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Abstract

This paper complements the analysis of Louchard and Prodinger [LP08] on the number of
rounds in a coin-flipping selection algorithm that occurs in the presence of a demon. We
precisely analyze a very different aspect of the selection algorithm, using different methods of
analysis. Specifically, we obtain precise descriptions of the distribution and all moments of the
number of participants ultimately selected during the algorithm. The selection algorithm is
robust in at least two significant ways. The presence of a demon allows for the precise analysis
even when errors may occur between the rounds of the selection process. (The analysis also
handles the more traditional case, in which no demon is involved.) The selection algorithm
can also use either biased or unbiased coins.



1. INTRODUCTION

We precisely analyze the number of survivors in a selection process that occurs in the presence
of a demon. Louchard and Prodinger [LPO08] recently utilized a different methodology (for
extreme value distributions, a.k.a. “Gumbel distributions”) to analyze the number of rounds
required to perform the selection algorithm.

The inclusion of a “demon” can be viewed as a generalization of traditional selection al-
gorithms. The demon represents errors which might occur between rounds of the process.
Another interpretation is that participants might be likely to drop out of the selection process
for reasons unrelated to the coin flips in the selection process itself. In any case, a traditional
selection algorithm (with no demon involved) is just a special case (using v = 0) of our very
general analysis. The special case v = 0 (i.e., with no demon involved) is a selection process
using a traversal of binary retrieval trees (tries), where a coin flip of “heads” is analogous
to descending one direction in the trie, and a flip of “tails” corresponds to descending in the
other direction. The involvement of a demon makes the present algorithm more complicated
and realistic than the traditional trie algorithm. As another feature of the generality of our
analysis, the coins used in the selection can be either unbiased (i.e., p = ¢ = 1/2) or biased
(p,q #1/2).

We are able to give the complete distribution and all moments of the number of survivors in
a selection algorithm that occurs in the presence of a demon.

2. SELECTION ALGORITHM

At the start of the selection algorithm, n people are present. Each person flips a coin with
probability ¢ of heads and p of tails. If all n people flip tails, then they are all selected by the
algorithm and the selection process is finished. If j > 0 people flip heads, then these j people
remain in play, and the other n — j (who flipped tails) are eliminated from further play.
Then a demon arrives and, with probability v, removes exactly one of the survivors, so j — 1
remain; he leaves the j survivors alone with probability u = 1 — v. If he leaves the j survivors
alone, then these j survivors begin another round of coin flipping. If he removes a survivor
and 7 — 1 = 0 (i.e., no survivors remain) then the selection process is finished and nobody is
selected. If he removes a survivor and j — 1 > 0 (i.e., some survivors remain) then these j — 1
survivors begin another round of coin flipping.

The end of the algorithm can occur in two possible ways:

(1.) During a round of coin flipping, one or more people remain. All of the remaining people
simultaneously flip tails at this stage, and the algorithm ends. All of the people at this last
stage are selected by the algorithm.

(2.) During a visit by the demon, only one person is present, and this person is removed by
the demon. In this case, zero people are selected by the algorithm.

Here is a pseudocode interpretation of the selection process:



begin round with n people
all n people flip coins
if all n get tails, then
all n are selected, and the algorithms ends;
else if j >0 get heads and n —j get tails, then
with probability u=1—-v:
the demon leaves the j survivors alone;
begin a new round with j people
otherwise (i.e., with probability v):
the demon removes one of the j survivors;
if 7—1=0 then O people are selected, and the algorithm ends;
else (i.e., if j—1>0) then begin a new round with j — 1 people
end if
end round

All of the coin flips are conducted independently. Each person’s flips are independent of every
other person’s flips, and subsequent flips by each person are independent too.

