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Abstract

This paper considers signomial geometric programming (GP) dual problems, a class of nonconvex nonlincar program-
ming problems possessing multiple locally optimal solutions. The primary purpose of this paper is to investigate the quality
of solutions found by use of a path-following algorithm. The path-following method may be applicd to either the original
nonconvex problem, or to each of a sequence of convex posynomial GP problems approximating the original problem. For
each test problem, the algorithms were initiated with thousands of diffcrent starting points. It was determined that, when the
stopping criterion was relaxed for early posynomial GP problems in the sequence, the ultimate solution tended to be of better
quality, and more frequently globally optimal. © 1997 Elsevier Science B.V.
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1. Introduction

Geometric programming (GP) [5] is a class of
optimization problems with a nonlinear objective
function subject to nonlinear constraints. The term
‘‘geometric”’ is used because the arithmetic-geomet-
ric mean inequality plays a central role in its carly
development. One of the remarkable propertics of
GP is that if the primal problem is in posynomial
form, then a global minimizing solution to that prob-
lem can be obtained by solving the dual maximiza-
tion problem. Hence, any solution to the dual prob-
lem satisfying the necessary conditions corresponds
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to a global minimizing solution to the primal prob-
lem. Unfortunately, a signomial GP problem, which
is a class of nonconvex nonlinear programming prob-
lems possessing multiple locally optimal solutions,
docs not have the inherent primal convexity, and
hence greatly weakens the relationship between the
primal and the dual problems. Nonetheless, it is still
possible to formulate a dual problem corresponding
to the primal problem. The drawback is that precise
equivalence between primal and dual problems no
longer holds, so that the dual problem is often re-
ferred to as *‘pscudo-dual’’.

The path-following algorithm (PFA) is one of the
interior point mecthods which is inspired by Kar-
markar’s method [11]. If one is to minimize the
objective function, the main idea behind the interior
point methods 1s that the objective function should
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be minimized and the solutions kept away from the
boundary. The classical way to implement this idea
is to use a barrier function to solve a sequence of
subproblems associatcd with a positive barrier pa-
rameter. As the barrier parameter gradually decreases
by a certain factor and approaches zero, the sequence
of the solutions will converge to an optimal solution.

In this paper, we investigate the use of the path-
following algorithm on signomial GP problems. The
main purpose of the research emphasizes more on
the quality of the solution than the time required to
find the solution; therefore, the CPU time will not be
a major issue of concern. The computational results
are based on the implementation of the algorithms
using APL (A Programming Language) code, cither
on a Macintosh SE or an HP-UX workstation.

This paper is organized as follows. Section 2
introduces the primal-dual pair of GP problems and
reviews the literature. Section 3 describes how to
apply the path-following algorithm to solving the
posynomial GP dual problem. Section 4 is the moti-
vation of applying the path-following algorithm in
this research. Computational results of different
strategies for solving signomial GP problems are
presented in Section 5. Section 6 contains the con-
clusions.

2. The primal-dual pair of GP

A GP primal problem can bc expressed as the
following general form

Minimize g,(1)

subject to
gy, k=12,...,p,
;> 0, j=12.....m,

where

g(1)y= Y o 1 Ter k=01,...p,

ie k) j=

P

[klct U k] =1,

k0

I=(1.2,...,n),

and [k]N[s]=C fork#s,

.=t 1forall i€,
¢;>0foralliel,

a;; unrestricted in sign forall i€/ and j=1,...,m.

The index set / numbers the total n terms, and
the index subset [ k] numbers the terms in a function
g Incach g, if ¢;’s are all positive, then this g, is
referred to as a posynomial. On the other hand, if
one or more of ¢,’s are negative, then function g, is
called a signomial. A GP problem is a posynomial
GP problem if each g, it contains is a posynomial,
otherwise it 1s a signomial GP problem.

