v) isachild of f(u) inT; if u= vinQ,
then f(v) is adescendant of f(u) in T. O

If there existsamapping from Q into T, we say, Q can beim-
bedded into T, or say, T contains Q.

Thisdefinition allowsapath to match atreeasillustrated in Fig.
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Fig. 2. A tree matches a path

It even allows to map several nodes with the same tag name

in aquery to the same node in adatabase. In fact, itisakind of
unordered tree matching, by which the order of siblingsis not
significant. Almost al the existing strategies for evaluating tree
pattern queries are designed according to this definition [5, 9,
10, 11, 12, 14, 22, 24, 26, 27, 28, 29, 34, 35]. Such kind of tree
matchings can be solved in polynomial time.
However, if werequire that each query nodein Q mapsto adif-
ferent document node in T and no siblings map to those nodes
which are related by ancestor/descendant or parent/child rela-
tionships, the problem becomes very difficult. We refer to it as
strict unordered tree matching.

In thispaper, wefirst present anew algorithm for evaluating
tree pattern queries according to Definition 1, which runs in
O(|D}QJ) time and O(|D|QJ) space, and can adapted to anin-
dexing environment with XB-trees being used, where D is a



largest data stream associated with a node g of Q. Then, we
show that the strict unordered tree matching is NP-complete.

The remainder of the paper is organized as follows. In Sec-
tion 2, we restate atree encoding [36], which facilitates the rec-
ognition of different relationships among the nodes of atree. In
Section 3, we discuss our algorithm for the unordered tree
matching according to Definition 1. In Section 4, we show the
NP-completeness of the strict unordered tree matching. Section
6 is devoted to the implementation and experiments. Finaly, a
short conclusion is set forth in Section 6.

Il. TREE ENCODING

In [36], an interesting tree encoding method was discussed,
which can be used to identify different relationships among the
nodes of atree.

Let T beadocument tree. We associate each nodevin T with
aquadruple (Docld, LeftPos, RightPos, LevelNum), denoted as
o(v), where Docld is the document identifier; LeftPos and
RightPos are generated by counting word numbers from the be-
ginning of the document until the start and end of v, respective-
ly; and Level Numisthe nesting depth of v in the document. (See
Fig. 3for illustration.) By using such adata structure, the struc-
tural relationship between the nodesin an XML database can be
simply determined [36]:

(i) ancestor-descendant: a node v, associated with (dq, 14, rq,
In,) isan ancestor of another node v, with (d,, 15, ra, Iny) iff
dy=dy, Iy <lyandry>r,.

(i) parent-child: anode v, associated with (dq, I4, 4, Inq) isthe
parent of another node v, with (d,, 15, 1y, Iny) iff dy=d,, 11
< |2, r1> o, and |n2 = |n1 + 1.

(iii)from left to right: a node v, associated with (dy, 14, rq, Inq)
is to the left of another node v, with (d, 15, Iy, Iny) iff dy =
d2, ry < |2.
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Fig. 3. lllustration for tree encoding

InFig. 3, vy isan ancestor of vgand we have v,.LeftPos = 2
< vg.LeftPos = 6 and v,.RightPos = 9 > vg.RightPos = 6. In the
same way, we can verify all the other relationships of the nodes
in the tree. In addition, for each leaf node v, we set v.L eftPos =
v.RightPos for simplicity, which still work without downgrad-
ing the ability of this mechanism.

Intherest of the paper, if for two quadruplesa.q = (dy, 14, rq,
Iny) and oy = (dy, |5, 15, Iny), we have d; = dy, | <1, andrq >
ro, we say that o, is subsumed by a4. For convenience, a qua-

drupleisconsidered to be subsumed by itself. If no confusionis
caused, we will use v and a.(v) interchangeably.

We can also assign L eftPos and RightPos values to the que-
ry nodesin Q for the same purpose as above.
Finally we use T[Vv] to represent asubtree rooted at vin T.

I11. MAIN ALGORITHM

In this section, we discuss our agorithm according to Defi-
nition 1.

