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ABSTRACT

' An algorithm for structured, large-scale, convex quadratic programming
problems is described. The structure of the constraint matrix is block
diagonal with a small number of coupling constraints and variables. The
algorithm utilizes twice a decomposition procedure that was developed earlier.

The first time the decomposition procedure is used to break up the coupling

constraints, and the second time it is used to break up the coupling variables,

Preliminary computational results are also reported.
S
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SIGNIFICANCE AND EXPLANATION

‘The block diagonal structure with a small number of coupling constraints
and variables usually arises from the formulation of multitime period and multi-~
division production scheduling and distribution models in large corporations.
Each block is concerned with the operation of one division during one
time period considered in isolation. The coupXing constraints arise from the
use of common resources of all divisions or from combining the output of
divisions to meet overall demands. The coupling variables represent acti-
vities that affect the operation of divisions in more than one time period..

In this paper we propose a decomposition method for convex quadratic
programming problems having block diagonal structure with a small number
of coupling constraints and variables, The basic idea of decomposition methods
is to break up a large complex problem into a sequence of subproblems that

are easier to solve.

,;iﬂ

JRSESES

BY T
D atpibution’ L
m»AQaiiubility Cogas
i amd/or

— " vatl

past | Spesial

oTIC

cors ¥

mapicTe®
2

The responsibility for the wording and views expressed in this descriptive
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AN ALGORITHM FOR STRUCTURED, LARGE-SCALE QUADRATIC
PROGRAMMING PROBLEMS

*
Cu Duong Ha

1. Introduction

The problem that we shall be concerned with is

P
i (c. 1
min igo( cl,xi) + z(xi,cixi))
subject to leo + Dlxl = d1
B ;
?xo + szz dz (1.1)
B x +Dx =4
po PP P

AOxo+A1x1 +A2x2+...+ Apxp = a \
x, 20 i=0,1,...,p |

n,. n. o. ﬂo

i i
where xiell ,cieR ,diclt",aen ,A.,Bi,ci,and

D. are matrices of diwensions £ Xn., m. x n_. n. x
. . . . n, and . .
i i’ T4 0’ i i my X B4

‘ respectively; and <¢,*> is the inner product.
P

. We denote x:= (xo,xl,...,xp) , n:= zni .
i=0

We assume that the problem is feasible and Ci is symmetric and

positive semidefinite for all i.

Note that we do not rule out the case CiEO for all i ; accordingly
our algorithm can be used to solve block diagonal linear programming
problems with coupling constraints and variables.

It is well-known that decomposition approaches for large-scale
problems which uses dual methods have several disadvantages (see, for
example, [Shapiro, 1979) or [Lasdon,1970]), To circumvent these

drawbacks we developed a decomposition procedure by combining a dual

* Current Address: Matheamtical Sciences Department
Virginia Commonwealth University
Richmond, Virginia 23284

Sponsored by the United States Army under Contract No. DAAG29-80-C-~0041.
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method and the proximal point algorithm and used it for solving block
angular linear programming problems with coupling constraints and a
large-scale, nonlinear problem of structural engineering ([Ha, 1981] and
[Kaneko and Ha, 1980]). 1In this paper we apply the same decomposition
procedure to the problem (1.1), The resulting problem is a quadratic
programming problem having only coupling variables; and its dual problem
has only coupling constraints., Then we modify our decomposition procedure
to break up that dual problem completely into small subproblems.

The organization of this paper is as follows. Section 2 is the
review of the decomposition procedure in [Ha, 1981]., Section 3 is the
proposed solution method for the problem (1,1). Section 4 is the imple-

mentation and computational results of the algorithm,

2, A decompostion procedure ([Ha, 1981]})

In this section we consider the convex programming problem

min f£(x)

subject to (2.1)
X ec
AX = a

" m 3 : K} 3 3 3
where x EIRn , @a€R , A isanmxn matrix, £ is a convex function defined
. n
on IRn, and C is a nonempty closed convex set in IR, We assume that the

problem (2.1) has optimal solutions.




Let {Xk} be a sequence of positive numbers bounded away from

> X > 0 for all k). Let xo be an arbitrary point

1 s eee s ) , then > *1

zero (i.e.,Ak

in 1Rn. Suppose we already have {xo P ¢

the unique optimal solution of the problem

2
min  £(0)+ = | x - & f
2
k
subject to (2.2)
xecC
! Ax = a

Then by the proximal point method ([Rockafellar, 1976 a and b] and
[Brezis and Lions, 1978)) the sequence {xk} will converge to an optimal
solution of the problem (2,1).

