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DISCRETE MOMENT PROBLEMS WITH
DISTRIBUTIONS KNOWN TO BE UNIMODAL

ERSOY SUBASI, MINE SUBASI AND ANDRAS PREKOPA

(Communicated by Zs. Pdles)

Abstract. Discrete moment problems with given finite supports and unimodal distributions with
known mode, are formulated and used to obtain sharp lower and upper bounds for expectations
of higher order convex functions of discrete random variables as well as probabilities of the
union of events. The bounds are based on the knowledge of some of the power moments of
the random variables involved, or the binomial moments of the number of events which occur.
The bounding problems are formulated as LP’s and dual feasible basis structure theorems as
well as the application of the dual method of linear programming provide us with the results.
Applications in PERT and reliability are presented.

1. Introduction

Let £ be a random variable, the possible values of which are known to be the
nonnegative numbers zo < z1 < ... < z,. Let p, = P(E = z), i =0,1,...,n.
Suppose that these probabilities are unknown but either the power moments w; =

E(E¥), k = 1,...,m or the binomial moments Sy = E K i )], k=1,...,m, where

m < n, are known.
The starting points of our investigation are the following linear programming
problems

min(max) Zf (zi)pi
i=0
subject to

szpi:.uk7 k:0a17"'7m (11)
i=0

pi=0, i=0,1,..n

and

min(max) Zf (zi)pi
i=0
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subject to

Z(?{ )p,-_sk, k=0,1,...m (1.2)

pi>05 i:071,..7l’l

where g =So=1.

Problems (1.1) and (1.2) are called the power and binomial moment problems,
respectively and have been studied extensively in [13, 14, 15, 16, 2]. The two problems
can be transformed into each other by the use of a simple linear transformation (see
[17], Section 5.6).

In this paper we specialize problems (1.1) and (1.2) in the following manner. We
will alternatively use the notation f instead of f(z).

(1) In case of problem (1.1) we assume that the function f has positive divided
differences of order m+ 1, where m is some fixed nonnegative integer satisfying
0 < m < n. The two optimum values of problem (1.1) provide us with sharp
lower and upper bounds for E[f (§)].

(2) In case of problem (1.2) we assume that z; =i, i = 0,....,n and fo = 0, f; =
1, i = 1,...,n. The problem can be used in connection with arbitrary events
Ay, ...,A,, to obtain sharp lower and upper bounds for the probability of the
union. In fact, if we define

Se= > PAi.Ay), k=1,..n,

1<ii <...<iy <n

then by a well-known theorem (see, e.g., [17]) we have the equation

SszKi )} k=1,...n, (1.3)

where £ is the number of those events which occur. The equality constraints in
(1.2) for k = 1,...,m are just the same as the equations in (1.3) for k= 1,....,m
and the objective function is the probability of & > 1 under the distribution
Po, ---, Pn - The distribution, however, is allowed to vary subject to the constraints,
hence the two optimum values of problem (1.2) provide us with the best possible
lower and upper bounds for the probability P(& > 1), given Sy, ..., S,, .

Note that if the binomial moment problem (1.2), in the above mentioned special
case (2), has feasible solution, then there exists a probability space and events Ay, ..., A,
such that Sy, ..., S,, are their binomial moments. In fact, we can take, as sample space,
the set of all n-vectors with 0-1 components, form a 2" x n matrix with them and define
A; as the set of those rows of the matrix which have 1’s in the ith column, i =1, ...,n.
Then, assign py as probability, to the set of those rows in which the number of 1’s is
k, further, split p; arbitrarily among the elements within that set, k = 1,...,n. The
obtained events have the required property.

For small m values (m < 4) closed form bounds are presented in the literature.
For power moment bounds see [16, 17]. Bounds for the probability of the union have
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been obtained by Fréchet [4], when m = 1, Dawson and Sankoff [5], when m = 2,
Kwerel [11], when m < 3, Boros and Prékopa [2], when m < 4. In the last two papers
bounds for the probability that at least r events occur, are also presented. We call a
probability bound of order m if joint probabilities of m events, but not more than m
events are used in it. For other closed form probability bounds see [8, 17]. Prékopa
[13, 14, 15, 16] showed that the probability bounds based on the binomial and power
moments of the number of events that occur, out of a given collection Ay, ..., A,, can
be obtained as optimum values of discrete moment problems (DMP). He also showed
that for arbitrary m values simple dual algorithms solve problems (1.1) and (1.2) if f
is of type (1) or (2) (and even for other objective function types).

Probability bounds, based on the probabilities of the individual events and their
intersections, also exist in the literature. For typical results in this respect, see the papers
by Hunter [9], Bukszdr, Prékopa [3] and Bukszar [4].

In this paper we formulate and use moment problems with given finite supports
and unimodal distributions with known mode to obtain sharp lower and upper bounds
for expectations of higher order convex functions of discrete random variables and for
the probability that at least one out of n events occurs.

In Section 2 some basic notions and theorems are given. In Section 3 we use the
dual feasible basis structure theorems in [14, 16] to obtain dual feasible basis structure
theorems for our problems and sharp bounds for E[f (£)] in case of problems, where
the first or the first two power moments are known. In Section 4 we present a dual
feasible basis structure theorem and give closed form bounds for P(§ > 1) in case
of problems, where the first two binomial moments are known. In Section 5 we give
numerical examples to compare the bounds obtained by the binomial moment problem
with and without shape information. The results show that the use of the shape constraint
significantly improves on the bounds. In Section 6 we present two examples for the
application of our bounding technique.

2. Basic Notions and Theorems

Let f be a function on the discrete set Z = {zg, ..., 7}, 20 < 21 < ... < 2. The
first order divided differences of f are defined by

[z, Ziv 15 ] ZM, i=0,1,...,n—1.
i+l — Zi

The kth order divided differences are defined recursively by

o2k f] = Zit1s oo Zivks [ — [, -~-yZi+k—l§f}7 K
Zirl —Zi

> 2.

The function f is said to be kth order convex if all of its kth order divided differences
are positive.
Note that the kth order divided difference of f on the set {z,...,z} can be
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obtained in the following closed form:

1 | 1
20 21 Tk
Z/(;fl lecfl o Zfl
fo fi o Sk
L fl = 2.1
[Z07 7Zkf] 1 1 ... 1 ( )
0 21 Tk
ZS leC “ e leg

For further information about divided differences see [10, 16].
The following two results are due to Prékopa [14, 16].