Aswith TwigSack [5], each node qin atree pattern (or say,

aquery tree) Q isassociated with adata stream B(q), which con-
tainsthe positional representations (quadruples) of the database
nodes v that match g (i.e., label(v) = label(q)). All the quadru-
plesin a data stream are sorted by their (DoclD, LeftPos) val-
ues. For example, in Fig. 4, we show a query tree containing 5
nodes and 4 edges and each node is associated with a list of
matching nodes of the document tree shownin Fig. 3, sorted ac-
cordingto their (Docl D, L eftPos) values. For ssimplicity, we use
the node namesin aligt, instead of the node’s quadruples.

the query nodes with the same tag will
be associated with the same data stream.
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Fig. 4. lllustration for L(c};)’'s

Therefore, if each timewe choose anodewith the least L eft-
Pos from data streams, T isin fact traversed in preorder (top-
down). However, our algorithm needsto visit the tree nodesin
postorder (bottom-up). For this purpose, we maintain a global
stack Sto make a data stream transformation as described in Al-
gorithm stream-transformation( ) shown in Fig. 5. In S, each
entry isapair (q, v) withge Qandv e T.

Algorithm stream-transformation(B(¢;)'s)
input: all data streams B(q})'s, each sorted by LeftPos.
output: new data streams L(q};)'s, each sorted by RightPos.
begin
1. repeat until each B(q;) becomes empty
2. {identify g such that the first element v of B(q}) is of
the minimal LeftPos value; remove v from B(q;);
while Sisnot empty and Stop isnot v's ancestor do
{x <« Spop(); Let x= (g, u);

put u at the end of L(q;); }
Spush(g;, v);

gNO U AW

Fig. 5. Algorithm for stream transformation

In the algorithm, the stack Sisused to keep all the nodes on
adocument path until we meet anode v that is not a descendant
of Stop (see line 3). Then, we pop up al those nodes that are
not v's ancestor, and push vinto S(see lines 4 - 5). The output
of the algorithm is a set of data streams L(g;)’s with each being
sorted by (DoclD, RightPos). But we notice that the popped
nodesthemselvesarein postorder (seeline 3). So we can handle
the nodes in this order without explicitly generating L(q;)’s.
However, inthefollowing discussion, we assumethat all L(q)’'s

are completely generated for ease of explanation. We also note
that the data streams associated with different nodesin Q may
be the same. So we use g to represent the set of such query
nodes and denote by L(q) the data stream shared by them. For
example, in Q showninFig. 4, L({qy, O5}) = { V4, Vo, Vg} . With-
out loss of generality, assume that the query nodesin q are sort-



ed by their RightPos values.

Wewill dsouseL(Q) ={L(qy), ..., L(q))} torepresent all the
data streams with respect to Q, whereeach g (i = 1, ..., 1) isa
set of sorted query nodes that share a common data stream.

Wefirst observethat iterating through L(q;), ..., L(q;) corre-
sponds to a havigation of T in postorder. However, in this pro-
cess, any node v in T, which does not match any q € Q (i.e,,
label (V) = label(q)), is not accessed. Soonly asubtree T' of Tis
navigated. If we are able to construct T' explicitly in this pro-
cess, we will get a tree structure with each node v associated
with a query node stream SV), asillustrated in Fig. 6. For each
g € V), we have label (v) = label(q).
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Fig. 6. lllustration for generating QS's

If we check, before a q is inserted into the corresponding
S(v), whether Q[q] (the subtree rooted at ) can be embedded
into T'[v], we get in fact an algorithm for tree pattern matching.
The challenge is how to conduct such a checking efficiently.

For this purpose, we associate each q in Q with avariable,
denoted x(q). During the process, (q) will be dynamically as-
signed a series of values ag, a4, ..., 8y, for some min sequence,
whereag= gand g's (i =1, ..., m) aredifferent nodesof T'. Ini-
tialy, %(q) isset to ag = ¢. y(q) will be changed from a;_; to &;
=v (i =1, ..., m) when the following conditions are satisfied.

i) visthenode currently encountered.

ii) qappearsin Su) for some child node u of v.

iii) gisal/l-child, or

gisa/-child, and uisa/-child with label (u) = label(q).