Example 2.1. Suppose that the probability of heads is ¢ = 1/3 and the probability of tails
is p = 2/3. Suppose that the demon appears with probability v = 1/5. Then the selection
algorithm might proceed as follows:

Initially 100 people are present. Exactly 31 of them flip heads (happens with probability
(13?10) ¢*1p%%), and then the demon arrives (happens with probability 1/5) and removes one of
the 31 survivors. So the next round begins with 30 people.

Exactly 12 of the remaining 30 people flip heads (happens with probability (%3)¢'?p'®), and
then the demon leaves the survivors alone (happens with probability 4/5). So the next round
begins with 12 people.

Exactly 3 of the remaining 12 people flip heads (happens with probability (132) ¢*p?), and then
the demon leaves the survivors alone (happens with probability 4/5). So the next round begins
with 3 people.

All 3 remaining people flip tails (happens with probability (g) q°p?), and all three are selected
by the algorithm.

3. NOTATION TABLE

Most of the following definitions are already embedded at the appropriate places in the analysis.
For the reader’s convenience, we also summarize many of the terminologies used, in one succinct
location. For the convenience of someone who already read [LP08], we preserve some of
Louchard and Prodinger’s earlier notation.

n := number of people present at the start of the selection algorithm
q := probability that a coin flip shows heads,

so the corresponding person advances
p:=1— ¢, probability that a coin flip shows tails,

so the corresponding person is eliminated

v := probability that, during a visit by the demon, one survivor is removed
3



=1 — v, probability that the demon does not remove a survivor during a visit
X, := number of people selected by the algorithm, with n initial participants
m(n,m,j) := probability the algorithm selects m of the initial n people and requires j rounds
by convention, 7(0,0,1) = 1, and otherwise w(0,m, j) = 0; thus Fy(u,v) =v
w(n,m) :=P(X,, =m)
= probability that the algorithm selects m of the initial n people;
by convention, 7(0,0) = 1, and 7(0,m) = 0 for m # 0; thus Fy(u) =1

F,(u,v) := Z Zﬂ(n,m,j)umvj

m=0 j=0
Fo(u) := F,(u,1) = Z w(n,m)u™ = Z P(X, =m)u™
m=0 m=0
Q:=1/q
L:=InQ

k=1
xl = - (-1 =(z)(x—1)(z—2) - (x — j+1) is the jth falling power of
1=0
E[X3] = E ]_:[(Xn — )| = Bl(Xn)(Xn = )(Xn—2) -+ (X —j +1)]
1=0

is the jth factorial moment of the random variable X,

i.e., the expected value of the jth falling power of X,

We utilize some concepts from the theory of g-analysis. Since the value of ¢ is fixed, we
suppress the dependence on ¢. For positive integers n, we use the g-Pochhammer symbol

n—1

(w)n = H(l — wqj) = (1 . x)(l — xq)(]_ — qu) R (1 — anfl)’
j=0

We also define (2)eo 1= [[[24(1 — 2¢?) = lim,, 00 (7),,. For complex-valued z, we define

4. RESULTS

The sth factorial moment E[X}] of the number of people selected at the end of the selection
algorithm has the form ~ const + d(logg n) + o(1), where § is a fluctuating function.
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Theorem 4.1. The sth factorial moment of the number of people X,, selected by the algorithm,
when beginning with n participants, is

+ (Yl L), - Hjs+1)” n % o) + O™,
where
- B g )0

% F(ixl)eﬂﬂ’i logg n.

Note that e?™1°8e " is fluctuating, with |e2!™11°8e | = 1.
The distribution P(X,, > r) of the number of people selected at the end of the selection
algorithm also has the form ~ const + §(logg 1) + o(1), where ¢ is a fluctuating function.