THEOREM 1. Suppose that all (m+1)st order divided differences of the function
f(2), z€ {2021, ...,z } are positive. Then, in problems (1.1) and (1.2) all bases are
dual nondegenerate and the dual feasible bases have the following structures, presented
in terms of the subscripts of the basic vectors:

m+1 even m+1 odd
min problem  {i,i+1,...5,j+1}  {0,i,i+1,...,jj+ 1}
max problem {0,i,i+1,....j,j+ 1,n} {i,i+1,....j,j+ 1,n}
where in all parentheses the numbers are arranged in increasing order.
More general theorems are presented in [14] and [16] for problems called totally

positive linear programming problems and those involving discrete Chebyshev systems.
We recall from those papers the assertion that we need here.

THEOREM 2. Let A bean (m+ 1) x (n+ 1) matrix, x,c n+ 1-component and
b m+ 1-component vectors and consider the LP:

min(max) c¢’x

subject to (2.2)

Ax=b, x>=0.
Suppose that all minors of order m + 1 from A are positive. If all minors of order
m+2 from < :‘T ) are positive, then any dual feasible basis has the following structure,

presented in terms of the subscripts of the basic vectors:
m+1 even m+1 odd
min problem  {i,i+1,...5,j+1}  {0,i,i+1,...jj+ 1}
max problem {0,i,i+1,....j,j+ 1,n} {i,i+1,...5,j+ 1,n}
All dual feasible bases in all cases are dual nondegenerate.
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The proof of Theorem 2 is based on the relation

1 |c, ck
Tp—1 _ 14 B
—_ B = 2.3
Cp Cp ap | B| a, B ) ( )
where |.| means determinant. Theorem 1 is also proved by the use of Lagrange

interpolation polynomials [16]. We see that the basis structures in Theorem 2 are the
same as those in Theorem 1.

3. The Case of the Power Moment Problem

In this section we consider the power moment problem (1.1) for the cases of
m = 1,2. We give lower and upper bound formulas for E[f (¢)] for three problem
types: the sequence of probabilities py, ..., p, is (1) unimodal with a known mode, (2)
increasing, (3) decreasing.

3.1. TYPE 1: The Case of a Unimodal Distribution

We assume that the distribution is unimodal with a known mode z;, 1 < k < n,
ie, po < ... < Pi—1 < Pk 2 Pk+1 = --- = Pn- We also assume that f has positive
divided differences of order m + 1.

First, we remark that there are two possible representations of problem (1.1) with
the shape constraint. In the first one, that we call forward representation, we introduce
the variables v;, i =0, 1,...,n and obtain:

pPo=VY, PL=Vo+Vi, .., Pr=Vo+..+W

Diil =Virl F oot Ve, Pri2=Vizo+ ot Vay ey Pp=Vy. (3.1)

In the second one, that we call backward representation, only the representation of py
is different and itis: py = v + ... +v,.

If we use the forward representation in problem (1.1), with the additional infor-
mation regarding po, ..., pn , We obtain the following problem:

k n
min(max) Z(f, + . fovi + Z (fre1 + o Ffi)vi

i=0 i=k+1
subject to

k

Sai+ o avi+ D (aw+ .. +a)vi=b (3.2)
i=0 i=k+1

Vot oo T VE— Vgl — oo — Vy > 0 (323.)
Vi>0, i:0,l,...7n,

where a; = (1,z;,...,2")7, i=0,..,n and b= (1,141, ..., )" .

1
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In case of the backward representation the problem can be formulated as follows:

k—1 n
min(max) > (fi + ... +fic)vi + O _(fi + . +fi)vi
i=0 i=k
subject to
k—1 n
(a,-Jr...+ak,1)v,-+2(ak+...+a,-)v,- =b (3.3)
i=0 i=k
Vit oot Vve—vo—...— 1 =0 (3.3a)

viz0, i=0,1,...,n,

where a;, i =0,...,n and b are the same as before.

The optimum values of the corresponding problems (3.2) and (3.3) are the same.
However if we remove from them the constraints (3.2a) and (3.3a), then the optimum
values of the corresponding relaxed problems may be different.

The general method that we can apply to solve problem (3.2) (or (3.3)) is the
following. First relax the problem by removing the constraint (3.2a) (or (3.3a)) and
solve the relaxed problem. If m is small, then the optimum values can be obtained
in closed forms. Otherwise, the dual method of linear programming, presented in [16,
Section 4], can be applied to obtain algorithmically the solution. In both cases primal-
dual feasible bases are obtained. Second, prescribe (3.2a) (or (3.3a)) as additional
constraint and use the dual method to reoptimize the problem. We also remark that if
we obtain pg = pry1 (or pr—; < pi) in the optimal solution of the relaxed problem,
then reoptimization is not needed.

Note that if we designate the optimum values of problem (3.2) (or (3.3)) as min,
and max,p; and the optimum values of the relaxed problem as minﬁ,p, and max!) ., then

opt >
we have the inequalities min,

opt < MiNgpy < MAXgp < max’

opt *

THEOREM 3. If the constraints (3.2a) and (3.3a) are removed from problems
(3.2) and (3.3), respectively, then the matrix A of the equality constraints and the
coefficient vector f of the objective function satisfy the conditions of Theorem 2.

Proof. We prove the assertion in case of problem (3.2). Take an (m+2) x (m+2)

) . The columns of < 'iq

. A
minor from <
I

T ) are special partial sums of the columns
!

i
from one partial sum to obtain the next one. In the second part we add a new column to
obtain the next one. The minor may be entirely from the first k£ columns or from the last
n — k columns or in a mixed manner. In all cases we can apply a column subtraction
procedure such that the resulting determinant (equal to the minor) has the following
property: if I; = {j| a; is a term in the sum in the ith column}, i = 1,...,m + 2, then
for any pair I, I,, t < u we have that all elements in I, are smaller than any of the
elements in [,. This implies that the determinant of resulting matrix splits into the

< “ ) , i = 0,...,n. In the first part of the matrix we always remove the first term
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sum of positive determinants since all (m + 1) st order divided differences of f are
positive (i.e., (2.1) is positive). The same column subtraction procedure can be applied
to show that any (m + 1) x (m + 1) minor of A is positive since (ag,ay, ..., a,) is a
Vandermonde matrix.