Then, each time before we insert g into S(v), we will do the
following checking:

1. Letqy, ..., g bethe child nodes of g.

2. Ifforeachq; (i =1, ..., k), x(0) isequal to v and label(v) =

label(q), insert g into Yv).

Since T' is congtructed in a bottom-up way, the above
checking guarantees that for any q € Sv), T'[v] contains Q[(].

In terms of the above discussion, we give our algorithm for
evaluating tree pattern queries. The algorithm mainly consists
of amain procedure and a subprocedure. The task of the main
procedure is to construct T' while the subprocedure is invoked
to check tree embedding. In the main procedure, each node that
is created for a quadruple v from a L(q) is associated with two
links, denoted respectively left-sibling(v) and parent(v), to
mainly the tree structure of T' as follows:

1. Identify a data stream L(q) with the first element being of the
minimal RightPos value. Choose the first element v of L(q).
Remove v from L(Q).

2. Generate anode for v.

3.1f visnot the first node, we do the following:

Let v’ bethe node created just beforev. If v’ isnot achild (de-
scendant) of v, create alink from v to v, called aleft-sibling

link and denoted as | eft-sibling(v) = V'.
If v isachild (descendant) of v, we will first create a link
from V' tov, called a parent link and denoted as parent(v') =
v. Then, we will go along the left-sibling chain starting from
V' until we meet anode V'’ whichis not achild (descendant)
of v. For each encountered node u except v'’, set parent(u) <
v. Finally, set left-sibling(v) <« v'".
Fig. 7 isapictorial illustration of this process.
In Fig. 7(a), we show the navigation along a left-sibling chain
starting from v’ when we find that V' is a child (descendant) of
v. This process stops whenever we meet v'’, anode that isnot a
child (descendant) of v. Fig. 8(b) showsthat the left-sibling link
of vissettov'’, whichis previously pointed to by the left-sib-
ling link of v'sleft-most child.
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Fig. 7. lllustration for the construction of a matching subtree

In Fig. 8, we give the main algorithm, by which a quadrupleis
removed in turn from the data streams L (g)’'s and anode v for it
isgenerated and inserted into T'.
In addition, two data structures are used:
Dy oot - @ subset of document nodes v such that Q can be em-
bedded in T[v].
Doutput - @ subset of document nodes v such that Q[doytpu
can be embedded in T[V], where g IS the output node

of Q.

In these two data structures, all nodes are decreasingly sorted
by their LeftPos values.

The algorithm is designed for queries containing /-edges, //-
edges, *, and branches. During the process, another algorithm
subsumption-check(v, q) may be invoked to check whether any
g € g can be inserted into V), where q is a subset of query
nodes such that L(qg) containsv. Let vy, v, be two children of a

nodev. Let S; = §vp) and S, = S(v,). merge(S;, S) puts S; and
S, together with any duplicate being removed. Since both S;
and S; are sorted by RightPos values, merge(S;, S) worksin a
way like the sort-merge join and needs only O(max{|S,|, |S,[})
time. Wedefinemerge(S,, ..., S.1, ) to bemerge(merge(S, ...,
Sc1) -

The output of tree-matching( ) is Dyoot and Doyepy- Based on

them, we can find all the answers by generating a subtree in a
way similar to the construction of T'.

Algorithm tree-matching( ) does almost the same work as Al-
gorithm matching-tree-construction( ).The main difference is
lines14 - 18 and lines 24 - 28. In lines 14 - 18, we set y values
for someq's. Each of them appearsinaS(v'), wherev' isachild
node of v, satisfying the conditionsi) - iii) given above. In lines
24 - 28, we use the merging operation to construct Sv). In
Function subsumption-check( ), we check whether any qin g
can be inserted into S by examining the ancestor-descendant/
parent-child relationships (seeline 4). For each g that can bein-
serted into QS, we will further check whether it istheroot of Q



or the output node of Q, and insert it into Dyog; OF Doyt M€

spectively (seelines 6 - 8). In the Appendix, we prove the cor-
rectness of tree-matching( ).

