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ABSTRACT account. Most of these answers are derived from rather weak se-
mantic relationships among XML elements. For example, nodes
with high out-degree usually represent weak semantic connections

nd, yet, they are included in many paths. As another example,
ong paths are commonly viewed (e.g., [4, 13, 11, 1, 15, 19]) as an

Existing approaches for querying XML (e.g., XPath and twig pat-
terns) assume that the data form a tree. Often, however, XML doc-
uments have a graph structure, due to ID references. The commo

way of adapting known techniques to XML graphs is straightfor- .~ 2 P . . :
ward, but may result in a huge number of results, where only a indication of less meaningful relationships, but XML graphs have

small portion of them has valuable information. We propose two many such paths. Thus, querying XML graphs using twig patterns

mechanisms. Filtering is used for eliminating semantically weak is Oﬂen. ingfective. . . . . I
answers. Ranking is used for presenting the remaining answers in In t_h's paper, we investigate essential _propertles for facilitating
the order of decreasing semantic significance. We show how to effective querying of XML. gre_lphs. In part!cular, we pr_esent a_Ian-
integrate these features in a language for querying XML graphs. 9Uage thatincorporates filtering and ranking mechanisms while re-
Query evaluation is tractable in the following sense. For a wide taining the simplicity and féiciency of t\ngs_. In our f_rarr_lework,
range of ranking functions, it is possible to generate answers in °des and edges of XML graphs have weights, which is not new.
ranked order with polynomial delay, under query-and-data com- But our treatment of weights is novel in two aspects. First, when

plexity. This result holds even if projection is used. Furthermore, & User formulates a query, she can override and fine-tune some of

it holds for any tractable ranking function for which the top-ranked thhesed\_/velgljts. _Th's IS andt_esse'?tlal featuk:e,fsmﬁerént users
answer can be foundficiently (assuming that equalities and in- ave diverging views regarding the strength of some semantic con-

equalities involving IDs of XML nodes are permitted in queries). UeCt?O”S- Se(_:ond, weights are us_ed not just for ranking, but al_so for
filtering; that is, the user can decide from the outset that she is not

interested in paths above a certain length.

1. INTRODUCTION The most important feature of our language is the ability to gen-
Twig patterns are simple tree-structured queries for XML that erate the topgeanswers quickly, according to a wide range of rank-
include three basic language elements, namely, arbitraae con- ing functions. In principle, the following two properties are nec-

ditions parent-child edgeandancestor-descendant edgekhese essary for ficiently finding the topgk answers. First, the ranking
features make it possible to pose queries with only a limited knowl- function should be f&ciently computable. Second, it should be
edge of the XML hierarchy, the names of elements and the pre- possible to generate the first (i.e., top-ranked) answWegiently.

cise data stored under each element. Furthermore, fuzzy conditionsMe show that in our language, these two properties are affe su
(e.g., “aboutéxisvalug” [23]) can be used and, so, twig patterns cient for generating answers in ranked order with polynomial delay
are applicable to information-retrieval (IR) as well as database set- (in the size of query and the XML graph) between consecutive an-
tings. In summary, twig patterns provide an appealing tridzo swers. We identify a large family of ranking functions that have the

expressiveness vs. simplicity and flexibility. above properties. These functions satisfy a monotonicity condition
Twig patterns, however, flier from some severe drawbacks. For that makes it possible to compute the top answer bottom-up.
one, XML documents (e.g., DBI:Rand Mondiat) are often graphs It is shown that our complexity results hold even if projections

and not trees, due to ID references. Consequently, there could beare used and duplicates are eliminated. Note that simply applying

many diferent paths between any given pair of nodes, leading to projection in the last step is not enough for deriving this result,

a potentially huge number of matches for descendant edges whersince intermediate results could be exponentially larger than the

applying the conventional approach [24] of generalizing twig pat- final one. Moreover, this result holds even if the ranking function

terns to XML graphs. Our experience shows that some simple and depends on data that is projected out and, hence, not included in

natural twig queries over DBLP have an unexpected huge num- the final result.

ber (tens of thousands) of answers, if ID references are taken into  Earlier work on ranked evaluation over XML [22, 14, 6, 3, 2,