Theorem 4.2. The distribution of the number of people X,, selected by the algorithm, when
beginning with n participants, is

() [, =P . (1/ 1) (ug)™
P(X, >r)= L) [L 2T Q(-p) +1mz>:2 ol
T (71)5 q(mfl)(rfs) q(mfl)r(
X (; s (1—gqm-1yr—stl T (1= gm—1)r+ )] +;©” il
where
Q1 X o X
riln) = 770 ( qz S Ty

. (1/ ) (pg)™ g(m=br " xS gme1=s)
+ (7p) +1 Z ( <(1 _ qm—l)r+1 B ?ﬁ (1 — qm—l)r—s-i-l))

m>2 q)m s=0

X F(*Xl)ezlﬂibg@ n

Note that e*'™1°8a ™ js fluctuating, with |e*'™1°8e™| = 1.
5. AsyMPTOTIC MOMENTS OF THE NUMBER OF SURVIVORS

5.1. Derivation of Generating Functions. We next establish an exact formula for the bi-
variate generating function F,, (u,v) that describes the probabilities associated with the number
of survivors and the number of rounds in the entire algorithm.

Lemma 5.1. Let F,,(u,v) be a bivariate generating function such that the coefficient of u™v?
is the probability that, in the algorithm, exactly m people are ultimately selected and exactly j
rounds are used to complete the election. Then

o o= ) (ot o

k—1

vq k-1 Z (1 — pu)ipv(u — 1)(uqv)j)
(1qu)g o ¢’ (vq);
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The proof of Lemma 5.1 utilizes some recurrences associated with F,(u, v). The proof is given
in Section 7.

Corollary 5.2. Setting w =1 in Lemma 5.1, we obtain

2) Fn<1,v>—i(’;>v<—q>’“ Wl

k=0

This verifies that our results about the number of rounds agrees with the results from our
Previous paper.

During the remainder of the paper, we no longer pay attention to the number of rounds. We
focus exclusively on the number of survivors.

Lemma 5.3. The sth factorial moment of X,, is

®) B =3 (1) 0

k=1
with
_ z(q)Z—ls s(_1\s—1 >
(4) es(z) =¢q () (@p)*(—1)" "4y (2),
and

balz) = (1g)oo 2* _’_Zl:((MQ)j B (/MJ)oo>j51 3 ((M)j+z B (uq)oo>(J e 1]

(@)oo s >0 (q)j (@)oo (q)j+z (@)oo

5.2. Asymptotics. Now we turn our attention to the asymptotic moments of the number
of survivors in the algorithm as the number n of initial participants grows large. We note
that (¢).—1 = %, S0 ps(z) has a simple pole at each of the locations of the form
z=m+ 2”” for {,m € Z with m < 0. By Theorem 2 of [FS95], we can restrict attention to
the poles where m = 0, i.e., where z = x; for [ € Z. Thus

es n!(—l)” n~!
=2y R erees vrrrr] R

We need the local expansion of ¢4(z) and thus ¢s(z) around z = 0 to two terms, since
Vs (z)m has a double pole at z = 0, but only a simple pole at z = x; for [ # 0. As
z— 0,

(1) j+=
(Q)j-‘rz

~

J+l J
[1_ZLZ e J+l Z ! J+l:|

>1 >1

and

(j+ 2= ~ 5= 1+ 2(H; — Hj_s11)] .-



Thus

-~ (:U'Q)oo ( 1)5 1(5 - 1 Q)oo s—1
L *;i( )
()i [, pett 71 (1)
((Q)j [1 L;Puq”le Lglqj“} (q)oo)

L1 5 Hy)]|

More simply, as z — 0,

Vs (2) ~ Z[(Mq)m (_1)5_;(8 — D! + Z js_l[ (Z 1 Mq;;l_H - Z 1 qj;rjl'+l>

(0)oc j>s—1 1>1 1>1

(o ]|

Notice the absence of the constant term! Substituting into the definition of ¢4(z) in (4), it
follows that

o (=1)57 (s = 1)!