The posynomial GP primal problem can be sim-
plified as follows

Minimize g,(¢)

subject to

gk(I)SI’ k:]y2’-~~vpy

tj>0, j=l,2,...,m,

where

gty = 2 ¢ ITef, k=01,...,p.

ik} Js=1

Corresponding to a posynomial GP primal prob-
lem, the GP dual problem is to

Maximize v( §,A) = ﬁ {)‘2‘ I (%)5}

k=0 ie [k}

subject to

Ao =1,

Zaij5,»=0, j=12,...,m,
i€l

Y 8, =X, k-0,,...,p,
iC k)

o, =0forallic/,

A, 20,

which, unlike the primal, is lincarly constrained.
The A variable is not really a decision variable
since each A, is simply the sum of the 8, values for
all the terms in that posynomial & and may be
climinated by substitution. The logarithm of the ob-
jective function (8, A) is a concave function if A is
climinated as suggested. Since the logarithmic func-
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tion is strictly increasing, the maxima of v(8,A) and
its logarithmic function will be achieved at the same
dual solution. One thus could maximize the loga-
rithm of the dual objective function

Maximize f(8) =In(v(8))

™=

{8;Inc;,— 5, 1n 5}
1

i

+ Z( > 5,.)111( Y 5,.)

k=0 ‘ie[k] i€ (k]
subject to
Ag=1,
Zaij5i=0, j=1327~~~amy
i€l

6,20 forallisl.

The relationship between optimal dual and primal
solutions, namely

8,8.(1) =Akc,,_1‘[lr;u, i€[k], k=0,1,....p,
j=

can in most cases be used to recover the primal
optimal solution when a dual-based algorithm is
used. If a primal constraint k is slack at the opti-
mum, all the optimal dual variables A, and §, (i €
[k]) associated with this constraint are zero. Dual-
based algorithms typically include procedures for
special handling of slack primal constraints, c.g.,
placing a lower positive bound on all dual variables.

The pscudo-dual signomial GP problem is to

(241

I ¢, a8,
Maximize v(8,0) = o, [ | {/\2" I[1 (E) }
£=0

ie[k] i
subject to
Y 0,8,=0,
iel0]
Z(riaij8i=0, j=12,...,m,
=y
Y. 0,8, =A,, k=0,,...,p,
ie (k]
6,20 foralliel,
Ay =0,

The value of o is the sign of the optimal value,
which will usually be known in advance for most

problems. Linear constraints still constitute the con-
straint set; however, the logarithm of the objective
function is not a concave function over the feasible
region. In fact, the wecak duality theorem for the
posynomial GP problem does not hold true for this
dual, and hence it is called a pseudo-dual.

2.1. Literature review for signomial GP problems

A GP problem can be solved in its cither primal
or dual form. Among all primal-based algorithms for
signomial GP problems, successive approximation
by posynomials, called ‘‘condensation’’, has re-
ccived the most populanty. The idea is to approxi-
mate a signomial GP problem at the current iteration
by condensing to an approximating posynomial prob-
lem. Thus the solution of the signomial GP problem
proceeds by iteratively solving a sequence of posyn-
omial approximations, for which the solutions con-
verge to at least a stationary point of the signomial
problems. The main difference between the various
algorithms ({1,4,10,17,19,23]) which employed this
solution philosophy lies in the precise forms of the
posynomial approximations to signomial programs.

Since a signomial GP problem has no convex
reformulation, Passy and Wilde [18] devcloped a
weaker type of duality, called pseudo-duality, to
accommodate this class of nonlinear optimization.
The pscudo-duality theorem assures the occurrence
of a stationary point, called **pseudo-maximum’’, in
the pseudo-dual program corresponding to every lo-
cal minimum of the primal problem such that the
primal and pseudo-dual objective values arc equal.
To find the global solution one must find all locally
maximizing solutions and then choose, not the maxi-
mum, but the minimum, from among them. This
procedure is called ‘‘pseudo-minimization’’. Other
dual-based algorithms were developed in (2} and
{21].