, 20] considered only trees and, as a result, did not address the main

>FThiS research was SuppOl’ted by The Israel Science Foundationissues of this paper. The approaches of [22’ 14] are based on the

(l(}?:fn_tj/%gil ii?iiﬁi)'de/xml threshold algorithnj10], which is designed for joining objects that

zhttg://wwwp&bis infor11.1atik uni-goettingen.de,/Mondial have shared keys and, hence, cannot guarantee polynomial delay
: ) ) ) : when evaluating tree-structured queries. The work of [3, 2, 20]

considered ranking functions that measure the amouwsttoctural
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Figure1l: An XML graph G

not address the issue of dealing with many answers that have vary-an element or a reference edge frdin,) to M(n,); and (3)For

ing degrees of semantic strength. In particular, they neither con- each descendant edge= (n;,n;) of T, the XML graphG has a
sidered ranking nor provided a formal upper bound on the running directed path (comprising edges of any type) frishtn,) to M(ny).

time of their algorithms. A language that extends XPath to general The path must have at least one edge, but could start and end in the
XML graphs was discussed in [9]. That language enables the usersame XML node, due to cycléswe useM(T, G) to denote the set

to bound the length of a path by specifying how mastgpsthe of all matches from the twig@ to the XML graphG.

path can follow, where a step is an XPath axis. However, that lan-

guage does not handle weights or ranking functions. Furthermore, Exampie 2.2. Consider the bibliographic data of Figure 1. In-
the complexity of the language is not stated. The work of [21] is tuitively, an evidence for potential connectiobetween two pub-
fundamental to evaluating regular path expression over graph data-lications is the existence of a directed path that starts in one pub-
bases. It should be noted that defining edge conditions by meandlication and leads to the second publication through a number of
of regular expressions can be easily incorporated in our query lan-citations. Accordingly, the twig iTof Figure 2(a) is a query about
guage, while preserving all of our complexity results. In a recent potential connections between the publications written by B. Smith
paper [17], we considered ordered evaluation of acyclic conjunc- on equivalence of queries and other work that has been done since
tive queries. Some of the techniques presented there are needed fat997. Note that a child edge is represented by a single line whereas

proving the complexity results of this paper. a descendant edge is depicted by a double line. The direction of
edges is from top to bottom.
2 XML GRAPHSAND TWIG PATTERNS All the predicates of Thave at least one conjunct that refers to

o the label of the corresponding XML node. This conjunct is rep-
An XML graphis directed and rooted. The nodes have labels ogented by either aexplicit label (e.g., article) or the wild-card

and possibly values. There are two types of edgéamentedges  gympok that is always satisfied (i.e., the same:ase). Some pred-
andreferenceedges. The element edges form a spanning tr_ee that;5tes have a second conjunct (thesymbol is not used explicitly).
has the same root as the XML gr_ap_h |ts_elf. We use the terminology A match of T in G must map the node labeled with article to
of XML nodesandXML edgeso distinguish them from nodes and e 18 of G, in order to satisfy the two predicates attached to the
edges of trees that represent queries. children of the former node. The predicate of the root pffieis
one conjunct, namely, and it must have children labeled with title

bibliographic data. Values are written in italic and reference edges and year, where the value of the.year node is at qust 1997. Thus,
are depicted by dotted lines. This graph comprises publications of the root of %, can be mapped to either node 2 or 8, since there is a
various types that are described by labels, e.g., article, inproceed- directed path from each of them to node 18. U

ings, etc. The label of the root is bib. Citations are represented by

reference edges. Each node is identified by a unique integel.]

ExampLe 2.1. Figure 1 shows an XML graph G that represents

3. DBTWIG QUERIES

When applying twigs to XML graphs (rather than trees), the user
might be overwhelmed with a large number of answers. More-
over, the semantic strength varies widely between these answers.
That is, some matches are meaningful while many others have low
or no semantic value. For example, consider again the Twig
of Figure 2(a). A match of this twig in a large XML document
(e.g., DBLP) can connect some publication to an article by Smith
through a very long sequence of citations or through a book that

Following [24], a match of a twig in an XML graph is defined in has a huge bibliography on a wide range of topics.

the usual way, except that element edges and reference edges are In_thls paper, we propose an approach that use_sﬂtm ng and
treated equally. Formally, matchof a twig T in an XML graphG ranking Filtering excludes matches that are not likely to be mean-

is a mappingVl from the nodes oT to the nodes o6, such that: ingful answers. Ranking is used to produce answers in the order

(1) For each node of T, the XML nodeM(n) satisfiescondn); (2) 3In principle, we can allowdescendant-or-selédges and also let
For each child edge = (n;, np) of T, the XML graphG has either the user specify that a path must start and endftiedint nodes.