The advantage of (2.2) over (2.1) is that the objective function of
(2.2) is strongly convex although the function f may not be so. A
function h defined on a convex set S is said to be strongly convex

with modulus @ > 0 if
h((l1-t)x + tz) < (1-t)h(x) + t h(z) - %'u(l-t)t | x -~ 2 ”2

for all x and z in S and 0 < t < 1,

In order to solve the problem (2.2) we use a dual method. The

dual of (2.2) is

max gly)
(2.3)




where

g(y):= min (£(x) + 5%—-”x - xkuz -~ <y, Ax - a>) (2,4) .
XEC k

Since f(x) + 5%; | = - xk“2 is strongly convex. The problem (2.4)
has a unique optimal solution for any y in lfn. In other words, gly)
is finite everywhere. It can also be proved that the function g is
Lipschitz continuously differentiable and the derivative g' of g at a
point y is given by

g'(y) = Ax(y) - a

where x(y) is the optimal solution of (2.4) corresponding to the given y.

If y* is the optimal solution for (2.3) then x(y*) is the optimal
solution for (2,2).

In summary, the general scheme for solving (2.1) is to choose points

xo € Rn, y € R" and then solve the minimization problem (2,4) to obtain
x(y), gly) and g'(y). If y is not an optimal solution for (2.,3), update y t v

and solve (2.4) again until the optimal solution y* of (2.3) is obtained.

If x(y*) is the same as x° then it is an optimal solution for the original
problem (2.1); otherwise replace x° by x(y*) and repeat the procedure,
Note that in (2.4) we do not have the constraints Ax = a which can be
the coupling constraints in the case that (2.1) is a structured large-
scale problem., Because of computational experience with {Ak} in

[Ha, 1981] we shall keep A, fixed,i.e.,kk= A > 0 for all k.
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3. A method of solution for the problem (1.1)

We use the multilevel concept to explain our method of solution

for the problem (1.,1)., It is a three level algorithm. The first level

is the application of the decomposition procedure above to the problem

. 0 0
(1.1). Starting from a given point x0 = (xo ¢ X

;p) for the following problem.

¢ eee o xo) We f£ind
P

the unique minimizer X = (;0 R SRTE

min izo((ci,xi) + -;- (xi,cixi) + ;—A [[xi-xgllz)

subject to leo + Dlxl = dl
B,x, + DX, = d2 (3.1)
B;xo . ) + Dpxp = d;
ono + Alxl + ... + APxP = a

X ;0 i=0'1, eser P o

If x is close enough to x0 . X is approximately an optimal solution
for the original problem (1.1) ; if not, we replace x0 by % and solve
(3.1) again. We solve (3.1) by a dual method. The dual problem of

(3.1) is

max g(y)

T LU




where

g(y):= min

subject to leo + Dlx1 .|
d

Let 'c-:tci-%x +
1

E «e

i=0

and C.:=C, + 3 I

x) +10x. c.x) + X [lx.~x0)2) #¢ (fA -a))
Rt MM A T Lo ) W o s i=°ixi

(3.3)

vhere 1 1is the identity matrix with appropriate dimension; then

g{y) can be rewritten as

1 .0y2
g(y) = ~Cay) + 2 1] ]1% + g (),

here, g,(y) is the optimal sbjective value of the problem:
1 P

subject to B

P ez =yl =
SR RES LA N

i=0
1x0 + Dlx1 = d1
Bzxo + szz = dz (3.4)
B x .+ Dx = &
Y PP P
x; 20 for i=0,1,...,p.

S




For a given y, the second level will give us x(y) the optimal
solution of (3.4). Then we can compute g(y) and g'(y). If y is the
optimal solution of (3.2) then x(y) is the variable x that we are looking
for; otherwise, we can use any unconstrained optimization algorithm to

update y and send the new value of y to the second level. The second level

is concerned with the problem (3.4) for a given y receiving from the

first level ( ¢ is a function of y ). The ordinary dual of (3.4)

can be written as ([Mangasarian, 19691).

min } (E(Xi’c‘x')) + Y v, ,a.)
(x,v) i=0 e i=1 * %
. 4 T -y
subject to Clxl + Dlv1 2 o
- T -
C2x2 + Dzvz 2 -cz
. : p
Cx + DTv > -¢
= T 4 P
Coxo + Blvl + . . . + prp > _Eo .

(3.5.1)

(3.5.2)

(3.5.3)

The problem above is a quadratic programming problem having block

angular structure with (3.5.3) considered as the coupling constraints.