@s(z) ~ ¢ (Q)Z—l S(Qp)s(_l)s—l % Z[(MQ)

(1q)- (q)i:l 5 N
+stZ—1jH[L(ZJq))J-j (121 1 /_iquqm B lzzl lg(le)
i ((ZJ(J))OZO N ((lilq)ij)(Hj B Hj—s+l)”

as z — 0. Also 2(q),—1 ~ 1/L and (pq), ~ 1, so

° . j+l o+
)~ (QIZ’)) |:(MQ)OO (s=Dt+ S(_l)s_l Z Jﬂ |:L ((li]q))JJ <l>1 1 ﬁqﬂqj+l - Z 1 z qj+l)

(@)oo S
(=)

as z — 0. Also (zﬂg_gfn) ~ 1 as z — 0. Therefore

2
:(Qg) [((q)oo( D! 4 s(=1)" 1J>XS:1‘78 1
[ (; Mq;;lﬂ N ; 1 qj;l_H)

(e - o]
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So the sth factorial moment E[X7] of the number of people selected by the algorithm, when
the algorithm begins with n participants, is

51 (@) [ (D)oo ot - pt gt
R [ (@)ec o ]>zs:1j [ 0); (121 1— pgit! ; 1 —q“l)
(H9)oo  (19); . - -
" ( @ (@); >(HJ HJSH)” +Z¢ZO¢S’Z( ) +Om™),
where

) = g [y ]

z=x1 2)(z—1)---(z—mn)

_ ¥t sp® - ni(=1)"
= Res [(0)- 1] W(_” R v evp poey vy

O (e 5 (U0 ) (s

7>0
% F(_Xl)€2l7rilogQ (1 +O )

Note that e2!™11°8e ™ is fluctuating, with |e?"11°8e ™| = 1. This completes the proof of Theo-
rem 4.1.

6. AsyMPTOTIC DISTRIBUTION OF THE NUMBER OF SURVIVORS

6.1. Derivation of the Distribution of the Number Of Survivors. Now we derive
an exact formula for the distribution of the number of survivors selected at the end of the
algorithm.

Lemma 6.1. Let r > 0. The probability that strictly more than r out of n initial participants
are selected at the end of the algorithm is

(5)
r—n n\, ke (q>7€1r+1 “q°° 1/“ Jn(p9)"™ 5~ (5
PHn > )_;(k>( D e oo mZ>O (@)m JZ—:O<T>

The proof of Lemma 6.1 utilizes the ¢g-binomial theorem; see Section 7.

Lemma 6.2. The distribution of X,, has the form

(6) P(X, > =Y (Z) (—1)F 0, (),
k=1

with

(7) gr<z>—q“(flj;): L), (2),



and

N

= (Mqio ((— ) (1 - Z qu(pf) L (=D 2

+1 '
p)T s=0 p (’I"+ 1)

+Z (1/M()m(MQ)m((1 g(m=1r - T s gmeD)(etr—s) ))

m>2 Qm —gm—1r+l Z sl (1 — gm—T)yr—s+1

%)

s=0

6.2. Asymptotics. Now we turn our attention to the asymptotic distribution of the number
of survivors in the algorithm as the number n of initial participants grows large. We follow
the derivation for the Rice Method discussed in Section 5. As before, (¢),—1 = %,
so 0,(z) has a simple pole at each of the locations of the form z = m + % for I, m € Z with
m < 0. Again, by [FS95], we focus on the poles z = x; for [ € Z. Thus

nl(—=1)"
—1)---(z—n)

Z=X1
leZ

P(X, >r)= Res [gr(z) } +0(n™h).