We now describe twig patterns and their conventional evaluation
over XML graphs. Atwig is a directed tred with child edges
anddescendanedges. Each node of T has an attached unary
predicate, denoted bgondn), that is defined over XML nodes.
For examplecondn) can specify that the label of the XML node

is article, or that the string “query optimization” should appear in
the value attached to the XML node. It can also be any boolean
combination of the two. In generatpndn) can be any condition
that is checkable in polynomial time.
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(@) The twigT, (b) The DBTwigT, nonnegative weights to XML nodes according to their labels. The

* * weight schemeavge) is a sequence of the forgh:wy, ..., W),
n where eachj; is either a label ok, and eactw; is a non-negative
title year title = Yyear number.
| = 1997 g 21997 Consider an XML graptG and a DBTwigT. The definition
/artlcle f_'ﬂ of a matchM of T in G is modified as follows. In Part (2), if
authior \ g e = (n;,ny) is a child edge ofT, then there must be an edge
equalg'B. Smith’) 2 from M(n,) to M(n,) that has a weight of no more thale). In
title £ Part (3), ife = (ny, n,) is a descendant edge ©f then there must
containg’Equivalence’) article be a path fromM(n,) to M(n,) that has a weight of no more than
db(e). If, in addition, the descendant edgéas the weight scheme
author \ wge) = (Iiiwg, ..., lIkwg), then the weight of the corresponding
equalg’B. Smith’) path is calculated after changing the weights of the interior nodes

as follows. Suppose thatis an XML node with the label. The
weight ofv is replaced with the weigh;, wherel; is eitherl or .
If more than ond; matches the labé&bf v, then the last one iwge)
Figure2: A twigand a DBTwig is used. If nd; matched, the weight ofv remains unchanged.

_ title
containg'Equivalence’)

Exampre 3.1. Consider the DBTwig J of Figure 2(b) and the
of decreasing significance. The challenge is to develtgctve XML graph G of Figure 1. Suppose that all the XML nodes have
filtering and ranking mechanisms that retain the simplicity afid e~ Weight 1 and all the XML edges have weight 0. Let e denote the only
ciency of twigs. These mechanisms should be built into the system, descendant edge obTThe weight scheme of e assigns 0 to all the
so that formulating queries will be an easy task. However, since the labels of G, except for the labels cite and book that get the weights
notion of a “semantically significant” answer varies from one per- 1andeo, respectively. Since @& = 2, a path P of G matches e if
sonto anotherl the query |anguage shou|d enab|e usersto tweak th@nd Only if |t haS at most two intel’ior nOdeS Iabeled W|th Cite and

filtering and ranking mechanisms. no interior node labeled with book. Thus, there is only one match
of T, in G and it maps the root of ;Tto node 8. The root cannot
3.1 DBTWig Patterns be mapped to node 2 of G, because the path of G from node 2 to

As illustrated in Example 2.2, a simple yefiative way of filter- node 18 contains three interior nodes that are labeled with c¢ife.

