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Abstract

XML query induction is a key task in Web
information extraction. Recent approaches
based on grammatical inference represent
node selection queries in XML trees by de-
terministic tree automata. In this paper, we
show how to guide RPNI-based learning algo-
rithms by XML schemas which we can infer
in a preprocessing step. We hope that schema
guidance will help to improve heuristics that
are essential for query learning algorithms.

1. Introduction

Web information extraction aims at distinguishing in-
formative parts of HTML or XML documents. The
notion of informativeness depends on the application
and is subject to definition. Queries for informative
information (often called wrappers) need either to be
programmed in some XML query language (Gottlob &
Koch, 2004) or inferred by XML query induction from
a set of user-annotated examples (Muslea et al., 2002;
Chidlovskii, 2001; Cohen et al., 2003).

Induction algorithms for node selection queries in
XML trees are particularly relevant for information
extraction from well-structured Web pages that lay-
out some kind of database information (Carme et al.,
2006; Raeymaekers et al., 2005). Most typically,
one might want to extract product-price pairs in some
shopping offer. The tree structure of such kinds of doc-
uments is usually sufficient for locating the required
information, so that texts can be ignored.

Queries learned by the above induction algorithms typ-
ically fail to satisfy the schema of XML documents
of the target application, in that they are able to se-
lect information from Web pages that should not ex-
ist. This is not a problem as such, as long as only
correct nodes are selected in all documents of the con-
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sidered application. Schema violations, however, are
often raised by wrong generalizations during the learn-
ing process, which may lead to wrong node selection on
so far unseen documents. Wrong generalizations need
to be avoided as far as possible. This is usually done
by numerous heuristics (rarely described in research
papers) on which the success of the learning process
depends.

In this paper, we investigate schema-guided query
learning algorithms on basis of RPNI variants for trees
(Carme et al., 2007; Lemay et al., 2006; Oncina
& García, 1993). We consider Boolean and monadic
queries in trees that are represented by deterministic
tree automata. We represent schemas by XML docu-
ment type definitions (DTDs), whose regular expres-
sions are one-unambiguous (or deterministic), so that
the corresponding Glushkov automata are determinis-
tic (Brüggemann-Klein & Wood, 1998), or more gen-
erally, by deterministic tree automata. The DTD of
HTML is the most typical example. Or else, we infer
reasonably concise schemas in terms of 2-testable tree
automata as proposed by (Bex et al., 2006).

A schema-guided variant of RPNI for finite word au-
tomata has been presented in (Coste et al., 2004). It
refutes state merges if the language of the current au-
tomaton is no more included in the language defined
by the schema. In a first step, we improve this algo-
rithm such that it avoids computing the complement
schema and extend it to tree automata for ranked trees
(nodes have a fixed number of children) and unranked
trees (nodes may have an unbounded number of chil-
dren). Note that if the schema is represented by a
tree automaton D, the size of the complement schema
|Dc| includes a factor |states(D)|k where k is the max-
imal arity of symbols and testing inclusion between
the hypothesis language and the language defined by
the schema also includes this factor. Thus we will rely
on a recent inclusion test from (Champavère et al.,
2007) which avoids computing Dc and which has time
complexity in O(|A| × |D|) where |A| is the size of
the hypothesis automaton and |D| is the size of the
schema. This result applies for ranked trees whatever
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is the maximal arity of symbols and for unranked trees.

In a second step, we present a schema-guided induction
algorithm for monadic node selection queries. These
select nodes in trees satisfying the schema, and return
the empty set of nodes for all others. We show how to
integrate schema inclusion tests into the RPNI vari-
ant of (Carme et al., 2007). Finally, we extend this
algorithm for learning from partial annotations (only
a subset of nodes to be selected are annotated by the
user) defining an improved schema-sensitive pruning
heuristic. We hope for improvements of the learning
quality in practice, even though experimental results
are not yet available.

2. Schema-Guided Language Induction

We present an RPNI variant for schema-guided induc-
tion of binary tree languages. The target language
must be included in the schema’s language. Trees that
are inconsistent with the schema are negative exam-
ples. We use deterministic tree automata as schemas
and for representing the target language. Our learn-
ing algorithm will test language inclusion for such au-
tomata in an incremental manner.

