
To obtain V (p), we consider two cases for Ti:

• Case 1: With probability Pne(p), Ti is only explored, but not
exploited. Then Ti has Et(p) false values removed.

• Case 2: With probability (1 − Pne(p)), Ti is both explored
and exploited. Since this entity has an expected number E[ri]
of false values, using the EE algorithm, E[ri] false values will
be removed.

Hence,

V (p) = Pne(p) · Et(p) + (1− Pne)(p) · E[ri] (21)

The rest of the proof is to obtain Et(p) and Pne(p). For Et(p), no-
tice that after exploration, t cleaning operations have been applied
on Ti. Since Ti has a sc-probability of p, the expected number of
false values that can be removed is bounded by the minimum of tp
and E[ri]. Hence, Equation 7 holds.

To obtain Pne(p), we observe that if an entity, which has been
explored, is not exploited, the condition that p̂i ≥ q in Step 17
should fail. Since p̂i = m/t (Step 15), we have:

m ≤ �tq� − 1 (22)

Since m is the number of false values removed, m ≤ E[ri]. There
are two cases to consider:

• Case 1: E[ri] ≤ �tq� − 1. Then, Equation 22 holds, and
there is no chance for an exploitation to occur. In other words,
Pne(p) = 1.

• Case 2: E[ri] > �tq� − 1. Since t cleaning operations is
performed during exploration, we can model this as t inde-
pendent trials, with success probability p. Then, the proba-
bility that m cleaning operations fail out of t trials is a bi-
nomial distribution: Ct

mpm(1 − p)t−m. Moreover, Pne(p)
is the probability that Equation 22 occurs, which is equal to
�tq�−1∑
m=0

Ct
mpm(1− p)t−m. Hence, Equation 6 holds.

Hence, based on Equations 20 and 21, we conclude that Equation 4
is correct.

To prove the correctness of Equation 5, let the amount of clean-
ing effort spent on an entity Ti with sc-probability p be S(p). Then,
E[χi], the expected cleaning cost on each entity is:

E[χi] =

∫ 1

0

S(p) · f(p)dp (23)

To obtain S(p), we consider two cases for Ti:

• Case 1: With probability Pne(p), Ti is only explored, but not
exploited. Then Ti needs a cost of t to be cleaned.

• Case 2: With probability (1 − Pne(p)), Ti is both explored
and exploited. Notice this entity has an expected number
E[ri] of false values. Also, on average, a number 1

p
of clean-

ing operations are needed to remove one false value from Ti.

Using the EE algorithm, a cost of
E[ri]

p
is required to remove

E[ri] false values from Ti.

Hence,

S(p) = Pne(p) · t+ (1− Pne)(p) · E[ri]

p
(24)

By using Equations 6, 23, and 24, Equation 5 is proved.
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