ing out semantically weak matches is by specifying upper bounds
on the length of paths that correspond to descendant edges. Other In practice, users do have to formulate explicit DBTwigs. The
types of conditions are also possible provided that they can be actual query language may consist of simpler (and less expressive)
checked in polynomial time. For example, a user can specify that features that can be translated into DBTwigs. For example, the user
the path corresponding to a given descendant edge should have amay specify, for a given descendant edge, a set of forbiddetslabe
most one node labeled with cites and no node labeled with book. (i.e., labels that cannot appear in a matching path). She can also
Some seemingly simple conditions cannot be check&diently specify a set of labels and an upper bound on the total number of
(e.g., it is NP-complete to determine whether two given nodes of occurrences of labels from that set in a matching path.
an XML graph are connected by a path that has no repeated labels). In [9], filtering conditions are upper bounds on the number of
To fully utilize conditions on lengths of paths, we enrich our data stepsneeded to connect two XML nodes, where a step is an XPath
model by adding weights to the nodes and edges of XML graphs. axis. We believe that our approach of using weights and upper
These weights are also used by the ranking functions that are dis-bounds makes it easier to express natural conditions for eliminating
cussed later. Various considerations can be used in order to detersemantically weak matches.
mine the weights. For example, the weight of a specific XML node .
can indicate the importance of that node. Similarly, the weight of 3-2 Ranking of Matches
an XML edge could be derived from the strength of the semantic  DBTwigs, in comparison to twigs, eliminate matches that do not
connection represented by that edge. We will not get into further satisfy the distance bounds. This could still leave a large number of
details, since this has already been investigated (e.g., [4]). answers with varying degrees of semantic strength. Hence, the an-
We denote the weights of an XML nodeand an XML edge swers should be presented to users in ranked order. In this section,
e by w(v) andw(e), respectively; note that these weights are non- we discuss ranking functions.
negative numbers. The weight of a path is the sum of the weights  Formally, aranking functionp defines a numerical value, de-
of all the edges and all the interior nodes. noted byp(M,T,G), whereM is a match of a DBTwigrl in an
To simplify the presentation, we use only upper bounds on the XML graph G. The valugo(M, T, G) determines theuality of M.
weights of paths as filtering conditions. We also provide a mech- The matches should be presented to the useariked ordey that
anism that enables users to fine-tune the weights of nodes that aras, if o(M1, T, G) > p(M,, T, G), thenM; should appear beford,.
predefined in XML graphs, by means of specifying weight schemes  We now give several examples of ranking functions. Note that
in the queries that they pose. Each descendant edge may have itsome of these functions may be unintuitive, but they are needed
own weight scheme that applies only to paths corresponding to thatlater in order to demonstrate our results. Consider an XML graph
edge. The formal definitions are as follows. G and a DBTwigT. Lete be a descendant edge Df We useGe
We introducedistance-bounding twiggbbr.DBTwig9 that gen- to denote the XML graph that is obtained fr@gby replacing the
eralize ordinary twigs with two additional features. First, each weights of nodes according to the weight scheme ¢f e does
edgee has adistance boundhat is denoted bgh(e) and is a non- not have a weight scheme, thég = G). Given two nodes; and
negative number (the default valuesig. Second, each descendant v, of G, thee-distancerom v, to v,, denoted byDg(vi, V), is the
edge may have aeight schemedenoted bywge), that assigns minimum weight among all paths &, from v; to v, (recall that a



path must have at least one edge and, hence, is a cygle=ifs,).
If eis a child edge off, thenDg(v1, V) is just the weight of the
XML edge fromv; to v,, if this edge exists, and i® otherwise.

Note that, in principle, a descendant edge of a DBTwig may have
two distinct weight schemes: one is used for filtering out matches,
as described earlier, and the other is used for ranking.

The first ranking function that we defingyq, is the sum of the
e-distances, between the corresponding images uNdesver all
edgese of T. Formally, we us&S(T) to denote the set of edges of
T and define

pra(MT,G) == > DEM(M(n), M(m)).
(n,)e&(T)
Note that the values returned lpyy are negative, since a larger

{Ny, ..., ng) of nodes ofT. For a matchM of T in an XML graph
G, we user,(M) to denote the tupléM(ny), ..., M(ny)). GivenT,
p andG, the goal is to generate the tuplggM) for all matchesv
of TinG.

One way of handling projections is by applying them as a post-
processing phase, i.e., after generating the matches (in a ranked or-
der). This approach, however, is inherentlyffieent, since (expo-
nentially) many matches may result in the same answer. Therefore,
itis important to develop algorithms that can apply projections (and
eliminate duplicate answers) as early as possible.

3.4 DBTwig Queries

Formally, aDBTwig queryis a tripleQ = (T, p, p), such thaf is
a DBTwig, p is a projection sequence apds a ranking function.

weight indicates a weaker semantic connections and, hence, thegjyen a DBTwig quenyQ = (T, p, p) and an XML graplG, there-

ranking should be lower.