Use of general purposc nonlinear programming
methods taking no advantage of the structure of GP
problems were reported in [7,8,22,25]. Discussions
on computational aspects of solving signomial GP
problems are available in [3] and [24]. A detailed
survey of several techniques for solving signomial
programs can be found in [20]. The comparison of a
special purpose algorithm versus general purpose
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algorithms was published by Ecker et al. [6). Their
experiments showed that the special purpose algo-
rithm often finds approximate solutions more quickly
than do the general purpose algorithms, but is usu-
ally not significantly more efficient when greater
accuracy is required.

2.2. Condensation of signomial GP problems

Since the condensation process is the most popu-
lar method to solve the signomial GP problem, this
section is dedicated to showing how a signomial GP
problem can be approximated by posynomial pro-
grams. The principle is to approximate a multiterm
posynomial with a monomial, i.c., a single term.

Consider again the general form of the GP primal
problem

Minimize g,(¢)

subject to

g () <1, k=12,....p,
1;>0, j=12,....m.

Assume that g,(7) > 0 at the optimum. By intro-
ducing a ncw variable ¢, and adding the constraint
ty = go(1), it can be rewritien as the following gen-
eral form

Minimize ¢,
subject to
(<1, k=01,....p,

where

n
g:’((t) = Z (fici I—I [/a”‘ k = 1’27""1)’

i€k} J
n
! — N a,,
go(1) = X "iC.Hf/’ B
ie (o] j=0
where
dyg=—1.

Furthermore, gi(¢) can be written as the differ-
ence of two posynomials

gil(1) = P(1) = Q(1),

where
P.(t) = Y u,= collection of positive terms
ie[k]*
in the k-th constraint,
0.(t) = Y u,= collection of negative terms

ielk]”
in the k-th constraint,
[k]" = {ilo,= +1for i [k]}, [k]”
={ilo;= —1for i€ [k]},

m 0]" if o, = +1
o1, ie []_ :
j=0 [0] ifo,=—1
u = . .
m | [k] if o= 41
¢ TTees, ie{s !
j=1 [£] if o= —1

Therefore, one can derive the following equiva-
lent program

Minimize ¢,

subject to

Ple) ) k=01,....p,
(1)
where

Q¢ (1) =1+0,(1).

Use of the arithmetic-geometric mean inequality
with Q, (#) = ¥.u, results in the following

“z(’) o )
O et

o: (=11
where
u (1)
(= ST €
(1)
If P(1) is divided by both sides, then it implies
that

P(1) P1)
0 () 5511)&'

[k], ¢ is a current operating point.

i€ [k],
[T =

! t
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where the function on the right hand side is a
posynomial. Let Q)(¢) represent the monomial ob-
tained by condensing Q; (¢) at the point 7, one has
the following problem

Minimize ¢,

subject to
P0)
k=0,1,...,p.
Qk(’)
Note that posynomial constraint
P(1) P(1)
Q1) (1)) 1
k u;
s
implies that
P(1)
—_— <
Q¢ (1)

since Q7 (£) = Q,(1). That is, the feasible region of
the condensed posynomial constraints is a subset of
the feasible region of the original signomial con-
straints. Hence, any optimal solution, ¢, to the con-
densed program will be feasible (but not necessarily
optimal) for the original problem. The condenscd
posynomial and that original posynomial are equal at
the point 1=/,

3. Path-following algorithms

Consider the following linearly constrained con-
vex programming problem with non-negative vari-
ables

Minimize f( x)

subject to

Ax = b,

x>0,

where

S(x}) is a twice differentiable function,
A1s an m X n matrix,

T
x={x,....,x,) isan n-vector,

T .
b={(bh,,....b,) isan m-vector.

Assume that the interior feasible set S={x &€ R"™;
Ax=b, x> 0} is nonempty and bounded. If a loga-
rithmic term is added, then onc has to solve the
following family of problems

é(z) = Minimize f( x) —z)_In x,

subject to
Ax=b,
where

z > 0 is the barricr penalty parameter,

Y In x, serves as a barrier function.
t

As one solves the problem penalized by the bar-
rier function for a sequence of decreasing positive
values of the parameter z, the result is a sequence of
feasible points converging to the optimal solution of
the original problem.

