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—— Abstract

We formalize and study the problem of repairing database queries based on user feedback in the

form of a collection of labeled examples. We propose a framework based on the notion of a proximity
pre-order, and we investigate and compare query repairs for conjunctive queries (CQs) using different
such pre-orders. The proximity pre-orders we consider are based on query containment and on
distance metrics for CQs.
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1 Introduction

When querying a database, it may happen that the query result includes some undesired
tuples and/or that some desired tuples are missing. In such cases, it is often necessary to
adjust the query to ensure that the result aligns with expectations, i.e., it includes the desired
tuples and omits the undesired ones.

» Example 1.1. Consider a database instance I in Figure 1. A user, want-
ing to retrieve movies released in both Germany and France, issues the query
q(z) :- Release(z, y, FR), Release(z,y, DE). The query results include Babygirl but not
Nosferatu. The user spots the latter as a missing answer, and wants to revise the query.
A solution is to change the query to ¢'(z) :- Release(x,y, FR), Release(z, z, DE). A more
radically different query such as ¢”(x) :- Release(z, y, FR) would also account for the missing
answer, but clearly fails to capture the user’s intention.

Release
Babygirl 2025 DE
Babygirl 2025 FR
Nosferatu 2025 DE
Nosferatu 2024 FR

Figure 1 Example instance.
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We propose a formalization of the above problem through the notion of query repairs,
as follows. We assume that we are given a query ¢ and a set of labeled examples, by which
we mean pairs (I,a) with I a database instance and a a tuple of values from the active
domain of I, labeled as positive or negative to indicate whether a is desired or undesired as
an answer on input I. In the above example, for instance, the input query is ¢ and there
is a positively labeled example (I, Nosferatu) that ¢ fails to fit. A query repair, then, is a
query ¢’ that fits the given labeled examples and “differs from ¢ in a minimal way”. Different
notions of query repair arise by using different means to formalize what it means for two
queries to differ in a minimal way. Besides requiring that ¢’ fits the labeled examples and
differs minimally from ¢, depending on the context, it may be natural to additionally require
that ¢ C ¢’ or that ¢’ C q. This leads to further refinements of the notion of a query repair,
namely query generalization and query specialization, respectively, which we also investigate.

We propose a broad framework for defining what it means for two queries to differ in a
minimal way, based on a prozimity pre-order <, i.e., a family of pre-orders <, (one for each
query q), where ¢ <, ¢" asserts that query ¢’ is at least as close to ¢ as ¢”. A query ¢’ is then
a =<-repair of a query ¢ if ¢’ fits the given labeled examples and there is no query ¢” with
the same property such that ¢” <, ¢’. We instantiate this framework for conjunctive queries
(CQs), focussing mainly on two kinds of proximity pre-orders: the containment-of-difference
proximity pre-order <°°?, based on query containment, and the edit-distance proximity
pre-order =<°dit-dist hased on a distance metric between queries defined in terms of a suitably
adapted version of edit distance. To be more precise, ¢; jZOd qo if for every instance I,
the symmetric difference of ¢1(I) and ¢(I) is contained in the symmetric difference of go(I)
and ¢(I). Moreover, q; jgdit'di“ g2 if the edit distance between the homomorphism core
of g1 and the homomorphism core of ¢ is no larger than the edit distance between the
homomorphism core of go and the homomorphism core of ¢, modulo variable renaming.

» Example 1.2 (Generalization). Consider the CQ ¢(z) :- R(z,y), R(y, 2), R(z,u), R(u, x)
which returns all values that lie on a directed R-cycle of length 4, and the instance I that
consists of the facts R(a,b), R(b,c), R(c,a), i.e., I is the directed R-cycle of length 3. Clearly,
a & q(I). Let E be the singleton set of examples consisting of (I,a) labeled as a positive
example. Which CQs qualify as repairs for (g, F) or as generalizations for (¢, F)? Note that
since we only given positive examples, specializations to not seem to be a natural choice here.

It will turn out that there are two <°°d-repairs for (g, E): the CQ which expresses that z
lies on a directed R-cycle of length 12 and ghe CQ which expresses that x lies on a directed
R-cycle of length 3. Both of these are reasonable options. If we ask for <°°d-generalizations
for (g, F), then only the first repair remains.

In contrast, there are precisely three <¢ditdist_ yepairs of (¢, F), each obtained from ¢ by
dropping a different atom from the body. Also these are reasonable options. The same CQs

are also the <°edit-dist_generalizations for (¢, F).

» Example 1.3 (Specialization). Consider the CQ ¢(x) - R(x,y), R(y, z), which returns all
values that have an outgoing R-path of length 2. Let E be the set consisting of

a negative example (I, a) with I = {R(a,b), R(b,c)}, and

a positive example (J,a) with J = {R(a,b), R(b,c), R(c,d)}.
Which CQs qualify as specializations for (¢, E)? In the same way in which generalizations
are linked closely to the positive examples, specializations are linked closely to the negative
examples. Note, however, that by itself the negative example in E does not provide
much guidance as to what would be a “good repair” as there are many possible options.
The positive example gives (in this case, quite specific) additional guidance regarding the
“direction” towards which we should look to find the repair.
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It will turn out that there is precisely one <°dit-dist_specialization, namely the very natural
CQ ¢'(z) - R(x,y), R(y,2), R(z,u). However, ¢’ does not qualify as a <°°-specialization,
since the CQ ¢"(x) - R(z,y), R(y, 2), R(u, 2), R(u,v), R(v,w) also fits and is “closer” to ¢ in
terms of query containment. In fact, as we will see, no <“°d-specialization for (¢, E) exists.

The problem of constructing a query that fits a given set of labeled data examples has
been studied extensively and is known under different names such as reverse engineering,
query learning, or fitting; see for instance [25] which offers a comparison of several fitting
algorithms for CQs. Recently, in [9], extremal variants of the fitting problem for CQs were
studied, including (weakly/strongly) most-general fitting and most-specific fitting. There, the
input consists of a set of positive and negative examples and the task is to find a most specific
CQ, or a most general CQ, that fits them. We can think of such extremal fitting problems
as constrained versions of the fitting problem for CQs where an additional requirement is
put on the output query. In the same spirit, the query repair problem can also be viewed
as a constrained version of fitting where the input now includes, in addition, a CQ ¢, and
the output is required to be a fitting CQ that differs minimally from ¢.!
our contributions, we will establish close relationships between query repair problems and

As a part of

extremal fitting problems.

Overview of contributions. In Sect. 3, we formally define <-query repairs, as well as
=-generalizations and =<-specializations, based on a given proximity pre-order <. We also

propose, for each of these, three algorithmic problems: wverification, existence and construction.

The remaining sections focus specifically on CQs.