For the next ranking functior?(T) denotes the set of all paths
P of T, such thaP starts at the root of and ends at a leaf. Given
a pathP € P(T), we use , n’) € P to denote that the edgs, V) is
in P. The ranking functiomy, returns the maximum weight among
all paths ofG that correspond, undé, to paths from the root of
to some leaf. It returns a negative value that is defined as follows.

_ (n,n’) ’
Pr(M.T.G) = — max (n%]ep DL (M(m), M())
Given a matciM of a DBTwigT in an XML graphG, letN(M, T, G)
denote the minimal numbé¥’, such thats contains a subgrap®’
with N’ nodes andM is a match ofT in G’. Then we define

pms(M, T,G) = -N(M, T, G).

The next ranking functiopy (M, T, G), counts the number of dis-
tinct labels that appear in the imageMf i.e.,

px(M, T,G) = |{l | nis a node ofT andl is the label ofM(n)}|.

Finally, suppose that the nodesTtontain vague conditions, e.g.,
“about(*XML)” as used in NEXI [23]. We assume that there is a
ranking functionf that, given a node of T and a noder of G,
returns a numeric valug(n, v) that measures the extent to which
matches. We useN(T) to denote the set of nodes®fand define

pn(M.T,G) = > f(nM(n)).

neN(T)

Note that the functiori is predefined by the system, but it could use
some specific information that is attached to nadéor example,
the keywords that are specifieddnndn)).

Ranking is not merely sorting according to the filtering condi-
tions. A ranking function can be defined over the whole image of a
match; for example, the ranking functipgy is defined as the sum
of the e-distances. A filtering condition, on the other hand, refers
justto a single edgen(, n,) of a DBTwig (e.g., the distance between
the images of the nodes andn, is no more than 5). Thus, rank-
ing functions are not just for sorting the answers. In fact, they are
also an advanced form of filtering, since they can be used for elim-
inating answers that have a rank that is below a given threshold.
The user may also specify that only the topnswers should be
generated, e.g., by using mechanisms like SQRBER BY clause
combined with theSTOP AFTER operator [7, 8].

3.3 Projections

sultof Q in G, denoted byQ(G), consists of all projections,(M),
whereM is amatch off inG, i.e.,Q(G) = {7,(M) | M e M(T,G)}.

To take the ranking function into account, the answers should be
given to the user in the order obtained from the following process.

1. ComputeM(T, G).

2. Sort M(T,G) according too and letMy, ..

sulting sequence.

., M, be the re-

. Apply projection to obtain the sequenggM,), ..., mp(My).

. Remove duplicates from,(My), ..., mp(My), i.e., delete every
7p(M), such thatry(M;) = m,(M;) for somej < i.

The above oder can be equivalently defined as followst;Let., ty,
be a sequence that consists of all the tuple®@) without dupli-
cates. First, we defing (1 < i < m) to be the maximal rank of
any match that producesby projection. That isp; is the maximal
numberr, such that there exists a matithe M(T, G) that satisfies
mp(M) =t andp(M, T,G) = r. Now, we say that the sequence
t1,...,tmis inranked orderif for all 1 < i < j < m, it holds that
pi = pj. The goal is to generate the tuples@(G) in ranked order.

4. COMPLEXITY

A complexity analysis of query languages over XML graphs
must take into account the fact that the number of answers could
be huge. Thus, an evaluation algorithm should be deenfied e
cient only if it computes the answers incrementally in ranked order,
rather than merely generating the whole result before sorting it.

In this section, we consider the complexity of evaluating DBTwig
queries. Consider a queyand an XML grapt. Polynomial run-
ning timeis not a suitable yardstick for measuring thBaency of
algorithms for evaluatind, since the number of tuples Q(G)
could be exponential in the size §f (even ifG is a tree). The re-
sults of [25] imply thatQ(G) can be evaluated ipolynomial total
time i.e., the running time is bounded by a polynomial in the com-
bined size of the input (i.eQ andG) and the output (i.e Q(G)).

