
Regular Expression Pattern Mat
hing| A Simpler Design |Haruo HOSOYARIMS, Kyoto Universityhahosoya�kurims.kyoto-u.a
.jpFebruary 6, 2003Abstra
tRegular expression pattern mat
hing is a programming language fea-ture designed for the analysis and de
omposition of XML do
uments.Sin
e the basis is regular expressions, a pattern may ambiguously mat
han input value and thus yield di�erent bindings from this. Our previ-ous design has dealt with this by a �rst-mat
h semanti
s, where we haveimposed 
ertain priority rules for patterns and taken the �rst 
hoi
e a
-
ording to these rules. While this semanti
s is 
onvenient in some 
ases,it behaves in a quite unintuitive way in other 
ases. In this paper, wepropose an alternative design of regular expression pattern mat
hing. Inthis, we drop the priority rules but add an ambiguity 
he
k on patternsto ensure them to always yield unique bindings. We give two algorithmsrelated to this design of pattern mat
hing: type inferen
e for pattern vari-ables and ambiguity 
he
k. The type inferen
e is similar to our previouslydeveloped te
hnique in that it 
omputes \exa
t" types for variables fromlo
al type information, but it improves the previous one in two respe
ts,adaptation to the new semanti
s and handling of pattern variables in non-tail positions. The ambiguity 
he
k is a simple algorithm based on produ
t
onstru
tion of tree automata, but solves a subtle problem arising fromsilent transitions of automata.1 Introdu
tionRegular expression pattern mat
hing [HP02℄ is a programming feature that hasemerged from the design of the stati
ally typed language XDu
e for XML pro-
essing [HP03℄. This feature, being derived from pattern mat
hing fa
ilities
ommonly found in fun
tional languages [LVD+96, AM91, PHH+93, et
℄, al-lows us to analyze and de
ompose tree stru
ture of XML do
uments. Sin
ethe underlying stru
tural des
riptions, i.e., types, of do
uments are based onregular expressions, patterns here are, as a natural 
hoi
e, also based on regularexpressions. 1



One issue in designing this style of pattern mat
hing is ambiguity. That is,we may write a pattern that 
an mat
h an input value in several ways, and howshould the language treat this? For example, we 
an write the following patternmat
hmat
h v withEmail*, (Email as x), Email* -> ... (* do something with x *)for extra
ting one node of type Email (whi
h is de�ned somewhere else) froma sequen
e v of nodes ea
h of type Email and binding the variable x to theextra
ted node. In our previous proposal, we have adopted a �rst-mat
h se-manti
s, where we impose 
ertain priority rules on patterns and take the \�rst"
hoi
e among several possibilities a

ording to these rules.In this paper, we propose an alternative design of regular expression patternmat
hing. In this, we drop the priority rules on patterns but instead add astati
 ambiguity 
he
k so as to ensure patterns to always mat
h input valuesuniquely. We have found that this design is simpler than the previous and there-fore preferable for users. Spe
i�
ally, the de�nition of the �rst-mat
h semanti
sis rather 
ompli
ated and arti�
ial in some pla
es, and this raises some patternswhose behaviors are against our \normal" intuition. By requiring unambiguity,the meanings of su
h patterns be
ome 
learer. Although unambiguous patterns
an be larger than ambiguous ones, this in
rease seems to be usually a

eptable.(We show examples in Se
tion 2.)For our new design of pattern mat
hing, we have developed two algorithmsneeded to integrate it in a stati
ally typed language, namely, type inferen
e forpattern variables and ambiguity 
he
k.The type inferen
e, intended to be used as a part of an underlying type-
he
ker, supplies suitable types for variables appearing in patterns from typeinformation given by the type
he
ker. The inferen
e is both lo
al and lo
allypre
ise. By lo
al, we mean that we 
ompute types for variables only from thepattern itself and the type for input values, the latter being given from the un-derlying type
he
ker. (We do not take into a

ount distant information su
h asfrom pattern bodies.) By lo
ally pre
ise, we mean that the type 
omputed fora variable 
ontains exa
tly the set of values that may be bound to the variable,with the 
onservative assumption that all the values from the input type maybe passed to the pattern. (Note that, at a
tual run-time, not all values may bepassed to the pattern.)In the previous paper [HP02℄, we have already presented a type inferen
ealgorithm whose spe
i�
ation is exa
tly the same as above. The algorithm inthis paper is di�erent in two ways. First, it infers types based on the di�er-ent pattern semanti
s. That is, sin
e we do not have the �rst-mat
h priorityrules any more, the inferen
e algorithm does not need to take into a

ount \thevalues not mat
hed by the patterns with higher priority." This greatly simpli-�es the algorithm and, in parti
ular, redu
es its 
omplexity from exponentialto quadrati
. The se
ond di�eren
e is that the new algorithm eliminates theprevious te
hni
al limitation that allows the pre
ise inferen
e only for variables2



in \tail-positions." We a
hieve this by adopting a new automata en
oding thatinvolves \sequen
e-a

umulators" (Se
tion 4).Our ambiguity 
he
king algorithm is based on produ
t 
onstru
tion of au-tomata. This is not surprising by itself|it 
ould be found as an exer
ise of someundergraduate textbook. However, in our 
ase, (1) we 
onsider tree automata(rather than string automata), (2) they 
ontain silent transitions, and (3) wetreat ambiguity for a restri
ted set of input values des
ribed by a given type(rather than for all input values). The 
ombination of all of them turns outto require a quite deli
ate treatment. Although the ambiguity 
he
king prob-lem for regular expressions and automata has been a 
lassi
 problem and a lotof related dis
ussions 
an be found in the literature (e.g., [BEGO71, BK93℄),we have not found any algorithm similar to ours. The 
losest related work isKawagu
hi's ambiguity 
he
king algorithm for tree regular expressions [Kaw01℄.We will dis
uss this in details in Se
tion 7.In the next se
tion, we give some examples to introdu
e basi
 
on
epts andmotivate the new design of pattern mat
hing. Se
tion 3 presents the de�nitionsof values, types, and patterns of the surfa
e language as well as the inferen
e andambiguity problems. In Se
tion 4, we de�ne tree automata with variables, whi
hwill be used for des
ribing the type inferen
e (Se
tion 5) and the ambiguity
he
king algorithms (Se
tion 6). Se
tion 7 dis
usses the relationship with otherwork and Se
tion 8 
on
ludes the paper.2 ExamplesIn our language, values are sequen
es of labeled values or base values and thusrepresent fragments of XML do
uments. Types des
ribe su
h sequen
es by usingregular expressions. For example, 
onsider the following type de�nitions (whi
hgive names to types).type Person = person[Name,Email*,Tel℄type Name = name[String℄type Email = email[String℄type Tel = tel[String℄Type 
onstru
tors of the form label[...℄ 
lassify tree nodes with the labellabel (i.e., XML stru
tures of the form <label>...</label>). Thus, the in-habitants of the types Name, Email, and Tel are all strings with an appropriateidentifying label. Type 
onstru
tors of the form T* denote a sequen
e of arbi-trarily many Ts. Thus, the inhabitants of the type Person are nodes labeledperson whose 
ontent is a sequen
e 
onsisting of a name, zero or more emailaddresses, and a telephone number.Regular expression pattern mat
hes analyze the stru
ture of an input valueand extra
t substru
tures of them. Synta
ti
ally, patterns are exa
tly the sameas types ex
ept that we 
an insert \variable bindings" in them. For example,we 
an write the following pattern mat
h for extra
ting the tel node from agiven person. 3



mat
h person withperson[Name, Email*, (Tel as x)℄-> ... (* do something with x *)This mat
hes any values of type Person and binds x to the tel node. Thispattern happens to have the stru
ture as the input type, but it is not ne
essaryin general. For example, we 
an repla
e the pattern Name,Email* in the abovewith the Any pattern, whi
h mat
hes any sequen
es.mat
h person withperson[Any, (Tel as x)℄ -> ...Using Any is 
onvenient sin
e it allows us to just ignore the parts that we donot 
are about.However, this idiom sometimes 
auses patterns to behave rather strangelyin the �rst-mat
h semanti
s. Let us 
onsider a slight variation. Suppose thatthe type Person is a
tually de�ned as followstype Person = person[Name,Email*,Tel?℄where the Tel part is now optional. A

ordingly, the pattern for extra
ting thispart would be
ome:mat
h person withperson[Any, (Tel? as x)℄ -> ...However, in the �rst-mat
h semanti
s, this pattern always binds x to the emptysequen
e. Understanding why is slightly 
ompli
ated. First, the Any patterntries to 
apture the longest possible sequen
e. This is be
ause Any is a
tuallyre
ursively de�ned astype Any = ~[Any℄,Any | ()(where ~ mat
hes any label and () is the empty sequen
e type) and the �rst
hoi
e is taken as often as possible. Likewise, the Tel? pattern also tries to
apture the longest possible sequen
e sin
e it is a
tually an abbreviation ofTel | ()and the �rst 
hoi
e is taken �rst. Finally, when these two patterns are 
on-
atenated, the �rst one is given higher priority. Consequently, the Any patternalways 
aptures the whole sequen
e, leaving the Tel? pattern only the emptysequen
e.In our new design, when a given pattern 
an \parse" an input value inmultiple ways, then the system blames it as ambiguous. For example, thepattern in the last example is ambiguous sin
e any person's 
ontent that endswith a tel 
an be parsed in two ways. To make it unambiguous, we need to bemore expli
it, e.g.,mat
h person withperson[^tel[Any℄*, (Tel? as x)℄ -> ...4



