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Abstract

In this note we establish a relation between two bounds for convex
maximization problems, the one based on a concavity cut, and the
surrogate dual bound. Both bounds have been known in the literature
for a few decades but, to the authors’ knowledge, the relation between
them has not been previously observed in the literature.
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1 Introduction

Dual bounds for nonconvex problems can sometimes be related to other
bounds for the same problems. The best known example of such relations
is represented by the Lagrangian bound. Let us consider the nonconvex
problem

max f(x)
hi(x) <0 i=1,...,m (1)
xecX
where X # () is a convex and compact set, while f, h;, 7 = 1,...,m, are lower

semicontinuous functions over X. For A € RY', we define the Lagrangian



function

L(x,A) = f(x) = > _ \ihi(x).
i=1
Obviously, for any A > 0,

9(A) = max L(x, A)
is an upper bound for (1) and the best of such bounds corresponds to the
solution of so called Lagrangian dual

min g(A)

x>0 (2)

Under some regularity conditions, it has been proved (see [2, 4]) that if
functions h;’s are affine ones, then, the Lagrangian dual bound is equal to
the bound

max concy,y(x)
hl(X)SO izl,...,m
xe X

obtained by substituting the objective function f with its concave envelope
concyx over X. In [3] it is shown that strict dominance of the Lagrangian
bound with respect to the concave envelope one holds as soon as we drop the
assumption of affine functions h;’s.

Another dual bound is the surrogate one. This is usually more compli-
cated to compute with respect to the Lagrangian bound. However, it can
be studied for some classes of nonconvex problems. In particular, here we
consider the convex maximization problem

Ax<b (3)

where f is a convex function, A € R™*" b € R, and the feasible region

P={xeR! : Ax<b}



is a nonempty polytope; we also assume that f is continuous in the feasible
set. Note that b > 0 implies that the origin is a vertex of P and we further
assume that the origin is not the unique point in P.

In this paper we would like to relate the surrogate dual bound for convex
maximization problems with a well known bound based on concavity cuts.
Although both the surrogate dual bound and the bound based on concavity
cuts have been known in the literature for a few decades, to the authors’
knowledge, the relation between them has never been remarked.

In Section 2 we will recall the notion of concavity cuts. In Section 3 we
will discuss the surrogate dual. Finally, in Section 4 we will show the relation
between the two bounds.

2 ~v-extensions and concavity cuts

For convex maximization problems, y-concavity cuts have been first intro-
duced in [8] and employed within conical partitions algorithms (see, e.g.,
[5, 6, 7]). Given a polyhedral cone C' lying in the nonnegative orthant and
vertexed at xo € P, i.e.,

C={xeR" : x=x+Qy >0, yeR}}

where Q is an invertible n X n matrix whose columns are the generating rays
of C', the subproblem over C' is defined as follows

Ax <b (4)

Since by the change of variable x = x¢ + Qy we can always rewrite (4) as
(3), in what follows we will always refer to (3). Now, let us consider a value
v > f(0), e.g., v = LB + ¢, for some ¢ > 0, where LB is some known lower
bound for problem (3). Note that we can always take LB > f(0) since 0 is
a feasible solution in view of b € RY. For each j = 1,...,n, let us denote by

5= 5,(7) = max{\ : J(Ae;) <7} >0, (5)

where e; is the vector whose components are all equal to zero, except the
J-th one which is equal to 1. Point s;e; is called y-extension over the j-th
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axis and we notice that it might happen that s; = +o00. It can be proved
(see, e.g., [6]) that the optimal value of problem (3) is not larger than ~ if
the optimal value of the following linear problem

max [Zg 185 <00 # - 1]
Ax<b (6)
x>0
is not larger than 0. Moreover, the following inequality, called v-concavity
cut, does not remove from the feasible region P any point with function value
larger than -~y
L
> e
S .

J i sj<oo J

3 Surrogate dual

Let us assume, w.l.o.g., that f(0) = 0. Given u = (uq,...,uy) > 0, let us
define the function

S(u) = max f(x)
u’Ax <u’b (7)
x>0

In (7) we are substituting the original constraints Ax < b with the single
surrogate constraint u’ Ax < u’b. Since

u>0 Ax<b = uTAxguTb,

for any u > 0 the optimal value of (7) is an upper bound for (3). The
surrogate dual returns the best possible of such bounds

min S(u).

u>0
Given some value v > LB, we would like to establish whether

] <
min S(u) <.

When, for every v > LB, every y-extension is finite, the answer to this
question is relatively simple and can be found following [1]. We report here
an extension of the theorem and its proof.
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Theorem 1 Assume that, for every finite choice of v > LB, the quantity
s; = s;(v) defined in (5) is finite. Then, for each v > LB

1 <
min S(u) <.

iof and only if the following linear system admits at least a solution
u'b=1
u’A; > 1/s5(7) v (8)
u>0

where A; is the j—th column of A.

