


APPENDIX
A. PROOFS

Proof of Lemma 1.

PROOF By contradiction. Assume th&T'O Py (p) C RTOPx(q)
and therefore there exisise RT'O P (q) suchthatw ¢ RTOPy(p).
We conclude that: (afw(p) < fw(q), because < ¢, thusvd;
pli] < ¢[i] and f,, is monotone, and (bjr € TOP;(w) such
that f, (q) < fuw(r), sincew € RTOPy(q) (Definition 2). From
(a) and (b) we derive thalr € TOP;(w) such thatf,(p) <
fw(q) < fuw(r), thus by definitionw € RTOPx(p), which is a
contradiction. [

Proof of Corollary 1.
ProOOF. According to Lemma 1, it holds thatRT'O Py (p) 2

RTOPy(q). This directly implies that{ RTO Py (p)| > |RTOPx(q)|,
and equivalentlyf¥ (p) > f¥(¢). O

Proof of Lemma 2.

PROOF. By contradiction. Assume thdlp € SKY (S) such
thatp € ITOP;. Thendg ¢ SKY(S) andg € ITOP;. We
conclude that: (afip € SKY (S) such thatp < ¢ and fF(p) >
fF(q) (Corollary 1) (b)Vr € S — ITOP; it holds thatf (q) >
fF(r) sinceq € ITOP;. Thus, from (a) and (b) we derive that
Vr € § — ITOP} it holds fF(p) > fF(q) > f¥(r). Based on
Definition 4 we conclude that € ITOP;, which contradicts our
assumption. [J

Proof of Theorem 1.

PrRoOOF. It holds thatvp; € CDS(q): p; < g and there exists at
least onep; € CDS(q). Moreover, from Lemma 1 we derive that:
Vpi : RTOPy(q) € RTOP:(p;). According to the set theory it
holds that: ifA C BandA C C, thenA C BN C. Consequently,
it holds thatRT'O Py (q) € Ny, copsiq BTOPe(pi). O

Proof of Theorem 2.

PROOF. Let us assume that there exise P — C'D.S(q) such
that(y,,. copsignipy BLOPe(Pi) C Nyp,consq RTOPk(pi)
which leads to a smaller upper boubd(q). If p ¢ P., then
p # g and the Lemma 1 is violated. Thus,e P. — CDS(q)
and based on Definition 8p; € CDS(q) such thatp < p;.
Based on Lemma RTOP;(p;) € RTOP;(p) and therefore
Nvp;er RTOPk(pi) € Nyp,ccns(q RTOPk(pi). Which leads
to a contradiction. []

Proof of Corollary 3.

ProOOF. Obviously, any data objeptenclosed in an MBR; (1;, u;)
is either equal or dominated by the lower left corheThus, based
on Corollary 1, the influence scorf (p) of objectp is bound by
the influence score df: f¥(p) < ff(l;). O
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Figure 13: All algorithms for CO dataset and varying d.
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Figure 14: All algorithms for AC dataset and varying d.
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Figure 15: BB vs. SB for real data.

B. ADDITIONAL EXPERIMENTAL RESULTS

In this section, we provide some additional experimental results.

Experiments with synthetic data. In Figure 13, we measure
the number of I/0Os and the number of required topr&luations for
the CO dataset and for varyinly The results are complementary to
those of Figure 6. Both our algorithms perform consistently better
than naive. In additionBB is more efficient tharbB.

In Figure 14, we depict the same measures for the AC dataset and
for varyingd. These results correspond to the experimental setup
of Figure 7 and they confirm the conclusions drawn for the case of
the AC dataset.

Experiments with real data. In Figure 15, we show the exper-
iments using the real dataset8B produces the result faster than
SB for both datasets. Moreover, the gain in terms of pruning is high
for both datasets, as demonstrated by the number of reverge top-
evaluations. Obviously, the absolute values of the measures depend
on the peculiarities of each dataset, for example the data distribu-
tion. However, we observe that the relative gainB# compared
to SB is much higher in the case of the larger dataset (HOUSE),
since BB manages to prune more data points. Notice that HOUSE
is the largest dataset in our experimental study in terms of cardi-
nality and dimensionality. In general, the results with real datasets
are in accordance with the conclusions drawn from the synthetic
datasets.
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