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Chapter 1

Introduction

This book is mainly about linear programming which is to minimize a linear function over
a set of linear equalities and inequalities. Hence, the book is about the problem

minimize Lz

subject to Ax
Ax

b, (1.1)
b.

IA

Although this problem does not seem too general, because no nonlinearities in the fun-
ctions are allowed, then this type problem occurs frequently in practice.






Chapter 2

Theory

2.1 The standard LP

An LP is defined as minimizing or maximizing a linear function subject to linear con-
straints. This is a general definition and for convenience we will mainly work with LPs in
standard form that is
(P) minimize c’x
subject to Ax = b,

x>0,
where _
1o 1 by
T2 C2 by
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is a matrix. ¢,b, and A are given parameters and z is the decision variables. Hence,
there are n variables, n inequalities, and m equality constraints. In the next section we
shall demonstrate there is no loss in generality by only considering L.LPs on standard form,
because any LP can be stated on this form using some simple transformations.

2.1.1 Definitions
The set of feasible solutions to (P) is denoted
X:={zxeR": Az =0, 2 > 0}.

In the case that X nonempty we say that the problem (P) is feasible. Moreover, any
solution z € X is said to be a feasible solution. On the other hand if X is empty, then
(P) is said to be infeasible, because then the problem does not have any solution.

The definition of an optimal solution z* € X to (P) is

v <c'w, Vre X, (2.1)



Hence, the optimal solution is a feasible solution such that no other feasible has a lower
objective value ¢’ z.

In the case the optimal objective value to (P) is unbounded, then we say (P) is
undounded. An example of an unbounded problem is

minimize x; —xy subject x; =1, xy,29 > 0.

2.1.2 Inequalities

In practice an LP does not consists of equalities only, but may contain several inequalities
such as

a'r < b, (2.2)

where @ € R™ and b € R. A less than equal inequality can be converted into an equality
by introducing an additional positive slack variable denoted z € R as follows

b,
0.
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a’r + (2.3)

Let (z,Z) be a feasible solution to (2.3), then
alx=0b—17 <b,

because Z is nonnegative. This implies a feasible solution to (2.3) is a feasible solution to
the original inequality (2.2). Now if z is a feasible solution to (2.2), then

z=b—a'x>0.

Hence, for a suitable chosen z, then x is a feasible solution to (2.3).

In summary in terms of the x variables, then the constraints (2.2) and (2.3) has the
same set of feasible solutions, which implies they are equivalent. Therefore, in general
all less than equal inequalities can be converted to equalities by introducing one slack
variable per inequality.

7 is called a slack variable, because @’z may be interpreted as the requirement of a
given resource for a given z and b is the available quantity of the resource. Using this
interpretation = denotes the unused part of the available resource or in other words the
slack. If the slack is zero, then this is the same as the inequality is binding or the whole
resource is used.

A greater than equal inequality

(=l

aly > (2.4)

can by converted into an equality by introducing an additional positive surplus variable

denoted z as follows

alx —
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(2.5)

Using the same analysis as for the less than equal inequality it is easy to verify that (2.4)
and (2.5) are equivalent.



2.1.3 Maximization

The standard problem is stated as a minimization problem, but it could equally well have
been a maximization problem that is

maximize ¢z
subject to Az =0, (2.6)
z > 0.

However, maximizing ¢ z subject to some constraints is equivalent to minimizing —c’ z

subject to the same constraints. These two problem must have the same set optimal
solutions. Therefore, (2.6) is equivalent to

—minimize —clx
subject to Az =0, (2.7)

x> 0.

2.1.4 Free variables

A more general form than (P) is

minimize 'z + %
subject to Az + AT = b, (2.8)
x>0,

where z is a vector of free variables. The variables & are denoted free variables, because
they can take any value from minus infinity to plus infinity. This problem can be converted
to standard form by using the transformation

i =
£+, - > (29)
where 27 and 2~ are two additional vector of variables. Clearly for any value of z it is
possible to choose a value for 7 and Z~ such that (2.9) holds. Therefore, the problem
(2.8) is equivalent to
minimize ¢’z + (3T — 1)
subject to Az + A(@t — i) =b, (2.10)
xz, 2,27 > 0.

