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Abstract. In this paper we present an algorithm for solving nonconvex quadratically constrained
guadratic programs (all-quadratic programs). The method is based on a simplicial branch-and-bound
scheme involving mainly linear programming subproblems. Under the assumption that a feasible
point of the all-quadratic program is known, the algorithm guarantees-approximate optimal
solution in a finite number of iterations. Computational experiments with an implementation of
the procedure are reported on randomly generated test problems. The presented algorithm often
outperforms a comparable rectangular branch-and-bound method.
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1. Introduction

Quadratically constrained quadratic programs have a wide variety of applications.
All bilinear optimization problems, for example pooling problems in petrochem-
istry [23], modularization of product sub-assemblies [17], and special classes of
structured stochastic games [6], can be interpreted as quadratic problems. Boolean
variables may also be represented by concave quadratic constraiatf, 1} <

xiz —x; >0,x; €[0,1].

The so-called?acking Problemi.e., the problem of maximizing the minimum
pairwise Euclidean distance ofoints, which are contained in the unit square, can
be formulated as a global optimization problem with concave quadratic constraints:
maxt : ¢t —|lxi —x;13<0,1<i<j<n,x €l[0,12,i=1,...,n}. For
applications of this special problem we refer to the book of Conway and Sloane
[4]. A related class of global optimization problems are minmax location problems
[14] which also lead to quadratic constraints.

Chance-constrained problems, which, for example, are involved in production
planning or portfolio optimization [5, 14, 26], provide further applications of this
type of optimization problem. Other applications include the fuel mixture problem
encountered in the oil industry [15], and also placement and layout problems in
integrated circuit design (see [2, 3] and references therein for further applications).
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In this paper we will consider the general all-quadratic progrexs) (

minx” Q% + @7 x

xTOx+@)'x+c <0, i=1...,p @
Ax <b
whereQ' (i =0,..., p) are reah xn symmetric matrices{’ ¢ R" (i =0,..., p),
ceR(@=1...,p),Alisarealm x n matrix andb € R™. The setP = {x e
R"” : Ax < b} is assumed to be a nonempty polytope, ireis bounded. In the
following we assume that far € {0, ..., p}, realn x n symmetric matriceg’

and D' are known with the properties that is a positive semidefinite matrixp’

is a negative semidefinite matrix a@l = C’ + D'. There are different ways to
construct such matrices, for example spectral decomposition (see, e.g. [13]). For
brevity we define (using® = 0)

fl)=x"0x+@)'x+c, i=0..,p
D:={xeP:f(x)<0,i=1,...,p}.

Note that in general the feasible regibris nonconvex and possibly disconnected.

By using the fact thay’ (x) = x7 Cix +(d) " x+c' —xT(=D)'x,i =0,... , p
is a d.c. function, Problem (1) can be interpreted as a d.c. problem. Therefore
one possible approach for solving (1) is to apply algorithms for solving general
d.c. optimization problems. See Horst et al. [10, 12] and the relevant article in [9]
for the framework of d.c. optimization and [15] for a d.c. algorithm for a special
guadratically constrained optimization problem.

Another possible approach for solving (1) results from the fact that a nonconvex
all-quadratic optimization problem can be transformed to a semidefinite program-
ming problem (SDP) with an additional rank-one constraint (see [18]). Omitting
the rank-one constraint leads to the widely explored (SDP) relaxation of Problem
(1) (see [7, 21, 22] and references therein). Using this relaxation Ramana [18]
presents a cutting plane technique for solving all-quadratic problems (see also [11]
for an extension of this approach).

Most of the methods in the literature rely on the bilinearity of the quadratic
functions. By substituting’ = Q'x, each functionf’ (x) can be interpreted as a bi-
linear functionf’(x, y'). Visweswaran and Floudas [24, 25] propose an algorithm
for solving Problem (1) through a series of primal and relaxed dual problems. This
method is designed to solve certain classes of nonconvex optimization problems
[24], but as shown in [25], it is possible to enhance the computational performance
of this algorithm in the quadratic case. The subproblems are considerably more
tractable in this special case.