(where ^tel mat
hes any label ex
ept tel). The pattern is now slightly moreverbose, but its meaning is 
learer.Our notion of ambiguity takes the input type into a

ount. That is, we 
he
kif the given pattern is ambiguous for some value from the input type. Ambiguityfor non-input values does not matter. For example, suppose that we have thefollowing pattern where the input type is Email*,Tel,Addr?:mat
h v withAny, (Tel as x), Any -> ...This pattern is unambiguous sin
e any input value has only one tel and there-fore there is only one parse with this pattern. Note that it is ambiguous fornon-input values su
h as those with two tels. If patterns were required to beambiguous for all inputs, then the patterns would be
ome unne
essarily bigger.Therefore 
onsidering input types helps patterns more 
on
ise, and, further, itseems in our experien
es that the in
rease of the size of a pattern by disam-biguation is relatively a

eptable be
ause of this feature.In a 
on
rete language design, there are a
tually two possible de
isions forwhat the system should do when it dete
ts ambiguity: reje
tion or warning.Usually, an ambiguous pattern signals a programming error. However, we havefound that, in some 
ases, writing ambiguous patterns is reasonable. One typi
al
ase is when the appli
ation program knows, from impli
it assumptions that
annot be expressed in types, that there is only one possible parse. For example,suppose that we have a simple book database of type Book* wheretype Book = book[key[String℄, title[String℄, author[String℄℄where we assume that there is only one book entry with the same key �eldvalue. We 
an extra
t a book with a spe
i�ed key from this database by writingthe following pattern mat
h.mat
h db withBook*,book[key["Pier
e2002"℄,title[String as t℄,author[String as a℄℄,Book* -> ...Note that the above assumption for keys guarantees that the entry yielded bythis pattern mat
h is unique.Sin
e writing a unambiguous pattern is sometimes more 
ompli
ated thanan ambiguous one, requiring disambiguation even in situations that do not ne-
essitate it 
an be a heavy burden for the user. (In the above pattern, we wouldonly have to repla
e the �rst o

urren
e of Book with a type representing bookswith keys other than "Pier
e2002". However, this 
ould be
ome more 
umber-some if keys have a 
omplex stru
ture.) Therefore, in the XDu
e language, wede
ided to yield a warning for ambiguity rather than an error. In the 
ase thatthe user writes an ambiguous pattern and ignores the warning, the semanti
sof pattern mat
hing is to 
hoose an arbitrary parse among multiple possibilities(\nondeterministi
 semanti
s"). 5



3 Surfa
e Language De�nitionsIn this se
tion, we give formal de�nitions for values, types, and patterns andthen spe
ify type inferen
e and ambiguity 
he
k in terms of them.3.1 ValuesWe assume a (possibly in�nite) set L of labels, ranged over by l. A value v is asequen
e of labeled values, where a labeled value is a pair of a label and a value.We use the following syntax for writing values.v ::= () empty sequen
el[v℄ labeled valuev,v 
on
atenationFor brevity, we omit base values su
h as strings from the formalization. (The
hanges required to add them are straightforward.)Throughout this paper, we will use metavariables in itali
 and typewriterfonts inter
hangeably.3.2 Types and patternsWe �rst de�ne label 
lasses by the following syntax:L ::= l spe
i�
 label~ wild
ard labelL|L unionL\L di�eren
eWe write a negation ^L as an abbreviation for ~\L. The semanti
s of label
lasses is de�ned by a denotation fun
tion [[�℄℄ mapping label 
lasses to sets oflabels. [[l℄℄ = flg[[~℄℄ = L[[L1|L2℄℄ = [[L1℄℄ [ [[L2℄℄[[L1\L2℄℄ = [[L1℄℄ n [[L2℄℄We write l 2 L for l 2 [[L℄℄.We next de�ne the syntax and semanti
s of types and patterns. In ourprevious papers [HP03, HP02℄, we have de�ned types and patterns as separatesynta
ti
 
ategories. In this paper, for 
on
iseness, we �rst de�ne patterns andthen types as patterns 
ontaining no variable binder.We assume a 
ountably in�nite set of pattern names, ranged over by X, anda 
ountably in�nite set of variables, ranged over by x. Pattern expressions (or
6



just patterns) are now de�ned as follows.P ::= P as x variable binderL[X℄ label() empty sequen
eP,P 
on
atenationP|P 
hoi
eP* repetitionThe bindings of pattern names to patterns are given by a �xed, global, mutuallyre
ursive set E of pattern de�nitions of the following form.pat X = PNote that, in the formalization, we forbid nesting of labels and require typenames to o

ur only inside labels. This is for simpli
ity and does not lose gen-erality: any de�nitions without these restri
tions 
an be translated to ones withthe restri
tions. (To ensure that patterns 
orrespond to regular tree automata,rather than 
ontext-free grammars, we would need to impose a synta
ti
 re-stri
tion that disallows re
ursion \at the top level" of de�nitions. See [HP03℄for details.) The additional regular expression operators ? and + are obtainedas synta
ti
 sugar:P? � P|()P+ � P,P*Also, we assume the following �xed pattern de�nition in E.pat Any = ~[Any℄*Note that we take here * as a primitive operator. This is unlike our previ-ous treatment, where we de�ned P* to be a fresh name X where the followingde�nition is present.pat X = P,X | ()The reason for throwing this style away is that (1) the synta
ti
 restri
tionneeded for ensuring regularity (re
ursion variables 
an o

ur only at the rightmost positions) is more 
ompli
ated and (2) its only usefulness that we haveidenti�ed is a longest-mat
h behavior of patterns, whi
h we dis
ard anyway.(Yet another 
ompli
ation of our previous �rst-mat
h semanti
s is that somepatterns do not a
tually have the �rst mat
h. See Appendix B.)In order to ensure patterns to always yield sensible bindings, we impose a\linearity" restri
tion on them. Let rea
hable(P) be the set of all variablesrea
hable from P|that is, the smallest set satisfying the following:rea
hable(P) = bv(P) [ [X2fn(P)rea
hable(F (X));where bv(P) is the set of variables bound in P and fn(P) is the set of patternnames appearing in P. We say that a pattern P is linear i�, for any (rea
hable)subphrase P0 of P, the following 
onditions hold.7



� x 62 rea
hable(P1) if P0 = P1 as x.� rea
hable(P1) \ rea
hable(P2) = ; if P0 = P1,P2.� rea
hable(P1) = rea
hable(P2) if P0 = P1|P2.� rea
hable(P1) = ; if P0 = P1*.In the following, we assume that all patterns are linear.We de�ne the semanti
s of patterns by the relation v 2 P ) V, read \v ismat
hed by P, yielding V," where an environment V is a �nite mapping from vari-ables to values (written x1:v1,...,xn:vn). The 
on
atenation of environmentsbinding distin
t variables is written with a 
omma.v 2 P) Vv 2 (P as x)) x:v,V (EP-As)() 2 ()) ; (EP-Emp)E(X) = P l 2 L v 2 P) Vl[v℄ 2 L[X℄) V (EP-Lab)v1 2 P1 ) V1 v2 2 P2 ) V2v1; v2 2 P1,P2 ) V1,V2 (EP-Cat)v 2 P1 ) Vv 2 P1|P2 ) V (EP-Or1)v 2 P2 ) Vv 2 P1|P2 ) V (EP-Or2)vi 2 P) Vi for ea
h iv1; : : : ; vn 2 P*) V1; : : : ; Vn (EP-Rep)Note that linearity ensures that environments that are 
on
atenated in the 
on-
lusions of rules EP-As, EP-Cat, and EP-Rep have di�erent domains (e.g.,x 62 dom(V) always holds in rule EP-As). We write v 2 P when v 2 P ) V forsome V.Types are patterns from whi
h no variables are rea
hable, i.e., rea
hable(P) =;. Types are ranged over by S, T, U, et
.3.3 Type inferen
eThe goal of pattern type inferen
e is to 
ompute the \range" of a pattern,de�ned as follows. A mapping � from variables to types des
ribes the range ofa pattern P with respe
t to type T i�, for all x and v, we havev 2 �(x) i� there exists a value u 2 T su
h that u 2 P ) V for someV with V(x) = v. 8