This technique for handling free variables is called splitting, because the free variables
are split into their positive and negative part. In general the free variables should never
be split in practice, because this increases the problem size.

2.2 Duality

In practice an LP problem is solved using a computer program. However, such a program
only reports the optimal solution, but not the actual computations to find the optimal
solution. Therefore, how is optimality of the computed solution verified? This
is main question we are going to study in this section.



One way of checking optimality of a computed solution z* is to check the condition
o<z, VeeX ={reR": Av =b, v > 0}.

However, this condition is very difficult to check, because X may contain an infinite
number of elements.

An alternative way of proving optimality is to generate a lower bound denoted z on
the objective value. By definition a valid lower bound z must satisfies the condition

e >z VrelX.

Now clearly if a solution x* € X has been generated such that

then z* is an optimal solution due to the fact z is lower bound on the optimal objective
value. Note it is very easy to check whether a given feasible solution has the same objective
value as the lower bound.

Now the main question is how to generate lower bounds. Fortuantely, in the subsequent
section we will develop the so-called LP duality theory which give an method to generate
valid lower bounds.

2.2.1 The dual problem

The problem
(P) minimize 'z
subject to Ax = b,
z > 0.

is denoted the primal problem and corresponding to each primal there is a so-called dual
problem corresponding to (P) is

(D) maximize by
subject to ATy +s =,
s >0,

where y € R™ and s € R". y and s are called dual multipliers and dual slacks respectively.
It can be seen that the dual problem is constructed from the same data as the primal
problem, but uses different variables. Note there is one dual multiplier y; associated with
each constraint and one dual slack s; for each variable x; in the primal problem.
The s variables in (D) are essentially slack variables and can be removed. Hence, an
alternative form of (D) is
maximize b’y

subject to ATy < c. (2.11)

(y, s) is a dual feasible solution if it satisfies the constraints in (D). Similarly y is dual
feasible if it satisfies the constraints of (2.11). A pair (z,y, s) is said to be primal and
dual feasible if z and (y, s) is primal and dual feasible respectively. Such a pair is called
a primal-dual feasible pair.

Any LP problem has a dual problem, because as demonstrated in the previous section,
then an arbitrary LP can be converted to the standard form LP. Using this principle we
study the dual corresponding to different LPs.



The first problem is

minimize ¢’z
subject to Az < b, (2.12)
x> 0.

Introducing slack variables Z € R" gives the problem

z)
) =10, (2.13)

minimize (c;0)7(z;
subject to [A I](z;Z
x>0

)

stated on matrix from. The dual of this problem is

maximize b’y
subject to ATy < ¢, (2.14)
y <0.

Similarly, it can be verified that the dual of

minimize ¢’z
subject to Ax > b, (2.15)
x>0
is
maximize b’y
subject to ATy < ¢, (2.16)
y > 0.

Hence, if the primal problem contains inequalities, then it implies that the dual variables
y are not free. An < (>) inequality implies that the corresponding dual multiplier y; is
< (>)o0.

Next study the problem

minimize ¢z + ¢'
subject to Ax + AT = b, (2.17)
x>0,

where T is a vector of free variables. Splitting the free variables leads to the problem

minimize ¢’z +¢" (3T - 27)
subject to Az + A(zt —37) = b, (2.18)
2, @t >0,

on standard form. The dual of this problem is

maximize b’y

subject to ATy <,
ATy <e,
—ATy < —¢,

(2.19)

Note that X X
ATy<eé and — ATy < —¢



implies ATy = ¢. Hence, the dual is equivalent to

maximize by
subject to ATy <, (2.20)
ATy =e¢.

or alternatively
maximize b’y
subject to ATy + s =,
ATy +5=¢,
s>0, s=0.

(2.21)

In other words the dual slacks corresponding to the free variables should be zero.
Finally, let us investigate the dual problem corresponding to (D). (D) is equivalent to

—minimize —bTy

subject to ATy <, (2.22)
and the dual corresponding to this problem is
—maximize ¢’z
subject to AT = —b, (2.23)
<0
Using the transformation x = —% we obtain
minimize ¢’z
subject to Ax =0, (2.24)
x>0

The problem (2.24) is exactly the primal problem (P). Hence, the dual of the dual is
equivalent to the primal problem. This symmetry between the primal and dual problem
is occasionally very useful.