Algorithm tree-matching(L(Q))

input: all data streams L(Q).

output: a matching subtree T' of T, Dy and Doyepy-

begin

1. repeat until each L(q) in L(Q) becomes empty

. {identify q such that the first node v of L(q) is of the minimal
RightPos value; remove v from L(q); generate node v;

3. if visthefirst node created then

4. {Y(v) < subsumption-check(v, q);}

5

6

N

. else
. {letVv' be the quadruple chosen just before v, for which a
node s constructed;
7. if v’ isnot achild (descendant) of v then
8. {left-sibling(v) « Vv';
9. §(v) « subsumption-check(v, q); }
10. else
11 {V' «V; W« V;
12. whilev'’ isachild (descendant) of v do
13. {parent(v'’) < v; (*generate a parent link. Also, indicate
whether v'* isa/-child or a//-child.*)
14. for eachqin QYVv'") do {
15. if ((qisa//-child) or
16. (qisa/-childand v'' isa/-child and
17. label(q) = label(v'")))
18. then x(q) « v;}
19. w« V' V' « left-sibling(v'’);
20. remove left-sibling(w);

-}
22. left-sibling(v) < v'’;
23.}
24. S« subsumption-check(v, q);
25. letvy, ..., vy bethe child nodes of v;
26. S « merge(S(vy), ..., SV));
27. remove §vyp), ..., S(vj);
28. v) « merge(S S);
29.1}
end

Function subsumption-check(v, q)

(*v satisfies the node name test at each g in g.*)

begin

1.S« @,

2.for eachqinqgdo{

3.let qy, ..., gj be the child nodes of g.

4.if for each /-child g; y(q;) = v and for each //-child g
x(q;) is subsumed by v then

5{S«Su{a};

6. if gistheroot of Q then

7. Droot < Droot w {V};

8. if gisthe output node then Dy oy < Doyput V {11}

9. return§

end

Fig. 8. Algorithm tree-matching

The algorithm handles wildcards in the same way as any
non-wildcard nodes. But a wildcard matches any tag name.
Therefore, L(*) should contain al the nodes in T. However, as
with twigSack [5], we establish an X B-tree over B(q)’sand take
an element from it as it is needed. Recall that the input of our
algorithm isin fact B(g)’s which are transformed to L(q)’'s by
using aglobal stack (see Fig. 5).

Example 2 Applying Algorithm tree-matching to the data
streams shown in Fig. 4, we will find that the document tree
shown in Fig. 3 contains the query tree shown in Fig. 4. We

trace the computation process as shown in Fig. 9.

Inthefirst three steps, we will generate part of the matching
subtree as shown in Fig. 9(a). Associated with vg is a query

node stream: QS(vg) = {qs}. Although ¢, also matches vg, it
cannot survive the subsumption check (see line 4 in subsump-
tion-check( )). So it does not appear in QS(vg). In addition, we
have QSvs) = QS(vg) = {qg, a4} . It is because both gz and g,
are leaf nodes and can aways satisfy the subsumption check-
ing. In a next step, we will meet the parent v, (appearing in
L{ay, gs}) of vg and vg. So we are able to get y(gs) = v4 and
%(04) =V, (seeFig. 9(b)). Interms of these two values, we know
that g, should beinserted into QS(v,). g5 isaleaf node and also
inserted into Q(v,). In addition, QS(vs) and QY(vg) should also
be merged into it. In the fifth step, we meet v3. QS(v3) = {0a,
04} (seeFig. 9(c)). Inthe sixth step, wemeet v, (inL({ 0y, Os}))-
It isthe parent of v and v4. According to QS(v3) = {ds, g4} and
QS(vy) = {0, g5}, as well as the fact that both g5 and v, are /-
child nodes and label(gs) = label(v,) = B, we will set x(a3) =
1(da) = 7(c) = 2(as) = V2 (see Fig. (d)). Thus, we have Q(v,)
={0ay, g5} . Finaly, in step 7, according to Qv,) = {d,, g5} and
QS(vg) = {as}, we will set (qp) = v4 and 3(gs) = vy (see Fig.
9(e)), leading to the insertion of g, into Q(v,). O
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Fig. 9. Sample trace

In Example 2, we see that if we just want to record only
those parts of T, which contain the whole Q or the subtree root-
ed at the output node, a QS(v) can be removed once V's parent
is encountered. However, if we maintain them, we are able to
tell al the possible containment, i.e., which parts of T contain
which parts of Q.