3.4 AmbiguityWe de�ne ambiguity in terms of the relation v 2a P, read \v mat
hes P ambigu-ously." The relation is de�ned by the following set of rules.v 2a Pv 2a (P as x) (AMB-As)E(X) = P l 2 L v 2a Pl[v℄ 2a L[X℄ (AMB-Lab)v = v1,v2 = v10,v20 v1 6= v10v1 2 P1 v2 2 P2 v10 2 P1 v20 2 P2v 2a P1,P2 (AMB-Cat1)v1 2a P1 v2 2 P2v1,v2 2a P1,P2 (AMB-Cat2)v1 2 P1 v2 2a P2v1,v2 2a P1,P2 (AMB-Cat3)v 2 P1 v 2 P2v 2a P1|P2 (AMB-Or1)v 2a P1v 2a P1|P2 (AMB-Or2)v 2a P2v 2a P1|P2 (AMB-Or3)v = v1,..,vn v = v10,..,vm0 (v1; : : : ; vn) 6= (v10; : : : ; vm0)vi 2 P for ea
h i vi0 2 P for ea
h iv 2a P* (AMB-Rep1)vi 2 P for ea
h ivj 2a P for some jv1,..,vn 2a P* (AMB-Rep2)Intuitively, an ambiguity relation is derived in exa
tly the same way as the
orresponding mat
hing relation, ex
ept that the former �nds a pla
e in thederivation tree where there are more than one way of mat
hing. Su
h a pla
e
an be either in a 
on
atenation pattern (
aptured by AMB-Cat1), an alter-nation pattern (
aptured by AMB-Or1), or a repetition pattern (
aptured byAMB-Rep1). In the �rst two 
ases, the given sequen
e 
an be divided in twodi�erent ways; in the third 
ase, the given value 
an be mat
hed by both of the
hoi
es. 9



4 Tree Automata with VariablesThis se
tion introdu
es tree automata with a 
apability of variable binding. Weuse this notion in later se
tions for 
onstru
ting algorithms for ambiguity 
he
kand type inferen
e for pattern variables.4.1 Syntax and Semanti
sOur tree automata are di�erent from usual ones [CDG+99℄ in that ea
h tran-sition is asso
iated with (1) a label 
lass (instead of a single label) and (2) aset of variables. While the �rst di�eren
e is straightforward, the se
ond needssome explanation. Consider �rst the following pattern.b[℄, a[℄* as xWe en
ode this pattern by the following automaton.init // ?>=<89:;q0 b
&&
?>=<89:;76540123q1 fxg:a

&&
?>=<89:;76540123q2 fxg:a

��(We ignore the 
ontents of labels for the moment; we'll treat them in the for-mulation below.) While this automaton runs, it keeps tra
k of a \sequen
ea

umulator" asso
iated to x. When the automaton follows ea
h transitionwith a, it appends the label a to the a

umulator. In general, if the automa-ton 
ontains multiple variables, it has multiple a

umulators 
orresponding tothem. We asso
iate ea
h transition with a set of variables (rather than a singlevariable) sin
e variable binders 
an be nested, e.g., (a[℄* as x, b[℄) as y,where the same label 
an be 
aptured by multiple a

umulators.Formally, an automaton A is a tuple hQ;Qinit; Q�n; T i where� Q is a �nite set of states,� Qinit � Q is a set of initial states,� Q�n � Q is a set of �nal states, and� T is a set of transition rules of the form q l�! q where l is either X : L[q℄or �.1We also write these 
omponents by st(A), init(A), �n(A), and tr(A), respe
-tively. Note that we allow �-transitions. They are 
ru
ial in ambiguity test sin
eelimination of �-transitions does not preserve ambiguity (Se
tion 6). We say anautomaton to be �-free if it has no �-transition. We omit \X :" from a transitionrule in the 
ontext where X does not matter.1Note that ea
h transition of the form q1 X:L[q2℄�����! q3 goes from one state q1 to two statesq2 and q3. Therefore our automata 
an be seen as a variation of binary (nondeterministi
)top-down tree automata. 10



We de�ne linearity for automata. For an automaton A, let bvA(q) bethe union of all the variable sets asso
iated to the transitions rea
hable fromq. Then, we require the automaton to be linear, that is, for ea
h transitionq1 X:L[q3℄�����! q2, it has to be that (X [ bvA(q2)) \ bvA(q3) = ;. Any linearpattern will be translated to a linear automaton. Note, however, that somenon-linear patterns are translated to linear automata, e.g.,(a[℄ as x), (b[℄ as x).In other words, we 
an safely relax our de�nition of linearity for patterns sothat variables 
an 
apture non-
onse
utive sequen
es. This approa
h has beentaken by CDu
e [BCF02℄.We below present two semanti
s, one used for type inferen
e for variablesand the other for ambiguity 
he
k.In the �rst semanti
s, we formalize the behavior of tree automata with se-quen
e a

umulators informally des
ribed above. However, rather than dire
tlydealing with sequen
e a

umulation, we a
tually take two steps for the ease ofreasoning. First, an automaton annotates ea
h node of the input value with aset of variables while mat
hing the value. Then, we extra
t a value for ea
hvariable by erasing the nodes whose annotated sets do not 
ontain the vari-able. Annotated values � are values where ea
h label is annotated with a set ofvariables and de�ned by the following syntax.� ::= a[�℄X annotated label�; � 
on
atenation� empty sequen
eAgain, we omit \X" from an annotated label in the 
ontext where it does notmatter. Now, the semanti
s is des
ribed by the mat
hing relation A ` v 2 q )�, read \in automaton A, value v is a

epted by state q and yields annotatedvalue �," by the following set of rules.q1 2 �n(A)A ` � 2 q1 ) � (T-Fin)q1 X:L[q3℄�����! q2 2 tr(A) a 2 L A ` v1 2 q3 ) �1 A ` v2 2 q2 ) �2A ` a[v1℄; v2 2 q1 ) a[�1℄X ; �2 (T-Lab)q1 ��! q2 2 tr(A) A ` v1 2 q2 ) �1A ` v1 2 q1 ) �1 (T-Eps)We write A ` v ) � when A ` v 2 q0 ) � with q0 2 init(A), and write A ` vwhen A ` v ) � for some �. We obtain a binding of ea
h variable resulted from11



the mat
hing by using the fun
tion env, de�ned as follow.env(�)(x) = �env(a[�1℄X ; �2)(x) = a[erase(�1)℄; �2(x) if x 2 Xenv(a[�1℄X ; �2)(x) = env(�1)(x) if x 62 X; env(�1)(x) 6= �env(a[�1℄X ; �2)(x) = env(�2)(x) if x 62 X; env(�1)(x) = �where erase removes all the variable-set annotations from a given annotatedvalue: erase(a[�℄X) = a[erase(�)℄erase(�1; �2) = erase(�1); erase(�2)erase(�) = �To understand the de�nition of env, �rst re
all that linearity ensures that, inany annotated value resulted from a mat
hing, the same variables o

ur only inthe same sequen
e. For example, we may have an annotated valueb[a[℄fxg; a[℄fxg℄;but never b[a[℄fxg℄;; a[℄fxg:Thus, when the env fun
tion visits ea
h node of the given annotated value,there are only three 
ases that the fun
tion has to do. When the node's variableset 
ontains x, we retain this node (by erasing all the annotations in its 
ontent�1) and pro
eed to the remaining sequen
e �2. Otherwise, we skip the node andthen traverse �1. If the result of this traversal is not an empty sequen
e, thenit means that x o

urs in �1 and therefore does not in �2; so we ignore �2. Onthe other hand, if the result is an empty sequen
e, then it means that x doesnot o

ur in �1 and therefore it may in �2; so we pro
eed to �2.The se
ond semanti
s is the same as the �rst one ex
ept that it now yieldsa \path" (instead of an annotated value), whi
h keeps tra
k of all the statesthat the automaton followed during the mat
hing. We will later de�ne thatan automaton is ambiguous if it 
an yield two di�erent paths. Formally, paths,ranged over by �, �, and  , are de�ned by the following syntax.�; �;  ::= q[�℄; �q; �qThe \parsing" relation A ` v 2 q ) � is de�ned by the following set of rules.q1 2 �n(A)A ` � 2 q1 ) q1 (TP-Fin)q1 X:L[q3℄�����! q2 2 tr(A) a 2 L A ` v1 2 q3 ) �1 A ` v2 2 q2 ) �2A ` a[v1℄; v2 2 q1 ) q1[�1℄; �2 (TP-Lab)12