2.2.2 Properties of the dual problem

The first fact we will prove is that there is a close relationship between the optimal
objective value of (P) and (D). Indeed given a dual feasible solution y, then 'y provides
a lower bound on the optimal objective value to (P) as stated in the weak duality theorem
2.2.1.

Theorem 2.2.1 (Weak duality) Let (x,y,s) be a primal-dual feasible pair, then

x> bly.
Proof: From feasibility we have
Ar = b, >0,
ATy +s5s = ¢, s>0.



Hence,

e —vTy = clo— (Ax)Ty
= (c—ATy'x
= sz
> 0.

The last equality follows from z''s = > xjsj and x, s > 0.

The difference
T

e —by
is denoted the duality gap and by Theorem 2.2.1 it is positive for any primal-dual feasible
pair. Moreover, it follows from the proof of Theorem 2.2.1 that the dual gap is identical
to the complementary gap z’'s for any primal-dual feasible pair.

Now if a primal-dual feasible pair has zero duality gap, then x must be an optimal
solution, because ¢’z is identical to the lower bound b”y. Hence, it is impossible to find
another primal feasible solution z which has better objective value than b”y.

Corollary 2.2.1 If (z*,y*, s*) is a primal-dual feasible pair and " z* = b"y*, then x* is
an optimal solution to (P).

An obvious question to ask is if there always exists a a feasible primal-dual pair having
zero duality gap, because then optimality is automatically by computing a primal-dual
feasible pair having zero duality gap. The answer to question yes as we going to prove.

Now first study the problem

minimize 07z
subject to Ax = b, (2.25)
x> 0.

This problem is special in the sense its objective function is zero. The dual corresponding
to (2.25) is
maximize b’y

subject to ATy < 0. (2.26)

[t can be observed that any feasible solution to (2.25) is optimal and the optimal objective
value is always zero. Moreover, (2.26) always has a feasible solution, because y = 0 is a
feasible solution.
Now suppose that
Jy: ATy <0, by >0,

then (2.25) cannot be feasible, because this is a contradiction to the weak duality theorem
(Why?). Hence, we have proved one part of the following lemma.

Lemma 2.2.1 (Farkas lemma). FEither
dr: Ar =0, >0

or
Jy: ATy <0, b'y >0

18 true.



Note that the Lemma says that exactly one of the statements is true. However, we
have only proved that at most one of the them can be true. Unfortunately proving that
exactly one of the statements is true is somewhat difficult and we will skip this part.

Farkas lemma is a very useful lemma, which we are going to use several times sub-
sequently.

A natural question to investigate is under which conditions (D) is infeasible.

Lemma 2.2.2 If (D) is infeasible, then (P) is either infeasible or unbounded.
Proof: If (D) is infeasible, then
By: Aly<c
does not have solution. Equivalently we have
Byty o ANy -y )+s=c, yhy,s>0

Using Farkas lemma this implies
dz : —A|z<0, 'z >0,

which is identical to
dz: Az =0, <0, 'z > 0.

Hence, we obtain
Ad, =0 and c'd, <0,

where d, := —z > 0. If (P) is infeasible, then the lemma is trivially true. On the other
hand assume z° is a feasible solution to (P) then for all a sufficiently large we have that

A(z® + ad,) = b,
2 +ad, > 0,
showing z° + ad, is a primal feasible solution to (P). Moreover,

lim ¢’ (2° + ad,) = —o00
a—00

implying (P) is unbounded.
|
In summary if (P) has an optimal solution, then (P) is feasible and bounded, which
implies (D) is feasible. Correspondingly, if (P) is unbounded, then (D) must be infeasible.
The reason is the primal objective value can be decreased to minus infinity and at the
same time the primal objective value is bounded below by b’y for any dual feasible y

leading to a contradiction. Similarly, we can prove if (D) is unbounded, then (P) is
infeasible. Hence, we have the lemma.

Lemma 2.2.3 i If (P) is unbounded, then (D) is infeasible.

ii. If (D) is unbounded, then (P) is infeasible.