The Karush--Kuhn—Tucker (KKT) optimality
conditions for ¢(z), which must be satistied by
x(z), the optimal solution of ¢(z), are written as:

Xs = ze
Ax=b"’
where

X is the n X n diagonal matrix of x,

s=Vi(x)—A'y,

V1( x) is the gradient of f{ x),

y arc dual variables associated with the constraints
Ax=b,

e=(1,1,....1)"

let I denote {(x,8): Xs - ze, z > 0}. The trajec-
tory I', for z>0, is known as the central path
because of the intertority forced by the barrier func-
tion. The path-following algorithm generates a se-
quence of solutions, (x*,5%), which lie in the prox-
imity of the central trajectory of the problem.

One can use Newton’s method to solve the KKT
optimality conditions, which is a system of nonlinear
cquations. If Newton’s method is dppll(.d supposc
that at iteration &, onc has the solution x*, y*, s
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then one must solve the following lincar system,
resulting in search direction (Ax,Ay)

[720(x%) + (x4 7' 5] 4x - ATy

= y(x*) =4t ’

(X*) ™" is the n X n diagonal matrix

1
with elements —

i
S* is the n X n diagonal matrix with clements s*,
V2f( x) is the Hessian matrix of f( x),
y=(1—-a)z*<zt,
0<a<l.

Once the search direction (Ax,4y) is computed,
let
= xb+ Ax,
Y = kg Ay,
sSSP = PR - AT

thus completing onc iteration of the algorithm. Rather
than making several Newton’s steps to converge to
the central path for a fixed value of z, one iteration
only is usually performed of Newton’s method, and
then z is reduced.

In the previous discussion, it is assumed that an
initial feasible solution is available so that one can
start the algorithm. However, it is necessary in gen-
eral to produce such an solution so that the algorithm
can be initiated. An initial feasible solution can be
obtained by the introduction of an artificial variable
and by rewriting the objective function and con-
straints as follows

Minimize f( x) -z In x, + Mx,

subject to
Ax = (b—Ax")x, = b,

ZX,SIW,

17 a

where
M is a positive big cost,

x, 1s an artificial primal variable,

x°> 0 is an initial solution,
Y~ x, <M is the bounding row which will
i+a

correspond to the artificial dual variable.

Now (x%x,) is fcasible with x,=1. In our
implementation, we let x° equal to e = (1,1,...,1).
Once an initial feasible solution (x°, x,) is available,
X, must be driven to zero at the optimum solution.
In order to obtain values of the y variables for the
initial solution, we let each of them equal to zero

except the artificial variable which is associated with
the bounding row.

3.1. Applying PFA to GP dual problems

The path-following algorithm applicd to a twice
diffcrentiable convex function f(x) solves a se-
quence of problems of the form

¢( z) ~ Minimize f( x) —z ) In x,

subject to
Ax=b, x> 0.

To apply the path-following algorithm, we need
to minimize the negative of In(v(8)) so that it is in
standard form

$(z) = Minimize —f(8) ~z2.1In

subject to

Ad=0b,

where

Az[n...)?o...o}’ A= ¥ a5 =0,
A iet

j=0,1,...,m,

5=1(6,.....8,) ., 8=0 foralli,

L)

b=(2.0,...00", A =1.
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The system of cquations of optimality conditions
needed to be solved for a fixed z is of the form

Ds = ze
Ad=b"

where D is the diagonal matrix of 8,
s=V(—f(8)) —A"y.
Other than linear programming (LP), extensions

of interior point methods to spccial classes of pro-
grams are available in [9,12-16].

4. Motivation of applying path-following algo-
rithm

The major motivation of using the path-following
algorithm for solving a problem possessing many
local solutions is that the algorithm is initiated with
an interior point and moves within the feasible re-
gion. Intuitively, if the solution found by the path-
following algorithm for each condensed posynomial
program is not too close to the boundary, then it
should have a better opportunity to avoid being
trapped in competing local solutions in thc early
iterations of the algorithm. What this implies is that
it is hoped that the algorithm can approach the global
solution eventually, but not too carly. The question
lies in how to implement the path-following algo-
rithm so that the solution will not converge to one of
the competing local minima in the carly iterations.
The answer is at hand in the termination tolerance of
the path-following algorithm. Remember that the
path-following algorithm is terminated when the
value of z, which is the barrier parameter, is less
than the tolerance. If the tolerance 1s not small
enough, the algorithm terminates at a point which
may not really satisfy the optimality conditions, while
could be a desirable outcome for our purpose, in that
the solution is far away from the boundary. Of
course, the tolerance needs to be small enough at the
final solution so that the algorithm converges to a
point which satisfies the optimality condition. The
convergence proof of this approach is given in [26].