q1 ��! q2 2 tr(A) A ` v 2 q2 ) �2A ` v 2 q1 ) q1; �2 (TP-Eps)We write A ` v ) � when A ` v 2 q ) � with q 2 init(A). We say that Ais ambiguous for v if A ` v ) � and A ` v ) �0 with � 6= �0, and that A isambiguous with respe
t to another automaton B if A is ambiguous for some vsu
h that B ` v.We 
an 
onstru
t an algorithm that translates a pattern to an automatonwith variables that yield the same bindings as the pattern with the same am-biguity. The translation is obtained by modifying Thompson's algorithm forautomata 
onstru
tion from string regular expressions [HU79℄ so as to treatlabel 
lasses, 
ontents of labels, and variables. Sin
e the algorithm is quitestandard, we give it in Appendix A. However, it is important to note that notall automata 
onstru
tion algorithms preserve ambiguity. For example, fromthe trivially unambiguous pattern a[℄, a 
onstru
tion algorithm may produ
ethe following automaton init // ?>=<89:;q0 a[℄
&& a[℄ 66
?>=<89:;76540123q1 ?>=<89:;76540123q2whi
h is ambiguous.In the rest of this se
tion, we present two standard operations on tree au-tomata (in a slight variation), elimination of useless states and elimination ofepsilon transitions. These will be used in the algorithms for ambiguity 
he
kand type inferen
e.4.2 Useless States EliminationThis operation removes, from a given automaton, all the states that are notrea
hable from the initial states and those that are not mat
hed by any value.We de�ne rea
hA(q) as the set of states rea
hable from q and B = ;-elim(A)as follows.st(B) = fq j q 2 rea
hA(init(A)); 9v: A ` v 2 qginit(B) = init(A) \ st(B)�n(B) = �n(A) \ st(B)tr(B) = fq1 X:L[q2℄�����! q3 2 tr(A) j q1; q2; q3 2 st(B); L 6= ;gThere is a well-known linear-time algorithm for useless states elimination [CDG+99℄.We 
an easily prove the following expe
ted properties.4.1 Lemma: Let B = ;-elim(A). Then, A ` v ) � if and only B ` v ) �.Moreover, A ` v ) � if and only B ` v ) �.13



Proof: The result follows from a stronger statement: A ` v 2 q ) � withq 2 rea
hA(init(A)) if and only if B ` v 2 q ) �. The proof 
an be doneby straightforward indu
tion on the derivation. The se
ond statement of thelemma 
an also be proved in a similar way. �4.3 Epsilon EliminationThis operation is exa
tly the same as the usual epsilon elimination. That is,we �rst de�ne the fun
tion �-
los to 
ompute the set of states rea
hable by�-transitions from a given state:�-
losA(q1) = fq2 j q1 ��!� q2 2 tr(A)g(q1 ��!� qn 2 tr(A) means qi ��! qi+1 2 tr(A) for all i = 1; : : : ; n� 1 with n � 1.)Then, we de�ne B = �-elim(A) as follows.st(B) = st(A)init(B) = init(A)�n(B) = fq1 2 st(A) j �-
losA(q1) \ �n(A) 6= ;gtr(B) = fq1 X:L[q3℄�����! q2 j q4 2 �-
losA(q1); q4 X:L[q3℄�����! q2 2 tr(A)g4.2 Lemma: Let B = �-elim(A). Then, A ` v ) � if and only B ` v ) �.Proof: We show the lemma by a stronger statement: q ��!� q0 2 tr(A) andA ` v 2 q0 ) � for some q0 if and only if B ` v 2 q ) �. Both dire
tions 
anbe proved by straightforward indu
tion on the derivation. �5 Type Inferen
e AlgorithmThis se
tion presents our algorithm for inferring types for pattern variables.Given an input type A and a pattern B (both represented by tree automatade�ned in Se
tion 4), the inferen
e algorithm works in two steps. First, wespe
ialize B with respe
t to A su
h that the resulting automaton C behavesexa
tly the same as B ex
ept that it a

epts only values from A. For this, weuse produ
t 
onstru
tion where we preserve the variable binding behavior in B.Se
ond, we obtain, for ea
h variable x, an automaton Dx su
h that Dx a

eptsa value v if and only if C a

epts some value from A and yields a binding of xto v. We 
ompute this automaton from C by retaining all transitions with theannotated set 
ontaining x and eliminating all the other.Formally, given �-free automata A and B, we �rst take the produ
t of themand then eliminate useless states. (Note that �-elimination preserves the bindingbehavior.) C = ;-elim(A�B)
14



Here, A�B is de�ned as follows.st(A�B) = st(A) � st(B)init(A�B) = init(A)� init(B)�n(A�B) = �n(A)� �n(B)tr(A�B) = 8><>:hp1; q1i X:(K\L)[hp3;q3i℄�����������! hp2; q2i ����� K \ L 6= ;p1 K[p3℄���! p2 2 tr(A);q1 X:L[q3℄�����! q2 2 tr(B) 9>=>;Note that, unlike usual produ
t 
onstru
tion, for ea
h pair of transitions (onefrom A and the other from B), we take the interse
tion of the label 
lasses ofthe two transitions, and that we retain the set of variables in the transition fromB. We then obtain the following automaton Dx for ea
h variable x.st(Dx) = fr; r̂ j r 2 st(C)ginit(Dx) = fr̂ j r 2 init(C)g�n(Dx) = fr; r̂ j r 2 �n(C)gtr(Dx) = �r̂1 L[r3℄���! r̂2 ��� r1 X:L[r3℄�����! r2 2 tr(C); x 2 X�[ �r̂1 ��! r̂2 ��� r1 X:L[r3℄�����! r2 2 tr(C); x 62 X; x 2 bv(r2)�[ �r̂1 ��! r̂3 ��� r1 X:L[r3℄�����! r2 2 tr(C); x 62 X; x 62 bv(r2)�[ �r1 L[r3℄���! r2 ��� r1 X:L[r3℄�����! r2 2 tr(C)�The automaton Dx has exa
tly twi
e as many states as the automaton C, i.e.,it has states ri and r̂i for ea
h state ri in C. Intuitively, ri in Dx a

epts exa
tlythe same set of values as ri in C, whereas r̂i in Dx a

epts the set of values towhi
h ri in C binds x. Therefore, in the 
onstru
tion of Dx, we 
opy all thetransitions from C to Dx relevant to the �rst kind of states. For the se
ondkind, we 
reate a transition in Dx from ea
h transition r1 X:L[r3℄�����! r2 in C asfollows. First, if X 
ontains x, then we 
reate a transition r̂1 L[r3℄���! r̂2 in Dx,where, for the remainder sequen
e, the transition goes to r̂2 sin
e there may bevariables there, whereas, for the 
ontent, it goes to r3 sin
e we want to simply
apture the whole value mat
hed by r3. Se
ond, if X does not 
ontain x, thenx may o

ur in r2, r3, or neither; re
all that linearity ensures x to never o

urin both. Therefore, we 
reate an �-transition from r̂1 to r̂2 if x o

urs in r2, andone from r̂1 to r̂3 otherwise.We 
an prove that the algorithm is sound and 
omplete. We �rst show theexpe
ted properties of produ
t 
onstru
tion and a te
hni
al lemma to 
hara
-terize the �rst kind of states. The main theorems follows after these.5.1 Lemma: A ` v 2 p1 and B ` v 2 q1 ) � if and only if A � B ` v 2hp1; q1i ) �. 15



Proof: Both dire
tions 
an be proved by straightforward indu
tion on thederivation(s). �5.2 Lemma: For ea
h x, if C ` v 2 r1, then Dx ` v 2 r1, and vi
e versa.Proof: Both dire
tions 
an be proved by a straightforward indu
tion on thederivation. �5.3 Theorem [Soundness℄: If Dx ` w, then C ` v ) � and w = env(�)(x)for some v; �.Proof: We prove a stronger statementif Dx ` w 2 r̂1, then C ` v 2 r1 ) � and w = env(�)(x) for somev; �.by indu
tion on the derivation of Dx ` w 2 r̂1.Case T-Fin: r̂1 2 �n(Dx) w = �By the de�nition of �, we have r1 2 �n(C). The result follows from T-Fin.Case T-Lab: w = a[w1℄; w2 r̂1 L[r4℄���! r̂3 2 tr(Dx)Dx ` v1 2 r4 Dx ` v2 2 r̂3By the the indu
tion hypothesis, C ` v2 2 r3 ) �2 with w2 = env(�2)(x).Also, r̂1 L[r4℄���! r̂3 2 tr(Dx) implies that r1 X:L[r4℄�����! r3 2 tr(C) and x 2 X . ByLemma 5.2, C ` w1 2 r4 ) �1 for some �1. From these and T-Lab, we obtainC ` a[w1℄; v2 2 r1 ) a[�1℄X ; �2. Further, env(a[�1℄X ; �2) = a[erase(�1)℄; env(�2)(x) =a[w1℄; w2 = w. The result follows.Case T-Eps: r̂1 ��! r̂3 2 tr(Dx) Dx ` w 2 r̂3By the the indu
tion hypothesis, C ` v2 2 r3 ) �2 with w = env(�2)(x) forsome v2; �2. We have two sub
ases.� r1 X:L[r4℄�����! r3 2 tr(C) and x 62 X with x 62 bv(r4). From the de�ni-tion of C, there are v1; �1 su
h that C ` v1 2 r4 ) �1. In addition,take some a from L. Then, by T-Lab, we obtain C ` a[v1℄; v2 2 r1 )a[�1℄X ; �2. Further, from x 62 bv(r4), we have x 62 bv(�1) and thereforeenv(a[�1℄X ; �2)(x) = env(�2)(x) = w.� r1 X:L[r3℄�����! r4 2 tr(C) and x 62 X with x 2 bv(r3). From the de�nition ofC, there are v1; �1 su
h that C ` v1 2 r4 ) �1. In addition, take some afrom L. Then, by T-Lab, we obtain C ` a[v2℄; v1 2 r1 ) a[�2℄X ; �1. Wehave further two sub
ases.{ When x 2 bv(�2), we have env(a[�2℄X ; �1)(x) = env(�2)(x) = w.The result follows.{ When x 62 bv(�2), we have env(a[�2℄X ; �1)(x) = env(�1)(x). Fur-ther, sin
e x 2 bv(r3) implies x 62 bv(r4) by the variable restri
tion,we have x 62 bv(�1) and therefore env(�1)(x) = �. On the otherhand, x 62 bv(�2) implies w = env(�2)(x) = �. The result follows. �16