Suppose (P) has an optimal solution, which is equivalent to assuming (D) is feasible.
Then the hypothesis is that a primal-dual feasible pair having a zero duality gap does not
exists. Subsequently we prove this leads to contradiction. This hypothesis is equivalent
to assuming that the system

Ar = b, >0,
ATy+s = ¢, >0, (2.27)
e —b'y < 0,

is infeasible. Adding the slack variable k to the inequality and splitting the free variables
y(=y*t — y~) we obtain the equivalent system

Ar = b, x>0,
Ay" =y ) +s = ¢ syty >0, (2.28)
'z -yt -y )+r = 0, k>0.

Clearly, this system is also infeasible. Therefore, using Farkas lemma we obtain

AT c
A b 1
Fp, A\, T —A b A <0, Vu+ca>0. (2.29)
1 T
1

From which it follows
Ap—br <0 and — Ap+br <0,

which implies Ay — br = 0. This leads to the more compact system

ATp+ecer <0,
AN—br = 0, \7<0, (2.30)
b+ > 0.

In the following we will investigate this system, where two different cases appear depending
on the value of 7.
Case 1: Assume 7 = 0 then we have

Alp <0,
AN = 0, A<0, (2.31)
b+ > 0.

At least one of b' 11 or ¢!\ must be strictly positive. Assume b’y > 0 and then from the

fact ATy < 0 and Farkas lemma, it follows (P) is infeasible. This is a contradiction to

the assumption that (P) has an optimal solution. Similarly, it can be verified if ¢I'\ > 0,

then this implies (D) is infeasible, which is also a contradiction to the assumptions.
Case 2: Suppose 7 < 0, then we have

ATpjr+e¢ > 0,
AN/T—b = 0, NT>0, (2.32)
bu/T+ N/ < 0.



Note this system is equivalent to (2.30), where each side of the equations have been divided
by 7. It is easy to verify that

(z,y,8) = (N7, —p/7,c+ AT /1) (2.33)

is a primal-dual feasible pair. From feasibility of the solution (2.33) and the weak duality
theorem it follows

e —by=c"N71+b"u/T >0,

which is a contradiction to (2.32). Hence, we obtain a contradiction again.
In summary if (P) and (D) are feasible, then the system (2.27) has a solution that is
we have proved the following theorem.

Theorem 2.2.2 (Strong duality) If (P) has an optimal solution, then a primal-dual fea-
sible pair (x*,y*, s*) exists such that cTx* = bTy*.

The strong duality theorem is a very important theorem in LP, because it gives a
method for checking optimality. Indeed if somebody claims (z*,y*, s*) is an optimal
primal-dual pair, then it is easy to check this claim by verifying the following three
conditions are satisfied.

e Primal feasibility:
Ax* =0, " > 0.
e Dual feasibility:
ATy  + 5" =¢, s* > 0.

e Optimality:
T * T
cxt =0y =0.

These three conditions can easily be checked, because they essentially reduces to perfor-
ming some matrix with vector multiplications.

Virtually all algorithms for LP generates a dual solution either explicitly or implicitly.
Hence, in practice the optimality of a computed solution can always be verified by checking
primal and dual feasibility and that the dual gap is zero.

2.3 The complementarity conditions

An alternative formulation of the optimality conditions exists, because a primal-dual pair
(x,y, s) satisfying
Ar = b, >0,
ATy+s = ¢, s>0, (2.34)
Tjs; = 0, jzl,...,n,

is an optimal solution. These conditions contain three components, which is primal and
dual feasibility and the complementarity conditions

z;8;, =0, 7=1,...,n.



Assume (z,y, s) satisfies (2.34), then the duality gap is given by

cl'e—bvTy = 27s

n
j=1T;j8;j

= 0.

Demonstrating any primal-dual pair satisfying (2.34) is an optimal primal-dual pair.
The complementarity conditions states that not both x; and s; can be nonzero at the
same time in an optimal solution. Hence, if for example xz; > 0, then this implies the
corresponding dual slack is zero that is s; = 0. However, there may exists an optimal
primal-dual pair such both z; = s; = 0.
A feasible primal-dual pair (z,y, s) satisfying the conditions

rjs; =0 and x;+5;>0

is said to be a strictly complementary solution, because either x; or s; is zero, but not
both. Perhaps slightly unexpected it is possible to prove that any LP has a strictly
complementary solution as stated in following theorem.

Theorem 2.3.1 Assume both (P) and (D) are feasible, then a strictly complementary
solution to (P) exists.