How could the initial value of the termination
tolerance, which is reduced during the course of the
optimization, affcct the quality of the solution? For
example, if the algorithm is initated with the same

starting point but with two distinct tolerances, will
the algorithm converge to different local solutions?
What can be characterized under several tolerances
using the same starting point? For that reason, the
implemented algorithm uses the initial tolerance
(z_tol) as an input. After the tolerance is input, the
problem is condensed to an approximating posyno-
mial which is then solved by the path-following
algorithm. As each condensed posynomial is solved,
the termination tolerance of the path-following algo-
rithm is reduced by a certain factor (z_factor),
which 1s positive and less than 1. By the reduction of
this factor, the tolerancc would gradually decrease,
converging to zero. The algorithm iteratively pro-
cceds as follows.

Step 0. Rewrite the problem as a lincar objective
function constrained by upper bounds of 1 on
nonlinear functions cxpressed as a ratio of
posynomial functions. Select an initial point ¢
(which necd not be feasible) and termination
tolerance, z_tol, of the path-following algo-
rithm.

Step 1. Condense the denominator of cach ratio,
which is a posynomial function, into a single
term, using weights evaluated at the current
point 7.

Step 2. Solve the resulting condensed posynomial
program by applying the path-following algo-

Input: Z_TOL

7_toleZ_tOL.

v A7 ]
[_ Condense Replace
—l o 2 _tol ¢-z_factory z_sol

A

v
. - » STOP

z_tol <
epsilon

Fig. . Algorithm for solving a sequence of condensed posynomi-
als by PFA.
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Table 1
Number of global solutions found using two different initial z_tols of PFA
Problem no. Total no. Total no. Total no. of terms z_tol = 0.01 z_tol = 0.0001

of variables of constraints in condensed GP freq. % freq. %
I3 2 4 6 1483 44.08 898 26.97
12 2 4 6 2273 67.57 1143 33.98
13 2 4 5 2277 67.59 2295 68.22
t4 2 4 6 2322 69.02 2295 68.22
t5 2 4 6 1070 31.81 1551 46.11

rithm with termination tolerance z_tol. Calcu-
late the new solution 7”.

Step 3a. Compare the distance moved, 8¢, to some
tolerance. If the tolerance is satisfied, go to Step
3b; otherwise, let ¢ = ¢ and go to Step 1.

Step 3b. If z_tol is less than the stopping criterion,
epsilon, stop; otherwise, go to Step 4.

Step 4. Reduce z_tol by a certain factor, let ¢ = ¢
and go to Step 1.

Fig. 1 shows the proposed algorithm. The dis-
tance moved in Step 3a is measured by &1 =17 ||/}
- tg.l. The stoppmg ?rltenon, epsilon, in Step 3b, 1s
limited by the precision of the computations; a value
of 107'* was used in obtaining the computational

results which follow.

5. Results of computational strategies for signo-
mial GP problems

In this section, the following situations will be

investigated

1. solve a sequence of condensed posynomial dual
problems by PFA,

2. solve the pseudo-dual signomial problems by
PFA.

5.1. Solve a sequence of condensed posynomial dual
problems by PFA

To investigate the effect of the accuracy with
which the earhier approximating posynomial GP
problems are solved, five test problems (Table 1)
were artificially generated, each having several com-
peting locally optimal solutions. (Appendix A in [26]
lists these problems and their solutions.) For cach

problem, a total of 3364 starting points are selected.
These 3364 points are uniformly distributed with
increment equal to 0.4 in a square region.