In Sect. 4, we study the containment-based proximity pre-order <°°4. Besides examples
of the resulting notions of generalization, specialization, and repair, our results, here, include:
(a) structural characterizations that relate <°°d-generalizations and <°°d-specializations to

most-specific fittings and most-general fittings, respectively (Theorems 4.4, 4.11, 4.12).

These characterizations imply that there is always a unique <°°4-generalization (unless
no suitable fitting CQ exists) while <°°%-specializations do not always exist.

(b) based on this, results that identify the computational complexity of the verification,
existence, and construction of <°°d-generalizations and <°°9-specializations.

(c) results that relate jc‘)d-repairs to jCOd—Specializations and j“’d—generalizations, allowing

us to apply some of the above algorithmic results to the more general case of <°°d-repairs.
However, we also illustrate that the behaviour of <°°9d-repairs is often counterintuitive.
For instance, <°d-repairs need not exist and also there can be infinitely many <°°d-

_<cod _<cod

repairs. In contrast to -generalizations and -specializations, <°°d-repairs thus

do not seem to be very natural.

In Sect. 5, we study proximity pre-orders based on distance metrics. In particular, we
propose a distance metric for CQs based on edit distance that gives rise to a proximity
pre-order <¢dit-dist -~ We show that there is always a non-empty and finite set of
repairs (respectively, <°dit-dist_generalizations, and <°dit-dist_gpecializations), unless the given
examples do not admit a fitting CQ. Moreover, we shed light on the complexity of the
construction and verification problems (Thm. 5.15). We also show that other, seemingly
natural distance metric lead to repair notions that behave worse.

L For the trivial proximity pre-order <, relating every CQ to every CQ, the query repair problem coincides
with the fitting problem.

_<edit—dist_
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Qutline. Sect. 2 contains technical preliminaries. In Sect. 3, we define query repairs. In

Sect. 4, we explore containment-based query repairs. In Sect. 5, we explore query repairs

based on distance metrics. We conclude in Sect. 6 with a discussion of future directions.
Due to lack of space, most proofs are omitted. They can be found in the full version [27].

Related work. Our notion of query repairs is in part inspired by the literature on database
repairs introduced in [2]. There, one is given a database D that is inconsistent in the sense
that it violates one or more integrity constraints and the aim is to answer a given query over
all possible repairs of D, that, is, all databases consistent with the integrity constraints that
“differ from D in a minimal way”. Different notions of repairs, including set-based repairs and
cardinality repairs, arise by formalizing in different ways what it means for two databases to
“differ in a minimal way”. Research in this area has been rather active and fruitful [5].

There is extensive literature on approximating a query g by some other query ¢’ such
that ¢ is contained in ¢’ or ¢’ is contained in ¢. In the former case ¢’ is often called
an upper approximation or an upper envelope of ¢, while in the latter case it is called a
lower approximation, a lower envelope, or a relazation of ¢q. For instance, [23] proposes an
algorithm for relaxing the where clause of an over-constrained database query that returns
an empty result. Naturally, one is interested in optimal (with respect to containment) such
approximations, which are known as tight upper or lower envelopes. Lipski [17] studied
upper and lower approximations in the context of databases with incomplete information,
while Libkin [22] carried out a study of formal models of approximation in databases. A
related body of work focused on the problem of using approximation to achieve more efficient
query evaluation. In particular, approximations of Datalog queries by CQs or unions of CQs
were investigated in [11, 12]. More recently, approximations of CQs by CQs of tractable
combined complexity (such as acyclic CQs or CQs of bounded treewidth) were studied in
[3, 4]. In a different, yet related direction, tight lower envelopes were used in the area of
answering queries using views [14, 18], where such envelopes approximate a perfect rewriting.
Upper and lower envelopes were also used as tractable approximations of the answers to
ontology-mediated queries, both over consistent databases [16] and over inconsistent ones [6].

The literature on approximations summarized above is based on the notion of containment
of one query to another. Notions of “closeness” or “similarity” of queries that are not based on
containment have also been investigated. For example, a notion of closeness based on suitable
combinations of precision and recall was used to study the problem of translating a query
over some schema to a semantically similar query over a different schema [10]. Furthermore,
a notion of semantic similarity of queries based on available query logs was explored in [7].

In the area of belief revision, a number of proposals have been made for model-based
revision and update operators, in which a knowledge base is viewed semantically as a set of
possible worlds (where a world is a propositional truth assignment), and update/revision is
performed on sets of possible worlds. Various concrete update and revision operators have
been proposed based on different notions of relative proximity for possible worlds, including
using Hamming distance [13, 15] and containment-of-difference [24, 29].

In software engineering, automated program repair techniques seek to aid developers by
suggesting likely correct patches for software bugs. They take as input a program and a
specification of correctness criteria that the fixed program should meet. Most techniques
assume that the correctness criteria are given by means of a test suite: one or more failing
tests indicate a bug to be fixed, while passing tests indicate behavior that should not change.
The desired output is a set of program changes that leads all tests to pass. See [21] for an
overview.
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2 Preliminaries

As usual, a schema S is a set of relation symbols, each with associated arity. A database
instance over S is a finite set I of facts of the form R(aq,...,a,) where R € § is a relation
symbol of arity n and aq,...,a, are values. We use adom(I) to denote the set of all values
used in I. We can then view a query over a schema S, semantically, as a function ¢ that
maps each database instance I over S to a set of k-tuples q(I) C adom(I)*, where k > 0 is
the arity of the query. A query of arity zero is called a Boolean query. We write ¢; C ¢ and
say that ¢ is contained in g2 if ¢1(I) C g2(I) for all database instances I. Two queries ¢q;
and ¢o are equivalent, written q; = g9, if g1 C g2 and ¢2 C ¢.

A data example for a k-ary query ¢ consists of a database instance I together with a
k-tuple of values. We denote by [g] the set of all data examples (I,a) for which it holds

that a € ¢(I). A labeled example is a data example that is labeled as positive or as negative.

By a collection of labeled examples we mean a pair E = (ET, E~), where ET and E~ are
sets of examples. Here, the data examples in ET are considered as positive examples, and
the data examples in E~ are considered as negative examples. A query q fits E = (ET,E™)
if a € ¢(I) for each (I,a) € ET and a & ¢(I) for each (I,a) € E~. In other words, ¢ fits
E=(ET,E7)if ET C [q] and E~ N[q] = 0. Here, we assume that ¢ has the same arity as
the data examples in ET and E~. We will often abuse notation and write that ¢ fits E1 (or
that ¢ fits £~), meaning that ¢ fits (E™,0) (respectively, ¢ fits (0, E7)).