The proof of the assertion in case of problem (3.3) can be done similarly. (]

The bounds for E[f (£)] in case of problem (3.2)

Below we present closed form bounds for the second relaxed problem, i.e., problem
(3.2) without the additional constraint (3.2a), when m = 1,2.
Case 1. Let m = 1. Since m + 1 is even, by the use of Theorem 2, any dual feasible
basis of the minimization problem, that we designate by By, , is of the form

Bmin:{j>j+1}7 Og]gn_l

Similarly, by Theorem 2, the only dual feasible basis of the maximization problem,
designated by B, , is obtained as

mwc - {0 n}

Since By is the only dual feasible basis it must also be primal feasible (see, e.g.:

[18]).

B,.in 1s primal feasible if j satisfies the following condition:

k k
Zt:j & << Zz:jﬂzt

< it j<k—1; 3.4
k—j+1 S T n (3.4)
J Jjt+1
_ g Z
%< | Jz_f]fil’ if j>k+1; (3.5)
2k < Ut < 2t if j=k. (3.6)

Let us introduce the notations:
J

n
afl-:(n—j)Zztzf j—i+1 sz’ 0= (n—j Zz, G—i+1 ZZ“

=i =j+1 1=j+1

i—1

Z,-ZJ—ZZZI G—i+ )Zz?, ,J—lZz,f i—i+1 Zz,,

t=0

62}:ZZ?7071+1)Z1271’ O-,J—ZZ)‘ 7l+ )Zifla (37)
=i

J
%?;‘:ZZt*(I.*iJFl)ZjZHa %J—Zzt =i+ 1)z -
t=i

The lower bound for E[f (£)] is given as follows:
o If j<k—1 and (3.4) is satisfied, then we have

Skl —af) = (=il = X f)]

Ojt1,k

<Ef(E)]; (3-8)
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e if j > k+ 1 and (3.5) is satisfied, then we have

Z]t':k+l<fj+1zf - Zj+],ft) — M [Zi:]@ﬂft - (k 7J)fj+1:|

, F&n: (39
Yty
e if j =k and (3.6) is satisfied, then we have
Tl — -z
k+1 25! k+ i kfk+1 \ [f(;gr)} ) (3 10)

k1 — Tk Tk+1 —

The upper bound for E[f (£)] is the following:

k
B (E)] < D= mBi g kD - Fhan sh

Zii1n p Zit1n v

Here 0;;, ¥:j, Zi; are the values in (3.7).

Below we present the closed form bounds for the case of m = 2.
Case 2. Let m = 2. In this case we assume that the third order divided differences of f
are positive. The bounds for E[f (£)] are based on the knowledge of u; and u, . Since
m+ 1 is odd, by the use of Theorem 2, any dual feasible basis for the minimization or
maximization problem, respectively, in (3.2), without the additional constraint (3.2a),
is of the form

Buin =1{0,i,i+ 1} and B, = {j,j+ 1,n},

where 1 <i<n—1, 0<j<n—2.

The basis B, is primal feasible if i satisfies the following condition:

o If i<k—1,then

Si,k (k+ Du — Zf:o 4 < Zz'2+1,k
T (kD - Tk

k
(k1) — Z Zr}

[(k— H‘l)zzﬂ K (k_i)ziz,k]

(3.12)
— [(k—l+1)zl+1k_(k )Z k +1 ,uz_ ZZ[] B 1k21+1 k Zi%kziJrl,k 5
e if i>k+1,then
by < (k+ Do — S 2 < 2 it
Zeri (k+ Dy — Zf:o 7 Zk+litl
k
[(i - k)Z%Jrl,iJrl —(i—k+ 1)le+1,i] (k+ D — ZZ’]
=0
k (3.13)
— [(l — k)szrl,iJrl — (l —k+ I)Zk+1,i} (k + 1)[.1.2 — ZZ?]
=0

2 2 .
S Zh 1D 11— Dk, kLS
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o if i =k,then

k
Y()z,kfl < (k+ D — >0z < Vik
+1

Yo.k—1 b (k ) — Zf:o Z = Yok ’
k k
(Yor — Yox1) | (k+ Dy — Zal — (Yo — You—1) | (k+ Dz — ZZ?]
an £ (3.14)

< Yo,k—lyoz,k - Y()z,kflf}/o,k )
where 2, 27, 1ij, v are defined as in (3.7).
The basis B, is primal feasible if j satisfies the following condition:
o If j<k—1,then

2 2
Yk (n =k = > 4 < Yk

Gk h (n—k)u — Z:l:kJrlZz = Qjrix

[(k—j+ D)oy — (k—j)og] [(” =k — Z Zt]

: " ] (3.15)

—[(k —j+ Degrix — (k=)o l(" RO
=k+1

2 2 )
< OGOy j — OGOk 5
e if j>k+1,then
2 n 2 2
Ky, < (n—kw — > 1% < Ciet1j+1
X n ~X )
Ot 1, (n—ku =>4z Oy 1,j+1

(G- k)angrlJJrl —(—k+ I)O‘Igﬂ.j] [(” — k) — Z Z’]

1=k+1
=[G —Kk)orrrjor — (G —k+ 1) 01, l(n —k)up — i Z?] (3.16)
t=k+1

2 2 .
< Oe1,j0 41 jr1 — Oy jOk+1,j+1 5
e if j =k, then
2 n 2 2
o-kJrl,n < (Vl - k)nuz - Zt:k+1 < < Gk+2,n
X n X b}
Ok+1.n (Vl - k).ul - Zt:k+1 2t Ok+2,n

n n

(0% 20— Oks1) [(nk),ul Z z,] — (Ok420— O+ 1) l(nk).uz Z Z?] (3.17)

—k+1 1=k+1
< 2 2
X O-k+17"0-k+2,n O-kJrl,nO-kJerl )

where o, O'in, i js Oc,%]» are defined as in (3.7).
We have the following lower bound for E[f (£)]:
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e If i <k—1 and conditions (3.12) are satisfied, then
2l D=3 2= 4l D) N
L - Zt 0 - B Z l:Zt tft Z :|