In this section, we consider binary trees build from
some signature Σ with a single binary function sym-
bol @ and finitely many constants. We denote by TΣ

the set of trees that can be build over this signature.
A binary tree t ∈ TΣ is a constant a ∈ Σ or a triple
@(t1, t2) that we write t1@t2 for some t1, t2 ∈ TΣ.
A (bottom-up) tree automaton A over Σ is a tuple
(Σ, states(A), final(A), rules(A)). It contains a finite set
states(A) of states, a set final(A) ⊆ states(A) of final
states, and a finite set rules(A) of rules of one of the

following forms: a → p, or p1@p2 → p, or p1
ǫ
→ p2

where a ∈ Σ and p, p1, p2 ∈ states(A). We call an
automaton A (bottom-up) deterministic if it does not
contain epsilon rules and if no two of its rules have the
same left-hand side. The size |A| of a tree automaton
A is the sum of the cardinalities of its state and rule
sets. This measure is independent of the number of
symbols in Σ, so that only the symbols that occur in
rules of A are counted.

A tree automaton A over Σ evaluates binary trees
t ∈ TΣ to sets of states by the function evalA :
TΣ → 2states(A). The evaluation is inductively de-

fined by evalA(a) = {p | a → p′
ǫ
→

∗

p ∈
rules(A)} and eval(t1@t2) = {p | p1 ∈ evalA(t1), p2 ∈

evalA(t2), p1@p2 → p′
ǫ
→

∗

p ∈ rules(A)}. A tree t is
recognized by A if p ∈ final(A) for some p ∈ evalA(t).
The language of A, denoted L(A), is the set of trees
recognized by A. We call a state p of A accessible if

there exists a binary tree t such that p ∈ evalA(t), and
productive if it is used for evaluating some tree recog-
nized by A. We call a tree automaton productive if all
of its states are.

2.1. Inclusion Test

Given a possibly non-deterministic tree automaton A

and a deterministic tree automaton D over the same
signature, we test for language inclusion L(A) ⊆ L(D)
without computing the complement Dc. Instead, the
idea is to compute the accessible states of the product
automaton A × D and to test for the following three
failure conditions:

failure1: there exists a rule a → p ∈ rules(A) but no
state q ∈ states(D) such that a → q ∈ rules(D).

failure2: there exist accessible states (p1, q1) and
(p2, q2) of A×D and a rule p1@p2 → p ∈ rules(A) but
no state q ∈ states(A) such that q1@q2 → q ∈ rules(D).

failure3: there exists an accessible state (p, q) of A×
D such that p ∈ final(A) but q 6∈ final(D).

These three conditions characterize inclusion under
the assumption that A is productive which we can as-
sume without loss of generality.

Proposition 1 If A is productive and D determin-
istic then L(A) 6⊆ L(D) if and only if failure1 or
failure2 or failure3.

Computing the set of accessible states of A×D can be
easily done in time O(|A| ∗ |D|). It is also straightfor-
ward to test failure1 and failure3. The nontrivial
question is how to test failure2 efficiently. Naive ap-
proaches will lead to O(|A| ∗ |states(D)|2) algorithms,
which is as bad as computing Dc directly. A better
solution is given in (Champavère et al., 2007):

Proposition 2 Conditions failure1, failure2, and
failure3 can be tested in time O(|A| ∗ |D|).

Note that the complexity bound does not depend on
the size of the common signature of A and D. The
algorithm is incremental with respect to the addition
of epsilon rules to automaton A. We do not consider
this in the complexity analysis though.

2.2. Schema-Guided RPNI

A sample S for a target language is a set of positive
examples (trees in the target language) together with
a set of negative examples (trees in the complement of



Title Suppressed Due to Excessive Size

the target language). The schema-guided RPNI algo-
rithm inputs a schema D that is a deterministic tree
automaton over Σ and a sample S of trees in L(D)
for some target language. An hypothesis language is
represented by a deterministic tree automaton A. In
order to test language inclusion L(A) ⊆ L(D) in an in-
cremental fashion, RPNI maintains an automaton B

with epsilon rules such that L(B) = L(A) and tests
for L(B) ⊆ L(D). Whenever two states p1 and p2 of

A are merged, new epsilon rules p1
ǫ
→ p2 and p2

ǫ
→ p1

are added to B and inclusion in D is reinspected incre-
mentally. RPNI will use the usual deterministic state
merging for A in addition to the following procedures:

• init(B,D) initializes the data structures for the
inclusion test L(B) ⊆ L(D) in time O(|B| ∗ |D|).