We will be focusing specifically on conjunctive queries. By a k-ary conjunctive query (CQ)
over a schema S, we mean an expression of the form ¢(x) :- aq,...,a, where x = x1,..., 2%
is a sequence of variables and each «; is a relational atom that uses a relation symbol from
S and no constants. Note: the restriction to queries without constants is not essential for
our results (cf. [25, Remark 2.3]) but simplifies the presentation.

The variables in x are called answer variables and the other variables used in the atoms «;
are the existential variables. Each answer variable is required to occur in at least one atom
a;, a requirement known as the safety condition. For CQs ¢, ¢’ of the same arity, we denote
their conjunction by g A ¢’ (where, for instance, the conjunction of ¢;(z,y) :- R(x,y, z) and
@(z,z) - S(z,2) is q(z,x) - R(z,z,2),S(x,2")). With the size of a CQ, denoted |g|, we
mean the number of atoms in it. The query output ¢(I) is defined as usual, cf. any standard
database textbook.

Every CQ g¢(z1,...,z5) has a canonical erample e;, namely the data example
(I4, {x1,...,zx)), where I, is the database instance (over the same schema as ¢) whose
active domain consists of the variables in ¢ and whose facts are the atomic formulas in q.

Given data examples e = (I,a) and ¢’ = (J, b) over the same schema and with the same
number of distinguished elements, a homomorphism h : e — ¢’ is a map from adom(7) to
adom(J) that preserves all facts and such that h(a) = b. When such a homomorphism
exists, we say that e “homomorphically maps to” ¢’ and write e — ¢’. We say that e and €’

are homomorphically equivalent if e — ¢’ and € — e. It then holds that e € [¢] iff e, — e.

Furthermore, the well-known Chandra-Merlin theorem states that ¢ C ¢’ holds iff e;s — e4.

A data example e is said to be a core if every homomorphism h : e — e is surjective. It is
well known that for every data example e = (I,a) there is a subinstance I’ C I such that
(I’,a) is a core and such that (I,a) and (I’,a) are homomorphically equivalent. Moreover,
such (I’,a) is unique up to isomorphism, and may be referred to as the core of e, denoted
core(e). We say that a CQ ¢ is a core if its canonical example e, is a core.

The direct product of two database instances, denoted I x J, is the database instance
containing all facts R({a1,b1),...,{an,b,)) over the domain adom(I) x adom(J) such that
R(ay,...,ay,) is a fact of I and R(by,...,b,) is a fact of J. This naturally extends to data
examples: (I, (a1,...,ak)) X (J,{b1,...,bg)) = (I x J,{{a1,b1),...,{ag,b))).
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3 Query Repairs

Fix a query language £. A prozimity pre-order = for L is a family of pre-orders <, one for
every q € L, satisfying the following conditions:

Conservativeness For all ¢,¢' € £, ¢ <, ¢'.

Syntax independence Whenever ¢i = q1, g5 = g2 and g3 = g3, then q1 <y, g3 iff ¢ <y g5

Let ¢ € L, and let E a collection of labeled examples (of the same arity as ¢). We call the
pair (¢, E) an annotated L-query. The following are the 3 main notions studied in this paper.
A <-repair for (q, F) is a query ¢’ € £ such that (i) ¢ fits E, and (ii) there is no ¢" € £
with ¢” <, ¢’ that satisfies (i).
A <-generalization for (¢, E) is a query ¢ € L such that (i) ¢’ fits £ and ¢ C ¢’ and
(ii) there is no ¢” € £ with ¢” <, ¢’ that satisfies (i).
A =<-specialization for (¢, FE) is a query ¢’ € £ such that (i) ¢’ fits E and ¢’ C ¢, and
(ii) there is no ¢"” € £ with ¢” <, ¢’ that satisfies (i).
(where g1 <4 ¢z is short for ¢1 =<4 g2 and g2 A4 ¢1)-
Note: under this definition, <-specializations and =<-generalizations need not be <-repairs.
Conservativeness and syntax-independence are minimal conditions on < needed to yield
intuitive behavior for query repairs: conservativeness ensures that if the input query ¢ already
fits the given examples, then ¢ is its own =<-repair, while syntax independence ensures that
equivalent queries have equivalent <-repairs.
In the rest of this paper, we will restrict attention to CQs. That is, £ is the class of CQs.

» Remark 3.1. We will restrict our attention to repairs, generalizations, and specializations
that use only the relation symbols which occur in (g, E). Note that when E consists only of
negative examples, a query repair or specialization could in principle contain relation symbols
that do not occur in (g, E). We will disregard such repairs. It is not difficult, however, to
adapt our results to the case where such additional symbols would be admitted.

Several algorithmic problems arise, all parameterized with a proximity pre-order <.

=<-REPAIR-VERIFICATION

Input: An annotated CQ (¢, E) and a CQ ¢’
Output: Yes if ¢’ is a <-repair for (¢, E'), No otherwise

=<-REPAIR-EXISTENCE

Input: an annotated CQ (¢, E)
Output: Yes if there is a <-repair for (¢, F), No otherwise

=<-REPAIR-CONSTRUCTION

Input: an annotated CQ (g, F) for which a <-repair exists
Output: a =-repair for (¢, E)

We will also study the analogous algorithmic problems for <-generalization and =<-
specialization, defined in the expected way.

In all of the above problems, the input queries and examples are assumed to be compatible
in terms of their arity. Moreover, in our complexity analyses, we will assume a fixed (constant)
query arity k > 0. This is in fact only necessary for some of the upper bounds in Sect. 4.2.
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4 Containment-Based Approach

In this section, we study notions of query generalization, query specialization and query
repair defined based on query containment. For generalization and specialization, it seems
intuitively clear what the definition should be. Let (¢, F) be an annotated CQ. Then
a containment-based generalization for (g, F) is a CQ ¢’ that fits E and such that ¢ C ¢’
and there is no CQ ¢” that fits E with ¢ C ¢ C ¢'.
a containment-based specialization for (¢, F) is a CQ ¢’ that fits E and such that ¢’ C ¢
and there is no CQ ¢” that fits E with ¢’ € ¢” C q.
It is less immediately clear what the right query containment-based definition of query repairs
should be. As it turns out, the above notions of query generalization and query specialization
can be viewed as query generalizations and query specializations with respect to the following
natural proximity pre-order (cf. also [24, 29, 4]).

» Definition 4.1 (Containment of Difference). For queries q,q1,qz, we write g1 <°4 qo if
lq] ® [g1] C [4] ® [gz], where & denotes symmetric difference.