2 (2)(=
Similar to the derivation in Section 5, we need the local expansion of g,.(z) and thus ¥,(z)
around z = 0 to two terms, since QT(Z)W has a double pole at z = 0, but only a
simple pole at z = x; for [ #0. As z — 0,

Z §q—2<_p)s ~1- ZZ p?‘? + 2L,
' s=1

s=0

and
iii q(mfl)(ZJrT*S) N q(mfl)r
— gm—1)r—s+1 _ gm—1)r+1
st (L—gm st (L—gmh)
n Zi (_1)3—1 q(m—l)(’r—s) B Zq(m—l)TL(m _ 1)
= s (1 — gm—T)r—s+1 (1 —gm-1)y+
Thus
(P“I)oo< q ( —~p° > (b—=1Dg_(=1)
Ur(z) ~ z) ——zL)+ z
r( ) (q)oo (_p)r+1 52:; s p (7‘—|—1)
(1/N)m(NQ)m - (—1)571 q(mfl)(T*S) q(mfl)rL(m . 1)
i Z T 7ZZ S (1- qm—l)r—s+1 T2 (1— qm—l)r-&-l :

@ Lt \7 &) p 0]
1/1)m m o (1) (m—1)(r—s) (=17 (1 — 1),
s (1/)m(1q) ( (=1 4 SR (:7_@1 7«+)1 )]
m>2 (q m s=1 $ (1 —q ) (1 —q )
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As before, notice the absence of the constant term. Substitution into (7) yields

Qr(z) N qz—l((qy)l;)zl r+1(_1)r
(1o [a(=D)" (&P (L—pg (=)
(@ [p”l (L 2_:15) p (r+1)
1/'u (Mq m r (_1)3 q(m—l)(r—s) q(m—l)r(m _ 1)L
P D @ Lty )|
as z = 0. Also 2(q),—1 ~ 1/L and (pq). ~ 1, so
(19) o0 —~p°  wp”
r(Z) ~ L(q)oo |:L — 2 ; — 1
- R ( )m r (m 1)(r—s) q(m—l)r(m_l)L
Q( p) mEZ:Q ( )m (; m )r—s+1 + (1_qm—1)r+1 >]
as z — 0. Also % ~ 1 as z — 0. Therefore
nl(=1)" .
Res {Qr(z) @)—1)- (2 - n)] = et
() [, =t ot e (Y )m(pg)™
" L)~ [L D s S D D
r (_1)8 q(m—l)(r—s) q(m—l)r(m _ ].)L
X (; s (1 _ qm—1)7’—s+1 + (1 _ qm—l)r—i-l )] :
So
_ (19)oo —~p v r1 N (/) m(pg)™
P(X,>r)= o) [L—;S—T+1 —Q(-p)"" mzm @
r 1)5 (m—1)(r—s) q(m 1)r (
X (9:1 s _ TYL 1)r—s+1 + (1 _qm 1 r+1 ):| +#ZO(I)TZ )’
where
G = Res z ni(=1)"
Braln) = Res [QT( )<z)(z—1>---(z—n>}
 Res I nl(=1)"
= R l@--] (19) i =y =)
T s r+1
= %(éﬁ:} (q 1 %(*p)s +(—p)"vq (TX; i
et = (/)m (pg)™ g &KX gm e
+ (—p) mzzz (@m ((1 — gyt yeard sl (1— qm—l)r—s+l)>

x D(—xp)e?mose™ (14 0(n™")).
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Note that e2!™11°8e ™ is fluctuating, with |e?™11°8e ™| = 1. This completes the proof of Theo-
rem 4.2

7. PROOFS

Proof. (Proof of Lemma 5.1.)

When starting with n participants, if all n participants are simultaneously eliminated by
coin flipping, then these n participants are selected by the algorithm; this corresponds to
the term (H)qop”u”v in recurrence (8) below. If exactly j participants obtain heads, with
1 < 7 < n, then the demon arrives and removes one additional participant with probability v,
or leaves the j remaining participants alone with probability . This phenomenon corresponds
to UZ ( V@7 p" I (VF;—1(u,v) + pFj(u,v)) in formula (8). (Note that, since Fy(u,v) = v,
the recurrence below also holds when n = 0.) So the recurrence

(8) Fo(u,v) = (0) “p"u" + v Zn: (7;) @ P (VFj_y (u,v) + pFj(u,v))

Jj=1

holds for all integers n > 0. More simply,
(9) Fo(u,v) = ( "+Z() "I (wFy- 1<u,v>+qu<u,v>>).

