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Convex polyhedral cones I

C'={x:Ax <0}

for some matrix A.

It has been proved that for cones the concepts of “polyhedral” and “finitely

generated” are equivalent according to the following theorem.

Theorem 1 (Minkowski and Weyl) A convex cone C' is polyhedral if and only if it
is finitely generated, that is, the cone is generated by a finite number of vectors
b 1s-- .,bm N

C' = cone(by,...,b,,) = {Z b;y;: y; >0, 1 =1, ...,m} :

1=1
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Carathéodory’s theorem I

The following theorem states that a polyhedral cone can be generated by a set of
basic directional vectors.

Theorem 2 Let convex polyhedral cone C' = cone(by, ...,b,,) andx € C.

Then, x € cone(b;, , ..., b; ) for some linearly independent vectors b, ,...,.b; .

chosen fromb1,....b,,,.

Example
1 2
C = Y1 + Y2 . Y1,y2 = 0
2 1
or
, [ -2 1
C=<{xeR: x <0
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Figure 1: Representations of a polyhedral cone.
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Point Cone '

Pointed cone: a cone contains no straight line.

{x: Ax =0}?

{x: Ax=0, x> 0}7?

{x: Ax < 0}7
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Convex polyhedra I

A set is said to be a convex polyhedron if it can be written as
P ={x:Ax < b}.

A bounded polyhedron is called polytope.

Note that the feasible set {x : Ax = b, x > 0} is polyhedral since it can be
written as
{x: Ax <b, ,—Ax<-b, x>0}

Also, if b = 0, then P becomes a convex polyhedral cone.
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I\ 3x+2y<=12

y 2x+3y<=12
(0,6) x>=0
y>=0

Figure 2: Polytope
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Basic and Basic Feasible Solution | '

Consider the polyhedron set {x : Ax = b, x > 0} where Aisam x n

matrix with . > m and full row rank, select m linearly independent columns,
denoted by the variable index set 13, from A. Solve

ABXB = b

for the m-dimension vector X 5. By setting the variables, Xy, of X
corresponding to the remaining columns of A equal to zero, we obtain a solution
X such that Ax = b. (Here, index set /N represents the indices of the remaining
columns of A.)

Then, X is said to be a basic solution to with respect to the basic variable set 5.
The variables of X 5 are called basic variables, those of x; are called nonbasic
variables, and A 5 is called basis.

If a basic solution x5 > 0, then X is called a basic feasible solution, or BFS.
BFS is an extreme or corner point of the polyhedron.
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Basic and Basic Feasible Solution Il '

Consider the polyhedron set {y : A’y < c} where A isam x n matrix with
n > m and full row rank, select m linearly independent columns, denoted by the
variable index set 3, from A. Solve

T
Apy =cp
for the m-dimension vector y.

Then, y is called a basic solution to with respect to the basis A gz in polyhedron
set{y: Aly <c}.

If a basic solution Ajj\}y < ¢y, then y is called a basic feasible solution, or BFS
of {y : Aly < c}, where index set /V represents the indices of the remaining
columns of A. BFS is an extreme or corner point of the polyhedron.
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Convex Combination '

A convex hall, C' Hull, of a finite number of points b1,...,b,,, is

C'Hull = cone(by,...,b,,) :=

{Emzbiyi : Em:yz =1,y 20, 1= 1,...,777},
i=1 i=1

A point x € C'Hull is said a convex combination of b,...,b,,,.

This is the slice of the convex polyhedral cone generated from b,...,b,,, with a
hyperplane generated from {y : > 7" y; = 1}.

10
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Separating hyperplane theorem I

The most important theorem about the convex set is the following separating
hyperplane theorem (Figure 3).

Theorem 3 (Separating hyperplane theorem) Let C' C &£, where £ is either R

or M, be a closed convex set and let b be a point exterior to C'. Then there is a
vector a € & such that
aeb > supaex
xe(C
where a is the norm direction of the hyperplane.

11
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Figure 3: lllustration of the separating hyperplane theorem; an exterior point b is
separated by a hyperplane from a convex set '

12



Yinyu Ye, MS&E, Stanford MS&ES310 Lecture Note #03

Examples I

Let C' be a unit circle centered at point (1; 1). That is,

C={xeR?: (x1—1)°+ (22— 1)* <1} Iib=(2;0),a=(—1;1)is
a separating hyperplane vector.

fb = (0;—1),a = (0; 1) is a separating hyperplane vector. It is worth noting

that these separating hyperplanes are not unique.