It can be solved by the decomposition procedure outlined in Section 2,

But in this special case, because the objective function (3.5.1) is

already strongly convex with respect to x, we can simplify the

procedure

by adding only quadratic terms for the variable v. More specifically,




let {uk} be a sequence of positive numbers bounded away from zero and
v0 be a starting point, Suppose we have generated from v0 the sequence

1 2 2 + + . .
{(xl,v Y, (x,v ), vee, (x ,vk)] ; let (xk 1, vk l) be the optimal solution

of the following problem

min 2 (—(x.,c x, ) + z<v.,a R Lmd
(x,v) =0 i=] o"
subject to C.x, + DTv > -¢
171 11 = 1
- T - .
Cx + DTV > -é
PP ppPp~ P
- T 'r > -—
Coxo + Blvl + . . . + prp 2" -

then the sequence {(xk ’ vk)} will converge to an optimal solution for
(3.5) (justifications will be given at the end of this section). Again,

we solve (3.6) by a dual method. The dual of (3.6) is

max h(u) (3.7)
u>0

where, for a fixed u ,

P P
= 1 kil
h(u) = min ) (%(x"c'X))+.Z(vi’d¥ +§——1h-v I
(x,v) i=0 111 = W
+(u,—co—cox°-.£13jvj
subject to C x, + DTv > -¢c
1M1 ' 1N 2-cy




The third level is to solve the minimization problem (3.8) above for

given u and vk and then pass back to the second level its optimal
solution (x(u) , v(u)). The problem (3.8) can be separated into (p+l)

small subproblems. The subproblem corresponding to i=0 is

1 - -
sn —={ - 3.9)
min 5 xo,Coxo) (u,Coxo) . (3.9;
x
0
whose solution is x5 = u; for i2>1, it is
. 1( = ) 1 k2 T
={x.,C.x, 2+ (v.d, V.-V, - v,
B S LR R P LR PR YL TS
i*'d
. = T -
subject to C.x. + D.v. > ~ ¢,
i1 ii= i

which can be solved by any algorithm for quadratic programming problems.
In the remainder of this section we shall prove a result to justify

the second level., We consider the problem

min 8(x) + ¢(v) (3.11)
(x,v)€eC

where C is a nonempty closed convex set, @ and ¢ are closed covex
functions having real values,

We suppose the problem has optimal solutions.

Lemma 3.1

. . . . 0
Let U be a fixed positive number. Given any two points v and vl,

we define

042
I

(;O,Vo):= argnin  8(x) + ¢(v) + %L||v-v
(x,v)eC e




and

(;1,61):= argmin 6(x) + ¢(v) + éL-"v-VIHZ ,

(x,v)eC H

then

IeO-vH 2 2 IR0 12 + V00 ) (3.12)
and

0.1 =0 =1
vo-v?]} > fiv-v7| (3.13)

Proof

It is clear that (3.13) follows from (3.12), so only (3.12)

needs to be proven. We have

1"2 = HVO-V°+§°-51+§1-VIHZ

l|v0-v
= 0TI « PVO-T0TEvY 2+ 240 VOO

so to prove (3.12) ye shall show that

(P07, V0%l -vly > 0.
Let
Fix,v):= 6(x) + ¢(v) + wc(x,v)
and Glx,v):= (207t ||v-v0))? .

Since F and G are both proper convex and the effective domain of

G is the entire (x,v)-space, we have ([Rockafellar, 1968])




IR s e, e

3(F+G) = 3F + 3G .
It follows from the definition of the subdifferential that
(0,0) € 3(F+6) (=°,7%)
= G, % + 2607

= 32,7 + {0} x 1T

or

0,1 1 0-v") € 370,70 .

Similarly, we have

- 0,1 @ -vl)) € arct, ¥ .

Therefore by the monotonicity of dF

(O—O,QO—;I) + u“l (VO—VO-V1+§1,§O—V1) >0 ,

or (071, v0i%vh) > 0.
A
’ Theorem 3.1
4 E : In addition to the above assumptions, we assume that 6 is
|
strongly convex. Let {uk} be a sequence of positive numbers bounded
! avay from zero and let vo ve an arbitrary point. The sequence
{(x*,v%)} generated by
v
P SRR — .
} o i e - B
o i e
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(xk+1,Vk+1):= argmin 68(x) + ¢(v) + Si;uv_vkuz

(x,v)eC

converges to a point (x*,v¥) which is an optimal solution for

{3.11).