• merge(B, p1, p2,D) adds epsilon rules p1
ǫ
→ p2 and

p2
ǫ
→ p1 to rules(B) and updates the data struc-

tures for the inclusion test incrementally. In the
worst case, it runs in time O(|B| ∗ |D|) but it may
be much more efficient in practice due to incre-
mentality.

• inclusion_test(B,D) tests whether L(B) ⊆ L(D).
This procedure answers in constant time as the
whole computation is actually performed by the
merge and init procedures.

The schema-guided RPNI variant first builds an ini-
tial automaton A from the positive examples in S as
usual1. It then creates B as a copy of A and initializes
the data structures for inclusion checking by calling
init(B,D). Then, for all p ∈ states(A), RPNI calls
the deterministic merge procedure as usual on other
states p′ ∈ states(A). For testing consistency with
the schema, it calls merge(B, p, p′,D). It accepts the
merge if inclusion_test(B,D) returns true; otherwise,
it backtracks the merge operation and the data struc-
tures for inclusion checking, before continuing.

Proposition 3 For a schema D and a sample S of
positive examples, the run time of the schema-guided
RPNI algorithm is O(|S|3 ∗ |D|).

The init procedure has complexity in O(|S|∗|D|) where
|S| is the total number of nodes of trees in S. The
merge procedure is called for all merging attempt of
A. There are at most |S|2 merges. The complexity
for the inclusion test is O(|S| ∗ |D|). Thus the overall

1The initial automaton is build as in (Oncina & García,
1993) by building the largest deterministic tree automaton
that strictly recognizes S. This is related to the prefix tree
automaton of RPNI in words (Oncina & Garcia, 1992).

complexity of RPNI with this inclusion test is O(|S|3 ∗
|D|).

Note that (Coste et al., 2004) assume that an automa-
ton Dc representing the complement of the schema D

is given as input, in contrast to what we do. Note
also that our inclusion procedure could be used quite
straightforwardly for saturation-based algorithms such
as DeLeTe2 (Denis et al., 2004).

2.3. Schema-Guided Learning Model

Using schema guidance for learning regular tree lan-
guages leads to verify that the new strategy still con-
forms the model from polynomial time and data of
(Gold, 1967; de la Higuera, 1997). Before, let us recall
that a tree automaton A (and its language) is said to
be compatible with a sample S if all positive examples
of S are recognized by A whereas all negative examples
are not. Conversely we say that S is consistent with
A. A schema-guided learning model is defined below.

Definition 1 Tree languages represented by a class of
tree automata A are identifiable from polynomial time
and data w.r.t. schemas represented by a class of tree
automata D if there exist two polynomials p1 and p2,
and an algorithm learner such that:

(i) for each tree automaton D of D for the schema
and each sample S of trees in L(D), there exists an
automaton A ∈ A which is compatible with S such
that L(A) ⊆ L(D), learner(S) = A and A can be
computed in time O(p1(|S|, |D|));

(ii) for each tree automaton D of D and for each au-
tomaton A of A such that L(A) ⊆ L(D), there exists
a (characteristic) sample SA of trees in L(D) with car-
dinality less than p2(|A|) such that, having a sample
S ⊇ SA of trees in L(D) as input, learner returns a
tree automaton equivalent to A.

We now show that regular tree languages represented
by deterministic tree automa are identifiable from
polynomial time and data w.r.t. schemas repre-
sented by deterministic tree automata. The algorithm
learner is defined to be the schema-guided RPNI pre-
viously defined. The polynomial p1 is defined by
p1(|S|, |D|) = |S|3 ∗ |D|. Algorithm learner returns
an automaton compatible with S because it is a prop-
erty of RPNI. By definition, this one always preserves
inclusion of the hypothesis language in L(D). The
complexity result has been proved above.