5.4 Theorem [Completeness℄: If C ` v ) � and w = env(�)(x) for somev; �, then Dx ` w.Proof: We prove a stronger statementIf C ` v 2 r1 ) � and w = env(�)(x) for some v; �, then Dx ` w 2r̂1.by indu
tion on the derivation of C ` v 2 r1 ) �.Case T-Fin: r1 2 �n(C) v = � = �The result immediately holds sin
e r̂2 2 �n(Dx).Case T-Lab: r1 X:L[r4℄�����! r3 2 tr(Dx) v = a[v1℄; v2 � = a[�1℄X ; �2a 2 L C ` v1 2 r4 ) �1 C ` v2 2 r3 ) �2By the the indu
tion hypothesis, we obtain the following.Dx ` env(�2)(x) 2 r̂3 (1)Dx ` env(�1)(x) 2 r̂4 (2)We have three 
ases.� x 2 X . This implies w = a[erase(�1)℄; env(�2)(x). Also, r̂1 L[r4℄���! r̂3 2tr(Dx). By Lemma 5.2, Dx ` erase(�1) 2 r4. With (1) and T-Lab, theresult follows.� x 62 X and x 2 bv(�1). This implies w = env(�1)(x). Also, x 2 bv(r4)and therefore r̂1 ��! r̂4 2 tr(Dx). With (2) and T-Eps, the result follows.� x 62 X and x 62 bv(�1). This implies w = env(�2)(x). We have furthertwo sub
ases.{ x 62 bv(r4). Then, r̂1 ��! r̂3 2 tr(Dx) and therefore the result followsfrom (1) and T-Eps.{ x 2 bv(r4). Then, x 62 bv(r3) and therefore x 62 bv(�2), implyingw = env(�2)(x) = �. Also, r̂1 ��! r̂4 2 tr(Dx). On the other hand,from x 62 bv(�1), we have env(�1)(x) = �. The result follows from(2) and T-Eps. �6 Ambiguity 
he
k algorithmThis se
tion presents our algorithm for 
he
king ambiguity for tree automatade�ned in Se
tion 4.Although our goal is ambiguity for tree automaton with �-transitions withrespe
t to a given input type (represented by another tree automaton), let us�rst 
onsider a mu
h more simpli�ed setting: ambiguity for string automatawith no �-transition and no input type. Con
retely, given a string automaton17



B, 
he
k whether there are two di�erent a

epting paths (i.e., a path from aninitial state to a �nal state) that spell out the same string.The simplest algorithm for it would be the following.21. Take the produ
t C = B �B;2. Eliminate all the useless states from C;3. Answer \ambiguous" if and only if there is a state hq; q0i with q 6= q0.We 
an easily see why it is 
orre
t by observing that if there are two di�erenta

epting paths in B q1 : : : qn q01 : : : q0nboth spelling out a string s, then there is an a

epting pathhq1; q01i : : : hqn; q0nispelling out s where qi 6= q0i for some i, and vi
e versa. (Note that hqi; q0ii is notuseless in C sin
e it is in the a

epting path.)The algorithm be
omes more 
ompli
ated if the given automaton may 
on-tain �-transitions. First, we 
annot just eliminate those transitions sin
e thisdoes not ne
essarily preserve ambiguity. For example, the following automatonis ambiguous, but �-elimination makes it unambiguous.init // ?>=<89:;q0 � //

a
((?>=<89:;q1 a // ?>=<89:;76540123q2(This automaton is never produ
ed by the translation in Appendix A, but we
an easily �nd an ambiguous automaton resulted from the translation whose�-elimination is unambiguous, e.g., a**.)Therefore we dire
tly treat �-transitions in our ambiguity 
he
king algorithm.We would like to obtain the algorithm based on the one above, but then what isprodu
t 
onstru
tion with �-transitions? It is wrong to just 
reate a transitionhq1; q2i ��! hq3; q4i whenever there are transitions q1 ��! q2 and q3 ��! q4. Asa 
ounter example, if we take the produ
t of the above automaton and itself,then we obtain exa
tly the same as the original one ex
ept the states ea
hbe
ome hq0; q0i, hq1; q1i, and hq2; q2i, whi
h does not respe
t the fa
t that thetwo transitions with a are \ra
ing." The right way of produ
t 
onstru
tion istherefore to 
reate an �-transition whenever there is an �-transition in either ofthe original automata. For example, the produ
t of the following automatonand itself init // ?>=<89:;q0 � // ?>=<89:;76540123q1is the following.init // ONMLHIJKq0; q0 � //

�
((

ONMLHIJKq1; q0 � 66
ONMLHIJKq1; q0 � // ONMLHIJKGFED@ABCq1; q12This algorithm was suggested by Sanjeev Kanna.18



The subtlety is that we 
annot judge unambiguity by whether ea
h resultingstate is a pair of the same state in the original automaton. For example, theinput automaton above is unambiguous, but the resulting automaton 
ontainsthe states hq1; q0i and hq0; q1i, whi
h are pairs of di�erent states in B. Note,however, that these states arise from the fa
t that the �-transition from hq0; q0ito hq1; q0i o

urs by moving from q0 to q1 in the �rst 
omponent of the produ
tand staying in q0 in the se
ond 
omponent; similarly for the other transitions.From this observation, we 
an know that there is a
tually only one path fromq0 to q1: 
he
k that, for ea
h path from hq0; q0i to hq1; q1i in C, the sequen
eof the states in the �rst 
omponent is the same as that of the states in these
ond 
omponent modulo 
onse
utive dupli
ates. One small 
are is needed:
onse
utive dupli
ates may arise from a 
y
li
 �-transition from one state to thesame. However, sin
e this immediately means ambiguity, we 
an eliminate thispossibility in the �rst pla
e.The remaining is to extend the algorithm for tree automata and input types.The �rst is straightforward: we 
an simply repla
e the produ
t 
onstru
tion anduseless states elimination for string automata by the 
orresponding ones for treeautomata. (Useless states elimination is already presented in Se
tion 4.2. Forprodu
t 
onstru
tion, we need a slight modi�
ation of the one in Se
tion 5to treat �-transitions.) For the se
ond, we use the same te
hnique as used inSe
tion 5: take another produ
t 
onstru
tion of the input type and the aboveself-produ
t.Formally, let us de�ne the set of pivot states of an automaton Bpivot(B) = fq1; q2; q3 j q1 L[q2℄���! q3 2 tr(B)g [ init(B) [ �n(B):Also, de�nedupelim(�) = �dupelim(q1q2 : : : qn) = � dupelim(q2 : : : qn) (q1 = q2)q1dupelim(q2 : : : qn) (q1 6= q2):Given automata A and B where A is �-free, we �rst 
omputeD = ;-elim(A�B �B):Here, A�B is de�ned by:st(A�B) = st(A) � st(B)init(A�B) = init(A)� init(B)�n(A�B) = �n(A)� �n(B)tr(A�B) = 8><>:hp1; q1i X:(K\L)[hp3;q3i℄�����������! hp2; q2i ����� K \ L 6= ;p1 K[p3℄���! p2 2 tr(A);q1 X:L[q3℄�����! q2 2 tr(B) 9>=>;[nhp; q1i ��! hp; q2i j p 2 st(A); q1 ��! q2 2 tr(B)oFor hp; q; ri 2 pivot(D), we de�ne the predi
ate amb
hk(hp; q; ri) as either ofthe following holds. 19