For each starting point, the problem was solved
twice, once with the initial stopping tolcrance ( z_tol)
equal to 0.01 and again with the tolerance equal to
0.0001. In cach case, the tolerance was reduced by a
factor of 0.01, with the algorithm terminated after an
approximating posynomial GP problem was solved
with z_tol equal to 1074,

To have a better picture of how the algorithm
proceeds, test problem t1 is used as an illustration.

Minimize g, =1,

subject to

g, = —0.0019:} +0.09108¢, — 0.00381, < 1,

g, = —0.0013} +0.0779¢, — 0.0065:, < 1,

gy = —0.000814:7 + 0.05861, — 0.0020357, < 1,
ga=0.101t;" =581, +105.14, ' < 1.

The feasible region of the test problem 11 is
shown in Fig. 2, where several local solutions are
present.

Now, let’s take a closer look at the step at which
the first condensed problem was just solved by the
path-following algorithm, starting from a feasible
point (37, 37). In Fig. 3, it appcars that with a
smaller initial z_tol, the algorithm has the tendency
to go to a local solution in the early stage of the
algorithm. This can be further verified if the inter-
csted point was forwarded to the solution where the
sccond condensed problem was solved, as shown in
Fig. 4.

By studying Fig. 3 and Fig. 4, onc can find
significant clues that suggest that use of a larger
tolerance at the beginning could be advantageous. To
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"y

B

30 K

o 35: A% 22 Bt

20 50

Fig. 2. Feasible rcgion of the test problem 1.

identify the dependence of the local solution found
on the locations of all starting points, the basins of
attraction for two z_rols are shown in [26]. The
basin of attraction of a local solution is defincd as
the sct of different starting points from which the
algorithm converges to that solution. When a larger
initial z_tol (0.01) is used, there arc only two basins
of attraction, including that of the global solution. If
a smaller initial z_tol (0.0001) is used, however,
basins of attractions appear for other competing local

Table 2
The results by PFA compared to existing methods

50

45¢

490

y 3§

307

28"

Fig. 3. Path-following where thc first condensed program is
solved starting from a point with two different initial z_tols.

solutions. This encouraging result justifies our usc of
the termination tolcrance.

Having justified our research purpose, we further
compare our algorithm with two existing methods
which arc commonly referred in the literature. Table
2 lists the test problems and their solutions, where
problem names beginning with ““RM’’ are from [24],
“D’ from [3], *‘n/a’’ means not available; total

Total infeasibilitics of constraints

Problem name 1% C Primal objective valuc
PFA RM D PFA RM D
RMO09 2 1 11.96438 11.96392 n/a 0 0.000004965 n/a
RM10 3 | —83.24973 - 83.05711 n/a 0 0 n/a
RM11 4 2 —5.73982 —5.73972 n/a 0 0 n/a
RMI12 & 4 —6.04823 —6.04823 n/a 0 0.000001384 n/a
RM13(D5) 8 6 7049.2477 7049.247 7049324 0 0.000004616 0.000006212
RM14 10 7 1.14362 1.14368 n/a 0 0 n/a
RMI5 10 7 0.20565 0.2056 n/a 0 0.00136019 n/a
RM16 10 7 0.19663 0.19659 n/a 0 0.00179802 n/a
RM17 11 9 0.14061 0.14061 n/a 0 0.009473293 n/a
RM18 13 9 1.86163 1.81818 n/a 0 2.374294926 n/a
RM19 8 S 17485.988 17486.039 n/a 0 0.000001522 n/a
RM20 13 9 -116.4515 - 121.5388 n/a 0 0.03119618 n/a
RM?22 9 10 376.3109 —375.7705 n/a 0 0.001218221 n/a
RM23(D2) 3 6 10121.773 10121.977 10122.431 0 0.000062905 0
RM24(D6) 10 10 97.59237 97.59753 97.59103 0 0.000186638 0.000019081
4 3.95116 n/a 39517 0 n/a 0.000016337