Recall that regular tree languages represented by de-
terministic tree automata are identifiable from polyno-
mial time and data with algorithm RPNI. Thus, there
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Figure 1. The tree phone-list represents an HTML table
containing list of phone numbers.

exists, for each deterministic tree automaton A, a char-
acteristic sample, that we denote by RA. The cardinal-
ity of RA is less than p2(|A|). With a sample S ⊇ RA

as input, RPNI returns a tree automaton equivalent to
A. Let R+

A
be the set of positive examples and R−

A
the

set of negative examples of RA. We define S+
A

= R+
A

,
S−

A
= R−

A
∩L(D), and the characteristic sample SA of

A in the model w.r.t. schemas to be the sample whose
positive examples are in the set S+

A
and negative exam-

ples in the set S−

A
. The cardinality of SA is less than

p2(|A|). Now, let us consider a sample S ⊇ SA of trees
in L(D). The algorithm learner always considers hy-
potheses which are compatible with S because it is de-
rived from RPNI. Moreover, learner always preserves
inclusion of the hypothesis language in L(D). There-
fore, each hypothesis language is always compatible
with negative examples in the complement of L(D),
thus with examples in R−

A
which are not in L(D). Al-

gorithm learner with S as input outputs the same
automaton than RPNI with S ∪ (TΣ −L(D)) as input.
Since RA ⊆ (S∪ (TΣ−L(D))) and using a property of
RPNI, we obtain that learner returns a tree automa-
ton equivalent to A.

3. XML Schema Induction

3.1. DTDs and Stepwise Tree Automata

XML trees are finite sibling-order unranked trees built
from an unranked signature Σ of node labels. An un-
ranked tree t is a pair a(t1, . . . , tn) consisting of a label
a ∈ Σ and a possibly empty sequence of unranked trees
t1, . . . , tn over Σ. Let us consider for instance docu-
ments that are HTML tables that contain a list of per-
sons with their phone number. The tree phone-list

is an example of such a document described in Fig-
ure 1. It is represented by an unranked tree because
the number of children under the symbol TABLE is un-
bounded.

Unrankedness is usually eliminated by encoding into
binary trees. We will work with the Curried encod-
ing from stepwise tree automata (Carme et al., 2004)
which encodes unranked trees over Σ into binary trees
over Σ ∪ {@}. Stepwise tree automata on unranked

10 2 3 4

0 5

1 6 7

8 9

TR

7

9

7

9TABLE

#PCDATA

TH

TD 1

1

4

TABLE → 10 10 @4 → 10
TR → 2 2 @7 → 3
3 @7 → 4 2 @9 → 5
5 @9 → 4 #PCDATA → 1
TH → 6 6 @1 → 7
TD → 8 8 @1 → 9

Figure 2. A stepwise tree automaton corresponding to
schema-phone, graphically and by rules.

trees can be identified with binary tree automata on
Curried encodings. They are advantageous for min-
imization (Martens & Niehren, 2007) and query in-
duction (Carme et al., 2007; Lemay et al., 2006).
For instance a stepwise tree automaton for unranked
trees corresponding to HTML tables containing lists
of phone numbers is given in Figure 2.

A stepwise automaton can be understood as a regular
string automata reading at each node of the input tree
the string formed by the label of the node and the
concatenation of the states of its children (if any). For
instance, let us consider a run of the automaton of
Figure 2 on the tree phone-list. The node containing
Alfred will be put in the state 1 (we read #PCDATA),
the TD node above will be put in the state 9 (we read
TD.1), the TR node above will be put in the state 4

(we read TR.9.9), and the root node will be put in
the state 10 by reading TABLE.4.4.4. As this state is
final, this tree is recognized.

Alternatively, the stepwise can be seen as a tradi-
tional binary tree automaton operating on the Cur-
ried encoding of the tree. For example, the subtree of
phone-list under the TR node above Alfred can be
represented by @(@(TR,@(TD, Alfred)),@(TD, 12345))
using Curried encoding, and the above stepwise—
viewed as a classical tree automaton (rules are on bot-
tom of Figure 2)—will associate the state 4 to the root
of this tree as above. See (Carme et al., 2004) for more
details.

Various XML schema languages have been proposed
for defining regular types of XML trees. In this paper,
we will be mostly interested in DTDs and their rela-
tion to deterministic tree automata. The alternative
schema formalisms XML Schema and Relax NG are
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closely related to tree automata too.

A possible DTD for HTML tables containing lists of
phone numbers is given in Figure 3. DTDs are defined
using one-unambiguous regular expressions as recom-
mended by the W3C (Brüggemann-Klein & Wood,
1998). A regular expression is one-unambiguous iff
its Glushkov automaton is a deterministic finite au-
tomaton. DTDs whose rules use deterministic finite
automata can be compiled into deterministic stepwise
tree automata (Martens & Niehren, 2007). The over-
all translation is in quadratic time. It can be brought
down to linear time when compiling into deterministic
factorized stepwise tree automata instead and com-
plexity results for inclusion can be extended to these
automata (Champavère et al., 2007). This way, test-
ing inclusion between the language L(A) recognized by
a tree automaton A in the language L(D) defined by
a DTD D can be done in time O(|A| × |D|).