1. q 6= r2. For some hpi; qi; rii ��! hpi+1; qi+1; ri+1i 2 tr(D) (i = 1; : : : ; n � 1) wherehp1; q1; r1i = hp; q; ri and hpn; qn; rni 2 pivot(D), either(a) hpi; qi; rii = hpi+1; qi+1; ri+1i for some i, or(b) dupelim(q1 : : : qn) 6= dupelim(r1 : : : rn).We then answer \ambiguous" if and only if amb
hk(hp; q; ri) holds for allhp; q; ri 2 pivot(D).We 
an prove that the algorithm is both sound and 
omplete. The maintheorems follow after a te
hni
al lemma on produ
t 
onstru
tion.6.1 Lemma: A ` v 2 p1 and B ` v 2 q1 ) � for some � if and only ifA�B ` v 2 hp1; q1i )  for some  .Proof: Both dire
tions 
an be proved by straightforward indu
tion on thederivation(s). �6.2 Theorem [Soundness℄: If the above algorithm answers \ambiguous," thenB is ambiguous w.r.t. A.Proof: We prove a stronger statement: for all hp; q; ri 2 pivot(D), if there ishp0; q0; r0i 2 rea
hD(hp; q; ri) \ pivot(D) that satis�es amb
hk(hp; q; ri), thenA ` v 2 p with B ` v 2 q ) � and B ` v 2 r )  where � 6=  . Sin
ehp0; q0; r0i is rea
hable from hp; q; ri, there are(hp; q; ri =) hp1; q1; r1i; : : : ; hpn; qn; rni (= hp0; q0; r0i) 2 pivot(D)su
h that, for ea
h i = 1; : : : ; n� 1, eitherA hpi; qi; rii ��!+ hpi+1; qi+1; ri+1i 2 tr(D),B hpi; qi; rii L[hpi+1;qi+1;ri+1℄i������������! hp00; q00; r00i 2 tr(D) for some hp00; q00; r00i, orC hpi; qi; rii L[hp00;q00;r00i℄��������! hpi+1; qi+1; ri+1i 2 tr(D) for some hp00; q00; r00i.The proof pro
eeds by indu
tion on n.In the 
ase n = 1, we have two 
ases.� (1) holds. Sin
e D is �-free, hp; q; ri a

epts some value v, i.e., D ` v 2hp; q; ri. Therefore we have, by Lemma 6.1, A ` v 2 p with B ` v 2 q ) �and B ` v 2 r )  . Sin
e q 6= r, we obtain � 6=  .� (2) holds. First, there arehp; q0j ; r0ji ��! hp; q0j+1; r0j+1i 2 tr(D) (j = 1; : : : ; k � 1)where hp; q01; r01i = hp; q; ri and hp; q0k; r0ki 2 pivot(D). Sin
e hp; q0k; r0kia

epts some value v, we know, by Lemma 6.1, that A ` v 2 p with20



B ` v 2 q0k ) � and B ` v 2 r0k )  . Therefore B ` v 2 q0k )�0� and B ` v 2 r0k )  0 with dupelim(�0) = dupelim(q01 : : : q0k)and dupelim( 0) = dupelim(r01 : : : r0k). If (2a) holds, i.e., hp; q0j ; r0ji =hp; q0j+1; r0j+1i for some j, then either q0j ��! q0j 2 tr(B) or r0j ��! r0j 2 tr(B).In the �rst 
ase, we 
an 
learly �nd �00 su
h that B ` v 2 q01 ) �00�where �0 6= �00 and dupelim(�0) = dupelim(�00); similarly for the se
ond
ase. If (2a) does not hold, i.e., hp; q0j ; r0ji 6= hp; q0j+1; r0j+1i for any j, thendupelim( 0) =  0 and dupelim(�0) = �0. Moreover, sin
e (2b) musthold, dupelim(q01 : : : q0k) 6= dupelim(r01 : : : r0k); thereby the result follows.In the 
ase n > 1, there are three 
ases given above.A By the indu
tion hypothesis, A ` v2 2 p2 with B ` v2 2 q2 )  2 andB ` v2 2 r2 ) �2 where  2 6= �2, for some v2;  2; �2. From the de�nitionof D, there are p ��!+ p2 2 tr(A) and q ��!+ q2; r ��!+ r2 2 tr(B).Therefore the result follows.B By the indu
tion hypothesis, A ` v2 2 p2 with B ` v2 2 q2 )  2 andB ` v2 2 r2 ) �2 where  2 6= �2, for some v2;  2; �2. In addition,sin
e hp00; q00; r00i a

epts some value, we have A ` v00 2 p00 with B `v00 2 q00 )  00 and B ` v00 2 r00 ) �00, for some v00;  00; �00 (where  00and �00 are possibly equal). Take some a from N and let v = a[v2℄; v00with � = q[�2℄; �00 and  = q[ 2℄;  00. From the de�nition of D, thereare p K[p2℄���! p00 2 tr(A) and q L[q2℄���! q00; r M [r2℄����! r00 2 tr(B) whereN = K \ L \M . Therefore the result follows.C Similar to B. �6.3 Theorem [Completeness℄: If B is ambiguous w.r.t. A, then the abovealgorithm answers \ambiguous."Proof: We prove the result by showing a stronger statement: Let A ` v 2 pwith B ` v 2 q ) � and B ` v 2 r )  where p 2 rea
hA(init(A)) andq = r 2 pivot(B) \ rea
hB(init(B)). If � 6=  , then amb
hk(hp; q; ri). (Theresult follows from this sin
e, when q; r 2 init(B), either q 6= r and (1) holds,or q = r and the above statement implies the result.) The proof pro
eeds bysimultaneous indu
tion on the derivations of A ` v 2 p, B ` v 2 q ) �, andB ` v 2 r )  .Case: v = � p 2 �n(A) q; r 2 �n(B)This 
ase never arises sin
e � = q = r =  .Case: v = a[v00℄; v0 a 2 K a 2 L a 2Mp K[p00℄����! p0 2 tr(A) q L[q00℄���! q0; r M [r00℄����! r0 2 tr(B)A ` v0 2 p0 A ` v00 2 p00B ` v0 2 q0 ) �0 B ` v00 2 q00 ) �00B ` v0 2 r0 )  0 B ` v00 2 r00 )  00� = q[�00℄; �0  = r[ 00℄;  021



From � 6=  , either �00 6=  00 or �0 6=  0. Further, by the de�nition of D, thereis hp; q; ri (K\L\M)[hp00;q00;r00i℄��������������! hp0; q0; r0i 2 tr(D):If q00 6= r00 or q0 6= r0, then (1) holds. Otherwise, the result follows by theindu
tion hypothesis.Case: qi ��! qi+1 2 tr(B) (i = 1; : : : ; n� 1)ri ��! ri+1 2 tr(B) (i = 1; : : : ;m� 1)B ` v 2 qn ) �0 B ` v 2 rm )  0q = q1 r = r1 qn; rm 2 pivot(B)� = q1 : : : qn�0  = r1 : : : rm 0By the de�nition ofD, we have hp; q0i; r0ii ��! hp; q0i+1; r0i+1i 2 tr(D) (i = 1; : : : ; l�1) where dupelim(q1 : : : qn) = dupelim(q01 : : : q0l) and dupelim(r1 : : : rm) =dupelim(r01 : : : r0l). In addition, from qn; rm 2 pivot(B), we have hp; qn; rmi 2pivot(D).Let us assume qn = rm (otherwise (1) holds). From � 6=  , either �0 6=  0or q1 : : : qn 6= r1 : : : rm. In the �rst 
ase, the result follows by the indu
tionhypothesis. In the se
ond 
ase, let assume hp; q0i; r0ii 6= hp; q0i+1; r0i+1i for anyi (otherwise (2a) holds). Then, we have dupelim(q1 : : : qn) = q1 : : : qn anddupelim(r1 : : : rm) = r1 : : : rm sin
e otherwise, by the de�nition of D, we 
an�nd i su
h that q0i = q0i+1 and r0i = r0i+1. Therefore (2b) holds. �7 Related workPattern mat
hing is a popular idiom in designs of XML pro
essing languages and
an be found in a variety of styles. The design of pattern mat
hing given in thepresent paper is derived from our previous proposal [HP02℄ by repla
ing the �rst-mat
h semanti
s with the nondeterministi
 semanti
s plus the ambiguity 
he
k.The design based on the �rst-mat
h has been further adopted and extendedin the design of the CDu
e language [BCF02℄ (in parti
ular, they in
orporate\shortest-mat
h" pattern 
onstru
ts). Sin
e XDu
e and CDu
e are fun
tionallanguages in
uen
ed by the ML family [MTH90, LVD+96, et
.℄, these use asingle-mat
h semanti
s of pattern mat
hing, where a su

essful mat
h yieldsjust one binding. On the other hand, many query languages for XML use theall-mat
hes style, whi
h yields a set of bindings 
orresponding to all possiblemat
hes [DFF+98, AQM+97, CS98, CG00, NS00, Cla99, NS98, Mur97℄. More
omparisons of the expressiveness of various pattern mat
hing designs 
an befound in [HP02℄.Various forms of type inferen
e problems have also been a hot topi
 in thearea of stati
 typing for XML. The inferen
e algorithm presented in this paper
an be seen as a variation of our previous algorithm for the �rst-mat
h patternmat
hing (though the presentation is quite di�erent). On one hand, the presentalgorithm is simpler in the sense that it does not need to treat \values already
aptured by the patterns of higher priority," whi
h arises from the �rst-mat
hsemanti
s. On the other hand, the present algorithm improves the previous one22



in the 
apability of the pre
ise inferen
e for pattern variables in non-tail posi-tions. Other various type inferen
e te
hniques 
an be found for query languages[MS99, PV00, MSV00, Toz01℄. All of these te
hniques use produ
t 
onstru
tionof automata like ours. However, their te
hniques do not 
ontain our treat-ment of sequen
e-
apturing pattern variables and the automata en
oding using\sequen
e-a