(We assume that the conditions attached to nodes can be computed
in polynomial time in the size of the input.) Polynomial total time,
however, is not good enough for the task of evaluating DBTwig
queries, for the following reasons. An algorithm that runs in poly-
nomial total time (e.g., the one of [25]) requires generating all the
answers before we can be certain that the top-ranked answer (or the
topk answers) have already been found, let alone before we can

In many cases, the user is not interested in seeing the wholestart producing the answers in ranked order. Thus, the user gets the

match of a DBTwig in an XML graph, but rather only wants to
get a subset of the nodes. Formally, given a DBTWighe user
may specify asequence of projected node<., a sequence =

first few answers only after the whole result (which could be very
large) is generated and sorted. Moreover, recall that the position
of a tuple in the ranked order is determined by the maximal rank



over all matches that yield this tuple when projection is applied.
Consequently, in order to so@(G), we need an additional step of
computing for each answer the maximal rank among all matches
that generate it. So, we should develop evaluation algorithms that
enumerate the answers in ranked order \pittynomial delay12],
that is, the time between two consecutive tuples is polynomial in
the size of the input.

Consider a ranking function. The p—EvaL problem is defined
as follows. Given a DBTwig quer® = (T, p,p) and an XML Figure3: An example of a branch
graphG, enumerate all the tuples QG) in ranked order. Another
problem of interesty—Top, is the restriction op—EvaL to the first

tuple, namely, given a DBTwig and a an XML grapl, find a one child ofn. In other wordsB is obtained from the subtree of
top-rr;mked méatch i.e., a matth € M(T,G), such thato’(M) > T that is rooted ah by pruning all the children oh except one.
o(M) for all M € M(T ’G). T - We useT — B to denote the DBTwig that is obtained fromby

To explain our complexity results, let us first consider ranking "emoving all the nodes @, except for its root. As an example, the
functions that do not haveficient evaluation algorithms. left part of Figure 3 shows a DBTwig and ones-branchB that is
surrounded by a dotted polygon. The right side of this figure shows
ProposiTioNn 4.1. The problemgms—EvaL andpy—EvaL cannot the DBTwigT - B.
be solved with polynomial delay, unless¥P. Consider a DBTwidl', an XML graphG and a ranking function

The ab ition is a di I fthe f hat th b p. Letnbe a node off andB be ann-branch ofT. Note that each
e above proposition Is a direct corollary of the fact that the prob- ¢ + 'g angT — B is a DBTwig. Also note thah is the only node

lems pms—Top and py—Top are NP-hard. The first ranking func- that belongs to botl andT — B. Let My_g be a match off — B
tion, pms, is even intractable to compute; that is, the following prob- in G and Mg be a match oB in G, such thatMr_s(n) = Ms(n).

lem is NP-r(]:ompIete: gi\C/;en arzj XML grgph (gr tre@).a DBIIW:? We useMg @ M+_g to denote the match &f in G that is obtained
T, a matchM e M(T,C) and a number, determine whether ., \hiningMg and My_g as follows. Ifri belongs toT — B,

pms(M, T,G) > r. Note, however, that the ranking functipg, is then Mgz @ Mr_g)(A) = Mr_g(f); otherwise (i.e.n'belongs toB)
clearly computable in polynomial time. In the sequel, we only con- (Mg ® Mr_g)(A) = Ma(f) ' '
sider_ranking fgnctioqs that can be computed in polynomial time in Consider a DBTwig and an XML graptG. We consider rank-
the size of the input (i.eQ andG). , ... ing functionsp that are monotonic in the following sense. If, in

Next, we show that, under reasonable assumptions, tractabllltya given match, we replace the mapping of one branch wfith
of finding the top-ranked match is not only necessary butalo su o mapping thait has a higher rank (over the given branch), then
cient for enumerating all the answers in ranked order with polyno- the ranking of the whole match can only improve. Formallly a
mial delay. As a corollary, in the next section, we show that there ranking functionp is branch-monotoniav.rt. G andT if the fol- '
are eﬁcie(?t evlqluation algorithms for the other ranking functions lowing holds. For all nodes of T and n-branchesB of T, if
presented earlier. 1 M2 / _ 1) — M2(n) — M’