We will not prove this theorem, but refer the reader to [17].

2.3.1 Interpretation of the dual variables

It should be clear by now that the dual problem is very important, because the optimal
dual solution makes it possible to check optimality of a proposed primal solution easily.

However, the dual solution is not only useful with respect to verifying optimality,
but it can be shown that the optimal dual variables conveys important information as
demonstrated below.

Assume that the ith component of b; denotes the available amount of a certain raw
material in a production planning model and the objective function denotes the total
production costs to be minimized. Moreover, assume that it is possible to buy more of
the raw material for given price and more of this raw material may lead to a more efficient
production. However, it is only worthwhile to buy the raw material if the reduction in
the production cost is larger than the price that has to be paid for the raw material.
Therefore, information about how the optimal objective value changes with changes in b;
is highly valuable in this case.

Any optimal solution much satisfy the optimality conditions implying an optimal
primal-dual pair (z,y, s) must satisfy the feasibility conditions and

e —bly=a"s. (2.35)
This implies (using sloppy mathematics) that

oclz o0y +z"s)

b b; = i

Hence, if the ith component of b; is changed by Ab;, then the optimal objective value is
changed by




In other words it is not worthwhile to buy more of the raw material unless it can bought
for a price less than —y;. It should be emphasized that this is only true for sufficiently
small values of Ab;.
Once again using sloppy mathematics we have that
otz oy + 2''s)

= = S;.
J
8xj 8xj

Hence, if the jth variable is changed by Az;, then the optimal objective value is changed
by

AIL’ij.

In other words s; is the change in the optimal objective value per unit change in x;.
These observations helps motivating the complementarity conditions, because recall
that the complementarity conditions are

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

In addition to (x,y,s) should be primal and dual feasible. These conditions implies if
x; > 0, then s; = 0 must be true implying that the optimal objective value is not changed
by a marginal change in z;. Indeed if this was not the case, then either a small increase
(sj < 0) or decrease (s; > 0) in z; would lead to a decrease in the optimal objective value
and hence contradicting the fact x is an optimal solution. (Note that the jth variable
can be both increased or decreased without violating the positivity requirement, because
Tj > 0)

Now if z; = 0, then Az; > 0 is required to maintain feasibility. However, s; > 0
implies nothing is gained by increasing z; and hence verifying the optimality of x.

To conlude if the complementarity conditions are not satisfied, then it may be possible
to obtain a better primal solution in terms of the objective value. Therefore, an optimal
solution must satisfy the complementarity conditions.

Moreover, then y; (s;) can be interpretated as the change in the optimal objective
value per unit increase in b; ().

This last observation is quite useful, when the dual problem to an arbitrary primal
problem should be stated. Assume we are asked to state the dual problem to

maximize ¢!z,

subject to A'z < b,
A’z = b, (2.36)
A3z > P,
T > 0.

and let ¢/ for j = 1,...3 be dual multipliers for the three blocks of constraints respectively.
Now it may be difficult to recall the sign restriction on g’ i.e. should y’ be positive or
negative.

However, if for example b} is increased by Ab} > 0, then the set of feasible solutions
to (2.36) is expanded. This implies that the optimal objective value must decrease or
possible be unchanged (see excercise 1). Hence, if y; denote the change in the optimal
objective value for an increase in b}, then 3! < 0. Using an identical argument for all the
less than equal constraints we obtain y' < 0'. Moreover, using a similar argument we

'How would this statement change if the problem (2.36) was a maximization problem.



obtain y* > 0. Whereas if b is changed nothing can be said about the direction of change
in the optimal objective value i.e. 4% can be both negative and positive. Now let us state
the dual problem to (2.36) which is

minimize 221 (W) Ty,
subjext to 37_, Ayl + s = ¢, (2.37)
y' <0, ¥’ >0,

verifying that our intuitive argument for the sign restriction on g’ is correct.

2.4 Exercises

1. Define the problem
minimize —4x; — bx9
subject to 2z + 224 < 20,
3x1 + Ty < 42,
x1, 29 > 0.

(2.38)

(a) Find the optimal solution to (2.38).

(b) State the dual problem to (2.38).

(c) Find the optimal solution to the dual problem of (2.38).
)

(d) Verify that the primal solution is optimal using the dual solution.