An approach for solving polynomial programming problems, i.e., an optimiza-
tion problem with a polynomial objective function and polynomial constraints, and
so especially for solving bilinear programs, was presented by Sherali and Tunchilek
[20]. Under the assumption that additional box constraints for the variables are
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known, they generate nonlinear implied constraints which are included in the orig-
inal problem. Then they linearize the resulting problem by defining new variables,
one for each distinct nonlinear term. By embedding this reformulation-linearization
technique in a rectangular branch-and-bound scheme they get a convergent algo-
rithm (see [19] for the reformulation-linearization technique in the bilinear case).
In other words they combine a linear outer approximation of the feasible set with a
branch-and-bound scheme for solving this global optimization problem.

In the algorithm of Al-Khayyal et al. [2, 3] for solving all-quadratic programs
with additional box constraints, the authors also combine an outer approximation
technique with a rectangular branch-and-bound scheme. First each quadratic func-
tion f'(x) is interpreted as a bilinear functigfi (x, y*). Each bilinear part; y' of
fi(x, y") is then bounded from below by its convex envelope [1] and from above
by the corresponding concave envelope. By substitufifig = y' one obtains a
linear subproblem with respect to the used rectangle, where this subproblem has
n+ (p+ )n variables and gn + 2n + p +m + 2n constraints. Linear subproblems
are then used to calculate the lower bounds in the rectangular branch-and-bound
algorithm (for details, we refer to [2]).

In our algorithm, we use the same ideas as Al-Khayyal et al. mentioned above.
By using simplices, instead of rectangles, as partitioning elements, we obtain linear
subproblems with only: variables and + m + n + 1 constraints. As the com-
putational results show, we thus often have a better performance with respect to
run-time than the rectangular algorithm by Al-Khayyal et al. has, particularly in
the cases wherg > n.

In the next section, a linear relaxation of Problem (1) is derived with respect to a

given n-simplex S = [vo, ... ,v,], Where [vg,...,v,] =
x e R" : x =Y _gAhixi, A > 0,37 2 = 1} denotes the convex hull of the
set{vo, ..., v,}. This relaxation is used to calculate a lower bound on the optimal

value of Problem (1) which is necessary to develop a branch-and-bound algorithm.
A simplicial branch-and-bound algorithm for solving Problem (1) is presented in
Section 3. In Section 4, we prove that the algorithm will stop after a finite number
of steps, if no feasible point exists. For the cd¥e# ¢ any accumulation point

of the sequence of points generated by the algorithm is an optimal solution. This
is shown in the convergence theorem. Section 5 reports on results of computa-
tional comparism between our simplicial algorithm and the rectangular algorithm
of Al-Khayyal et al. [2].

2. Alinear programming relaxation over a simplex

In this section, we construct a linear programming relaxation of the Problem (1)
with the additional constraint that must lie in ann-simplex S. Therefore, let

S = [vo, ..., v,] be ann-simplex withP N S # @ and letWy be the reah x n
matrix with columns(v; — vg) (i = 1, ..., n). Then we can rewrite (1) as an all-
quadratic program over the standard simpexs (A e R" :e"A <1, 4, >0(i =
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1,...,n)} by substitutingt = v + WsA in the following way

min (Wsa) T QW + (d)T Wi + 2
(Wsi)" Q' Wsh + (d) Wsr +¢c5 <0, i=1....p

2
AWsh <b—Avg, L eB 2)

with

di=d +2Q'vg, i=0,...,p

cs=c +v{Qvo+ (@) v, i=0...,p.
Each quadratic function of Problem (2) can be split into a convex and a concave
part. If we neglect the convex quadratic part and underestimate the concave part
with its convex envelope, we will get a linear underestimator for each quadratic
function.

Note that the convex envelope of a concave funcifoover a simplexs is the

uniquely determined affine function which coincides with the functfom each

vertex ofS (compare with Horst et al. [10]).
So we have foreach e Bandi € {0, ..., p}

fs0) = (Wsa)" Q"Wsh + (dg)" Wsh + ¢
= (WsA)' C' Wik + (Wsh)T D' Wk +(dy)" Weh +
20 =95 (3)

> @h(h) + (d)T Wk + ¢ =: L))

where

P50 ==Y xj(v; —vo)’ D' (v; — o)
j=1
is the convex envelope ¢#s1)" D' W overs.
By using the affine functions, (i = 0,..., p), a linear programming relax-
ation of (2) is
min 15(%)
Ly <0, i=1...,p

3
AWsh <b—Avg, L €B. 3)

REMARK 1. If we do not omit the convex quadratic part in underestimaﬁg'l,g
we can get a convex relaxation of (2) in the same way.