The following theorem shows that, for a ranking functjarthe g/lan[')\?ﬁAf QAE;B) S)})('\I/\I/Izeﬁg theBﬁi()Ml\l/lgr&r_TMégnl ;)('l\\/l/lz(reg
p—EvaL problem can be reduced to the Top problem. This theo- M. T G)., We s;y thak’) is branch-monotonic if it is monotonic
rem can be proved by adapting the procedure of Lawler [18] (which W.I’j'[. ’aII XML graphsG and all DBTwigsT. For example, the
is a generalization of the work by Yen [26, 27]) for computing the ranking functionssq, o, andpr, are branch-monotonic. ’
topk solutions to discrete optimization problems. To obtain this If pis branch-mohotonic then we can compute the top-ranked
result, we need to assume the following. First, each XML node has 1, 5i0h in polynomial time in the size @ andG. As a corollary to
a un_|que|d and _the conditions a_ttacheq to a nadef a DBTwig Theorem 4.2, we can also enumerate answers of DBTwig queries
can include conjuncts of the fornd(n) = i andid(n) # i (note that in ranked order with polynomial delay.
these conjuncts can be computed in polynomial time in the size of
the input). Second, the ranking of an answer is not changed as a Tueorem 4.3. Consider an XML graph G, a DBTwig query€)
result of adding conjuncts of the above form. More formally, we (T, p, o) and a ranking functiop that is branch-monotonic w.r.t. G
assume that if the DBTwig’ is obtained fromT by adding con- and T. Then the following hold under query-and-data complexity.
juncts of this type, thep(M, T,G) = p(M, T’, G) for every match

M € M(T.G) N M(T".G). e The top-ranked match idM(T,G) can be found in polyno-

mial time;
Tueorem 4.2. The following are equivalent, under query-and- e Q(G) can be enumerated in ranked order with polynomial
date complexity, for a ranking functign delay.
e p—Tor can be solved in polynomial time. CoroLLarY 4.4. If p is branch-monotonic, thep—EvaL can be

o p—Evar can be solved with polynomial delay. solved with polynomial delay, under query-and-data complexity.

4.1 Monotonic Ranking Functions 5. CONCLUSION
In this section, we present a family of ranking functignsuch When querying XML graphs, one has to deal with a huge number
that a top-ranked match of a DBTwig in an XML grafshcan be of answers that have varying degrees of semantic strength. The so-
computed #iciently. Thus, by Theorem 4.2, there ari@ent lution that we have presented incorporates several ideas. First, the
evaluation algorithms for DBTwig queries that use these ranking nodes and edges of XML graphs have weights, but the user is able
functions. First, we need some notation. to do some fine tuning by overriding these weights. Second, the
Consider a DBTwigl and a noden of T. An n-branch Bof weights are used not just for ranking, but also for an a priori elim-

T is a subtree ofl that consists oh and all the descendants of ination of matches that map some pairs of adjacent nodes (from



the DBTwig) to XML nodes that do not satisfy the filtering condi-  [4] G. Bhalotia, A. Hulgeri, C. Nakhe, S. Chakrabarti, and

tions (i.e., distance bounds) of the corresponding edges. Third, for S. Sudarshan. Keyword searching and browsing in databases
a wide range of ranking functions, the answers can be enumerated using BANKS. InICDE, 2002.

in ranked order with polynomial delay, under query-and-data com- [5] S. Brin and L. Page. The anatomy of a large-scale

plexity, even if projection is used and duplicates are eliminated. hypertextual web search engif@mputer Networks
The branch-monotonic ranking functions can combine a variety 30(1-7), 1998.
of measures. The weights introduce a database point of view, since [6] N. Bruno, N. Koudas, and D. Srivastava. Holistic twig joins:
they measure the semantic strength of connections. We can com- optimal XML pattern matching. ISIGMOD, 2002.
bine this measure with a functioh(such as the one given toward

> h ; ; [7] M. J. Carey and D. Kossmann. On saying "enough already!”
the end in Section 3.2) that determines, for a nedéa DBTwigT, in SQL. InSIGMOD, pages 219-230, 1997.

the relevance of the imagd(n). Note thatf is a function of both
nandM(n) and, in particular, it can use some information attached
to n (e.g., keywords) in order to calculate an IR score (e.g., by ap-
plying to M(n) a formula based on/ttif). The functionf can also
take into account a score based on a link (i.e., XLink or ID ref-
erence) analysis, similarly to PageRank [5]. Thus, the following . -
branch-monotonic ranking functigncan combine a variety of IR algorithms for middlewarel. Comput. Syst. ScB6(4),
methods, which are based on the relevance of XML nodes to key- 2003_' . . )

words (e.g., [14, 22]), with the notion of graph proximity (e.g., [4, [11] V. Hristidis, Y. Papakonstantinou, and A. Balmin. Keyword