Recall that [¢] denotes the set of all positive examples of a query ¢. Therefore, [q] & [¢:]
denotes the set of all examples on which ¢; disagrees with ¢. Thus, g1 j;(’d g2 means that
the set of examples on which ¢ and ¢ disagree is a subset of the set of examples on which
q and ¢ disagree (cod stands for “containment of difference”). It is easy to see that <4
is indeed a proximity pre-order. Moreover, it gives rise to the intended containment-based
notions of query generalization and specialization:

» Proposition 4.2. For all annotated CQs (q, E) and CQs ¢,

<cod

1. ¢ isa -generalization for (q, E) iff ¢ is a containment-based generalization for (q, F)

2. ¢ is a =% -specialization for (q, E) iff ¢’ is a containment-based specialization for (q, E).

It also follows that jCOd—generalizations and jwd—specializations are jwd—repairs. This
furthermore suggests <°°-repairs as a (seemingly) natural containment-based notion of query
repair. Next, we will study <°°%-generalizations, <°°d-specializations, and <°%-repairs. Our
main findings can be summarized as follows: <°°d-generalizations and <°°9-specializations
are well-behaved notions, although the latter do not always exist (Example 1.3) and can
be too plentiful (Example 4.14). The associated existence, verification, and construction
problems admit effective algorithms, although often of super-polynomial complexity. The
more general <°°d-repairs exhibits counter-intuitive behavior.

4.1 Containment-Based Query Generalizations

The following example illustrates <°°4-generalizations.

» Example 4.3. Consider the schema consisting of unary relations P,Q. Let
q(z) :- P(x),Q(x) and let I be the instance that consists of the facts P(a), Q(b). There is
exactly one <°°-generalization for (¢, E1), where E* is the set of positive examples {(I, a)},

namely ¢'(z) :- P(x),Q(y). This is, in fact, also the only =<4

-repair.

The next result show that there is a precise, two-way correspondence between <¢°d-
generalizations and most-specific fitting CQs. A most-specific fitting CQ for a collection of
labeled examples E is a fitting CQ ¢ such that for every fitting CQ ¢’, ¢ C ¢’ [9].

15:7
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» Theorem 4.4. For all CQs q,q and collections of labeled examples E = (ET,E~),

1. ¢ is a =<°°Y-generalization for (q, E) iff ¢’ is a most-specific fitting CQ for (E*U{e,}, E7).
2. q is a most-specific fitting CQ for E iff q is a =°°-generalization for (q.,E),

where q, denotes the mazimally-constrained CQ over the relevant schema S = {Ry,..., Ry}
and of the relevant arity, i.e., the CQ q (z,...,x) - Ry(z,...,x),..., Rp(x,..., x).

As a consequence of this, we can leverage known results about most-specific fitting CQs.
For instance, it is known that, for every collection of labeled examples E, there is at most
one most-specific fitting CQ up to equivalence, namely the C(Q whose canonical example is
the direct product of the positive examples in E. This implies:

» Corollary 4.5. Let (¢, E) be an annotated CQ for which a fitting CQ ¢’ with q C ¢’ exists.
Then there is, up to equivalence, exactly one <°°-generalization for (¢, E).

» Example 4.6 (Example 1.2 revisited). Using Thm. 4.4, we can verify the claim, in Ex-
ample 1.2, that the CQ ¢’ expressing “x lies on a directed R-cycle of length 12” is the unique
(up to equivalence) <°°-generalization for (¢, E). This is true because the canonical example
of ¢’ is homomorphically equivalent to the direct product of the positive example (I, a) and
the canonical example e, of the input CQ.

The complexity of various algorithmic problems pertaining to most-specific fitting CQs,
as well as size bounds, were studied in [9]. From these, we obtain complexity results and
size bounds for <°°d-generalizations. We include here also an analysis for the case where
the input consists of positive examples only, which is particularly natural in the case of
query-generalizations: it follows from Thm. 4.4 and what is said below it that negative
examples have no effect on generalizations except that they may render them non-existent.

» Corollary 4.7.

1. <°°d_GENERALIZATION-EXISTENCE is coNExp Time-complete. For inputs consisting of
a bounded number of examples, it is coNP-complete. For inputs consisting of positive
examples only, it is in PTime.

2. <4 _GENERALIZATION-VERIFICATION is NExp Time-complete, even for inputs consisting
of positive examples only. It is DP-complete for a bounded number of input examples.

3. <°°d_GENERALIZATION-CONSTRUCTION is in EzpTime (and in PTime if the number of
examples is bounded).

4. Let q() :- R(z,x). There is a sequence of examples (e, )nen of size polynomial in n, such
that (i) there is a <°°%-generalization for (q, ET), where Ef = {e1,...,e,}, and (i)
every =°°4-generalization for (q, E) has size at least 2".

» Remark 4.8. Corollary 4.7(4) implies that the size of <°°d-repairs is in general exponential
in the number of positive examples, and also that the size of <°°d-repairs for (¢, F) cannot
be bounded by any function in the size of ¢ and the size of the smallest fitting CQ for E.

4.2 Containment-Based Query Specializations
The following example illustrate <°°d-specializations.

» Example 4.9. Consider the CQ ¢(z) :- P(z) and let E consist of

a negative example (I, a) where I consists only of the fact P(a), and

a positive example (J,a) where J extends I with the additional facts @Q(a) and R(a,a).
There are two <°°d-repairs for (g, ), namely ¢} (x) - P(z),Q(y) and g4(z) :- P(x), R(y, 2).
It can be shown with the help of Thm. 4.11 below that these are the only two <“°d-repairs.
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An annotated CQ (¢, E) may lack a <°°-specialization even when a fitting CQ exists:

» Example 4.10. Consider the Boolean CQ ¢() :- R(x,y), and let E consist of

a negative example I consisting of facts R(b, ¢), R(c,b), and

a positive example J consisting of the fact R(a,a).
The positive example, here, is strictly speaking redundant: every CQ over the relevant
schema fits it. It is included only for intuition. There are CQs ¢’ with ¢’ C ¢ that fit E (for
instance, ¢’() :- R(z, ) is such a query), but there does not exist a <“°d-specialization for
(¢, E). This can be seen as follows: for every CQ ¢’ that fits F, by construction, the canonical
example e, is a non-2-colorable graph. By a well-known result in graph theory, e,, must
then contain a cycle of odd length. By blowing up the length of this cycle (e.g. using the
sparse incomparability lemma [20]), one can construct a fitting CQ ¢ such that ¢’ C ¢ C gq.

In the previous subsection, we saw that <°°d-generalizations are closely related to most-
specific fitting CQs. Similarly, <°°d-specializations are closely related to weakly most-general

fitting CQs, where a weakly most-general fitting CQ for a collection of labeled examples F is
a fitting ¢ such that for every fitting CQ ¢', ¢ C ¢’ implies ¢ = ¢’ [9)].