In thefollowing, we prove the correctness of thisalgorithm.
First, we prove asimple lemma.

Lemma 1 Let vy, V5, and vz be three nodes in a tree with
v3.RightPos > v,.RightPos > v4.RightPos. If v, is a descendant
of va. Then, v, must also be a descendant of vs.

Proof. We consider two cases: i) v, is to the right of vy, and ii)
V, isan ancestor of vy. In case (i), we have v;.LeftPos < v,.L eft-
Pos. So we have vj.LeftPos < vq.LeftPos < v,.LeftPos. This
showsthat v, isadescendant of vs. In case (i), vq, Vo, and vy are
on the same path. Since v,.LeftPos > vi.LeftPos, v, must be a



descendant of va. O

Weillustrate Lemma 1 by Fig. 10, which is helpful for un-
derstanding the proof of Proposition 1 given below.

Vv, istotheright of vq; or
! appears as an ancestor of vy but,
i as adescendant of vj. T

Fig. 10. lllustration for Lemma 1

Proposition 1 Let Q be atwig pattern containing only /-edges,
/l-edges and branches. Let v be a node in the matching subtree
T with respect to Q created by Algorithm tree-matching( ). Let
gbeanodein Q. Then, g appearsin Q) if and only if T'[V]
contains Q[q].

Proof. If-part. A query node g isinserted into QS(v) by execut-

ing Function subsumption-check( ), which shows that for any g

inserted into QS(v) we must have T'[v] containing Q[q] for the

following reason:

(1) label (v) = label(q).

(2) For each //-child ' of qthere existsachild V' of v such that
T[Vv'] contains Q[q']. (See line 15 in tree-matching( ).)

(3) For each /-child "’ of g there exists a/-child v'’ of v such
that T[v''] contains Q[q'’] and label(v'") = label(q'"). (See
lines 16 - 17 in tree-matching( ).)

In addition, a query node g in QS(v) may come from a QS
of some child node of v. Obviously, we have T'[v] containing
Qld].

Only-if-part. The proof of this part istedious. In the following,

we give only a proof for the ssimple case that Q contains no /-

edges, which is done by induction of the height h of the nodes
inT.

Basis. When h =0, for theleaf nodes of T', the proposition triv-

ialy holds.

Induction step. Assume that the proposition holds for all the

nodes at height h < k. Consider the nodesv at height h=k + 1.

Assume that there exists a qin Q such that T'[v] contains Q[q]

but q does not appear in QS(v). Then, there must be achild node

q; of qsuch that (i) x(q;) = ¢, or (ii) %(q;) is not subsumed by v

when q is checked against v. Obviously, case (i) is not possible

since T'[v] contains Q[q] and ¢; must be contained in a subtree

rooted at a node v which is a child (descendant) of v. So x(q;)

will be changed to a value not equal to ¢ in terms of the

induction hypothesis. Now we show that case (ii) is hot possi-
ble, either. First, we note that during the whole process, ¥(q;)
may be changed several times since it may appear in more than
one QS's. Assume that there exist a sequence of nodes vy, ..., Vj

for some k> 1 with v4.RightPos < v,.RightPos < ... < vj..Right-
Pos such that g; appears in Q(vy), ..., QY(vy). In terms of the
induction hypothesis, v’ =v; for somej € {1, ..., k}. Let | bethe
largest integer < k such that v;.LeftPos > v.LeftPos. Then, for
each v, (j <p<I), we have

V' .RightPos < v|.RightPos < v.RightPos.

Interms of Lemma 1, each v, (j < p <) is subsumed by v.
When we check q against v, the actual value of y(q;) isthe node
name for some v,'s parent, which is also subsumed by v (in
terms of Lemma 1), contradicting (ii). The above explanation

shows that case (ii) is impossible. This completes the proof of
the proposition. O
Lemmal helpsto clarify the only-if part of the above proof.
In fact, it reveals an important property of the tree encoding,
which enables us to save both space and time. That is, it is not
necessary for us to keep al the values of (q;), but only oneto
check the ancestor-descendant/parent-child rel ationship. Dueto
this property, the path join [5], aswell asthe result enumeration
[12], can be completely avoided. More importantly, the theoret-
ical time complexity is reduced by one order of magnitude.
The time complexity of the algorithm can be divided into
three parts:
1. Thefirst part isthe time spent on accessing L(Q). Since each
element in a L(Q) is visited only once, this part of cost is
bounded by O(|D|1Q)).