2. Let X', X2 Cc R" and define

2 = minimize Lz

subject to x € X7, j=1,2. (2.39)

(a) Given X! C X? then prove that 2! > 22

(b) Define X! := {z € R": Az < b} and X? := {x € R" : Az < b+ v}, where
v > 0. Prove that X' C X2.

(c) Let I' = {1,...,m} and I* C I' and define X7 := {z : Ap.x < by} for
j =1,2. (Ap, is submatrix of A corresponding to rows indicies of I7.) Prove
that X' C X2

(d) Given X' C X2, then let 2/ € X7 and 2/ = ¢l'2/ for j = 1,2. Moreover, it is
given z! = 22 and z? is an optimal solution to (2.39) for j = 2, then prove z!
is an optimal solution to (2.39) for j = 1.






Chapter 3

The simplex method

In the previous chapters the basic properties of LP have been studied, but of course LP is
not interesting if we cannot solve LPs. Therefore, in this section we are going to present
the primal simplex method for solution of an LP. This is the classical solution method
for LP and it has been around since G. B. Dantzig invented it in the late forties [6, 7].
Indeed until approximately 1984 all LP problems were solved by the simplex method.

3.1 Derivation of the primal simplex method

The presentation of the primal simplex method deviates from the conventional practice,
because the method is first presented from a general algebraic point view. This is followed
by a geometric interpretation of the algebra. Usually the presentation is the other way
around.

The problem of study is the primal LP problem

(P) maximize z=c"z
subject to Ax = b,
x> 0.

As in the previous chapter we assume there are m equalities and n variables. For simplicity
we maintain the assumptions that n > m and rank(A) = m.

The derivation of the simplex method is best started by introducing a partitioning
of the variables into m basic and n — m nonbasic variables which leads to the following
definition.

Definition 3.1.1 (B, N) is a basic and nonbasic partition of the variables if
i) BC{1,...,n}, |B]=m.
i) N={1,...,n}\B.
iii) rank(B) = m.
Using the definition B :== Az = |a.p,, ..., a5, ] and similarly N := Ay .

The variables in B and N are called basic and nonbasic variables respectively. B is
denoted the basis and is by definition a nonsingular matrix. This is going to be important
subsequently, but does there always exists a basic and nonbasic partition of the variables?
As shown in the subsequent lemma a partition always exists if A is of full row rank.

19



Lemma 3.1.1 Given rank(A) = m then a basic and nonbasic partition of the variables
ex1sts.

Proof: It is well-known that using Gaussian elimination, then m linearly independent
columns from A can be identified. The variables corresponding to those columns are basis
variables.

|

Assume (B, N) is a basic and nonbasic partition of the variables, then (P) is equivalent
to
maximize 2z = chrp + chan
subject to Bxg + Nzy =0, (3.1)
TR, TN 2 0.

The only difference between (P) and (3.1) is that the variables have been partitioned
explicitly.

Using the equalities in (3.1) and that B is nonsingular the basic variables may be
expressed as a function of the nonbasic variables that is

x5 = B7'(b— Nzy). (3.2)

This implies that the nonbasic variables may be seen as independent variables, whereas
the basic variables are dependent variables.

A key fact proved in the following theorem is, if (P) is feasible then the problem also
has a feasible basic solution such that z, = 0. Hence, there exists a basis such that
B7'b > 0.

Theorem 3.1.1 If (P) is feasible, then a basic and nonbasic partition of the variables
exists such that
(z5,7n) = (B™'b,0) > 0.

Proof: The theorem is proved by construction. Given the assumptions and Lemma
3.1.1 then a basic and nonbasic partition of the variables (B, N') exists. Furthermore, a
feasible solution z° exists. Therefore, by assumption we have that

Az’ =Bz + N2 =0, 2° >0

which implies
v = B7'(b— Na%) = 2.