» Theorem 4.11. Let (¢, E) be any annotated CQ with E = (E*, E~), such that q has no

repeated answer variables. Then, for all CQs q', the following are equivalent:

1. ¢ is a =°°-specialization for (q, F),

2. q fits E* and q' is equivalent to g A q" for some ¢ that is a weakly most-general fitting
CQ for (ET,E'"), where B'~ ={e€ E~ |e € [q]}.

Moreover, in the direction from 1 to 2, ¢ can be chosen so that |¢"| < |¢'].

Again, there is also a converse reduction, but it is more cumbersome to state because
for £ > 0, there does not exist a k-ary “most-general” CQ ¢t that is contained in all k-ary
CQs (due to the safety condition in the definition of CQs). Instead, we need to consider all
CQs ¢q(z1,...,zr) whose body only contains, for each ¢ < k one atom of the form R(y,z;,z),
where R is any relation symbol and y,z are tuples of distinct fresh existential variables. We
call any such CQ a minimally-constrained CQ). Note that, for any schema and arity, there
are finitely many minimally-constrained CQs (up to renaming of variables).

» Theorem 4.12. For every CQ q and collection E of labeled examples, the following are
equivalent:

1. q is a weakly most-general fitting CQ for E,

2. q is a =% specialization for (q,F) for all minimally-constrained CQs qT with q C q.

For a given CQ ¢, the set of all minimally-constrained CQs ¢t with ¢ C gt can easily
be constructed in in polynomial time (for fixed query arity). This implies that the above
proposition can be viewed as a polynomial-time (Turing) reduction.

» Example 4.13 (Example 1.3 revisited). Let us revisit Example 1.3 from the introduction.

There, we claimed that there is no <°°d-specialization for (¢, £). In light of Thm. 4.11,
it suffices to argue that there is no weakly most-general fitting CQ for £. We will not
give a formal proof here, it suffices to consider CQs that describe an oriented R-paths of
the form — -(— - +—)"- — for increasing values of n. The resulting infinite sequence
go € q1 C g2 C--- of CQs (each of which fits F) can be used to disprove the existence of a
weakly most-general fitting CQ, and hence of a <°°%-specialization for (¢, E).

Weakly most-general fitting CQs were studied in depth in [9]. Based on results from [9]
and the above reductions, we obtain a number of results. In particular, the following example
shows that an annotated CQ may have infinitely many non-equivalent <°d-specializations.
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» Example 4.14. Consider the CQ ¢() :- R(z,y) and let E consist of

a positive example consisting of the facts R(a,a), P1(a), P2(a), and

a negative example consisting of the facts R(a,a), R(b,b), R(a,b), Pi(a), P2(b).
Note that the positive example is strictly speaking redundant as it belongs to [¢'] for all
CQs ¢'. It is added only for intuition. It follows from results in [9] that there are infinitely
many non-equivalent weakly most-general fitting CQs for E. Indeed, for every n > 1, the CQ
an() = R(z1,22), ..., R(Tp_1,2s), Pa(x1), P1(x,) is a weakly most-general fitting CQ for E.
It follows by Thm. 4.11 that there are infinitely many <°°“-specializations for (g, E).

We also obtain a number of complexity results.

» Corollary 4.15.

1. <°°d_SPECIALIZATION-EXISTENCE is Exp Time-complete.

2. <%4_SPECIALIZATION-VERIFICATION is in P‘]‘VP and is DP-hard already for a bounded
number of input examples.

3. <°°d_SpECIALIZATION-CONSTRUCTION is in 2Ezp Time.

4. There is a sequence (Gn, Ep)nen, where q, and E,, are of total size polynomial in n, such
that (i) there is a <°°d-specialization for (qn, E,), and (i) every <Y -specialization for
(qn, Er) is of size at least 2™.

We do not know what happens in case 1 and 3 if the number of input examples is bounded.

4.3 Containment-Based Query Repairs

We now move to the general setting of <°°d-repairs ¢’ for an annotated CQ (¢, E) where we
no longer require that ¢’ C g or ¢ C ¢’. Our first result on <°°d-repairs provides a reduction
to the case with only positive examples or only negative examples.

» Proposition 4.16. Let (q, E) be an annotated CQ with E = (ET,E~). Then a CQ ¢ is a
=4 repair for (q, E) if and only if one of following holds:

(a) ¢ is a =°°Y-repair for (¢, ET) and ¢’ fits E~, or

(b) ¢ isa =4 _repair for (¢, E~) and ¢ fits E*. -

where E— = {e X llgcp+(e') |e€ B~} if EY #0 and E— = E~ otherwise.

This is promising, as one might hope that case (a) above could be reduced to a statement
about <d-generalizations, since we are repairing w.r.t. a set of positive examples, and
likewise for case (b) and <°°d-specializations. For case (b) this approach indeed works:

» Proposition 4.17. For all annotated CQs (¢, E), if E consists of negative examples only,
then every <°°-repair for (q, F) is a =°°%-specialization for (q, E).

The same, however, does not hold for case (a), as <°°9-repairs w.r.t. positive examples
are not necessarily jCOd—generalizationS:

» Example 4.18. Consider a schema consisting of unary relations P,Q,R. Let
q(z) - P(x),Q(y), and let I be the instance consisting of the facts P(a), R(b). There
are, up to equivalence, two <°°4-repairs for (¢, E*) where E* = {(I,a)}, namely the queries
¢;(z) - P(z) and ¢(x) - P(x), R(y). Of these, only the first is a <°°d-generalization. It
seems counter-intuitive that ¢} is a =<cod
there are instances on which ¢} agrees with ¢ but ¢} does not. An example is the instance
consisting only of the fact P(a).

-repair, since ¢} is, intuitively, closer to q. However,

The following result characterizes the <°°d-repairs for a CQ and set of positive examples.
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AN
I(E™)
II(E™) x e,

Figure 2 Picture of the condition in Thm. 4.19.

» Theorem 4.19. Let (¢, E™) be an annotated CQ where E™ consists only of positive
ezamples. Then a CQ q' is a <°°d-repair for (g, ET) if and only if one of the following holds:
1. ¢ fits ET and ¢ is equivalent to q, or

2. q does not fit ET, ¢ fits ET, and (IL(E™) X egrng') — €q'-

In case of Boolean CQs, item 2 can be replaced by

2. q does not fit ET, and (II(E™T) X e4) — eg — H(E™T) (cf. Figure 2).

» Example 4.20 (Example 1.2 revisited). Using Thm. 4.19, one can easily verify the claim
that the CQ expressing “x lies on a directed R-cycle of length 3” is a <°°d-repair for (¢, E).
The same holds (it can be shown, with some more work) for the CQ expressing “z lies on
a directed R-cycle of length 6”, whose canonical example lies homomorphically in-between
(I,a) (the cycle of length 3) and (I, a) x eq (the cycle of length 12).