3.2. Inference of DTDs

HTML documents satisfy the DTD of HTML that the
W3C provides2. This DTD, however, does not spec-
ify more concrete schemas of particular HTML Web
site. Even worse, such schemas are hardly available
in any explicit form at all. For instance a schema for
HTML tables that contain a list of persons with their
phone number could be the part of the HTML DTD
that describes tables. Another schema is the DTD
schema-phone of Figure 3 which is adapted to this
particular kind of tables: they have only two columns
that contain either TH nodes or TD nodes. The second
schema is of course better and should allow to improve
the learning process. We have seen that DTDs can also
be represented by stepwise automata, and the one in
Figure 2 corresponds to the DTD in Figure 3. Unfor-
tunately, the latter is probably not directly available,
and thus it should be inferred.

<!ELEMENT TABLE (TR∗) >
<!ELEMENT TR (TH, TH|TD, TD)>
<!ELEMENT TH (#PCDATA)>
<!ELEMENT TD (#PCDATA)>

Figure 3. A DTD for schema-phone.

An inference algorithm from positive examples for
DTDs was proposed by (Bex et al., 2006). It uses
2-testable word languages and we rely on this algo-
rithm. We illustrate the inference algorithm in the
sequel of the section. It should be noted that, in our
framework, readable DTDs are not required because
they are only used in inclusion tests to improve the
learning process.

2See for instance http://www.w3.org/TR/html401/.

Given a set of trees, the inference algorithm makes
a depth-first scan of each tree in order to collect
the following information: for each label l (XML or
HTML tag), it builds the set of words consisting in
the sequence of labels of the children of nodes of la-
bel l. For instance, in the phone-list tree, under
the label TR, sequences of labels TH TH and TD TD

are observed. From those sets of words, it general-
izes the language under each label using the classical
2-testable language induction algorithm of (Garcia &
Vidal, 1990). In this example, the obtained language
for TR is TH.TH*|TD.TD*. The resulting language then
naturally translates into a stepwise tree automaton.
As an example, the inference algorithm would output
the DTD given in Figure 4 with the phone-list tree
as input.

<!ELEMENT TABLE (TR, TR∗)>
<!ELEMENT TR (TH, TH∗ |TD, TD∗)>
<!ELEMENT TH (#PCDATA)>
<!ELEMENT TD (#PCDATA)>

Figure 4. An inferred DTD for schema-phone.

4. Schema-Guided Query Induction

We consider the RPNI algorithm from (Carme et al.,
2007) for learning monadic node selection queries in
unranked trees and extend it by schema guidance.

We first recall how to define monadic queries by tree
automata. A monadic query q is a function that maps
an unranked tree t over Σ to a set of nodes of the tree
q(t) ⊆ nodes(t). If ν ∈ nodes(t) then we write t(ν) for
the label of node ν of t in Σ.

We identify a query q with a function query that maps
Σ-trees to Bool-trees of the same shape. It satisfies
for all nodes ν ∈ nodes(t) that query(t)(ν) = true iff
ν ∈ q(t). Let t ∈ TΣ and β ∈ TBool be unranked
trees of the same shape. We define the tree t × β ∈
TΣ×Bool such that nodes(t × β) = nodes(t) and (t ×
β)(ν) = (t(ν), β(ν)) for all ν ∈ nodes(t). Using this
trick, we represent query as a tree language Lquery =
{t × query(t) | t ∈ TΣ}, the language of trees over
Σ×Bool annotated by the query. We denote by π the
projection of an annotated tree (or by extension a set
of annotated trees) over Σ, i.e. π(t × β) = t.

Tree languages Lquery are functional in that for all trees
t ∈ TΣ, there exists at most one tree β ∈ TBool such
that t × β ∈ Lquery. Node selecting tree transducers
(NSTTs) are tree automata over the signature Σ×Bool

that recognize functional tree languages.

An example query is illustrated in Figure 5. The
query get-phone operates on documents of the form
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Bob0
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Figure 5. The tree phone-list and its corresponding an-
notated tree for query get-phone(phone-list).

of phone-list and outputs the list of every node that
contains a phone number. The application of this
query over the tree phone-list can be represented
by the tree of Figure 5 where nodes are annotated by
Booleans, the value 1 is attributed to nodes extracted
by the query. The query get-phone is confused with
the language of Σ × Bool-trees corresponding to trees
annotated according to get-phone.