2.The second part is the time used for constructing QSv;)’s.
For each node v; in the matching subtree, we need O(ch )
i

time to do the task, where g is the outdegree of gj, » which

matches v;. (Seeline 2 and 3 in Function subsumpti on-check(
) for explanation.) So this part of cost is bounded by

0% %5, = 0Dl zck) (DI Q-

3. The th|rd part is the i me for establishing  values, which is
the same as the second part since for each g in a QYv) itsy
value is assigned only once.

Therefore, the total timeis O(ID|1Q)).

The space overhead of the algorithm is easy to analyze. Besides

the data streams, each node in the matching subtree needs a par-

ent link and a right-sibling link to facilitate the subtree recon-
struction, and an QS to calculate y values. So the extra space
requirement is bounded by O(|D||Q| + [D] + |Q]) = O(ID|-|Q).

V1. ABOUT STRICT UNORDERED TREE MATCHING

Definition 2 A strict embedding of a tree pattern Q into an
XML document T is amapping f: Q — T, from the nodes of Q
to the nodes of T, which satisfies the following conditions:

(i) sameas (i) in Definition 1.

(ii) same as (i) in Definition 1.

(iii)For any two nodes v; € Qand v, € Q, if v and v, are not
related by an ancestor-descendant relationship, then f(v;)
and f(v,) in T are not related by an ancestor-descendant re-
lationship. O
This is amuch more difficult problem than the tree match-

ing discussed in the previous section.

To facilitate the algorithm description, we will use some

concepts from the hypergraph theory [1].

Definition 3 Let U = {uy, ..., u,} be afinite set of nodes. A

hypergraph on U isafamily H = {E;, ..., Ej} of subsets of U

such that

1) E=zgo i=12..10



A simple hypergraph (or Sperner family) is a hypergraph H =
{Eq4, ..., B} such that

As for a graph H, the order of H, denoted by n(H), is the
number of nodes. The number of edges will be denoted by
m(H) and the rank(H) is defined to be r(H) = maxj’Ej‘ . Itcan

be proved that m(H) < (m?z J) [1].

Let Ac U beasubset. We call the family
Ha={E N A|Lli<|,En A=}

the sub-hypergraph induced by A.

Definition 4 Let H={E,, ..., E} beahypergraph on U and H’
={Fy, ..., F'} be another hypergraph on V. The product of H
and H’, denoted as H x H’, is a hypergraph, whose nodes are
the elements of the Cartesian product U x V, and whose edges
aethesetsE; x Fywith1<i<land1<j <. Obviously, n(H
x H")=n(H)n(H") and m(H x H’) = m(H)m(H"). However, if U

LnDZJ) -0

As with the ordered tree embedding, we will maintain two

matrices Q(P, T) and S(P, T) to control the computation.

1 InQ(P, T), anentry q; is 1 if the subtree rooted at j in T
includes the subtree rooted at i in P. Otherwise, it isO.

2. In §P, T), each entry s;; is defined as follows. Let iy, iy,
..., Iy be the child nodes of i. s; is a hypergraph H; = {Ej,
..., Ejyover {iq, iy, ..., i)} such that T[j], the subtree rooted
atj,includeseach By (g=1, ..., I}, that is, for each Eg, the
subtree rooted at j includes all the subtrees rooted at the
nodes in Ey. But T[j] cannot include E; U E; for any i, |
{1, ..., 1}.