Proof
Let (x,v) be an optimal solution of (3.11). It is easy to see

that (x,v) is also the optimal solution of the following problem

min  B(x) + ¢(v) + =|lv-v||? .

(x,v)eC EE;
Applying lemma 3.1 with =1 , Va7, = and .
Gl = vk+1 , we have ’H
12l < IIVe-v (3.14) )
and IS« o2 < a2

The first inequality gives us the boundedness of the sequence {vk} .

The second shows that

wm
k+l kp2
I <

" vk+1_vk

It implies that | +0 as k +® . Now, we are going

to show that the sequence {xk} is also bounded. First we have




1

o

128N + ¢vh) - 6w .

IV %112 < a(x*) + (V)

8(x**"1) + o(v**1) < 8(x**1) + ¢(v**1) 4

80 9(:k+1

The boundedness of '{vk} implies the boundedness of {ka)} . Let

M be a constant such that

o) - 60v%) <MV,

then

e {xle(x);e(xl) + M} v -

The set W 1is compact by the strong convexity of V¥ ; consequently

{x*} is bounded.

Since the sequence {(xk,vk)} is bounded, there is a subsequence
k

{(x 3,v )} that converges to a point (x*,v*) € C . For any point

(x,v) € C , by lemma 3.1 we have
k, k.-l k, k.

k.
8(x) + ¢(v) > 6(x Nardtv + —“f-(v I vl y-v 1,
3

Letting kj + ® ., we have

k. Kk,
8(x J) + ¢lv ) + o(x*) + ¢p(v¥)

Since {uk} is bounded away from zero




k.-1 k. k.
—(v I -y J,v-v I s 0 ,

so 8(x) + ¢(v) > 6(x*) + (v*) .

This is true for an arbitrary (x,v) € C , so (x*,v¥) solves the
problem (3.11)..

Using (3.14) with v replaced by v* we have
IV hevell < five-vel

so the sequence {vk} has to converge to v¥* .
Suppose {xk} has two cluster points X and x , then both
(x,v) and (;,;) are optimal solutions for the problem
min  8(x) + ¢(v) + ziullv—\'rllz
(x,v)eC

ces . 1 -n2
for any positive number W . But the function 8(x)4-¢(v)4~ii||v—v"
is strongly convex with respect to (x,v) , so the problem above has
a unique optimal solution. Hence X = x and the sequence {(xk,vk)}

converges to (x*,v¥) .

4, Implementation and computational results

At Level 1 the problem to be solved is (3.2) which is a nonlinear,
unconstrained maximization problem, whose objective function gly) is

differentiable and its derivative g'(y) is available. To solve (3.2)




we use the Broyden-Fletcher-Golfard-Shanno (BFGS) algorithm, which is

available in the Harwell Subroutine Library and known as VA13A ([MACC, 1976]).

For Level 2 we have to handle the nonlinear maximization problem (3,7) ]
with nonnegativity constraints. 1In order to use an unconstrained

algorithm we modify (3.5), (3.6) and (3.7) as follows.

We convert the inequality coupling constraints (3.5.3) into
equality constraints by adding slack varibles w; (3.5) then becomes
. : |
i 24x.,C (v.,d,) :
min z (z(xi,cixi)) + I v;d i
(x,v),w i=0 i=1 7
1
bject to C,x, + Dv > -¢
subject to 1*1 V1 - 1
- T -
C,x, + D,v, Z ¢  (3.5)
5 Cx_ + DTV 2 -c
PP P P
c . . . + -w = =
Coxo *+ Byvy * Biv - w 0 rJ
; w>0.
1
. Instead of (3.6) and (3,7) we have

< T AP




1€

P P
min Z (‘;’(x-»ci!.) + Z (vi’di) + -2~1—||v-vk"2+ -%—"w-wkllz
(x,v),w i=0 : 1 = o" k
subject to C,x, + DTv > -¢
171 11 = 1
- T - '
> - (3.6'")
€%y * DY, =%
Cx + Drv > -é
PP PP .
- T -
Coxo + Blvl + . . . + prp w o
w20
and
max_ h(u) (3.7"
1, .
ueR
where, for a fixed u , v
h(u) = min E (-l-(x C.,x.0)+ lf(v d )+—1-"v-vk||2+——1-—"v—vk"2+
s g\, 9, .38,
(x,v),w i=0 2 1710 j=1 12 i zuk
(“’-CO-COXO-..Z Bivi+w)
1=1
. = T -
> -
subject to Clxl + Dlv1 2
- T -
€%2* DY, 2-e, (3.8")
Cx +Dv_ > -c
= P
w2>0.
. . ‘ RO s
EPS AP R S RNy
it . Dsicsiotfcaliy ST ——— e m..:‘ IR