D4A 8




H.-H. Yang, D.L. Bricker / European Journal of Operational Research 103 (1997) 230-241 239
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S z_tol=001
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Fig. 4. Path-following where the second condensed program is
solved starting from a point with two different initial z_tols.

infeasibilities of constraints are computed by
ZkEK(gk ~ 1), K={k|gk> 1, k=12,...,p%
V™ is the number of primal variables, and “‘C”’ is
the number of primal constraints. According to Table
2, it can be seen that the PFA outperforms two
existing mcthods in terms of primal objective value
and total infeasibilities of constraints. Unfortunately,
however, only a single instance in the literature was
found for which a signomial GP problem has several
competing local solutions, namely test problem D4A
in {3]. This problem was initiated with 2304 primal
starting points. It was found that when a larger initial
tolerance (z_tol=10"%) was used, 2296 points
(99.65%) converge to the global solution, while only
2284 points (99.13%) converge to the global solution
when using a smaller initial tolerance (z_tol = 107%).

5.2. Solve pseudo-dual signomial problems by PFA

The results (Table 4.3 in [26]) suggest that the
approach is not recommended. The main drawbacks
are
1. for most of the test problems, the algorithm did

not converge,

2. even when the algorithm converges, the solution
is not guaranteed to be a global solution,

3. the number of iterations required to converge is
large, making it less competitive.

The major problem associated with this approach
is that the solution generated by the path-following
algorithm frequently tends to approach the boundary
or even to leave the feasible region. This tendency
not only makes it difficult for the algorithm to
approach a feasible solution at each iteration, but
slows down convergence because the actual step size
needs to be shortened to maintain feasibility. Al-
though several stepsize reduction factors, ranging
from 0.1 to 0.9, were tested in an attempt not to
approach too close to the boundary, none worked
well. Another alternative is to use a two-phase
method to find a feasible solution for the path-fol-
lowing algorithm. The intention was, rather than
always initiating the search with the unit vector, to
start the algorithm from a solution which is feasible
and likely to be located inside the feasible region.
However, the results show this alternative to be not
helpful.

6. Conclusions

This research primarily investigates the use of a
path-following algorithm for solving signomial GP
problems, whose special feature is possessing multi-
ple locally optimal solutions. Two approaches for
solving the problem were investigated, i.e., either
solving a sequence of approximating posynomial
convex programs or solving its pseudo-dual directly.
The research leads to the following major conclu-
sions:

1. Solving the signomial GP problems by iteratively
solving the dual problems of a sequence of ap-
proximating posynomial GP problems is appar-
ently better than solving its pseudo-dual directly.

2. When applying the path-following algorithm to a
problem with many locally optimal solutions, in
order to converge to a better quality solution, the
algorithm should not terminate at a point that is
too close to the boundary of the first few approxi-
mating posynomial GP problems. i
There exists limitations regarding the application

of the proposed method, too. First, the results are

solely derived from dealing with signomial GP prob-
lems. In addition, one might ask, how “‘close’’ is too
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close? At this moment, no rule can be explicitly
given, however. Above all, both the size and the
structure of the problem play a crucial role in deter-
mining the termination tolerance.

Second, from the perspective of computational
efficiency, when Newton’s method was used to solve
the following system of nonlinear equations

Xs = ze
Ax=b"

it requires the inverse of this approximating lincar
system. Occasionally, it is difficult to compute the
inverse, especially when the solutions are highly
sensitive to the capability of a computer. In our
experience, the same APL codes implemented on a
Macintosh SE and an HP-UX workstation could
return different results when the system ecquations
arc ncar-singular. To deal with this difficulty, tech-
niques such as the conjugate gradient method werce
utilized when the inverse is not obtainable. One can
see that the implementation of this technique 1s at the
cost of computational cfforts.

Finally, instead of specifying the termination tol-
erance of the path-following algorithm, another alter-
native 1s to specify the maximum number of itera-
tions performed at each iteration of the path-follow-
ing algorithm. We favor using the tolerance rather
than maximum Iterations as a termination criterion,
since the value of tolerance, z, is the barrier parame-
ter and would serve as a better indicator of how
close the point is to the boundary.
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