Using Thm. 4.19, we can show that there can be infinitely many <°9-repairs for a CQ
and set of positive examples.

» Example 4.21. Over a schema consisting of a unary relation P and a binary relation R,
consider the Boolean CQ ¢() - P(z) and the set of positive examples ET = {I}, where
consists of the fact R(b,b). It follows from Thm. 4.19 that every CQ ¢’ that fits ET is a
=<cod_repair. There are infinitely many pairwise non-equivalent such CQs.

The next result shows another connection between j“’d—repairs and j“’d—generalizations:

» Proposition 4.22. The <°d-generalizations for an annotated CQ (g, E) are precisely the
=4 repairs for (¢, E'), where E' extends E with the positive evample €q-

Example 4.18 and Example 4.21 show that <°°d-repairs can behave counterintuitively.
Various algorithmic results regarding the verification, existence and construction of <¢°d-

repairs can be derived from the above characterizations and reductions, but we refrain from

stating them here as they seem of little value given the problematic behaviour of <°°d-repairs.

5 Query Repairs Based on Distance Metrics

In this section, we study proximity pre-orders based on distance metrics. In particular, we
propose and study a variant of edit distance for CQs. We also study proximity pre-orders
based on several other natural distance metrics. Our main findings can be summarized as
follows: edit distance, suitably defined, yields a proximity pre-order that avoids some of
the problems of <. We also show that other natural distance metrics induce proximity
pre-orders that are less well behaved.
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» Definition 5.1 (Semantic distance metric). A semantic distance metric for CQs is a function
dist(-,-) from pairs of CQs (of the same arity) to non-negative real numbers, satisfying:

1. dist(qq,q2) = dist(qs,q1),

2. dist(q1,q2) = 0 iff 1 and g2 are equivalent,

3. dist(q1, q2) < dist(q1,q3) + dist(gs,q2) (the triangle inequality).

If all the conditions are met except for the only-if direction of 2, we say that dist is a weak
semantic distance metric for CQs.

One can think of a semantic distance metric for CQs as a distance metric (in the standard
sense) on the equivalence classes of CQs. Every semantic distance metric, and in fact every
weak semantic distance metric, induces a pre-order.

» Definition 5.2 (Pre-order induced by a semantic distance metric). Let dist be a weak semantic
distance metric for CQs. We define <4t as follows: ¢ jg“t q" iff dist(q,q") < dist(q,q").

» Proposition 5.3. Let dist be a weak semantic distance metric for CQs. Then <%t is q
proximity pre-order.

We study <%*-repairs for several distance metrics. Besides the algorithmic problems of
repair existence, verification and construction, we also consider the following natural fitting
problem that is closely related to query repairs based on distance metrics:

dist-BOUNDED FITTING EXISTENCE

Input: an annotated CQ (g, F) and a distance bound d > 0.
Output: Yes if there is a CQ that fits E such that dist(q,q’) < d, No otherwise

5.1 Edit Distance

A naive definition of the edit distance of two CQs ¢, ¢’ would be the number of atoms that
appear in one of the two CQs but not in the other, that is, |I, & I,/|. It is easy to see that
this is not a semantic distance metric: it is not invariant under logical equivalence, because
simple syntactic changes such as renaming a quantified variable, which do not affect the
semantics of the query, affect the edit distance. This can be fixed, however, by (i) taking
homomorphism cores (i.e., minimizing the CQs), and (ii) working modulo bijective variable
renamings.

This leads to the following definition. For simplicity, in this section we restrict attention
to CQs whose sequence of answer variables is repetition-free (a restriction that could be
lifted at the expense of a more intricate definition of edit distance, cf. Remark 5.16).

» Definition 5.4 (Edit distance for CQs). Given CQs q1(x1,...,2zx) and g2(y1,- .., Yk),

edit-dist(q1, g2) = min |core(eq, ) @ core(ep(g,))|
p a bijective variable renaming

with p(ys) = xs fori=1...k
where e1 @ ex denotes the set of facts occurring in example e; and not in es or vice versa.
» Example 5.5. Consider the Boolean CQs
¢1() = R(xy,z2), R(x1,23), R(x2,24), R(x3,24)
g2() -  R(x1,x9), R(x1,23), R(xa,x4), R(x3,24), A(xs), B(xs)

Note that ¢; is not a core, but g5 is. The core of ¢; is obtained by dropping the second and
fourth atom. Thus edit-dist(q1,¢2) = 4. Thus, perhaps surprisingly, edit-dist(q1, ¢2) can be
larger than the naive edit distance of ¢; and ¢y (which, in this case, is 2).
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» Proposition 5.6. edit-dist is a semantic distance metric.
We next take a look at the complexity of computing edit distance.

» Proposition 5.7. Testing whether edit-dist(q1,g2) < n (on input g1, q2,n) is DP-hard and
in 8. When restricted to input queries that are cores, it is NP-complete.

We now move on to studying the proximity pre-order <¢dit-dist = Thig pre-order has some
useful structural properties. Let us say that a proximity pre-order =< is well-founded if for
each CQ ¢, every non-empty set of CQs has a <;,-minimal element (i.e., there are no infinite
descending chains --- <, g2 <4 ¢1 <4 ¢o); and = has the finite-basis property if for each
CQ g, every set of CQs has only finitely many <,-minimal elements, up to equivalence.

» Proposition 5.8. <cdit-dist s yell-founded and has the finite-basis property.
As an immediate consequence, we obtain:

» Theorem 5.9. Let (¢, E) be an annotated CQ.
1. If there is any CQ that fits E, then there is a <4t _repqir for (¢, E).

2. If there is any CQ ¢ that fits E with q C ¢', there is a <4t _generalization for (q, E).
3. If there is any CQ ¢’ that fits E with ¢ C q, there is a <°4Yt_specialization for (q, E).

Moreover, there are at most finitely many <44t _repqirs, <edit-dist_generalizations, and

=editdist_gpecializations for (g, E), up to equivalence.

We now compare <°4itdist_yepairs with <°°d-repairs.

» Example 5.10. This example serves to compare =<°dit-dist_generalizations with <°°d-

generalizations. Consider the following Boolean CQ and positive example:
Q() = R(Ivy)vR(va)7Pl(y)7p2(y)7Q1(Z)7Q2(z)
e = {R(a,b),R(a,c),Pl(b)7Q1(b)7P2(c),Qz(c)}

Let Et = {e}. There are four <°di*-dist_generalizations for (¢, E*), namely

q" - R(m,y),R(a:,z),Pl(y),QJ(y) with i,j € {172}

<cod

In contrast, there is a unique (up to equivalence) -generalization for (¢, F), namely

q/() - R(x,y),R(az,z),R(x,u),R(x,v),P1(y),Pz(z),Ql(u), QZ(U)'

A variation of this example shows that (i) there can be exponentially more <°di-dist_yepairs

<edit—dist

than <°d_repairs, and (ii) <°°?-repairs can be exponentially longer than -repairs.