Actually, Problem (3) is equivalent to the following problem
min 19(x)
lg(x) <0, i=1,...,p

4
Ax <b, xeS§, )
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wherel§(x) = Y_; (Wit (x — v0),;(v; — v0)" D'(v; —v0) + (d5)7(x — vo)
+ c'lS, i =0,... , P is the convex envelo_pe of the quadratic concave function
fix) — (x =) Cl(x —vp) = (x — )" D' (x — vo) + (d§)" (x — o) + .

REMARK 2. From an implementational point of view, Problem (3) is much easier
to solve than Problem (4). While solving (3) instead of (4) we do not need to
calculate the inverse dWy, and the constraints descibirgyare explicitly given
whereasS$ is given by its vertices. Problem (4), i.e., a formulation of the linear
relaxation of (1) in thex-space, is needed for the following theoretical analysis.

A necessary result for proving the convergence of our simplicial branch-and-bound
algorithm is the following lemma.

LEMMA 1. Let$?(S) denote the squared diameter of the sim@eke.,§%(S) =
maxX{|lv; — v;ll5 , i,j € {0,...,n}}, and p(C’) respectivelyp (D) the spectral
radius of C' respectivelyD’ (i = 0,..., p), i.e., p(C") = maxX{|r;(C)|,j =
1,...,n} (A;(C") denotes thg-th eigenvalue of"), then for each € {0, ... p}
it holds

max| f*(x) =I5l < §%(S)(p(C) + p(D")) . (5)
Proof. Leti € {0O,..., p} andx € S be fixed. Then there exists a uniquely

definedr, € B with fi(x) = fi(x,) andli(x) = IL(),). By arguments similar to
those we used faiWsr)" D' Wi andgi (1), we know thatys(h) == 3y 4 (v, —
vo) C'(v; — vo) is a linear overestimator @WsA)” C' Wi over B. So there holds

/1) = I50)] = fsCo) = I5(h)

= (Wsr)"(C' + D)Wk, — Y A ;(w; — v0)" D' (v; — vo)
j=1

<Y1 ke j(wj—v)T Cl(vj—v0)

<Y ke (W; — v (C" = D) (v; — vo)
j=1

n
<Y ajllvy = voll2p(CT = DYllv; = vollz
j=1
< 8()p(C' = DNk
j=1

——
=1
< 8%(S)(p(CH + p(DY) .
Note that for symmetric matrices, the spectral ragius a matrix norm which is
compatible with the Euclidean vector norm. O
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REMARK 3. If we construct the matriceS’ and D’ by spectral decomposition
then it is possible to prove that(C' — D') = p(Q") holds. So we can replace the
righthand side of (5) by?(S)p(QY).

3. Asimplicial branch-and-bound algorithm

We now present a branch-and-bound scheme for solving Problem (1) (see Horst
and Tuy [12] for the theory and framework of general branch-and-bound algo-
rithms). As partition sets we use simplices and the branching procedure is based
on the subdivision of a simpleg into two simplicesS* and S? by bisection (for

the definition of simplex bisection see also [12]). This branching rule in connection
with the result of Lemma 1 will ensure the convergence of the algorithm. To each
simplex S, we assign a lower bound(S) for f° over S by solving the linear
program (4) with respect t8. Each generated feasible poin D is used to get

an upper bound foy® over D. The algorithm is as follows.

