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Figure 17: Runtime when including non-emptyQim or Qm
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Figure 18: Number of explanations with non-emptyQim or Qm

scenariosQ1, Q4, andQ6 the number of potential side-effects is 34,
34, and 128, respectively. However, the difference in runtime be-
comes signi�cant as the number of potential side-effects increases.
For instance, scenarioQ2 produces 573 potential side-effects. The
runtime for minimizing the number of side-effects is larger than
the runtime for avoiding side-effects. This is expected since when
no side-effects are allowed, the constraint solver stops processing
after the �rst one is found. As a �nal remark, Artemis recognizes
that scenarioQ3 is unsatis�able early in the process and �nishes it
quickly.

Focusing on Fig. 18, we observe that for scenariosQ1, Q2, Q4,
andQ5, the minimum number of side-effects is zero, hence, we ob-
tain the same number of explanations when avoiding side-effects
than when minimizing side-effects. For scenariosQ2 andQ4, how-
ever, some explanations are pruned compared to the case where no
side-effects are considered. In scenarioQ6, we observe that the
number of explanations with minimal side-effects is equal to the
number of all possible explanations, but no explanation is returned
when not allowing side-effects. The reason for this is that in this
scenario, all explanations generate a side-effect.

E. Proofs Sketches for Propositions

PROOFSKETCH PROP. 1. We �rst notice that the canonical in-
stance(R1 (X1) ; : : : ;Rk (Xk)) [x=t] of any sub-query inQ, whereQ
is a union of conjunctive queries, is an explanation pattern fort.
Indeed, the valuation that maps each variablexi 2 x to the corre-
sponding value oft is a valuation that will produce the missing
tuplet.

Now, take any patternP that yieldst. This means that there is at
least one valuationρ from the body ofQ to P such thatρ(x) = t.
Assume that the valuation has been obtained for thei-th sub-query
in Q, 1� i � m. This means thatρ has a homomorphism from(
Ri1 (Xi1) ; : : : ;Rik

(
Xki

))
[x=t] to P. That yields to the conclusion

that every possible pattern has a homomorphism from a pattern in
the generic witness that consists of the canonical set instance.

PROOFSKETCH PROP. 2. The proof has two steps. First, we
prove thatCore(Pi) = CoreWitness(Pi) for SPJU queries and miss-

ing tuples with constant values only. We then show thatWmin is the
unique minimum generic witness (up to isomorphism) forW.
Part 1. For select-project-join-union (SPJU) queries, it has been
shown that queries are preserved under homomorphism [2]. That is,
whenever a tuplet 2Q(A) and a homomorphismh : A! B exists,
thenh(t) 2 Q(B). As the following example shows, this property
only applies for tuples in a result of a query where all values are
constants, whereas we reason about tuples that are not in the result
and wheret can have both constants and labeled nulls as values.

EXAMPLE 12. Assume we have a relation R(A,B)
with tuple ha;1i. Further assume we have a query
Q(B1;B2) :- R(A;B1);R(A;B2). Clearly, Q(R) = h1;1i. Now,
assume t= hN1;N2i, which corresponds to t being any possi-
ble tuple returned by Q(R). An explanation pattern that can
account for any tuple satisfying the constraint de�ned by t is
P1 = hN1;N2i ;hN1;N3i. It is easy to verify that the pattern
P2 = hN1;N2i is homomorphically equivalent to P1, and P2 is the
core of both P1 and P2. However, P2 only accounts for output
tupleshN1;N1i in the result of Q. The equality constraint of both
attributes is not part of t, so the core is too speci�c and only
accounts for a subset of tuples that can be witnessed.

Assuming thatt uses constant values only andQ is an SPJU
query, it is true thath(t) = t and in this case, ift 2 Q(P) and
9h : P!Core(P), thent 2 Q(Core(P)). Thus,Core(P) is still a
valid pattern to generatet andCoreWitness(P) = Core(P).
Part 2. The patterns part of the universal witness can be divided
into clusters of patterns, where a cluster is formed by homomorphi-
cally equivalent patterns and no two distinct clusters contain pat-
terns that are homomorphically equivalent to each other. Then, for
each of these clusters, the core of each pattern in a cluster is the
same (up to isomorphism) and the core is still a a valid pattern (re-
sult of Part 1). Since two distinct clusters do not share any patterns
between which mutual homomorphism exists, their cores are not
isomorphic and therefore, every cluster is represented by a differ-
ent core. We have one unique core for each distinct cluster, so there
is a unique combination of these cores.

PROOFSKETCH PROP. 3. To generate the minimum universal
witness, we de�ned a three-step procedure. Step one ensures that
the minimal universal witness consists of core witnesses only, which
is necessary by de�nition. Homomorphically equivalent witnesses
have equal cores, and these duplicates are removed in step (ii). As
a consequence, all other witnesses either have no homomorphisms
between them or there is homomorphism in only one direction. We
need to detect the second case and remove the witnesses to which
the homomorphism maps to to obtain the minimum universal wit-
ness basis.

PROOFSKETCH PROP. 4. The completeness ofE is guaranteed
by Steps 2 and 3 of our algorithm (Sec. 4.4). Those two steps gen-
erate all possible explanations that match a pattern in the generic
witness. It thus remains to show that the generated set is indeed
universal.

Every explanatione2 E is a correct explanation (its condition
is veri�ed by the constraint solver in Step 4 described in Sec. 4.5)
and will produce any missingt tuple w.r.t. the queryQ. This means
there is a least one valuationρ from the body ofQ, and hence from
the generic witness, toesuch that replacing each variable inewith
the corresponding value producest, i.e.,ρ(x) = t. Assume that the
valuation has been obtained for the i-th patternP of the generic wit-
ness. This means thatρ has a homomorphism from an explanation
e that matchesP to e, andecoverse. That yields the conclusion that
every possible explanation is covered by an explanation contained
in the explanation setE.
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