1
k+1 Zr:Off ik Tk k+1

k k
TR D MR DA |:ch_i+l P Zfofr] ;

Z,k):l“k Z,Jrl.kzik k+1

(3.18)

e if i>k+ 1 and conditions (3.13) are satisfied, then

k k . k
| %k SRV SR (ST i (i—k) D i
H_lzrzoft+ S22 Zr:kﬂff*

2
Rt it T g (L k+1
k . k
+Zk+1.i[(k+1)#2*2,:02t] Ty i kD — Z i+1 k) Y
Zk+1«,izi+17i+1 Z1<+1,12k+1~l+1 = k+l k ’
(3.19)
e if i =k and conditions (3.14) are satisfied, then
k k k
g Rl Dm =3 sl poal ket Dm— 3 ) - Dol
k+1 =0/ Tok—1Tor Yo kYo g_, k+1
k k k
IRV T W e O (20 T DA Four — 2ol
Yok—1Ygx—YokYox—1 k+1
(3.20)

The upper bound for E[f (£)] is given as follows:
e If j < k— 1 and conditions (3.15) are satisfied, then
ot ki1
+0§-2+1.k[(”*k)!41*2:1 kg vr]*ajﬂk[("*k)ﬂzfzt P Zt th (k J+1)Zt k+1]

Gk j+lk Gk jk

alln—bm=37 4, A=l m=3T < {Z" f “‘”Z?m]'
=1t T Tk |

Gk j+lk i1k ]k

(3.21)

o if J > k + 1 and conditions (3.16) are satisfied, then

nfk Zt:kJrlff
2 n n 2
+ ak#rl«jﬂ[(”*k)“l* Zt:k+l &l =gy i (=Ko — Zt:k+l &)

I S ——
Bt By~ Bt r1 %y

AT MRE K WIS FNE] S TN o

1= k+lft n—k

) Z:l:kﬂ :|

Offet1,jO k+1,/+1 Ofk+1J+105k+lJ k+l n—k

(3.22)

e if j = k and conditions (3.17) are satisfied, then
ﬁZ;’:kﬂfz + Gz“’”[("_")“l_zz:kﬂZ’]“’k+2m[<”—">“2—z,:k+1 4l l:fk — Zrk+1f’:|

2 2
— n—k
Gk+l.n6k+2,n Gk+l,n6k+2.n
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+ 0_k+1.n[("*k)#27z’;:k+l Zg]fo-lil‘n[('lik)“l72:;1(“ 2 f o Z:l:kﬂf’
O-k+1‘”613+27)17G/%Jrl‘nok*z" ke n—k ’
(3.23)
where 2;; , X7, 0ij, 07, Yij, ¥, Oijand of; are defined as in (3.7).

If we replace k by k£ — 1 in all formulas given above, we obtain the primal feasibility
conditions and the bounds in case of the second relaxed problem.

REMARK. The monotonic cases are also unimodal cases. However, they can be
handled without additional constraint (3.2a) (or (3.3a)). Since the reasoning and the
formulas are considerably simpler than the ones in the general case, below we present the
sharp bound formulas separately for the case of increasing and decreasing distributions.

3.2. TYPE 2: The Case of an Increasing Distribution

In this section we assume that the probability distribution is increasing, i.e., pg <
... < pn and f'has positive divided differences of order m + 1. If we introduce variables
vi, 1=0,1...,n as follows:

Yo =po, Vi=pP1—DPoy - Vn=Pn—Pn-1,

then problem (1.1), with the additional information regarding po, ..., p, , can be written
as

min(max){(fo + ... +fn)vo+ (f1 + ... +f0)v1 + .. + fuVu}

subject to
(ap+ ... + an)vo+ (@1 + ... + ap)vi + ... + ayvy, = b (3.24)

Vi>0, i:0,1,...7n

where a; = (1,z;,...,2")7, i=0,..,n and b= (1,141, ..., )" .

If we use the same reasoning that we have used in the proof of Theorem 3, we can
show that all minors of order m + 1 from the matrix of the equality constraints and
all minors of order m + 2 from the matrix with the objective function coefficients in
the last row, are positive. So, we can use Theorem 2 to obtain dual feasible bases for
problem (3.24).

If m is small, then the optimum values of (3.24) can be given in closed forms,
otherwise the dual method of linear programming, presented in [16, Section 4], can be
used. Below we present the sharp bounds for E[f ()] for the case of m =1,2.

Case 1. Let m = 1. If we take k = n in (3.4) and (3.8), then we can obtain the primal
feasibility condition for the dual feasible basis B, and lower bound for E[f (§)],
respectively.

The basis B, is the only dual feasible basis, hence it must also be primal feasible.
In this case we get the following upper bound for E[f (£)]:

£ ()] < MTayy, = Fnea, (325)

Yon—1 “— Yon—1
=0
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Case 2. Let m = 2. If we take k = n in formulas (3.12) and (3.18), then we can
obtain the primal feasibility conditions for B,,;, and the sharp lower bound for E[f (£)],
respectively.

The basis By, is primal feasible if the following relations hold:

2

Yin—1 < M- VJHn 1
~

Yin—1 U — 2 Y]+1n 1

b

(=72 1= ()1 ] (=2) = [ Dt = (13 m]) (12=23)

2 2
S Yin—1Y1a—1 = Yin—1Yit1n—1-

(3.26)
In this case we have the following sharp upper bound for E[f (£)]:
Bl () < B — W Z G Zf =i+ 1)
h Vin1¥i a1 — Yirln—1Ym1 Y !
(3.27)

2
+ (Hz - Zn)'}/j,n—l - (Ml Zn ,y]n 1 Z fy—

l’l* fn )

: 2
,}/J:”_l/ijrl,nfl y]+1" IY]il 1 s=j+1

where %;;, 7, 1ij, ¥ are defined as in (3.7).