Proof. Let u > 0 be given and assume that 37 : uTAj < 0. In this case,
the surrogate feasible set is unbounded. In particular, as (7) is a convex max-
imization problem, it will be unbounded if and only if it is unbounded along
an extreme ray of the feasible region. The extreme rays of the polyhedron

{xeR":u"Ax <u’b,x > 0} (9)
are:

1. e, for all j such that uTAj <0
2. e — %ei, where u”4; > 0 and u”4; < 0.

As it has been assumed that s;(v) < ooV, then f(Ae;) = 0o as A = 00
and S(u) is unbounded along the ray e;.

As we wish to minimize S(u) it is thus required that u is chosen so that
the problem is not unbounded and thus the choice of u can be restricted to
those vectors which satisfy u? A > 0.

We can also assume that u’b > 0. In fact, if u’b = 0, as we are now
assuming u’ A > 0, 0 would be the unique feasible solution to (7) and, thus,
to the original problem (3), which, by assumption, can not hold.

So we can restrict the analysis to the case u’b > 0 and, thanks to the
homogeneity of the constraints, we let u”b = 1.

If, as we are now assuming, S(u) is not unbounded, it must have an
optimal solution at a vertex. One vertex is the origin, while all the others lie
on axes e; for which u”4; > 0. Any vertex can be represented as

Vi =9d;e;
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where

when u”A; > 0. Thus

S(u) =m f(0) m f uT_be
= max ’jzl,...,ni§Aj>O uTAj J

Thus S(u) <~ if and only if
u’b .
or, equivalently, if and only if

u’b ‘
uT—Aj <s;(7) Vij:ulA; > 0.

Consequently, S(u) < v has a solution if and only if the following system
u’b=1
u'A; > 1/s5(v) Vj
u>0

is feasible.
O

Notice that in the above proof an important role is played by the assumption
that s; < co. In the next section we will see that when this assumption is
satisfied, a strong relationship exists between bounds derived by concavity
cuts and those obtained through the surrogate dual. However, as we will
show later, when this assumption is relaxed, the equivalence between the
two bounds does not hold any more (in fact, we will see that the surrogate
dual bound dominates the bound based on concavity cuts).

4 The relation between concavity cuts and
surrogate dual

In this section we will study the strict relation between ~-concavity cuts
and the surrogate dual. To the authors’ knowledge this relation was not
previously observed in the literature.



Theorem 2 If s;(y) < oo for all v > LB, then, given v > LB, there exists
u:

ulb=1
u’A; > 1/s; Vjiel,...,n
u>20

of and only iof

18 mon positive.

Proof. In order to establish whether the linear system (8) admits a solution,
we can, obviously, solve this linear program

min 0
1 .
E;’;luiaijzs—j jzl,...,n
u; >0 1=1,...,m

Its dual is the following problem
max S g

Zyzlaijnj—l—ubigo 1=1,....,m <1O>

77]20 jzl,...,n
Note that feasible solutions (n, i) of the problem above either with > 0 or
with g = 0 and 1 # 0 would imply that the recession cone of P contains a
vector i) # 0, thus contradicting the fact that P is a polytope. Therefore,
we can restrict our attention to feasible solutions with g < 0. For p < 0, let
us rewrite (10) as follows

max _M[Z?:1 _H"_; —1]
—pu —ay =] <0 i=1,...m

n; =0 j=1,...,n



After the change of variables &; = —n;/u, for p < 0, the problem above will
have optimal value equal to 0 (and, consequently, the linear system (8) will
admit a solution) if and only if

max [0, % —1]

=15
> <bi i=1,...,m
§ =0 j=1...,n

has negative optimal value. But the problem above is exactly problem (6),
thus proving the relation between the v-concavity bound and the surrogate
dual bound. O

The case of unbounded y—extensions

In the above proofs an important role was played by the finiteness assumption
of every s;. This assumption is crucial for proving the equivalence between
surrogate bounds and v—concavity cuts. The following example shows that
when y—extensions are unbounded, equivalence no longer holds. Consider
the problem
max max{0;z; —zy — 1}

T, — 2y <1

To <1

x1,x9 2 0
The objective function f(x) = max{0;x; — x5 — 1} is null at every feasible
point; thus we choose v = 0 and we wish to check whether a feasible point
with f(x) > 0 exixts.

The y—extensions in this case are easily seen to be
s1=s51(0)=1
Sg = 89(0) = 00

thus the bound based on y—concavity cut in this case is obtained from

max x; — 1
ZEl—J/’QSl
.fCQSl

L1, T2 2 0



which is attained at xy = 2,27y = 1 with function value 1. Thus adding the
concavity cut x; < 1 is not sufficient to show that no feasible point exists
with function value greater than 0.

If on the other side we consider the surrogate dual

S(u) = max max{0;x; —zy — 1}
U1 + (Ug — u1)$2 S U1 + U9

21,72 > 0

it is easy to see that it is possible to choose ug, us so that S(u) = 0 (a possible
choice is u; = 1,us = 0). Then, thanks to the surrogate bound, we can prove
that no point with positive function value exists in this case. Thus, in this
case, the surrogate dual bound dominates the one obtained from y—concavity
cuts.