The schema-guided RPNI algorithm for monadic
queries inputs a sample of examples S ∈ TΣ×Bool an-
notated by the target query and a DTD represented
by a deterministic stepwise automaton D. The target
query q should return q(t) = ∅ for all t 6∈ L(D). The
schema-guided RPNI algorithm for monadic queries
extends over the RPNI algorithm for monadic queries
defined in (Carme et al., 2007) by adding an inclusion
test between π(L(A)) and L(D), where A is the cur-
rent hypothesis (an NSTT, i.e. a functional determin-
istic tree automaton over Σ × Bool). We have shown
that the inclusion test can be done in O(|A| × |D|).
We therefore preserve the polynomial time complexity
for the schema-guided RPNI algorithm for monadic
queries. The proof of correctness can be done as for
the schema-guided RPNI presented in Section 2.

5. Schema-Guided Query Induction

from Partial Annotations

5.1. Schema-Guided Pruning

In practice of Web information extraction, it is im-
portant to learn from trees that a user has partially
annotated with respect to the expected target query.
Furthermore, query learning should not be forced to
recognize the whole tree even though only a small part
of it is usually relevant for extraction. Pruning tech-
niques as proposed by (Carme et al., 2007) yield solu-
tions to both problems. Input trees are pruned in order
to remove irrelevant parts. NSTTs need to be adapted
to pruning, yielding pNSTTs. Those first prune sub-
trees non-deterministically and then select nodes from
the pruned trees. This way, pNSTTs may ignore all

TABLE0

4 TR0

9 TD0

123451

TR0

9 TD0

678901

Figure 6. This tree corresponds to a possible prun-
ing of the tree get-phone(phone-list) according to
schema-phone.

.

TABLE0

TR0

7 7

TR0

TD0

Alfred0

TD0

123451

4

Figure 7. Another possible schema-phone-pruning of the
tree get-phone(phone-list). This tree is compatible with
the tree of figure 6 regarding schema-phone.

pruned subtrees and operate only on relevant parts of
the document.

Pruning needs to be adapted to schemas. Indeed, in
pNSTTs, pruned subtrees can be replaced by any vir-
tually tree. In a schema-guided framework we must
consider that pruned subtrees are replaced by any vir-
tually tree such that the whole tree is correct w.r.t.
the schema. This is done by introducing pruning sym-
bols which are states of the automaton representing
the schema and by adapting accordingly definitions of
pNSTTs.

Let schema D be a deterministic tree automaton. A
pruned tree over a signature Σ with respect to schema
D is a tree over the unranked signature ΣD = Σ ⊎
states(D), where elements of states(D) are considered
as constant symbols appearing only at leaves. For ev-
ery Σ-tree t, let cutsD(t) be the set of ΣD-trees ob-
tained by the pruning of t, i.e. obtained by substitut-
ing some complete subtrees t′ of t by the correspond-
ing state evalD(t′). For instance, let us consider the
schema schema-phone described in Section 3 by the
stepwise automaton of the Figure 2. A pruned tree
according to this schema will replace subtrees with
the correct states. For example, trees described in
Figures 6 and 7 correspond to two possible prunings
of the tree phone-list according to schema-phone.
Note that in (Carme et al., 2007), no schema was in-
volved thus pruning was done using a single symbol ⊤.
This corresponds to a pruning as defined above where
the universal language is used as schema.
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If you take any of the above pruned trees and re-
place leaves labelled with states of schema-phone by
any subtree that evaluates in this state, you obtain a
tree corresponding to a well-formed phone list. This
comes from an important property of D-pruning: if
t1 ∈ cutsD(t) and t ∈ L(D), then any other tree t∗ such
that t1 ∈ cutsD(t∗) is also in L(D). This holds since
t ∈ L(D) implies evalD(t) ∈ final(D). If you replace
any subtree t′ of t by another subtree t′′ that evaluates
in the same state, it does not change the evaluation of
the other parts of the tree. This way, you can obtain
the tree t∗ from t, replacing subtrees of t by corre-
sponding subtrees of t∗ evaluating in the same state,
without affecting the evaluation of the other part of
the tree. Because of this property, we can define for
any D-pruned tree t′ its evaluation evalD(t′) by D as
being the evaluation evalD(t) of any tree t such that
t′ ∈ cutsD(t) and also denote t′ ∈ L(D) if t ∈ L(D)
and t′ ∈ cutsD(t).