3.3. TYPE 3: The Case of a Decreasing Distribution

Now, we assume that the probabilities po, ...,p, are unknown, but satisfy the
inequalities: pg > ... 2 p, . Letus introduce the variables v;, i = 0, 1, ..., n as follows:

Vo=po—Pt, - Vun—1l=Pn—1—"DPny Vn=Pn-

If we write up problem (1.1), with the additional shape constraint, by the use of vy, ..., v, ,
then we obtain

min(max){fovo + (fo +f1)vi + ... + (fo + .- +fn)Vn}
subject to
apvo + (ap+ai)vi+ ...+ (ap+ ... +an)vu =b (3.28)

viz0, i=0,1,...,n

where a; = (1,z;,...,2")7, i=0,..,n and b= (1,141, ..., )" .

If we use the same reasoning that we have used in the proof of Theorem 3, we can
show that problem (3.28) satisfies the conditions of Theorem 2. For small m values
the optimum values of problem (3.28) can be given in closed forms, otherwise the dual
method of linear programming, presented in [16, Section 4], can be applied.

Below we present the sharp bounds for E[f (&)] for the case of m = 1,2.

Case 1. Let m = 1. If we take k+ 1 = 0 in (3.5) and (3.9), then we obtain the primal
feasibility condition for B,,;, and the sharp lower bound for E[f ()], respectively.
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Since By, is the only dual feasible basis, it follows that it is optimal. In this case
we obtain the following upper bound for E[f (£)]:

(n + 1)“’1 - z;lzo 2t
(15 Do~ >t (n+ Z, OZthg‘f" (3.29)

Case 2. Let m = 2. The basis B,,;, is primal feasible if i is determined by the

inequalities:

2 2 2

oF — o7

Li U2 — 24 Li+1
< <=,
Oy, M —20 O1,i+1

((+ D)ot — (+2)07,) ( —z20) = (i 4+ 1)01i01 — (i +2)01,) (U2 — 25)

2
< 01,0711 — 01,i01,i+1- (3.30)

In this case the sharp lower bound for E[f (£)] is

(.ul - ZO)O-lz,Hl ( Zo O1,i+1 lzf lf()‘|

2
O1,i+101,i — O1 l+10'11

i+1

L ke — )01~ b = )i, [Zﬁ fol . (3.31)

2
01,i+101,i — O1 l+10'11

The primal feasibility conditions for By, and the sharp upper bound for E[f (£)]
can be obtained by taking k 4+ 1 = 0 in (3.16) and (3.22), respectively.

4. The Case of the Binomial Moment Problem

In case of the binomial moment problem (1.2) we look at the special case, where

=i, i=0,.,n, fo=0, fi=..=fr=1.

We give lower and upper bounds for the probability that at least one out of n events
occurs for the case of m = 2. We look at problem (1.2), but the constraints are
supplemented by shape constraints of the unknown probability distribution py, ..., p, .

In the following three subsections we use the same shape constraints that we have
used in Section 3.1-3.3.

4.1. TYPE 1: The Case of a Unimodal Distribution

We assume that the distribution is unimodal with a known mode, i.e., we consider
the following problem:

n
min(max) Zpi
i=1
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subject to

Z(}’ )p,-_sj, j=0,1,...m (4.1)

i=0
PO oo S Pk—1 S Pk Z Phtl 2 oo 2 P
pi>05 i:071,..7l’l
where 1 <k <n and §;, j =0, 1...,m are defined as in Section 1.

As in case of the power moment problem, here too there are two representations
of problem (4.1). The forward representation is the following:

min(max) {kwﬁ—Z —i+1 V’+Z (i—k }

i=k+1
subject to
k

Z( —i+1 v,+Zl— Vi = (4.2)

GGl +(i)}“—%’

Vot e F Ve — Vil — oo — 1, 20 (4.2a)
V,‘}O, iZO,...,l’l.
The backward representation of problem (4.1) is given as:

min(max) {(k — 1)vo + Z(k — i) + Z(l —k+ Lvi}

subject to
k-1
Z fzv,+Zlfk+ =1 (4.3)
i=0
irg k=1 & k i . ‘
;{<1>++< ; )]vﬁ%{(j>+m+<j>}vl—sj, j=1,..m
Vit oot Vve—vo—...— 1 =0 (4.3a)

V,‘}O, iZO,...,l’l.

If m is small, then the optimum values of (4.2) and (4.3), without the additional
constraints (4.2a) and (4.3a), can be given in closed forms, otherwise dual method of
linear programming, presented in [16, Section 4], can be used as we have discussed it
in Section 3.1.

We look at the relaxed version of problems (4.2), (4.3) and create bounds for the
probability of the union of events. We present a dual feasible basis structure theorem
that allows for obtaining closed form bounds for the case of m = 2.

THEOREM 4. Any dual feasible basis in any of the relaxed problems has the fol-
lowing structures (in terms of the subscripts of the basic vectors):
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min problem max problem
Buin =1{0,i,i+ 1}, 1<i<n—1 B _{ {0, 1,n}
min RS l) ~X ~X max {s7 t7 u}7 1 < s < t < u < n
The basis {s,t,u}, 1 <s <t <u < n, isdual degenerate and all other bases are dual
nondegenerate.

Proof. Let A = (ay,...,a,) designate the matrix of the equality constraints in
problem (4.2) or (4.3). A basis B in the minimization problem (4.2) is dual feasible if
the following inequalities hold:

Tp—1 .
cgB™ 'a, < ¢, forany nonbasicp ,

where ¢ is the coefficient vector of the objective function. For the maximization
problem the dual feasibility of a basis is defined by the reversed inequalities. A basis
B is dual degenerate if there is at least one nonbasic p such that ¢, — cfkB~'a, = 0.

Since we have
1 cf cp—ckBla, \ (¢
0 B B~ 'a, S \a )’

the first component of the solution of this equation can be expressed as

1
Tp—1, _
cp—cpB ay = —

|B|

T
¢ cB’
a, B

If we look at problems (4.2), (4.3), we can easily check that for any basis B we have
|B| > 0.
Assume that g is not basic. Then for any nonbasic p # 0 the determinant

T
? “B | i3 0, hence cp— ch_la,, = 0. For the case of p = 0, however, we can see
ap B
that = —|B| < 0, hence ¢y — czgB~'ap < 0. Thus, B is dual feasible in the
ap B

maximization problem.
Y &
If ag is basic, then | P “B | 20 and its signis (—1)**!, where s is the number
ap
of those basic vectors that have subscripts smaller than p. In fact, if we interchange

columns of the determinant so that | 7 is put in its "right place" (the column
ap
subscripts are in increasing order) and then subtract the second row from the first one,

T
we can see that | ¥ “B | = (—1)s*1|p,|, where the columns of B; are those of B, except
B

ap
for ay that is replaced by aj,. It follows that |B;| > 0.