The question now arises about the general relationship between the two
types of cuts. In what follows we prove that the surrogate bound always
dominates the concavity—based one; strict dominance is possible only when
at least one of the y—extensions is unbounded.

In fact we can prove the following:

Theorem 3 If the following linear system
b'u =1
ul4; >1/s; Vj :sj(y) <o
u’4; >0 Vi si(y) =00 (1)
u >0

admits a feasible solution u, then S(u) < 7.

Proof. Let F := {j : s;(7) = oo} be the set of indices of coordinate axes
along which the objective function does not exceed . Consider the surrogate
problem

S(a) =max  f(x)
u’Ax <u’b=1 (12)

x>0

Let
Fa={jeF : i'A; =0}.
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The feasible region Xy of (12) has vertices v = 0 and

1 )
Vj:ﬁTAjej VJE{l,,n}\Fﬁ
Since ]
< s j 1,... a
ﬁTAj—SJ(7)7 V]E{ ) 7n}\'F

and f(0) < v, we can conclude that f(v;) < v holds at all vertices of Xg.
Then, if we are able to prove that the optimal value of problem (12) is
attained at a vertex of X, we are done. The extreme rays r; of Xy are the
directions of the axes e;, j € F5. Now, let

[ﬁ:{(],...?n}\fﬁ,

By the well known Minkovski’s theorem, each point x € X can be repre-

sented as follows
X=3 Nvit ) (13)

jela jE€Fa
with
A=0, jeLy, Y N=1, ;>0 j€ Fa
j€ln
Let
Kx = Z M-
Jj€Fa

If Ky =0, then, by convexity of f

Fx) <D N f(vy) < %%?f(vj) <7

j€ln

and the result is proved. If Ky > 0, then take a > 0 and rewrite (13) as

follows K
_ Vi Hj BTy

X

Jj€la J€Fa
Noting that
Z (1_05))\]'_"2@%:1
el X0 ieFae
= >0
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and that

Kx' .
f( rj>§77 jEFfu

by convexity of f we have

FO) < Sger, (L= N F (55) + e, ad f (12)

Zjelﬁ (I —a)\f (1\1_](1> +ay.

Letting o — 0, by continuity of f, we end up with

flx) <max f(v;) <,

as we wanted to prove.

<

O

Since, by following the same proof as in Section 4, the dual of the feasibility
problem (11) turns out to be the bound based on the y—concavity cut, we
can conclude that the surrogate dual bound is always at least as good as the
one obtained via concavity cuts and, in some cases, it is strictly preferable.
In the proof of Theorem 1 we noticed that the extreme rays of the poly-

hedron (9) are e;, for all j such that u” A; <0, and

uTAJ
€ — —/—
uTAi

€i,
where u”4; > 0 and u” A; < 0. Now, let
K={j : s; <+4o0}.
Let us assume that, given the directions
e;+0e, ieK, j¢€K,
the range [0, d;;] for the ¢ values such that

f(A(ej+de)) <~y VYA>0

is known. Then, we can prove the following theorem.
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Theorem 4 [t holds that min,>o S(u) < v if and only if the optimal value
of the following linear program

max » ... i_f —
ZiEK %1141 + ZiEK, jeK Zij(Aj -+ (S”Al) < b (14)
ZEZ',ZijZO ZeK,ng
15 not larger than 0.

Proof. It holds that min,>o S(u) < ~ if and only if either the following
system admits a solution

u’b >0

ud; > ek e K
o (15)
1<y 1€K,jJEK

ul'A;

u>0
or the following system admits a solution
u’b =0
u’A; >0 jeK
s, ieK jEK (16)

u>0

We consider the two systems separately. By homogeneity, system (15) is
equivalent to

u'b=1

ul4; > 1/s; jeEK

ul(A; +0,;A4) >0 i€eK, j€K
u>0

After adding the objective min 0 to this linear system, by the same proof
of Theorem 2, the dual of the resulting linear program can be rewritten as
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(14). Again by homogeneity, system (16) is equivalent to

u’b =0

ul4; > 1 jeK
ul(A; +0;4) >0 i€eK, j€K
u>0

After adding the objective min 0 to this linear system, again by the same
proof of Theorem 2, the dual of the resulting linear program can be rewritten
as

max Y .. T
Dier TiAi + Yick, jex 7ii(Aj +0;A:) < b
x;, 25 > 0 €K, j¢K

Therefore, min,>o S(u) <~ holds if and only if either the optimal value of
the above linear program is equal to 0 or the optimal value of linear program
(14) is not larger than 0. But by noting that if the optimal value of the above
linear program is equal to 0, then the optimal value of (14) is not larger than
0, we can conclude that min,>¢ S(u) < « holds if and only if the optimal
value of (14) is not larger than 0. O

Conclusions

We have shown in this paper that for convex maximization problems over
a polytope, the surrogate dual bound is always at least as strong as the
bound based on the y—concavity cut. Moreover, we have shown that if some
assumptions hold for the objective function which imply that f diverges to
infinity along coordinate axes, then the two bounds are equivalent.
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