» Example 5.11. Consider again Example 4.10 which shows that <°°d-specializations are

not guaranteed to exist. There is a unique <°di*dist_gpecialization, namely q() :- R(z, ).

» Example 5.12. In Example 4.21, where <°°d-repairs showed degenerative behavior, there
exists a unique <°4dt_yepair, namely the (intuitively expected) query () :- P(z).

A <edit-dist_repair w.r.t. positive examples is not necessarily a <°dit-dist_generalization:

» Example 5.13. Consider the following Boolean CQs and example:

q() :— R(z,y),R(z,2), Ry, u), R(z,u), P(y), Q(z)
“() = R(z,y),R(z,z2),R(y,u), R(z,u), P(y), W(z)
0%() = R(z,y),R(z,z2),R(y,u), R(z,u), P(y)

e = {R(a,b),R(a,c),R(b,d),R(c,d), P(b),W(c)}
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Let E = (ET,E™) with ET = {e¢} and E~ = (). Then ¢} is the unique <°41*4s*_repair for
(¢, E) (having edit distance 2), but it is not a <°di*dist_generalization. On the other hand,
¢, is a =°editdist_generalization for (g, ) but not a <°4itdist_repair as it has edit distance 3
(due to the fact that it is not a core). Similarly, it can be shown that a =<edit-dist
respect to negative examples is not necessarily a <°dit-dist_specialization (cf. the full version

-repair with

of this paper).
The following upper bound on the size of <°ditdist_repairs is implied by the definitions.

» Proposition 5.14. Let (¢, E) be an annotated CQ and ¢' a core CQ. If ¢ is an <cdit-dist_
repair for (q, E), then |¢'| < |q| +n, where n is the size of the smallest fitting CQ for E. The
same holds for <e4tdist_generalizations and for <Vt _gpecializations, where n is then the
size of the smallest fitting CQ q" that satisfies q C q”, respectively ¢ C q.

Prop. 5.14 stands in stark contrast with Remark 4.8 for <°°d-repairs. We remark that,
while the smallest fitting CQ may be exponential in the size of the input examples [28], one
may expect it to be typically much smaller in practice.

We now consider algorithmic problems for <¢dit-dist_repairs. By Thm. 5.9, the <edit-dist_
REPAIR-EXISTENCE problem coincides with the fitting existence problem. In particular,

_<edit—dist

the existence of a -repair for (¢, E) does not depend on ¢. The verification and

construction problems for <°dit-dist_repairs are more interesting and do depend on ¢. Of

_<edit—dist _<edit—dist

course, the existence of -generalizations and -specializations depends on ¢

as well.

» Theorem 5.15.

1. edit-dist-BOUNDED-FITTING-EXISTENCE is X5 -complete (provided the distance bound is
gtven in unary). It is in NP if the input CQ is core and only positive examples are given.

2. =<edit-dist_pppAIR-EXISTENCE is coNExp Time-complete. It is coNP-complete for inputs
that consist of a bounded number of examples. If the input contains only positive examples,
or only negative examples, it is in PTime.

3. =edit-dist_REpAIR-VERIFICATION s I15-hard and in Xf.

Items 2 and 3 also hold if “repair” are replaced by “generalization” or “specialization”, except

for the case of <°ItdISt_GENERALIZATION-EXISTENCE with a bounded number of examples,

where we only have a DP upper bound.

Finally, let us discuss <°4itdist_REpATR-CONSTRUCTION. It follows from known results [8]
that whenever a fitting CQ exists, there is one of size at most n,,q; = Hecp+|e]. A brute-
force algorithm for <¢4it-dis*_REPAIR-CONSTRUCTION simply enumerates CQs in the order
of increasing size and, for each, checks if it is a <°d1*dist_repair (cf. Thm. 5.15(2)). Since
we are promised that an <¢4idist_repair exists, this process terminates and, by Prop. 5.14,
yields a CQ of size at most |g| + Nnaz- We do not know of an algorithm for constructing
<edit-dist_yepairs with asymptotically better running time, see Sect. 6 for further discussion.

» Remark 5.16. One can further refine edit distance by requiring that all equalities between

variables in the body of the query are represented explicitly by means of equality atoms, and
by counting these when computing the symmetric difference. For example, consider the CQs

q(z) - P(z) ¢i(x) = P(x), R(y, 2) > (x) == P(z), R(y,y)

Under Def. 5.4, edit-dist(g,q]) = edit-dist(q, ¢5), while under the more refined defini-
tion of edit distance (where we treat ¢4 as shorthand for ¢4(z) :- P(z), R(y,2),y = z),
edit-dist(q, ¢1) < edit-dist(g, ¢5). We omit the details, but we believe that the above results
continue to hold under such a more refined notion of edit distance.
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5.2 Other Distance Metrics

Distance as size of the smallest distinguishing instance. The next distance metric we

consider is based on the smallest instance on which the two queries produce different answers.

» Definition 5.17. For CQs q1 and qa, sdi-dist(q1,q2) = 1/n, where n is the size of the
smallest instance I (measured by the number of facts) such that q1(I) # q2(I), or 0 if no
such instance I exists.

» Proposition 5.18. sdi-dist is a semantic distance metric, and in fact an ultrametric (i.e.,
it satisfies dist(q1,qs) < max(dist(q1, q2), dist(ga, q3)))-

» Example 5.19. Consider the CQs ¢1() - R(z, z) and q2() = A, jeq1,.. N}, B(2is25). An
instance that satisfies go either isomorphically embeds a clique of size N or else contains a
“reflexive” fact of the form R(a,a). Therefore, every example distinguishing ¢; from ¢ must
contain at least N(N — 1) facts. It follows that sdi-dist(g1, ¢2) = 1/(N(NV — 1)).

Two further relevant basic facts about sdi-dist are the following;:
» Proposition 5.20. For all CQs q,q’, sdi-dist(q,q’) = 0 or sdi-dist(q, ¢') > 1/ max(|ql,|¢])-

» Proposition 5.21. Computing sdi-dist is NP-hard. More precisely, testing sdi-dist(q, q¢") <
1/k (on input CQs q,q' and natural number k > 0 in unary) is NP-hard and is in 115.

We will now move on to study the pre-order <448  The next example shows that
=<sdi-dist js not a good pre-order for query repairs, since it is not sufficiently discriminative.