ALGORITHM 1

Initialization
Determine a simpleX$y with So O P .
FLPs, < {x € SoﬂP:lgo(x) <0,i=1,...,p}
If FLPs, # % Then
SOIVe the LP miQeFLP lgo(X) .
Let xg be an optimal solution and(Sy) be the optimal value.
1 < u(So) , P < {So}
If xo € D Then
0 < {xo}, n° < fO(x0) , x5 < xo
Else
Q «—¥,n° <« o0
EndIf
STOP<« False, k < 0
Else
STOP<« True (D = ¥)
EndIf

While STOP= False Do
If u* = n* Then
STOP <« True (x; is optimal solution of (1) )
Else
Bisects; into two simplicesS} andS?.
For j=1To2
FLP,; < {xeS/NP:I',(x)<0,i=1...,p}
k Sk
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If FLP # ¢ Then
k .
Solve the LP miRer. p, lgkj (x) .

Letx; be an optimal solution
andu(S]) be the optimal value.
If x/ € D Then
0 < QU {x}}
EndIf
P — PU(S))
EndIf
EndFor
P <« P\{S:}
If O # ¥ Then
n* 1 <« min,co £O(x), choosex; € Q with n**1 = fO(x,).
Else
Pt
EndIf
P — P\{SeP:uS) > ntl
If  # @ Then
wtt < mingep 1(S) , chooseSi, 1 € P with p 1 = 1 (Sis1)
andxi1 € Sy N P With w(Sir1) =13, (ara) -
Else
If Q # ¢ Then
kL et
Else
STOP<« True (D = ¥)
EndIf
EndIf
k<k+1
EndIf
EndWhile

REMARK 4.

— It is possible that after a finite number of steps the algorithm never detects a
feasible pointxs € D, i.e., Q could always be empty.

— The bisection strategy has the property that for each infinite nested sequence
{S4}4en Of simplices

(—ﬂk

8%(S,) — 0 (g — o0) (6)

(see Horst [8]). As the proof of the convergence theorem shows, this property
is sufficient for the convergence of the algorithm. Therefore any branching rule
for simplices with the property (6) leads to a convergent algorithm.
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— In an implementation of the presented Algorithm 1 we do not solve Problem (4)
directly. As said in Remark 2 it is better to use the equivalent Problem (3).

4. Convergence

It is obvious that, when finite, the algorithm will determine an optimal solution.
For the infinite case, we will state and prove the following convergence theorem.
At first, however, one additional lemma is needed to establish this theorem.

LEMMA 2. The algorithm stops after a finite number of iterations if no feasible
point for Problem (1) exists, i.e., b = @.

Proof. F(x) := max_1__, f'(x) is a continuous function. S& attains its
minimum over the compact sét. It follows for D = ¢

35 > Owith minF(x) = 4. @)
xe

Assume now thaD = @ and the algorithm generates an infinite sequgS¢R.cn
of simplices. Then there exists an infinite nested subsequgickgcn With the
properties

FLPg, +# @ VYgeN and

8%(S,) — 0 (¢ — oo) (compare with (6)).

Choose 0< § < 8[1/ max_1,.. ,(p(C") + p(D"))], then there exists g € N
such thatSZ(Skq) < 8§ (Vg = qo). So due to Lemma 1, it follows for e FLPg,

(g >qo)andi e {1,..., p}

f1o) = 1) =15, @) +15 (1) < 8%(8,)(p(CY) + p(D")
<0 < 8(p(CH+p(DY)) < 8.

ThusF (x) < § holds which contradicts (7). O

The convergence of the algorithm can now be shown.

THEOREM 1. If the algorithm generates an infinite sequeiniegcn, then every
accumulation poink* of this sequence is an optimal solution of Problem (1).

Proof. Due to Lemma 2, we know that there exists an optimal solufiosf
Problem (1) with optimal valug®. Since we always choose the simplgxwhere
w(Sy) is smallest, we have that(S;) is a lower bound forf°(x) over D and
{u(SK) }ken is @ nondecreasing sequence which is obviously bounded from above
by f°.

Let x* be an accumulation point of the sequeriegcn and let{x;, },en be a
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subsequence convergingatd. Without loss of generality, we assume théit } ;e
is a nested sequence of simplices. With respect to Lemma 1 in connection with the
property (6), we know forf € {0, ..., p}

0= f'(w,) =I5, (x,) < 8%(Sk,)(p(C) + p(D")) = 0 (g — 0).