17
Note that (3.7') is an unconstrained maximization problem. The
function h(u) is Lipschitz continuously differentiable and its
derivatives can be computed easily (Theorem 2.2 in [Ha, 1981]). We
also use the BFGS algorithm to solve it,
At Level 3, in addition to (p+l) subproblems (3.9) and (3,.10)
there is one more subproblem, namely j
min =i Jlw¥]I2 + (o0 . (4.1) i

w20 zuk
It optimal solution w(u) is given by

(wk—uk\{)j if (vk_-uku)j 20
w(u)j =

0 otherwise .

Now, we are going to convert the subproblem (3,10) into a quadratic

programming problem with only nonnegativity constraints and with the
dimension of the variables being ni (Compared to ni + mi of (3.10)).

First, we define 3; to be

Ve

e X

1
e

so that the problem (3,10) can be rewritten (except for the constant

term —2‘-]1-'-1‘-llv1:||2) as

. 1 - 1 -
nin s{x.,C.x.) + =—(v_,v.) + (v, ,4.)
(x.,v.) 2 "i’7i%1 2;1‘l i’ i1
i’
subject to ~C.x, - D?v. <c, .
i7" ii="1




18

Its ordinary dual problem is

1 = 1 -
max - =(x.,C.x,? ~=—{v,,v.) - (c.,2)
2 ’ !
(xi,vi),z 2 1711 W 112 1 f
. = _ar, . |
subject to C,x; - C;z 0 (4.2)
1 - -—
“k \f D.z = di
z2>20 1

We also have
v, = uk(Diz - di)
= ”k“’i"i - di)

Replacing 2z by x, and \ by the expression above in (4.2) ,

(4.2) 1is equivalent to

1, = 1 < - - ol
::a:o z(xi,Cixi)- -z——u;(uk(bixi di)’ uk(Dixi-di)) - (ci,xi) ;

x-




e —————
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or
Ll (=T N =
1 (x.,c.-1 DIa,
x50 2 x50 (G DD dx ) + Cxppe - Did,) (4.3)
=
Remark

If at Level 2 we also add the quadratic term E-L "x-xk"z into
the objective function (using the proximal point algorithm); the sub-

problem (3.10) of level 3 would be:

min L¢x.,C %5 ) +(v. d, ) g ]Iv.-*v‘.‘"z-l- ~—1—-"x.-x‘.t"2-(u Biv,)
(xi'vi) 2 %1 ! uk il TR S | Uit
subject to C.x, + DT v. > -c. .
i1 ii= "1

Following the same arguments as above one still could convert this

problem into a problem whose only variables are x; - But instead of

(4.3) one would have

min 1(x.,(c +uk I4-(I+uk )D D. (I+uk1c l))x !

ukfx.,(1+uk c.l)nr( "k D C.lx.~d )}

: -1 -1
> .
subject to (ukIM.‘i )xi 2 C; x.k

which is much more complicated,

There are several algorithms for solving the guadratic programming
problems (4.3). With pivoting~type algorithms we cannot use the optimal
solution of the previous iteration as the starting point for the current

iteration. The Best-Ritter algorithm ([Best-Ritter, 1976]) which is a

R——— ‘ﬁw o
- ‘ ) . s 1 if
RTINS ‘i{i”i’xlak;-l«'ﬂ-f." G

e A i e MWW tnstnmmihatad

e e e ¢ A S e ————-




conjugate direction method allows us to do that, so we use it to solve

(4.3).

e

As in the case of A we keep H fixed; i.e., W= u >0 for all k.

In that case the matrices

C. +up. b (4.4)
1 A 1

remain unchanged throughout the process, so they need to be computed only
once,

We wrote a computer program to test the algorithm, using FORTRAN V
on the UNIVAC 1110 of the Madison Academic Computing Center of the
University of Wisconsin-Madison, 1In the program we set the stopping

criteria as follows.

€ = 107 . 1s
llxk+l _ xk " : el . H
k+1 k k
or €™ - x| <€, lIx]

+
then xk 1 is considered to be an optimal solution for the problem (1.1).

€, =,10-5. This is the tolerance of the BFGS algorithm (problem 2.2).

That means a solution y is accepted as optimal if a relative change of

size €, in the components of y does not reduce the objective value.