13
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Farkas’ Lemma '

Theorem 4 Let A € R™*™ andb € R"". Then, the system
{x: Ax = b, x > 0} has a feasible solution x if and only if that
{y: ATy <0, bly > 0 has no feasible solution.

A vector y, with ATy < 0 and bTy > (), is called a infeasibility certificate for
the system {x : Ax = b, x > 0}.

Example

Let A= (1,1)and b = —1. Then, y = —1 is an infeasibility certificate for
{x: Ax =10, x > 0}.

14
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Alternative Systems I

Farkas’ lemma is also called the alternative theorem, that is, exactly one of the
two systems:
{x: Ax =b, x > 0}

and
{y: A"y <0, b'y >0},

is feasible.

15
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Geometric interpretation I

Geometrically, Farkas’ lemma means that if a vector b € R"" does not belong to
the cone generated by a 1, ..., a,,, then there is a hyperplane separating b from

cone(a i, ...,a,), thatis,

b¢{Ax: x > 0}.

16
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Let {x : Ax = b, x > 0} have a feasible solution, say X. Then,
{y: Aty <0, bly > 0} isinfeasible, since otherwise,

0 <b'y =(Ax)'y =x"(4"y) <0
sincex > 0and ATy < 0.

Now let {x : Ax = b, x > 0} have no feasible solution, that is,
b ¢ C :={Ax: x > 0}. Then, by the separating hyperplane theorem, there
IS ¥ such that

yeb >supyec
ceC

or

y0b>supyo(AX):supATpo. (1)
x>0 x>0

Since0 € C'wehavey eb > 0.
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Furthermore, A”y < 0. Since otherwise, say (A”y); > 0, one can have a

vector x > Osuchthatz; = a > 0,29 = ... = x,, = 0, from which

supAlyex > Alyex = (ATy)1 e’
x>0

and it tends to o0 as &« — ©o. This is a contradiction because

supy>o A’y e x is bounded from above by (1).

18
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Farkas’ Lemma variant '

Theorem 5 Let A € R"™*" andc € R". Then, the system {y : Aly < c}
has a solutiony if and only if that Ax = 0, x > 0, c’'x < 0 has no feasible
solution x.

Again, a vector x > 0, with Ax = 0 and ¢’ x < 0, is called a infeasibility
certificate for the system {y : Ay < c}.

example

Let A= (1;—1)and c = (1; —2). Then, x = (1; 1) is an infeasibility
certificate for {7 : A’y < c}.
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Dual of Linear Programming I

Consider the linear program in standard form, called the primal problem,
(LP) minimize c!x
subjectto Ax =b, x> 0,
where x € R™.
The dual problem can be written as:
(LD) maximize bly
subjectto Aly +s=c, s> 0,

wherey € R ands € R". The components of s are called dual slacks.
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Rules to construct the dual '

obj. coef. vector

right-hand-side

right-hand-side

obj. coef. vector

A AT
Max model Min model
x; >0 Jth constraint >
x; <0 7th constraint <
x; free Jth constraint =

1th constraint <
1th constraint >

1th constraint =

y; <0

y; > 0

y; free

21
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maximize

subject to

Primal :

Dual :

minimize Yy

subjectto Yy

Y1,

MS&E310 Lecture Note #03

L1, L2 Z O
+12  +1.5y3
+y3 > 1

Y2 +y3 >
Y2, Y3 Z

22
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LP Duality Theories I

Theorem 6 (Weak duality theorem) Let feasible regions J,, and F; be

non-empty. Then,

c'x >bly where x<€ F,, (y,s) € Fu.

c’'x —bly=clx - (UAx)'y=xT(c—ATy)=x"s>0.

This theorem shows that a feasible solution to either problem yields a bound on

the value of the other problem. We call cl'x — bTy the duality gap.

From this we have important results in the following.

23
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Theorem 7 (Strong duality theorem) Let J,, and - be non-empty. Then, X" is
optimal for (LP) if and only if the following conditions hold:

i) x* e F,;
ii) thereis (y*,s") € Fy;
iii) ¢/ x* = bly".