Two D-pruned trees t1 and t2 are said to be D-
compatible if they can be obtained by D-pruning an-
other common tree t, i.e. if ∃t such that t1, t2 ∈
cutsD(t).

We now define a function to obtain pruned trees from
partially annotated trees. A partially annotated tree
over Σ is a triple 〈t, p+, p−〉 consisting of a Σ-tree t, a
set p+ ⊆ nodes(t) of positively annotated nodes and a
set p− ⊆ nodes(t) of negatively annotated nodes such
that p+ ∩ p− = ∅. It is consistent with a query query

if p+ ⊆ query(t) and p− ∩ query(t) = ∅. The learning
algorithm will be parametrized by a pruning function,
which is a function prune dependent on a schema D

over Σ such that pruneD(t) ∈ cutsD(t) for every Σ-
tree.

Different pruning heuristics can be defined and the
choice of the pruning function is certainly important.
For example, one can use path_extendedD pruning
function adapted from the path_extended strategy de-
fined in (Carme et al., 2007). Given schema D,
path_extendedD cuts all the nodes except those that
are positively annotated, or ancestors of positively an-
notated nodes, or siblings of such nodes. It of course
replaces all pruned subtrees by the corresponding state
in D. The tree of Figure 6 has been obtained following
this strategy on get-phone(phone-list).

5.2. Schema-Guided Query Induction with
Pruning

NSTTs are tree automata that recognize functional
tree languages (for every tree t, there is at most one
annotation β). As a pNSTTD operate on pruned trees,
the notion of functionality has to be adapted. Given

a schema defined by a tree automaton D, a language
L of (Σ × Bool)D-trees is D-cut-functional if for all t1
and t2, which can be seen as two different D-prunings
of a tree t, then the annotations on the common part
of β1 and β2 are the same. In other words, a language
of (Σ × Bool)D-trees is D-cut-functional if there is no
contradiction between different prunings of the same
tree.

For instance, trees of Figures 6 and 7 correspond to
two schema-phone prunings of the tree phone-list

which are schema-phone-compatible: there is no con-
tradiction between Boolean of the two trees. If for
instance the root node of the second tree would be
labelled positively, the two trees would not be com-
patible anymore.

A pruned NSTT w.r.t. a schema represented by a tree
automaton D over the signature Σ (denoted pNSTTD)
is an NSTT over (Σ × Bool)D-trees whose language is
D-cut-functional. Every pNSTTD A defines the query
qA such that for all Σ-trees t:

qA(t) = {n ∈ nodes(t) | ∃t′ ∈ cutsD(t),∃β′ : t × β′ ∈
L(A), β′(v) = 1}

The schema-guided query RPNI algorithm with prun-
ing inputs a sample of examples S ∈ TΣ×Bool (par-
tially) annotated by the target query, a DTD repre-
sented by a deterministic stepwise automaton D, and
a pruning function prune (for instance path_extendedD

pruning function). It begins by pruning trees of the
input sample according to the chosen function prune.
Then, it extends over the RPNI algorithm for monadic
queries with pruning defined in (Carme et al., 2007) in
two ways: the cut-functional test is replaced by a D-
cut-functionality test, and by adding an inclusion test
between π(L(A)) and L(D), where A is the current
hypothesis pNSTTD. The proof of correctness can be
done as for the above algorithms.

6. Conclusion

We proposed schema-guided RPNI variants for learn-
ing tree languages and monadic queries in trees. We
hope that schema guidance will improve the quality of
query learning algorithms in practice of Web informa-
tion extraction. This is quite probable due to its imme-
diate impact on pruning techniques. Furthermore, we
hope that schema-guided techniques will render learn-
ing more independent on other heuristics. Nonethe-
less, it remains to validate this approach by experi-
ments. It would be interesting to understand which
properties of schemas improve the quality of query in-
duction most in practice.
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Finally, the methods presented here are limited to
monadic queries. They have to be extended to the
more general case of n-ary queries. In this case,
when completely annotated examples are provided, the
schema-guided algorithms presented here extend nat-
urally. But the situation is more intricate in the case
of partial annotations. Indeed, components of a tuple
are related to each other. Therefore, it is unclear how
to extend pruning techniques to this situation.
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