Next we define the exponential generating function

G(z,u,v) = ZF U, v)

From the recurrence in (9), it follows that

n
|

G(z,u,v) _vz<p”u"+z< ) "W E o (wv) + B (. v))>2
_ v<epuz + Z ¢ 2 (VEj 1 (u,0) + pF (u,v) i (rf)pn_j ZZ:)

j=1 n=g M

oo+ S )+ )

Jj=1

(10) v(ep“z + eP? (Vq /G(qz, u,v)dz + uG(qz,u,v) — uv) )

The generating function G(z,u,v) becomes simpler if we replace the fixed number n of people

present at the start of the algorithm by a Poisson number of participants with mean z. For
this reason, we replace G(z,u,v) by the Poissonized exponential generating function,

D(z,u,v) := G(z,u,v)e” ZD U, v)
From (10), it follows that

(11) D(z,u,v) = vePr=Dz 4 =9z (Vq /G(qz,u,v) dz + uG(qz,u,v) — ,uv) .
11



We use a succinct notation for differentiation with respect to the first of three variables:
D'(z,u,v) == iD(z,u,v)
dz

and

G (z,u,v) == diZG(z, U, v).

Differentiating both sides of (11) with respect to z yields
D'(z,u,v) = (pu — 1)veP=D% _ yge=? (Vq /G(qz,u, v)dz + uG(qz,u,v) — uv)
+ve” " (vgGlqz, u, v) + 1gG' (g2, u,v)) -
It follows that
D'(z,u,v) + q¢D(z,u,v) = pquD’(qz,u,v) + quD(qz, u,v) + eP* " DZpp(u —1).

For n > 1, extracting the coefficient of ﬁ from D(z,u,v) = > ", Dy(u, v)% yields

D, (u,v) + gDy —1(u,v) = pquDy, (u, v)q’“1 + quDy—1(u, v)q’“1 + (pu — 1)"’1pv(u -1,

or equivalently,

vg" —q  (pu—1)""'pu(u—1)

Dn(u7 U) = anl(U” ’U) 1 — povg™ 1 — pogn

Iterating this recurrence yields

(0, =2 (pu— 1) pu(u— DT 50" —q)

Dy (u,v) = v(=q)"

(g~ = [T, (1= pwgh)
— oy _V)n - 1vqn 1 (1= pu)po(u —1)(uqv),
=vi=a) (Lvq)n (e (Hq)n Z ¢’ (vq); ’

Note that Fy,(u,v) = > p_; (7)Dx(u,v), so Lemma 5.1 follows.

Proof. (Proof of Lemma 5.3.) Setting v =1 in Lemma 5.1, it follows that

e (M (e (W = 1—pu u—l)(uq)j
- kZ:O <’f) <( 9 (hq)k e ]Z% (9); )
B " /n k 1k_1 (1—pu Jp(u L)(u )

It follows that, for s > 1
(s) _ — (n k—1 k:(q)k 18 s(_1\s—1 = (/MJ)] s—1

(13) POW =3 () 0 Gt s >



Dissecting the summation over j in (13), we obtain

j=>0*+

Finally, we observe that, since F, (u) = S°°_ 7(n, m)u™, then Fi* (1) = S _gmim(n,m) =

m=0

E[X7]. Thus E[X5] has the representation given in the statement of Lemma 5.3. O

Proof. (Proof of Lemma 6.1.) First of all,

r

P(X, >7r)= mz>:r7r(n om)=1-— zoﬂ(n,m).
Note that 37 o w(n,m) = [u"] 2% " and of course 1 = [u"] 12, so
P(X, >7) = [ur]%"é“)
= [u”']kzn:_l (Z)( e @i jZ: 1- ;j PG quation (12)
w (e g ()