If we look at the minimization problem, then for the dual feasibility of B we need
(—1)*™|B;| > 0 for any nonbasic p that means s must be odd. This implies that the
basic subscript set must be of the form {0,i,i+ 1}.

Similarly, in case of the maximization problem the dual feasible basis must have
the subscript set {0, 1,n}. O
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If we take into account the equations:

(1451)_(;):% 2<i<j<n (44)

. . ~_~ ~2 . .2_ ._.
(;)+...+<Jz>—(’ iy +6U+’ 220 a<i<j<n (45)

then we can write the relaxed version of problem (4.2) as follows:

k n
min(max) {kvy + Z(k —i+ i+ Z (i—k)vi}

i=1 i=k-+1
subject to
k

Z( —i+ v+ Z i— k) =

i=0 i=k+1
k n
S le—i+ D)k+ivi+ > (i —k)(i+k+ 1y =28, (4.6)

i—0 i=k+1
k n
D k—i+ 1)K +ik+ i =2 —kpvi+ Y (i— k) +ik+ K — 1)y =65,
i=0 i=k+1
V,‘}O, iZO,...,l’l.

The optimum values of (4.6) provide us with lower and upper bounds for P(§ > 1),
where the probability distribution is unimodal.

Replacing k by k — 1 in problem (4.6), we obtain problem (4.3) without the
additional constraint (4.3a), in another form.

The bounds for P(& > 1) in case of problem (4.6)

In the following we consider problem (4.6) and give conditions that ensure the
primal feasibility of a dual feasible basis By, = {0,7,i+ 1}, 1 <i<n—1 aswell as
the corresponding lower bound formulas for P(§ > 1).

Casel. Let 1 <i<k—1. By ={0,i,i+ 1} is primal feasible if

2(k+i—1)S; — 65, >
20k +i—2)8; — 68, < (z— 1), (4.7)
2k+2i—1)S1 — 68 <i(2k+i+1).

In this case the lower bound, i.e, the optimum value of (4.6) is obtained as follows:

k(i—1) 2(k+2i—1)S; — 65,
: + e <PE=>1). 4.8
(i + 1)(k+1) i+ 1)(k+1) (€>1) (48)
Case 2. Let k+ 1 < i < n— 1. Then the primal feasibility conditions are
20+k)S; —6S, 2 k(i+ 1),
2+ k—1)S; — 65, < ik, (4.9)

22i+k+1)S; — 68, < (i+2k+2)(i+1),
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and the lower bound formula is the following:
i(k—1)  2Q2i+k)S —6S;
k(i+2) k(i+1)(i+2)
Case 3. Let i = k. Then By, = {0,k,k + 1} is primal feasible if the conditions
4kS; — 68, 2 k(k+ 1),
4(k—1)8; — 685, < (k— D)k, (4.11)
6kS) — 68, < 3k(k+1)

<PE=1). (4.10)

<
<

are satisfied. In this case the lower bound formula is obtained as:
k—1 6kS; — 65>
+
k+2 (k= Dk(k+1)

<PE=1). (4.12)

In order to obtain upper bound formula we consider the basis By, = {0, 1,n}
which is primal feasible if the following conditions are satisfied:
2n+k)S1 —6S, < (k+1)(n+ 1),

2(7’l+k— l)Sl —652 k, (413)

=n
<35,
In this case the upper bound is obtained as:
2 k)S1 —
P> 1) < At S 65
(k+1)(n+1)

It is easy to see that if By, = {s,7,u}, 1 <s <t < u < n is optimal, then the upper
bound is equal to 1.

(4.14)

REMARK 1. The bounds for P(€ > 1) in case of the relaxed version of problem
(4.3) can be obtained by taking k = k — 1 in all above formulas.

REMARK 2. Problem (4.6) provides us with a better upper bound than the one
obtained by the use of the relaxed version of problem (4.3) if the following condition is
satisfied:

352 < (}’l — l)Sl . (415)

Note that the inequality 2S, < (n — 1)S; always holds (see, e.g., [17], p. 186).

4.2. TYPE 2: The Case of an Increasing Distribution

Now we assume that the probability distribution is increasing, i.e., pg < ... < py.
Let us introduce the variables v; , i = 0,...,n: Vo = po, VI = P1 — POy vy Vn =
Pn— Pn—1 - Taking into account equations (4.4) and (4.5), problem (1.2), with the shape
constraint, can be written as

min(max) {nvy + i(ﬂ —i+ v}
i1
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subject to
n

Z(n7i+1)vi:1
i=0
> =i+ )(n+ijy; =258
i=0
Z(n — i+ 1) (n? +in+i* —2i —n)v; = 65,
i=0
viz0, i=01,..,n. (4.16)
If we use the same reasoning that we have used in the proof of Theorem 4, we can show
that the dual feasible bases for problem (4.16) are the same as those in Theorem 4.
We can obtain the primal feasibility conditions for the basis B, = {0,i,i + 1}
and the sharp lower bound for P(£ > 1) by taking k = n in formulas (4.7) and (4.8),
respectively.
The basis By, = {0, 1,n} is primal feasible if the following relations hold:

22n—1)8; —6S, <n(n+1),
4(}1 — I)Sl — 652 > n(n — 1) and (}’l — l)Sl < 352 .
If the above inequalities are satisfied, we have the following sharp upper bound:

2(2}’l — I)Sl — 652
nn+1) }

PE>1) < min{l, (4.17)

4.3. TYPE 3: The Case of a Decreasing Distribution

In this section we assume that the probability distribution is decreasing, i.e., py >
... 2 pp. Introducing the variables v; , i = 0,...,n: vo = pg — p1, . , Vol =
Pn—1—DPny Vu = Pn, and taking into account the equation (4.4), problem (1.2), with the
shape constraint, can be written as

n

min(max) Z iv;

i=1

subject to

> (i + 1)iv = 28 (4.18)
i=1
> G+ 1)i(i = 1)vi = 68,
i=2
V0, ey =2 0.
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We can see that for problem (4.18) the conditions of Theorem 2 are satisfied, thus
the dual feasible bases of the problem have the same structures as those mentioned in
Theorem 2.