Algorithm unordered-embedding(T, P)

Input: tree T (with nodes 1, ..., n) and tree P (with nodes 1, ...,

m)

Output: Q(P, T), which shows the tree embedding.

begin

1.forv:=1,..ndo

2. {foru:=1,..,mdo

=V, wehave n(H x H') = n(H) and m(H x H’) < (

3. {if gy =0then

4. {letvy, ..., v, bethechild nodes of v;

5. H:= Suv, X Sy, Xeer X Sy

6. letuy, ..., ugbethechild nodes of u;

7. if{ug ...,ud € Hthensetq, to 1;

8. dsesy i=Hp

9. 1}

10 }

11. let uy, ..., U be nodes such that Plu4], ..., P[y] are

included in T[V];
12. for each ancestor v’ of v, g, ,,:=1fori =1, ..., 1I;
13. construct hypergraph H = {{uq}, ..., {u}};
14. foru:=1,..,mdo

15. {let A bethe set of u'schild nodes;
16. sy:=Ha

17. }

20}

End

The execution of line 5 will dominate the running time of the
algorithm. Let k be the largest out-degree of any node in P.

Then, the size of each s, is bounded by (Lk';z D < 2% (is

asymptotic to (2/n)Y22Kc V2 [44]). Especialy, the size of any
product hypergraph of the form s,, x s, is bounded by 2
(and sois sy, x Sy X Sty -+, @Nd SO ON.) So the time com-

plexity of the algorithm is on the order of O(|T|~|P|~2k).

V. EXPERIMENTS

In this section, we report the test results. We conducted our
experimentson a DELL desktop PC equipped with Pentium(R)
4 CPU 2.80GHz, 0.99GB RAM and 20GB hard disk. The code
was compiled using Microsoft Visual C++ compiler version
6.0, running standal one.

- Tested methods
In the experiments, we have tested four methods:

- TwigSack (TSfor short) [5],

- Twi QZSack (TZSfor short) [12],

- Twig-List (the method discussed in [15], TL for short),

- One-Phase Halistic (the method discussed in [42]; OPH for
short),

- Tree-matching (the method dscussed in Section 3; TM for
short),

and compare their execution times, aswell asthe runtime space

usage. The theoretical computational complexities of these

methods are summarized in Table 1.

Table 1. Time and space complexities

methods  query time runtime space usage

TwigStack O(|D|!?) o(DIIQ)

Twig?Sack O(DFQP+  O(DIIQ)
|subTwigResults|)

OPH  o(D[1Qf)  O(DlQ)

T o(D[1QP%) o(|D}1Ql)

™ o(ID|Ql) o(D}Ql)

Table 2. Data sets for experimental evaluation

TreeBank | DBLP | XMark
Datasize 82 (MB) | 127 (MB)| 113 (MB)
Number of nodes 2437k 3332k 1666k
Max/Avg. depth 36/7.9 6/2.9 12/55

- Data

The data sets used for the tests are TreeBank data set [30],
DBLP data set [30] and a synthetic XMARK data set [35]. The
TreeBank dataset isareal data set with anarrow and deeply re-
cursive structure that includes multiple recursive elements. The
DBLP data set is another real data set with high similarity in
structure. It isin fact awide and shallow document. The XMark
(with factor = 1) is awell-known benchmark data set. The im-
portant parameters of these data setsare summarized in Table 2.



- Queries

As we know, XPath allows for the formulation of straight-
line queries as well as, in terms of X Path predicates, twigs that
actually contain branches. XPath further allows the specifica-
tion of value-based predicates. To study the performance im-
pact of such characteristics, we have tested 10 queries against
DBLP database, which are divided into two groups. In the first
group al the 5 queries are with a constant while in the second
group (another 5 queries) no parameter is specified. Over
XMARK database, we have also tested 10 queries, divided into
2 groups with each containing 5 queries. Inthe first group, each
guery contains a constant. In the second group, for each query
no constant is specified. All the queries are shown in Table 3 -
Table 6.

Table 3: Group | - DBLP queries

Query | XPath Expression

Q1 Ilinproceedings [author]//year [text() = ‘2004']

Q2 /linproceedings [author and title]//year [text() = ‘2004']
Q3 /linproceedings [author and title and .//pages]//year
[text() = *2004']

Q4 Ilinproceedings [author and titfe and .//pages and ./7url]
Ilyear [text() = 2004']

Q5 Ilarticles [author and title and .//volume and .//pages and
[lurl]/lyear [text() = *2004']