We focus on the second summation in (14). Recall that (), := (2)oo/(2¢*) o, SO

(19); (1o (1")oo

(15) (@; (@ (g7t

Also, the ¢-binomial theorem states ((azz))"" = >0 qu 2™, Specifying z = pug’t! and a =
1/,

(16) (qj+1)00 Z (1/M)m

(17 )oe A (@)m




Combining (15) and (16) yields
k

= (0) Gt - 5 (0)r e - By

J= J

_ (19)os (1/ 1) (p1g)™ 5= m—1
a7 (@) 2 Z(T)

o0 m>0 (q m 3=0
Thus
— (n (Q)r (1/ i) (19)™ "= (7 1
Pt =3 () s sy s ()
= \k (1q) Jo izp (@Dm i \r
as claimed in the Lemma. O

Proof. (Proof of Lemma 6.2.) Let » > 0. The probability that strictly more than r out of n
initial participants are selected at the end of the algorithm is

(18)
) = (), e @k 1 r )oo 1/# .quk .
PO > ) =) (3) ot it ,;) > ()
We handle the sum over m in Lemma 6.1 in three parts, m =0, m = 1, or m > 2, as follows
1), m k=1 ,. N
2;0( /u()q)fan) ZO (i) (¢/)
k-1 . k—l k=1 .
_ 3\ -, @ =1/p)(ug) (1/p)m(pg)™ AV
_jz_%(?")q B ;(7“) mz;z @Dm = <T>(q)
k—1 ,. k—1 ,.
_ A e (1/ ) (pg)™ 3\ ym-1
we =L R L m & ()

Now we focus attention on the sums of the form Zf;é (i )a?. Writing D = %, we note

k-1 g El v El . R g
e i g o Y pr ji_ %Y pr-
(20) Z() 'Zo _N;}m_ﬂpzx_ﬂp —

Jj=0 Jj=0

The remainder of the analys1s does not depend on k being an integer. We have

- Z 1
7D’I" — DS 1 _ . DT’*S
7l e < > =) (1 - 95)

x s ks r—s)!
H(lxk)’Q_WTIZ()kwk (1(_.1‘)74_)%_1

B x" 2"k ks ghtr—s
(1—z)rtt (1 —ax)rtt — gl (1 —x)r—stl
z" r ks xk+r—s
21 S N
(21) (1 —x)r+t ;{) s (1 —g)r—stl
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Thus, combining (20) and (21) with z = ¢™~!, we can simplify the “m > 2” term of (19), as
follows:

ity (m=1)r T ks g(m—1)(ktr—s)
J m—1 q q
22 E J -+ @000 '
( ) ('r‘) (q ) (1 _ qul)rjtl Z sl (1 _ qm—l)r—s+1

§=0 s=0

For m = 0, the analogous equation is
SYOAPE g T g (o)
Z <T>q - W - ; QW

(29 - ot (1- X Saterr),

s=0
Plugging the results from (22) and (23) into (19), we get

) m k=1 . . T ks s -1 Ertl
Z(/MWZC)(‘I]) 1:(_p‘§r+1(1—zs!q ’“(—p)>+(u)q(r+1);

m>0 (Q)m 7=0 s=0 p

(1/M)m(MQ)m q(m—l)r
+2 (@)m

(]_ _ qul)r+1

q(mf 1)(k+r—s)

o (1 — gm—1\r—s+1°
g s! (1 qm )r s

Finally, a substitution into the form of P(X,, > r) in Lemma 6.1 yields Lemma 6.2. O

8. FUTURE PROBLEMS

A key problem for future analysis involves a more robust demon, who might be able to remove
more than one participant at a time. Another problem to be studied in the future might
involve replacing the 2-outcome coins (heads versus tails) with a coin that itself involves some
uncertainty. Another interpretation of this extension is that the parameters p and ¢ are
unknown before the coin is flipped. Many other possibilities exist for generalizing the present
algorithm.
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