Since r ) = v and ( : = V(v2_1> = sz_v, substituting () = S and W, =

28, + S; in the closed bound formulas presented in Section 3.3 for the case of m =2,
we obtain the following sharp bounds for P(§ > 1):
2(2i+1)S; — 65, nj 2(2j +n+1)S; — 65,
i+ 1D)GE+2) n+1)(j+2) (n+ DG+ 1)[G+2)
where i and j are determined by the following inequalities:
i—1< & <
N
2n+)S1 —6S <n(j+1), 2(n+j—1)S —6S, > nj
4jS1 — 68, <j(j+ 1),
where | <i<n—land 0<j<n—2.

<PE>1)<

, (4.19)

)

5. Numerical Examples

We present numerical examples to show that if the distribution is unimodal and its
mode is known, then by the use of our bounding methodology, we can obtain tighter
bounds for P(& > 1) than the second order binomial bounds.

EXAMPLE 1. In order to create example for S; and S, we take the following
probability distribution p; = 0.4, p; = 0.3, p; = 0.25, p5 = 0.03, p; = 0.02. With
these probabilities the binomial moments are

4

4 .
Si= ipf =097 and 52:Z<; );;;‘:0.46.

i=1 i=2
In this case the Sy, S, bounds for P(& > 1) are given by the inequalities:
051< P(E>1)<0.74.

Now we assume that the probability distribution is decreasing, i.e., po = ... = pa. The
optimal bases are B, = (0,2,5) and By = (1,2,4).
The following are the improved lower and upper bounds obtained from (4.19):

0.5783 < P(E > 1) <0.6273 .

EXAMPLE 2. Let n = 5, §; = 3.95, S, = 7. Based on §;,S5, we obtain the
bounds
088 PE=1)< 1.
If the distribution is increasing, the optimal bases are B, = (0,4,5) and By, =
(0,2,5). By the use of the formulas given in (4.17), the improved sharp lower and
upper bounds for P(€ > 1) are as follows:

0.94<P(E>1)<097.
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EXAMPLE 3. Let n = 10, S} = 8.393, S, = 34.625. The sharp S, S> bounds
for P(& > 1) are:
0909< P(E=>1)< 1.

Now, assume that the distribution is increasing. The optimal basis for the minimum
problem is B, = (0,9, 10). Note that B, = (0, 1, 10) is not primal feasible. Thus,
the optimum value corresponding to a basis that does not contain @y and the upper
bound for P(¢ > 1) is 1. By the use of formula (4.17), the improved sharp lower and
upper bounds for P(€ > 1) are as follows:

0975 <PE>1)<1.

EXAMPLE 4. In the following table we present bounds for P(£ > 1) with and
without the unimodality condition as well as bounds for the case of relaxed versions of
problems (4.2), (4.3).

Here LB and UB stand for the lower and upper bounds, respectively. Relaxed
problem 1 and 2 are the relaxed versions of problems (4.2) and (4.3), respectively.

without unimodality with unimodality Relaxed Problem 1 | Relaxed Problem 2
n |k Si S LB uUB LB uB LB uB LB UB
10 | 6 | 5.556 | 16.779 | 0.78975 1 0.93335 1 0.93159 1 0.93335 1
4 |2 1.93 1.27 | 0.86333 1 0.8975 1 0.8975 1 0.8975 1
4 | 3] 254 2.66 | 0.82667 1 0.896 0.968 0.896 0.98 0.896 0.968
10| 6 | 554 16.745 | 0.78696 1 0.9325 | 0.99591 | 0.93075 | 0.99753 | 0.9325 | 0.99591
10| 6 | 5.15 14.789 | 0.76719 1 0.92197 | 0.98787 | 0.9209 | 0.98787 | 0.92197 | 0.99645
10| 6 | 4.715 | 10.905 | 0.84467 1 0.93545 1 0.93545 1 0.93545 1
10 | 6 | 5.3564 | 15.4812 | 0.7932 1 0.9311 1 0.92938 1 0.9311 1
10 | 5 | 5.2534 | 14.9632 | 0.78844 1 0.93081 1 0.92846 1 0.93081 1
10 | 5 | 5.213 | 15.099 | 0.77043 1 0.92583 | 0.99691 | 0.92368 | 0.99691 | 0.92583 1
10| 5| 4.787 | 13.182 0.74 1 0.91111 ] 0.97755 | 0.91025 | 0.97755 | 0.91111 | 0.99898
10 | 5 | 4.9541 | 13.7327 | 0.76152 1 0.91928 1 0.91775 1 0.91928 1
10| 5| 4918 | 13.748 | 0.75048 1 0.91589 | 0.98564 | 0.91464 | 0.98564 | 0.91589 1

In two cases relaxed version of problem (4.3) provides us with better upper bounds
than the relaxed version of problem (4.2), as we can see it in lines 3 and 4. In all cases
the lower bounds, corresponding to relaxed version of problem (4.3), are better than the
ones obtained by the other relaxed problem.

EXAMPLE 5. In order to give an illustration of the reoptimization technique with
the dual method that we have discussed in Section 3.1 and 4.1 we consider the example
in the first line of the table presented in Example 4: n = 10, k = 6, §; = 5.556,
Sy, =16.779.