2
We have the same tolerances for Level 2.
For Level 3 we set €_ = 10-5.

3
We generated test problems by predetermining the size of the

problem, the size of blocks, and the number of coupling constraints and

variables; then generating randomly data of the problem. The matrices Ay,

. .
ol . e
IR R A Y T
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Bi and Di are 90% dense. Each entry of those matrices is a pseudo-

random number in the range [-50, 50], obtained by the random number
routines of the Madison Academic Computing Center [MACC, 1978}, Each
positive semi-definite matrix ci-is of the form E':Ei . where Ei is a
randomly generated matrix, The cost coefficients ci are pseudo-random
numbers in the range [-10, 10]. To be sure that the problem is feasible

we randomly generated a sequence of integers in between 0 and 5 (considered
as a feasible point) and then multiplied them in a proper way with the
matrices A;,B; and Dj to obtain the right-hand side coefficients. The

structures of the test problems are given in Table 4.1 below.

Number Of
Problem
Problem Size Blocks é:t?gg;zi C;:E?fjggis
1 50 x 100 | 10 5 5
I 59 x 125 16 2 3
111 70 x 150 20 2 3

Table 4.1 Structures of Test Problems

We compared the computational results with the results obtained by
using the LCPL package available at the Madison Academic Computing

Center of the University of Wisconsin-Madison. LCPL is a program for

solving linear complementarity problems and quadratic programming prob-
lems. It was developed by Tomlin [1976] at the Systems Optimization

Laboratory of Stanford University. It uses a variant of Lemke's method




o

22

such that only the nonzero coefficents are stored in packed form and

the basis inverse is maintained in standard product form. Computa~

tional results are shown in Table 4.2.

Our Algorithm
LCPL
Problen A=10, =50 | A=10, u=100 | A=10, u= 200
I 10. 40, 18. 19.
11 14, 33. 36. (1)
111 (2) 158. 34. 29. i

Table 4.2 CPU Time (secs) of Test Problems

(1) Numerical errors.

{(2) The run stopped after 255 iterations because of the insufficiency

of space to store the inverse of the basis in product form (ex-
ceeded the limit of 8000 words of the eta file). 4

From Table 4.2, we see that the computation time of the de-

composition procedure is not yet as good as that of LCPL. Several points
are relevant to this comparison. First, our computer program was

written for the purrose of solving a limited number of test problems

and investigating some of the computational aspects of the method;

consequently, it was not written with a great a programming efficiency as was

ICPL. Secondly, the decomposition approaches are intended to handle large

problems; however our test problems are by no means large.,
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In terms of memory storage requirements, our method is much better
than ICPL. The requirements of our method are as follows (we do not
count the storage for problem data since it is approximately the same
for both methods):

Storage requirements (neglecting small items)

0 -~
Level l: We need to store x , x and five other vectors of the same
dimensions n, so the total number of words is 7n. The require-
ments for a BFGS routine with the dimension of the variables

being £ are 34 + 2{£+ 13)/2.

Level 2: Storage for the vectors (vk,wk),(;);3 and (vk+1,wk+1)
P P
3((} mi)+no); working space needed is 2((] m.)+ny).  There is another
i=0 i=1

BFGS routine with the dimension of the variables being n,.
Its storage requirements are 3n0 + no(n0 + 13)/2,

Level 3: For a quadratic programming problem with the dimension of the
variables being N and with only nonnegativity constraints, the
storage requirements of the Best-Ritter algorithm are 2N2 + 10N,

To accomodate problems of sizes N, i=1,2, ..., p, N should be
N = max {nili =1, 2, ceey p} .

In order to use the optimal solutions of the previous iteration
as the starting point for the current iterations we need to

keep information about the previous iteration; that requires

P
2 .
n + Z (ni) words of memory. We also need storage for the matrices
i=0

Vo

- ———— e o e
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(4.4). They are symmetric, so the requirements are

P
2 ni(ni+l)
i=0 2

Storage requirements for our test problems are shown in Table 4.3:

Problem
Level I 11 ITI
1 700 875 1050
2 60 33 33
3 250 290 345
4 60 21 21
5 2055 2390 2684
Total 2495 3609 4133

Table 4.3 Storage Requirements (words) for Test Problems

From Table 4.3, we see that, for problem III, our method required only
4133 words of memory, while LCPL used up the limit of 8000 words for
eta file alone and still has not reached the optimal solution of the

problem (see Table 4.2). With larger problems, the decomposition

1 procedure would lead to even greater savings in memory.

ey — T -y
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