» Example 5.22. Let ¢;(z) = R(x,y), and let E; consist of

the negative example (I, a) where I = {R(a,b)}, and

the positive example (J, a) where J = {R(a,a)}.
The positive example is strictly speaking redundant: every CQ over the relevant schema fits
it. It is added only for intuition. There are infinitely many pairwise non-equivalent CQs ¢’
that fit E with ¢’ C q;. Furthermore, by construction, every fitting CQ ¢’ disagrees with q;
on I, and hence has sdi-dist(¢’,¢1) = 1. Tt follows that all infinitely-many fitting CQs are
=<sdi-dist_repairs for (¢1, E), and there are infinitely many <54-4ist_specializations for (¢1, F)
as well.

A similar situation arises for <*4-dist_generalizations: let ¢o(z) = R(z,r,z) and let E»
consist of the positive example (I’,a) where I’ = {R(a, a,b)}. There are infinitely many CQs
(up to equivalence) that fit Es and they all disagree with ¢ on the single-fact instance I’.

This shows that there are annotated CQs with infinitely many <3d-4*_repairs (as well

as <54-dist_gpecializations and <54-4it_generalizations). On the flip side, we have:

» Proposition 5.23. Let (¢, FE) be an annotated CQ.

1. If there is any CQ that fits E, then there is a =334 _repair for (¢, E).

2. If there is any CQ ¢’ that fits E with q C ¢', there is a <334t _generalization for (¢, E).
3. If there is any CQ ¢ that fits E with ¢’ C q, there is a =334t _specialization for (¢, E).

dist

We omit a complexity-theoretic analysis of <4-di5t_repairs in light of Example 5.22.

» Remark 5.24. Dually to sdi-dist one can also consider the distance metric sdq-dist defined
as the size of the smallest distinguishing query. More precisely, sdq-dist(q, ¢’) is the size of the
smallest CQ (as measured by the number of atoms) that maps homomorphically to precisely
one of q,q' . Unfortunately, sdg-dist fares no better than sdi-dist. For instance, for the

annotated CQ (g2, E2) from Example 5.22, all CQs ¢’ that fit F5 again have sdq-dist(q, g2) = 1.
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Distance as probability of disagreement. Let p be a discrete probability distribution over
the space of all examples (an ezample distribution, for short). For instance, u may be a
uniform distribution over values in some pre-existing (unlabeled) database instance. We define
dist,(q,q') = p([q] @ [¢']). That is, dist,(q,q’) is the probability of drawing an example on
which g and ¢’ disagree. The same works for non-discrete probability distributions, as long
as [¢] is measurable for each CQ g. We restrict to discrete distributions for simplicity. It is
easy to see that, for all example distributions p, dist,, is a weak semantic distance metric.

» Proposition 5.25. dist,(q,q") can be computed in P‘lep (for example distributions p with

finite support, specified as part of the input). Testing dist,(q,q") < r is PIIIVP—complete.

For the sake of readability, we will denote the proximity pre-order <#st« by <#.

» Proposition 5.26. Let p be any example distribution. If p has finite support, <* is
well-founded. The same does not necessarily hold when p has infinite support.

As a consequence, we obtain:

» Proposition 5.27. Let (¢, E) be an annotated CQ and p an example distribution with
finite support.

1. If there is any CQ that fits E, then there is a <M-repair for (¢, E).

2. If there is any CQ ¢ that fits E with q C ¢, there is a <-generalization for (q, E).

3. If there is any CQ ¢ that fits E with ¢’ C q, there is a <H-specialization for (¢, E).

On the other hand, there can be infinitely many <*-repairs. Indeed, it is not difficult to
show the following using a pigeon-hole argument:

» Proposition 5.28. Let i be any example distribution with finite support. There are
annotated CQs (q, E) for which there are infinitely many <H-repairs, up to equivalence.

In light of this, we omit a complexity-theoretic analysis for <F-repairs.

6 Discussion

We proposed and studied notions of <-generalizations, =<-specializations, and =<-repairs,
parameterized by a proximity pre-order =<, providing a principled framework for example-
driven query debugging and refinement (an idea partially inspired by the interactive schema-
mapping design tool EIRINI [1]). We explored two ways to obtain a proximity pre-order for
CQs: containment-based and edit distance-based. In each case, we assessed the behavior of
the obtained repair notions through examples, and we studied the existence, verification and
construction problems, as well as the size of repairs. Other algorithmic problems may be
considered in followup work, such as repair enumeration (cf. [19]) and computing “possible”
or “certain” answers across all repairs of a given CQ (as in [4] for query approximations).
Based on our findings, <°°9-generalizations and <°J-refinements are reasonbly well-
behaved (although the latter do not always exist) while unconstrained <°°4-repairs are not;
<edit-dist_renairs behave favorably: they exist whenever a fitting CQ exists; there are always
only finitely many repairs up to equivalence; and the main algorithmic tasks are decidable
with typically lower complexity than for <°d-repairs; in addition, <°*4i5*_repairs tend to be
of smaller size (Prop. 5.14). Although =<°di*-dist_yepairs, too, in some cases display surprising
behavior (Example 5.13), this may be an unavoidable consequence of our syntax-independence
requirement taken together with the inherently syntactic nature of edit distance.
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An important outstanding issue with <°4t4ist_repairs is to design practical algorithms
for constructing them. In [26], a SAT-based approach for computing minimal-size fitting
ELT-concepts (i.e., Berge-acyclic connected unary CQs) was proposed and evaluated, showing
promising performance. While a SAT-solver may not be applicable here due to the higher
complexity of the problem, we believe that inspiration can be taken from this approach. It
may also be worthwhile to study approximation algorithms for distance-based query repairs,
i.e, algorithms that produce fitting CQs that have near-minimal distance to the input CQ.

Naturally, these result are specific to the particular class of queries we considered: CQs.
One may also study query repairs for other query classes (e.g., self-join free CQs, unions
of CQs, or nested queries). Note, in particular, that self-join free CQs are cores and our
examples of counterintuitive behavior of <edit-dist_repairs are based on CQs that are not
cores. Moreover, the computational problems associated with <°dit-dist_repairs are often of
lower complexity for CQs that are cores.

It is also natural to let the space of candidate repairs depend on the input query in a
stronger way. For instance, we may require that the join structure of the query remains fixed,
and that repairs differ only in their WHERE-clause (cf. [23]).

Among different avenues for further research, let us mention one: query repair operations
could be studied from a more structural perspective. For instance, how does repairing a
query w.r.t. a collection of labeled examples E U E’ compare to repairing it w.r.t. E followed
by repairing it w.r.t. E’? And, assuming a “true” CQ ¢*, if we repair a given CQ ¢ repeatedly
based on labeled examples for ¢*, does this process converge towards ¢* in a formal sense?
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