We consider the relaxed version of problem (4.2) and take B,,;, = {0,5,6} which
is dual feasible by Theorem 4, as the initial basis. We apply the dual method of linear
programming to obtain the optimal solution. The bases (in terms of subscripts) and
the corresponding objective function values at each iteration are given in the following
table:

[Tteration|| Basis |Objective function value]

0 [10,5,6} 0.88574
1 |/{0,6,7} 0.92066
2 |[{0,7,8} 0.92992
3 |[{0,8,9} 0.93159
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The optimum value of the relaxed problem is obtained at the end of the third iteration.
If we calculate the values of pg and p; from the optimal solution, then we obtain
pe =vo = 0.0684, p; = vg+v9 = 0.1903 and we see that ps < p7. In order to ensure
that the mode of the distribution is 6, we prescribe (4.2a) as additional constraint:

Vot ...tvs—vg—..—vip=0.
Let us rewrite the constraint in the form
vo+...+vs —vg—...—vig—v1 =0,

where vi; > 0 is slack variable and use the dual method to reoptimize the problem
(see, e.g.: [18]). The bases and the objective function values are given in the following
table:

|Iteration|| Basis |Objective function Value|
4 {0,8,9,11} 0.93159
5 {0,6,8,9} 0.93294
6 {0,6,9,10} 0.93335

The optimum value of the problem with unimodality at £k = 6 is 0.93335.

6. Applications

We present two examples for the application of our bounding technique, where
shape information about the unknown probability distribution can be used.

Example 1. Application in PERT

In PERT we are frequently concerned with the problem to approximate the expec-
tation or the values of the probability distribution of the length of the critical path.

In the paper by Prékopa et al. [20] a bounding technique is presented for the c.d.f.
of the critical, i.e., the longest path under moment information. In that paper first an
enumeration algorithm finds those paths that are candidates to become critical. Then
the joint probability distribution of the path lengths is approximated by a multivariate
normal distribution that serves a basis for the bounding procedure.

In the present example we look at only one path and assume that the random length
of each arc follows beta distribution, as it is usually assumed in PERT. Arc lengths are
assumed to be independent, thus the probability distribution of the path length is the
convolution of beta distributions with different parameters.

The p.d.f. of the beta distribution in the interval (0, 1) is defined as

F(Oﬂ + B) xozfl
[(o)0(B)

where I'(.) is the gamma function, ['(p) = [;°#"~'e™*dx, p > 0. The kth moment
of this distribution can easily be obtained by the use of the equation

1F(a+[3)xa71 YRS
|| gm0 0=

fx) = (1-xPf1 o0<x<1, (6.1)
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In fact,

(

(

I'(o+ B) T(k+ o)T(P)
[(o)I'(B) T'(k+ o + B)
B No+ kT (a+k—1)..T(a+1)

S T(a+B+M(a+B+k—1)..T(a+p+1)

If o, B are integers, then, using the relation: T'(m) = (m — 1)!, the above expression
takes a simple form.

The beta distribution in PERT is defined over a more general interval (a,b) and
we define its p.d.f. as the p.d.f. of a + (b — a)X, where X has p.d.f. given by (6.1).
In practical problems the values a, b, a, 3 are obtained by the expert estimations of
the shortest, largest and most probable times to accomplish the job represented by the
arc (see, e.g., [1]).

Let n be the number of arcs in a path and assume that each arc length & has
beta distribution with known parameters a;, b;, ¢, B;, i = 1,...,n. Assume that
o =1, B >1,i=1,..,n. We are interested to approximate the values of the c.d.f.
of the path length, ie., E =& + ... + &,.

The analytic form of the c.d.f. cannot be obtained in closed form, but we know
that the p.d.f. of & is unimodal. In fact, each & has logconcave p.d.f., hence the sum
& also has logconcave p.d.f. (for the proof of this assertion see, e.g., [17]) and any
logconcave function is also unimodal.

In order to apply our bounding methodology we discretize the distribution of &,
by subdividing the interval ()"}, a;, >.;_, b;) and handle the corresponding discrete
distribution as unknown, but unimodal such that some of its first 7= moments are also
known. In principle any order moment of & is known but for practical calculation it is
enough to use the first few moments, at least in many cases, to obtain good approximation
to the values of the c.d.f. of &.

The probability functions obtained by the discretizations, using equal length subin-
tervals, are logconcave sequences. In fact, by a theorem of Fekete [6], the convolution
of logconcave sequences are also logconcave (see, also Prékopa, [17], p.108) and any
logconcave sequence is unimodal in the sense of Section 3.1.

In order to apply our methodology we need to know the mode of the distribution
of £. A heuristic method to obtain it is the following. We take the sum of the modi of
the terms in & = & + ... + &, and then compute a few probabilities around it.

Example 2. Application in Reliability

Let Ay, ..., A, be independent events and define the random variables X, ..., X,
as the characteristic variables corresponding to the above events, respectively, i.e.,

X — 1 if A; occurs,
"7 1 0 otherwise .
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Let p; = P(X; = 1), i = 1,...,n. The random variables X, ..., X, have logconcave
discrete distributions on the nonnegative integers, consequently the distribution of X =
X1 + ... + X, is also logconcave on the same set.

In many applications it is an important problem to compute, or at least approximate,
e.g., by the use of bounds, the probability

Xi+..+X >1. (6.2)

If I, ..., Ic(nx) designate the k-element subsets of the set {1, ...,n} and J; = {1, ..., n}\I,
I=1,...,C(n, k), then we have the equation

PXy+ .. +X,>1)= pi [ =p), (6.3)

k

If n is large, then the calculation of the probabilities on the right hand side of (6.3)
may be hard, even impossible. However, we can calculate lower and upper bounds for
the probability on the left hand side of (6.3) by the use of the sums:

C(n,k)
Se= Y. puepi= [P, k=1,..m, (6.4)

1<iy <. <ix <n =1 iel

where C(n, k) = ( "

where m may be much smaller than n. Since the random variable X; + ... + X,, has
logconcave, hence unimodal distribution, we can impose the unimodality condition on
the probability distribution:

PXi+..+X,=k), k=0,..,n. (6.5)

Then we solve both the minimization and maximization problems presented in Section
4.1, to obtain the bounds for the probability (6.2). If m is small, then the bounds
can be obtained by the formulas of Section 4.1. Note that the largest probability (6.5)
corresponds to

ko — V,, N 1)MJ .

n

The inclusion-exclusion formula provides us with the probability (6.2), in terms
of the binomial moments S, ...,S,:

n

PXi+ .+ X, 2 1) = (DS, (6.6)
k=1

However, to compute higher order binomial moments may be extremely difficult, some-
times impossible. The advantage of our approach is that we use the first few binomial
moments Sy, ..., Sy, , where m is relatively small and in many cases we can obtain very
good bounds.
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