Given F,, and JF,; being non-empty, we like to prove that there is x* € F,, and
p p
(y*,s*) € Fysuchthat c! x* < bly*, orto prove that

Ax =b, ATy <ec, clx—bly<0, x>0

is feasible.

24
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Proof of Strong Duality Theorem I

Suppose not, from Farkas’ lemma, we must have an infeasibility certificate

(x’,7,y") such that
Ax' —br =0, Ay —cr <0, (x';7)>0

and

bTy/ o CTX/ — 1

If 7 > 0, then we have
0> (—y) ' (Ax —br)+ X1 (Aly —cr) =7(bly —c!'x) =7
which is a contradiction.

If 7 = 0, then the weak duality theorem also leads to a contradiction.

25
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Theorem 8 (LP duality theorem) If (LP) and (LD) both have feasible solutions
then both problems have optimal solutions and the optimal objective values of the

objective functions are equal.

If one of (LP) or (LD) has no feasible solution, then the other is either unbounded
or has no feasible solution. If one of (LP) or (LD) is unbounded then the other has

no feasible solution.

The above theorems show that if a pair of feasible solutions can be found to the
primal and dual problems with equal objective values, then these are both

optimal. The converse is also true; there is no “gap.”

26
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Optimality Conditions I

/\\

(x,y,8) € (R}, R™,RY) :

\

which is a system of linear inequalities and equations. Now it is easy to verify

whether or not a pair (X, y, s) is optimal.

clx —bly =
Ax =
~Aly —s =

)

—C

X

/

27



Yinyu Ye, MS&E, Stanford MS&ES310 Lecture Note #03 28

For feasible x and (y,s),x’s = x!'(c — Aly) = ¢!'x — bly is called the

complementarity gap.

Since both x and s are nonnegative, x’'s = 0 implies that x;s; = 0 for all
7 =1,...,n,where we say x and s are complementary to each other.
Xs =0
Ax =
~Aly —s = —c,

where X is the diagonal matrix of vector x.

This system has total 2n + m unknowns and 2n -+ mm equations including n

nonlinear equations.
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Theorem 9 (Strict complementarity theorem) If (LP) and (LD) both have feasible
solutions then both problems have a pair of strictly complementary solutions

x* > 0ands® > 0 meaning
X*s*=0 and x*+s* > 0.
Moreover, the supports
P*={j:2;>0} and Z*={j: s; >0}
are invariant for all pairs of strictly complementary solutions.

Given (LP) or (LD), the pair of P* and /™ is called the (strict) complementarity
partition. {x : Ap«xp+ =b, xp~ > 0, xz+« = 0} is called the primal optimal
face,and {1y : cz+ — AL.y >0, cp- — AL.y = 0} is called the dual
optimal face.
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Consider the primal problem:
minimize

subject to
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An Example I

xrq “+29 +1.5-x3

L1 + I3 =1

30
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The dual problem is

maximize 4

subjectto Yy

Y1

MS&E310 Lecture Note #03

+Y2

Y2

+s51 =1

+s9 =1

+s3 = 1.5
s > 0.

P*={3} and Z" ={1,2}

31
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Sketch of Proof of Strict Complementarity Theorem I

Let 2™ be the optimal objective value of LP and LD in the standard form. For any

7, consider the problem

LP(j) minimize —ux;
subjectto Ax =b, cI'x < z* x> 0.
Clearly, any feasible solution of L. P(7) is an optimal solution of LP. If L P () has
a feasible solution with strictly negative objective value, we denote the solution by

X7 (that is, %7 is an optimal solution for LP with ijg > ()). Otherwise, the minimal

value of L. P(j) must be zero.
Now consider the dual of L P ()
LD(j) maximize bly —z*r

subjectto Aly —er < —e;, 7 > 0,
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where €; is the vector all zeros except one 1 at its jth position. Any optimal

solution, (¥, 7), for L. D(j) must have zero objective value:

Either 7 = 0 or 7 > 0, one can proceed to construct an optimal solution
(y7,87) for LD with 57 > 0).

Take the average of X’ and (y’, s’ ), respectively. Then, this pair will be a strictly
complementary solution pair for LP and LD.

33