umulators." Finally, an inferen
e algorithm similar to ours has in-dependently been developed and presented by Fris
h, Castagna, and Benzaken[FCB02℄ (their algorithm further treats more 
omplex pattern 
onstru
ts su
has interse
tion patterns).Ambiguity for string regular expressions and automata has been a 
lassi
alquestion [BEGO71, BK93℄. Using terminology in [BK93℄, our ambiguity 
an be
ategorized as strong ambiguity, whi
h requires uniqueness of 
orresponden
ebetween subexpressions of the regular expression and subsequen
es of the givenvalue (besides the fa
t that we treat trees rather than strings and takes inputtypes into a

ount). In the same paper, a 
he
king pro
edure for strong am-biguity is given as a redu
tion to an ambiguity 
he
king algorithm for LR(0)grammars. We are not aware of any presentation of any simple algorithm asours dire
tly operating on automata. Kawagu
hi has developed an algorithm fordete
ting weak ambiguity for tree grammars (like us) [Kaw01℄, whi
h requiresuniqueness of 
orresponden
e between labels in the regular expression and la-bels in the value. Although his algorithm uses produ
t 
onstru
tion for stringautomata many times and is quite 
omplex, the essen
e seems to be similar toour algorithm (in fa
t, we believe that we 
an obtain an algorithm for 
he
kingweak ambiguity by a slight modi�
ation of our algorithm).Vansummeren has re
ently reported yet another approa
h to regular expres-sion pattern mat
hing [Van03℄. The paper raises an issue of a mismat
h betweena \normal" intuition behind the longest mat
h and the simulation of the longestmat
h by the �rst mat
h and re
ursion. The proposed semanti
s deals with thisby treating the �rst-mat
h and the longest-mat
h poli
ies separately.8 Con
lusionsIn this paper, we have presented a design of regular expression pattern mat
hing.This design is an improvement of our previous proposal of pattern mat
hing,where we drop the �rst-mat
h priority rules from the semanti
s and insteadperform an ambiguity 
he
k, thus making the behavior of pattern mat
hingsimpler and more intuitive. Furthermore, related to the pattern mat
hing de-sign, we have des
ribed two algorithms, type inferen
e for pattern variables andambiguity 
he
king.We have in
orporated this design in the implementation of the XDu
e sys-tem (available at xdu
e.sour
eforge.net) [HP03℄. One issue here is that the
urrent language has a support for attribute types [HM02℄ in the style of RE-LAX NG s
hemas [CM01℄, whi
h the algorithms in this paper do not deal with.We have already �gured out how to extend the type inferen
e for this featureand have implemented it. For the ambiguity 
he
king, an extension is left for23



future work.APPENDIXA Translation from patterns to tree automatawith variablesIn this se
tion, we show an algorithm to translate a pattern to a tree automatonwith variables. The translation not only produ
es an automaton yielding thesame variable bindings as the original pattern, but also preserves its ambiguity.Given a \starting" pattern P0 and a pattern de�nition E, we 
reate anautomaton AallP0;; whereAallP;X = * QE(P);X [SY2dom(E)(QE(Y);; [ fqYg);QinitP;X ;Q�nP;X [SY2dom(E)Q�nE(Y);;;TP;X [SY2dom(E)(TE(Y);; [ (fqYg ��! QinitE(Y);;)) +and hQP;X ; QinitP;X ; Q�nP;X ; T�nP;Xi = AP;X is indu
tively de�ned as follows.A();X = hfq1g; fq1g; fq1g; ;iAL[Y℄;X = hfq1; q2g; fq1g; fq2g; fq1 X:L[qY℄�����! q2giA(P1,P2);X = h QP1;X [QP2;X ; QinitP1;X ; Q�nP2;X ;TP1;X [ TP2;X [ (Q�nP1;X ��! QinitP2;X)iA(P1|P2);X = hQP1;X [QP2;X ; QinitP1;X [QinitP2;X ; Q�nP1;X [Q�nP2;X ; TP1;X [ TP2;XiAP*;X = h QP;X [ fq1; q2g; nfq1g; fq2g;TP;X [ ((Q�nP;X [ fq1g) ��! (QinitP;X [ fq2g))iA(P as x);X = AP;X[fxgHere, Q1 l�! Q2 means fq1 l�! q2 j q1 2 Q1; q2 2 Q2g.We 
an prove that the original pattern and the automaton obtained fromthe translation behave the same.A.1 Theorem: For any value v, we have v 2 P) V if and only if AallP;; ` v ) �with env(�)(x) = V(x) for ea
h x.Proof: We show this theorem by proving a stronger statement:For any value v, we have v 2 P) V if and only if AallP;X ` v ) � withenv(�)(x) = V(x) for ea
h x 2 bv(P) nX .Indu
tion on the lexi
ographi
 order of (jvj; jPj). We below show only in-teresting 
ases; other 
ases follows from a straightforward use of the indu
tionhypothesis. 24



Case P=P1,P2 :By the indu
tion hypothesis, we have v 2 Pi ) V if and only if AallPi;X ` v ) �with env(�)(x) = V(x) for ea
h x 2 bv(Pi) nX for i = 1; 2. The remaining isto show: AallP1;X ` v1 2 q ) �1 and AallP2;X ` v2 ) �2 if and only if Aall(P1,P2);X `v 2 q ) � with q 2 QP1;X , v = v1; v2, and � = �1; �2. We 
an prove the \onlyif" dire
tion by indu
tion on the derivation of AallP1;X ` v1 2 q ) �1, and the
onverse by indu
tion on the derivation of Aall(P1,P2);X ` v 2 q ) �.Case P=P0* :By the indu
tion hypothesis, we have v 2 P0 ) V if and only if AallP0;X ` v ) �with env(�)(x) = V(x) for ea
h x 2 bv(P0) n X . The remaining is to show:AallP0;X ` v0 2 q ) �0 and AallP0;X ` vi ) �i for i = 1; : : : ; n if and only ifAallP0*;X ` v 2 q ) � with q 2 QallP0;X , v = v0; v1; : : : ; vn and � = �0; �1; : : : ; �n.We 
an prove the \only if" dire
tion by indu
tion on the lexi
ographi
 order ofthe pair of the derivation of AallP0;X ` v0 2 q ) �0 and n, and the 
onverse byindu
tion on the derivation of AallP0*;X ` v 2 q ) �, where n 
oin
ides with thenumber of transitions from Q�n ��! (Qinit [ fq2g) to be used in mat
hing v.Case P=(P0 as x) :We 
an show that, for any P and X , if AP;X ` v ) � and x 2 X , thenenv(�)(x) = v, by indu
tion on the stru
ture of P. The result follows from theindu
tion hypothesis. �Next, we prove that the ambiguity of a given pattern is preserved by thetranslation. First, the following 
orollary of the last theorem is useful in theproof.A.2 Corollary: v 2 P if and only if AallP;X ` v ) � for some �Proof: The result follows from Theorem A.1 and the easy fa
t that AallP;X `v ) � for some � if and only if AallP;X ` v ) � for some �. �A.3 Theorem: v 2a P if and only if AallP;X is ambiguous for v.Proof: The \only if" dire
tion pro
eeds by indu
tion on the derivation ofv 2a P.Case AMB-As: P = P1 as x v 2a P1By the indu
tion hypothesis, AallP1;X[fxg ` v ) �1 and AallP1;X[fxg ` v ) �01 with�1 6= �01. The result follows sin
e AallP1;X[fxg = AallP;X by de�nition.Case AMB-Lab: P = L[X℄ v = l[v1℄ l 2 L v1 2a E(X)By the indu
tion hypothesis, AallE(X);; ` v1 ) �1 and AallE(X);; ` v1 ) �01 with�1 6= �01. Let q1, q2 be the states introdu
ed in 
onstru
ting AP;X . Then,AallP;X ` v ) q1[�1℄; q2 and AallP;X ` v ) q1[�01℄; q2. The result follows.25