[8] M. J. Carey and D. Kossmann. Reducing the braking distance
of an SQL query engine. IMLDB, pages 158-169, 1998.
[9] S. Cassidy. Generalizing XPath for directed graphs. In
Extreme Markup Language2003.
[10] R. Fagin, A. Lotem, and M. Naor. Optimal aggregation

11, 15]) that is derived from the weights. Note that in the formula proximity search on XML graphs. ItCDE, 2003.
below, 1 is a constant parameter that satisfies @ < 1. [12] D. S. Johnson, M. Yannakakis, and C. H. Papadimitriou. On
generating all maximal independent sétformation
P(T.M,G) = 2p54(M, T, G) + (1 = Dpm(M, T, G) Processing Letter27, March 1988.
The expressiveness of DBTwigs can be easily extended while [13] V. Kacholia, S. Pandit, S. Chakrabarti, S. Sudarshan,
preserving our complexity results. In particular, it is possible to at- R. Desai, and H. Karambelkar. Bidirectional expansion for

tach constraints of any type to edges, provided that these constraints ~ keyword search on graph databases/IiDB, 2005.
(on pairs of XML nodes) can be computed in polynomial time in [14] R. Kaushik, R. Krishnamurthy, J. F. Naughton, and

the size of the input. Thus, the constraints could be, for example, R. Ramakrishnan. On the integration of structure indexes and
regular path expressions. We believe, however, that it is simpler and inverted lists. INSIGMOD, 2004.
more flexible to specify paths (that match edges of the DBTwig) by [15] B. Kimelfeld and Y. Sagiv. Hicient engines for keyword
using weight schemes rather than regular path expressions. proximity search. InNebDB 2005.

Our notion of a match is a natural generalization of the usual [16] B. Kimelfeld and Y. Sagiv. Finding and approximating top-k
one. Namely, a match is a mapping from the nodes of a given answers in keyword proximity search. RODS 2006.
DBTwig to XML nodes, such that the images of adjacent nodes [17] B. Kimelfeld and Y. Sagiv. Incrementally computing ordered
(from the DBTwig) satisfy certain conditions. These conditions answers of acyclic conjunctive queries NGITS 2006.

could refer to the paths connecting the XML nodes (e.g., theimages|1g] . L. Lawler. A procedure for computing the k best solutions
are connected by a path with a weight of at most 5). Sometimes the to discrete optimization problems and its application to the
user might want to see not just the match itself but alsaitreess shortest path problerManagement Scienc#s, 1972.

paths, that is, paths showing that the conditions are indeed satisfied[lgl W.-S. Li, K. S. Candan, Q. Vu, and D. Agrawal. Retrieving
Similarly, some ranking functions (e.@sq) refer to paths and the and organizing web pages by “information unit”. MWW

user might want to see the witness paths that actually determine the 2001.

ranking of the match. An answer is derived (by projection) from a [20] A. Marian, S. Amer-Yahia, N. Koudas, and D. Srivastava
match that satisfies the filtering conditions and has some ranking. Aaa tive ’ro-cessin of to’ -k. ueries i’n XMLl IGDE )
However, the witness paths of the filtering are not necessarily the ZOOE P 9 p-xa ' '

same as those of the ranking. In many cases, the witness paths o - .
the ranking also satisfy the distance bounds. This is the case, for[21] Sét(t?'swlegri?ﬁ%l?;bdaSé;Avl\\Alofdéggssﬂ%ﬁg)uIirgggnple

example, if the ranking function is of the form described above (and . A
the same weight schemes are used for the filtering and ranking).[22] M- Theobald, R. Schenkel, and G. Weikum. Afigent and
But this is not always the case. An interesting research problem is versatile query engine for TopX searchhDB, 2005.

to develop a notion of a match guaranteeing that the witness pathsl23] A. Trotman and B. Siguriynsson. Narrowed Extended

of the ranking always satisfy the filtering conditions. XPath I (NEXI). InINEX, pages 16-40, 2004.
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16] deals with a dferent problem. There, a query is just a list of processing over graph-structured XML dataWebDB
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