Since f%(x) is a continuous function, we have

FO = u(Se) =15, (w,) = o) (g — 00) 8)
and by the same arguments fog {1, ..., p}

0= 15 () = f'(x") (g — 00). ©)
Thus we have proved that* is feasible, i.e.,f'(x*) < 0 (G = 1,...,p)
(compare with (9)), andf°(x*) < f° (compare with (8)). Therefore;* is an
optimal solution of Problem (1). O

If we are satisfied with an approximate solution, we could replace the stopping
criterion

If n*=pu* Then STOP « True

by the following

If Q #0Then
If n* —u* <& ThenSTOP « True (10)
Else
If §2(Sk) max (p(C + p(D")) <& ThenSTOP « True (11)
i1=0,...,p
EndIf

for some prespecified toleranee

If the algorithm stops with (10), are-optimal solution has been found,
i.e., apointc; € D with f%(x;) — f° < &, where f° denotes the optimal value of
Problem (1).

In the other case, the algorithm has not found a feasible point till
iteration k. Due to Lemma 1, we only know that the point, is
e-feasible, i.e..fi(xy) < e, i =1,...,p, and thatfO(x;) — uf = FO(x) —
lgk (xx) < e. We do not know anything about the optimalityqf

Under the assumption that a feasible pairaf Problem (1) is known, we can
initialize Q with the pointx. Then the algorithm surely stops after a finite number
of steps with a feasible point; € D which ise-optimal.
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In the following section, we will demonstrate the better performance of the pre-
sented simplicial branch-and-bound algorithm in comparison with the performance
of the rectangular version of Al-Khayyal et al. [2].

5. Computational results

The presented simplicial algorithm and the rectangular algorithm of
Al-Khayyal et al. were encoded in C++ with management of partition sets by
AVL-trees. To test and compare the computational performance of both algorithms,
problems of varying sizes were randomly generated and solved. The test problems
had the general form (1), where most of the parameters were integers randomly
generated according to the following specifications.

Firsta dense matrid € R¥" was generated with entries betweeh0 and 10.
Then the righthand side vectbre R?* was constructed in a way which guaranteed
that the polyhedror? = {x € R" : Ax < b} was not empty. To ensure the
boundedness af, we then intersecte# with the simplexs, = [0, neq, ... , ne,]
(e; denotes the-th unit-vector), so that for the describing mateixof P, A €
R® D> holds. Note that we iterate the construction of the polytopesntil
a polytope with inP = int(S, N P) # @ was found. Because of the special
construction ob, we could find a poink € intP = {x € R" : Ax < b}.

In the next step, dense matrice8 < R and vectorsd’ € R"

(i =0,...,p) were also randomly generated with entries betwe&g and 10.
The coefficientsc’ ¢ R (i = 1,..., p) were chosen in a way to assure that
fix) <=8 <0(@(=1,..., p)holds for some prespecified valaie

Through this strategy, we obtained test problems with a nonempty feasible re-
gion D, even with inD # @. For solving these test problems with the two proposed
algorithms, we had to construct a starting rectariggevith Ry > P, and a starting
simplex Sp with So O P, respectively (refer to [10] or [16] for the construction
of such initial sets). To avoid excessive run-time requirements we restricted our
test problems to problems with the property that a starting simplex with a diameter
smaller than 10 exists.

The implementation of both algorithms used to solve the described randomly
generated problems closely follows the algorithms which were presented in [2] and
earlier in this paper. As branching rule, we used bisection in both cases, i.e., each
rectangle or simplex was partioned into two rectangles or two simplices by dividing
the longest edge in its midpoint.

In the simplicial branch-and-bound algorithm, we added the following cheap

test to decide whethdd N S = ¢ holds for a given simple$ = [vo, ... , v,].
max in (v; — vo)TDi(vj —vg) + (dg)T(vj —vg) + cg > 0
i=1..,pj=1l...n (12)
= DNS=40

(see [16] for details). If the left-hand side of (12) is satisfi€adian be eliminated
from the collection? of partition sets.
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As noted in the previous section, to achieve an approximate solution with the
simplicial algorithm, branching may be stopped if (10) or (11) is satisfied. A similar
g-convergence criterion is known for the rectangular algorithm (refer to [2]). We
usede = 10~* in the computational tests and each poiptwhich satisfied all
quadratic constraints with a tolerance vadue 10-® was interpreted as feasible.