Table 4: Group Il - DBLP queries

Query

Q6 Ilinproceedings{author/* and ./*]/year

Q7 /linproceedingg author/* and title and ./*]/year

Q8 /linproceedinggauthor/* and title and .//pages and ./*]/year
Q9 Ilinproceeding[author/* and title and ./pages and .//url and
I*¥]lyear

Q10 Iarticles[author/* and title and .//volume and .//pages and
Jlpages and .//url and ./*]/year

Table 5: Group |11 - XMark queries

Query | XPath Expression
Q11 /site//open_auction[./seller/person]//date
[text() = *10/23/2006']

Q12 /site//open_auction[.//seller/person and .//bidder]//date
[text() = *10/23/2006']

Q13 /site//open_auiction[.//seller/person and /./bidder/increase]
//date [text() = *10/23/2006']

Q14 /site//open_auction[.//seller/person and .//bidder/increase
and .//initial]//date [text() = *10/23/2006']

Q15 /site//open_auction[.//seller/person and .//bidder/increase

and /finitial and .//description]//date [text() = * 10/23/2006']

Table 6: Group IV - XMark queries

Query | XPath Expression

Q16 /site//open_auction[ .//seller/person/* and ./*]/date

Q17 /site//open_auction[.//seller/person/* and .//bidder and ./*]
/date

Q18 /site//open_auction(.//seller/person/* and .//bidder/increase]
/date

Q19 /site//open_auction[.//seller/person/* and .//bidder/increase
and //initial and ./*]/date

Q20 /site//open_auction[.//seller/person/* and .//bidder/increase
and .//initial and .//description and ./*]/date

- Test results

Now we demonstrate the execution times of all the four
strategies when they are applied to the above queries.

In Fig. 11(a), we show the test results of the first group. From
these we can see that our algorithm outperforms al the other
strategies. It is because this algorithm works only in one scan
of the data streams and neither the path join nor the result enu-
meration isinvolved. More importantly, for each element from
an XB-tree, our algorithm only checks QSs for the child nodes

of current query node. But TWigZSack needs to check all the

stacks associated with al the query nodes. Both OPH and TL
have the same problems Twig?Sack, but work a little bit better
than Twig?Sack. OPH does no result enumeration is involved
while TL does less checkings. TwigSack has the worst perfor-
mance.
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Fig. 11. Results of Groupl and I1

Fig. 11(b) shows the test results of the second group. The
execution time of all the strategies are much worse than Group
1 since the queries are all of quite low selectivity and thus
almost all the data set has to be downloaded into main mem-
ory. In this case, 1/0O dominates the cost. Again, our algorithm
has the best performance. Especially, when the size of queries
becomes larger, this algorithm is 3 - 4 times better than

TWigZSack, TL and OPH. First, the time for constructing a
matching subtree is much less than that for constructing the
hierarchical stacks. Secondly, the space used by our algorithm
is much smaller than any of the three methods. TwigSack
shows an exponential-time behavior since for each path in a
query a great many matching paths will be produced and the
cost of join operations increases exponentially.
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Fig. 12. Results of Group Il and IV

In Fig. 12(a) and (b), the test results over the XMARK
database are demonstrated. From these, we can see that our
algorithm still has the best performance for this data set.

In Fig. 13, we compare the runtime memory usage of all
the four tested approaches for the second group of queries.
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Fig. 13. Runtime memory usage of Group ||

By the memory usage, we mean the intermediate data
structures, not including data stream (concretely, path stacks



for TwigSack; hierarchical stacks for TwigZSIack, TL and
OPH; and QSsfor ours.)

VI. CONCLUSION

In this paper, anew agorithmsis presented to evaluate twig
pattern queries based on unordered tree matching. The main
ideais aprocess for tree reconstruction from data streams, dur-
ing which each node v that matches a query node will be insert-
ed into atree structure and associated with a query node stream
QS(v) such that for each node g in QYv) T[v] embeds Q[q]. Es-
pecialy, by using an important property of the tree encoding,
this process can be donevery efficiently, which enablesusto re-
duce the time complexity of the existing methods (such as

TWigZSack [12], Twig-List [15], and One-Phase Holistic [42])
by one order of magnitude. Our experiments demonstrate that
the new algorithm is both effective and efficient for the evalua-
tion of twig pattern queries.
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