Case AMB-Cat1: v = v1,v2 = v10,v20 v1 6= v10v1 2 P1 v2 2 P2 v10 2 P1 v20 2 P2By Corollary A.2, we have AallPi;X ` vi ) �i and AallPi;X ` v0i ) �0i for i = 1; 2.By de�nition of A, we have AallP;X ` v ) �1; �2 and AallP;X ` v ) �01; �02. Sin
ev1 6= v01, we have �1 6= �01. Further, sin
e st(AP1;X) \ st(AP2;X) = ;, we have�1; �2 6= �01; �02. The result follows.Case AMB-Cat2: P = P1,P2 v = v1,v2v1 2a P1 v2 2 P2By the indu
tion hypothesis, AallP1;X ` v1 ) �1 and AallP1;X ` v1 ) �01 with�1 6= �01. Moreover, by Corollary A.2, we have AallP2;X ` v2 ) �2. By thede�nition of A, we obtain AallP;X ` v ) �1; �2 and AallP;X ` v ) �01; �2. The resultfollows.Case AMB-Cat3: P = P1,P2 v = v1,v2v1 2 P1 v2 2a P2Similar to the previous 
ase.Case AMB-Or1: P = P1|P2 v 2 P1 v 2 P2The result follows from Corollary A.2 and st(AP1;X) \ st(AP2;X) = ;.Case AMB-Or2/Or3:The result follows from straightforward uses of the indu
tion hypothesis.Case AMB-Rep1: P = P1* v = v1,..,vn v = v10,..,vm0(v1; : : : ; vn) 6= (v10; : : : ; vm0)vi 2 P1 for ea
h i vi0 2 P1 for ea
h iBy Corollary A.2, we have AallP1;X ` vi ) �i for i = 1; : : : ; n and AallP1;X ` vi ) �0ifor i = 1; : : : ;m. By de�nition of A, we have AallP;X ` v ) �1; : : : ; �n and AallP;X `v ) �01; : : : ; �0m. Sin
e (v1; : : : ; vn) 6= (v10; : : : ; vm0), we have (�1; : : : ; �n) 6=(�01; : : : ; �0m). Note that, from the way that automata are 
onstru
ted, ea
h �ior �0i ends with a state from �n(AP;X) and there is no transition from this statein AP;X . Therefore �1; : : : ; �n 6= �01; : : : ; �0m. The result follows.Case AMB-Rep2: P = P1* v = v1,..,vnvi 2 P1 for ea
h i vj 2a P1 for some jBy Corollary A.2, we have AallP1;X ` vi ) �i for ea
h i. By the indu
tionhypothesis, AallP1;X ` vj ) �0j and AallP1;X ` vj ) �00j with �0j 6= �00j . ThereforeAallP;X ` v ) �1; : : : ; �j�1; �0j ; �j+1; : : : ; �nand AallP;X ` v ) �1; : : : ; �j�1; �00j ; �j+1; : : : ; �n:The result follows.The \if" dire
tion pro
eeds by indu
tion on the lexi
ographi
 order of (jPj; jvj).Case: P = (P1 as x) or P = L[X℄The result follows from a straightforward use of the indu
tion hypothesis.26



Case: P = ()This 
ase never arises sin
e always v = � and AallP;X ` v ) �.Case: P = P1,P2By the de�nition of A, we have AallPi;X ` vi ) �i and AallPi;X ` v0i ) �0i for i = 1; 2where v = v1; v2 = v01; v02 with � = �1; �2 and �0 = �01; �02. We have two 
ases.� v1 = v01 and v2 = v02. From � 6= �0, either �1 6= �01 or �2 6= �02. The resultfollows from the indu
tion hypothesis and AMB-Cat2, in the �rst 
ase,or AMB-Cat3 in the se
ond 
ase.� v1 6= v01 and v2 6= v02. The result follows from Corollary A.2 andAMB-Cat1.Case: P = P1|P2By the de�nition of A, we have four 
ases.� AallP1;X ` v ) � and AallP1;X ` v ) �0. The result follows from the indu
tionhypothesis and AMB-Or2.� AallP2;X ` v ) � and AallP2;X ` v ) �0. The result follows from the indu
tionhypothesis and AMB-Or3.� AallP1;X ` v ) � and AallP2;X ` v ) �0, or AallP2;X ` v ) � and AallP1;X ` v )�0. The result follows from Corollary A.2 and AMB-Or1.Case: P = P1*By the de�nition of A, we have AallPi;X ` vi ) �i for i = 1; : : : ; n and AallPi;X `v0i ) �0i for i = 1; : : : ;m where v = v1; : : : ; vn = v01; : : : ; v0m with � = �1; : : : ; �nand �0 = �01; : : : ; �0m. We have two 
ases.� (v1; : : : ; vn) = (v01; : : : ; v0m). From � 6= �0, we have �i 6= �0i for some i. Theresult follows from the indu
tion hypothesis and AMB-Rep2.� (v1; : : : ; vn) 6= (v01; : : : ; v0m). The result follows from Corollary A.2 andAMB-Rep1. �B First-mat
h semanti
sIn this se
tion, we des
ribe the �rst-mat
h semanti
s of patterns. The te
hni
almaterials here are mostly quoted from [HP02℄.For the treatment of the �rst-mat
h poli
y, we use a notion of 
hoi
e se-quen
e. During pattern mat
hing, we remember the index of the bran
h wetake at ea
h 
hoi
e point. A 
hoi
e sequen
e is a sequen
e of su
h indi
es, listeda

ording to the order of traversal|from left to right and from outer to inner.Finally, we take the smallest 
hoi
e sequen
e in the di
tionary order.Formally, we des
ribe the semanti
s of patterns by �rst de�ning the rela-tion v 2 P ) V = �, read \v is mat
hed by P, yielding V and �," where a
hoi
e sequen
e � is a sequen
e of elements from the ordered set (f1; 2g;�)27



and an environment V is a �nite mapping from variables to values (writtenx1:v1,..,xn:vn). Then we de�ne the relation v 2 P) V that takes the small-est 
hoi
e sequen
e w.r.t. the lexi
ographi
 order � on 
hoi
e sequen
es. Thefollowing set of rules de�nes both relations.v 2 P) V = �v 2 (P as x)) x:v,V = � (EP-As)() 2 ()) ; = � (EP-Emp)l 2 L v 2 E(X)) V = �l[v℄ 2 L[X℄) V = � (EP-Lab)v 2 P) V = � w 2 Q) W = �v,w 2 P,Q) V,W = �; � (EP-Cat)v 2 P) V = �v 2 P|Q) V = 1; � (EP-Or1)v 2 Q) V = �v 2 P|Q) V = 2; � (EP-Or2)v 2 P) V = �8�:(v 2 P) U = � =) � � �)v 2 P) V (EP)Noti
e that in EP-Cat we 
on
atenate the 
hoi
e sequen
es left to right, andthat in ET-Or1 and ET-Or2 we adjoin the present 
hoi
e number to the front.These re
e
t the poli
y that the priority of 
hoi
e is from left to right and fromouter to inner.In the above de�nition, the �rst mat
h may not be de�nable for some pat-terns. For example, suppose that we want to mat
h the value a[℄ against thepattern Y where:pat Y = Y | a[℄Clearly, the se
ond 
lause a[℄ will mat
h the value. But sin
e the �rst 
lause Yhas higher priority, we should examine this �rst. Unfolding this pattern name,we see the pattern (Y|a[℄) again and therefore the same argument 
an berepeated. Thus, for any mat
h of the value against this pattern, we 
an �ndanother mat
h with higher priority; therefore there is no �rst mat
h. Noti
e thatthis anomaly arises be
ause the unguarded re
ursive use of Y has no pattern infront of it and therefore it re
urs without de
reasing the size of the input value.In order to ensure that ea
h pattern has the �rst mat
h for all input values, weimpose a synta
ti
 restri
tion 
alled \no head-re
ursion," where any unguardedre
ursive use of pattern names must be pre
eded by a pattern that does notmat
h the empty sequen
e. 28



Referen
es[AM91℄ Andrew W. Appel and David B. Ma
Queen. Standard ML of New Jersey.In Third Int'l Symp. on Prog. Lang. Implementation and Logi
 Program-ming, pages 1{13. Springer-Verlag, August 91.[AQM+97℄ Serge Abiteboul, Dallan Quass, Jason M
Hugh, Jennifer Widom, andJanet L. Wiener. The Lorel query language for semistru
tured data. In-ternational Journal on Digital Libraries, 1(1):68{88, 1997.[BCF02℄ V. Benzaken, G. Castagna, and A. Fris
h. Cdu
e: a white paper. InPLAN-X: Programming Language Te
hnologies for XML, 2002.[BEGO71℄ Ronald Book, Shimon Even, Seila Greiba
h, and Gene Ott. Ambiguity ingraphs and expressions. IEEE Transa
tions on Computers, 20:149{153,1971.[BK93℄ Anne Br�uggemann-Klein. Regular expressions into �nite automata. The-oreti
al Computer S
ien
e, 120:197{213, 1993.[CDG+99℄ Hubert Comon, Max Dau
het, R�emy Gilleron, Florent Ja
quemard, De-nis Lugiez, Sophie Tison, and Mar
 Tommasi. Tree automata te
h-niques and appli
ations. Draft book; available ele
troni
ally on http://www.grappa.univ-lille3.fr/tata, 1999.[CG00℄ Lu
a Cardelli and Giorgio Ghelli. A query language for semistru
tureddata based on the Ambient Logi
. Manus
ript, April 2000.[Cla99℄ James Clark. XSL Transformations (XSLT), 1999.http://www.w3.org/TR/xslt.[CM01℄ James Clark and Makoto Murata. RELAXNG. http://www.relaxng.org,2001.[CS98℄ Sophie Cluet and J�erôme Sim�eon. Using YAT to build a web server. InIntl. Workshop on the Web and Databases (WebDB), 1998.[DFF+98℄ Alin Deuts
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