Fifty test problems were generated for each combination of
nei{2...,8andp € {1,...,2n}. With respect to the sparse structure of the
linear subproblems in the rectangular algorithm (see [2] for details) we applied
MINQOS 5.4to solve them. We also implemented versions of both algorithms us-
ing the LP-subroutin&04NFFof the NAG-library, which does not exploit sparse
structures of optimization problems. The subproblems of the simplicial algorithm
in general have a dense structure and so it does not matter which LP-solving-
routines are applied. Computational tests have shown that the simplicial algorithm
is faster with theNAG-library than withMINOS 5.4 at least for small dimensions
(n < 6). However the rectangular algorithm is much slower. In order to achieve
comparable results, we present only the computational tests WH&I@S 5.4is
used for both algorithms.

REMARK 5.

— As noted in section 2, it is also possible to construct a simplicial branch-and-
bound scheme with quadratic convex subproblems. We tested this version by
using the MINOS 5.4 convex solver. Even though the necessary number of
iterations decreased, the run-time increased so much, that the version with linear
subproblems is essentially faster.

— We also tried to solve the Packing-Problem with these general algorithms. Be-
cause of the high dimension and the big number of constraints, both algorithms
have shown very bad performance. By exploiting the special structure of this
problem, it is possible to develop a more efficient algorithm. This will be dis-
cussed in a future paper.

Tables 1 and 2 show some numerical results for the generated test problems run
on aSUN SPARCserver 1008orkstation. We use the abbreviations NolF5for
the number of problems where the simplicial algorithm was faster than the rectan-
gular one, AvgNoLP for the average number of LP’s solved for each test problem
with the simplicial algorithm (S) or the rectangular algorithm (R), STDLP for the
standard deviation of the number of LP’s, AvgTime for the average computing time
in seconds necessary for solving a problem, Su for the average speedup between
the simplicial and the rectangular version and STDTime for the standard deviation
of the computing time.

The numerical results show that fpr > n the simplicial algorithm is nearly
always faster with respect to average run-time than is the rectangular algorithm.
Only for the combinations witly < max{1, | 5] — 1} does the rectangular version
need less time in more than 50% of the test examples. For fixde relative
performance of the presented algorithm improves with growirigompare with
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Table 1. All test results fom = 2, 3, 4

p NoP  AvgNoLP STDLP AvgTime Su STDTime
S<R S R S R S R S R
n=2
1 15 45.6 24.7 271 229 0.2 0.18 09 0 0.01
2 32 43.6 27.9 282 216 022 026 119 0.01 0.01
3 48 66.7 45.4 491 253 028 046 164 0.01 0.02
4 46 61.4 39.9 402 191 0.28 0.5 1.79 0.01 0.02
n=3
1 19 127.2 546 12 4 0.64 052 081 0.06 0.03
2 38 151.7 693 231 672 076 098 129 0.1 0.09
3 46 194.6 86.2 235 7.61 102 163 1.6 0.09 0.14
4 49 147.4 699 109 344 078 156 2 0.05 0.07
5 46 169.4 76.7 154 318 098 219 223 011 0.1
6 50 178.2 831 129 387 102 292 286 0.07 0.16
n=4
1 18 322.6 984 489 1183 191 137 0.72 0.27 0.16
2 36 3417 1011 478 1042 208 219 105 0.27 0.26
3 40 3376 113.7 57.1 9.4 2.2 344 156 0.35 0.33
4 47 603.5 176.7 118.7 26.13 4.09 7.4 181 0.76 1.06
5 50 356.2 1253 37.7 7.27 24 6.7 279 024 049
6 48 726.3 176.4 239 2599 6.13 1341 219 244 243
7 50 428.7 1559 441 126 323 1242 3.85 033 101
8 49 4158 1345 57.2 6.75 325 1322 4.07 042 0.82

the speedup column in Tables 1 and 2). In the cases wheren, it outperforms
the rectangular version. It is then up to four times faster.

For solving the test problems, the simplicial algorithm needs many more LP’s
than the rectangular one and this rate increases with growing dimension. There
is at least one reason for this effect. In constructing the LP-relaxation of the all-
guadratic program in Section 2, we neglect the convex information of the trans-
formed problem (2), whereas Al-Khayyal et al. do not. They use all available
information to generate their lower bounds. Therefore it is not surprising that the
lower bounds used in the rectangular version are better than those in our algorithm.
But even though the number of LP’s increased, the reduction in the complexity of
each linear subproblem (smaller dimension and fewer constraints) led to a decrease
in run-time.

Figures 1 and 2 illustrate the computational results. In Figure 1 the numbers
of test problems where the simplicial algorithm was faster than the rectangular
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Table 2. Some test results for =5, 6, 7, 8

p NoP AvgNoLP STDLP AvgTime Su STDTime
S<R S R S R S R S R
n=>5
2 27 962 179 207.1 221 7.6 5.7 0.75 1.5 0.7
4 40 1099 221 210.2 30.3 9.9 141 1.42 1.8 2.1
6 48 1033 237 1489 245 10.4 249 239 1.5 2.3
8 48 1327 275 1941 31.7 14.6 395 271 2.2 4.1
10 50 850 218 1144 124 10.4 424 4.08 1.4 2.4
n==~6

4 35 5407 378 2114 48.1 59.3 376 063 213 4.3
8 46 4314 463 865.6 50.4 60.9 1102 181 121 117
12 49 3594 451 561.9 36.6 60.1 189.1 3.15 9.2 161

n=7
4 26 12928 634 5565 136.8 180 86.8 048 779 17.8
8 39 9617 751 1665 85.2 170 252 1.48 28.8 27.7
12 49 8985 677 1652 76.3 198 417 211 37.2 419
n=2=8

4 26 14272 686 3687 56.3 262 137 052 68.8 114

8 35 33256 1326 8469 180.9 764 672 0.88 1944 87.1
12 42 20537 1171 3378 1123 594 1054 177 919 911
16 47 21862 1270 4016 1498 726 1797 2.48 137.9 200

one are displayed in percent. Figure 2 shows the speedup coefficients for all tested
combinations of the dimensian and the number of quadratic constraiptsAl-

though both graphics show that the relative performance of the rectangular version
improves with growing dimension and small numbers of quadratic constraints, they
emphasize that for higher numbers of quadratic constraints the performance of the
simplicial approach is much better.

The numerical results also show that the effort for solving Problem (1) depends
essentially on the dimension and the number of quadratic constraints. But an inter-
esting result of our numerical tests is that the run-time of the simplicial algorithm is
by far less sensitive to the number of quadratic constraints than the run-time of the
rectangular one. For example, in the test problems with dimension 8, the average
run-time of the simplicial algorithm grows by a factor of nearly 3, whereas the
average run-time of the rectangular version grows by a factor of nearly 40.
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Number
of quadratic

Dimension constraints

Figure 1. Simplicial algorithm faster than rectangular one.

s 10 12 M *

Dimension o Number of
guadratic constraints

Figure 2. Speedup.

Another result of our computational tests is that for problems with dense struc-
ture and a dimension higher than 8, both algorithms do not seem to be attractive,
because they require excessive run-time.
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6. Conclusion

In this paper we have developed a convergent algorithm for solving nonconvex all-
guadratic optimization problems. This algorithm can be regarded as a combination
of an outer approximation (construction of LP-relaxations of Problem (1) with
respect to a given-simplexS) and a simplicial branch-and-bound scheme. Com-
prehensive computational results have shown that for small numbers of quadratic
constraints (small with respect to the dimension), a comparable rectangular branch-
and-bound scheme seems to be a faster approach, whereas for higher numbers
of quadratic constraints the presented simplicial algorithm often outperforms this
rectangular version. The performance of the suggested algorithm depends heavily
on the upper bound (mimimal function value of all found feasible points), as is the
case for most branch-and-bound algorithms. One way to improve the performance
of this simplicial branch-and-bound algorithm could be the development of cheap
strategies for detecting additional feasible points.
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