Now define the set )
N :={jeN:a) >0},

which is called the set of superbasic variables. Clearly, if N' = (), then the theorem is
proved. Therefore, assume there is one or more superbasic variables and let j € A/. Now if
the jth variable is decreased to zero, then the number of superbasic variables is decreased
by one, but relation (3.2) shows this implies the basic variables should be changed too.
Let us investigate this formally by introducing

i = 1% + ae;. (3.3)



z" denotes the new solution, « is a step size scalar, and e; is a special vector defined as

follows
0

A:j = Nej =N 1 . (34)

o)

Hence, e, is identical to a zero vector except one component is identical to 1. The position
of the one is chosen such that the relation (3.4) is satisfied. Therefore, when « in (3.3) is
decreased, then z; is decreased. It follows from relation (3.2) and (3.3) that

+
rg =

B7Y(b— Nz};)

B Y(b— N(2% + ae;j))

B '(b— Ni%)+ aB 'Ne;
= 1% — aB7'Ne,.

(3.5)

This relation shows the change in the basic (dependent) variables as a function a such
that Az™ = b. In summary we have

Th 2l —B~'Ne.
EIREA T
N N J

Now if « is decreased, then two cases may happen.

Case 1: A basic variable hits its lower bound zero before the nonbasic variable j
becomes zero. In which case the binding basic variable are made nonbasic at level
zero and the nonbasic variable j is made basic.

Case 2: x; becomes zero before one of the basic variables hits its lower bound zero.

In both cases the number of superbasic variables is reduced by one. Therefore, after
repeating this operation at most |A| times we obtain a basic solution such that xy = 0.

Note we have not proved in Case 1 that the new basis matrix B is nonsingular as is
required. However, this is proved later in connection with the derivation of the simplex
method.

O

In conclusion Theorem 3.1.1 states that if an LP problem is feasible, then it has a
feasible basic solution such that all the nonbasic variables are zero. It is also possible to
prove that if (P) has an optimal solution, then an optimal solution exists such that it is a
basic solution. Therefore, the main idea of the simplex method is to start from a feasible
basic solution and then move to another feasible basic solution having a better (larger)
objective value. In the following we will develop the specifics of this idea.



First using (3.2) the objective function in (3.1) can be rewritten as follows
z =
c£x3 + C/]\}QL‘N
cEB (b — Nxzy) + chrapy
cEB7'0+ (¢! — ¢k B™'N)zy (3.6)
y b + (e —y"N) Tz
b'y + shap + Sy
= by + sz,

where we use the definitions'
y:=BTcg (3.7)

and
s:=c— Aly. (3.8)
Note this definition implies
sg=cg—B'y=0.
s; is referred to as reduced cost of the jth variable and it shows the change in the objective
function per unit change in the z; variable. Indeed differentiation gives
0z  bly+als
= = 5.
&vj &vj J

Hence, if for example s3 = 7 and x3 is increased by one unit, then the objective value
is increased by 7 units. This is a very important observation because it shows that
by increasing the value of a nonbasic variable having a positive reduced cost, then the
objective value is increased. Due to the fact that the reduced cost of the basic variables are
zero, then a change in those variables does not change the objective value. This implies
by increasing a nonbasic variable having a positive reduced cost the objective value is
increased. Even though the basic variables are changed to maintain feasibility.

Using these observations the principle of the simplex method can be stated as follows.
First select a nonbasic variable having a positive reduced cost that is s; > 0. Second
increase this nonbasic variable as much as possible. In general the variable cannot be
increased indefinitely, because the basic variables must remain nonnegative. Indeed due
to (3.2), then an increase in a nonbasic variable may imply that one or more basic variables
move towards their lower bounds. Third the value of the nonbasic variable is increased
until a basic variable becomes zero. Fourth this basic variable and the profitable nonbasic
variable are exchanged implying a change in the basic and nonbasic partition of the
variables. Finally, these operations are repeated until all the reduced costs are nonpositive
in which case the current basic solution is optimal, because no further improvement is
possible.

Subsequently this idea is presented formally. First assume a feasible basic and nonbasic
partition (B, ) of the variables is known such that

2% =B"'v>0 and 2% =0.




In general a feasible basic solution is of course not known, but in Section 3.2 it is shown
how this assumption can be handled. Moreover, assume for some j € A that s; > 0.
Hence, by increasing this variable the objective value z can be improved. Therefore, let

T = xh + ey,

then similar to the construction used in Theorem 3.1.1 we obtain
+ 0 1
T T —B " Ne;
Ty Ty €j

de L —B*INej
duy | €; ’

T =2+ ad,.

Define

then we may write compactly

The interpretation is 2 is the current solution and d, is a search direction in which we
look for a better solution. Clearly by moving in the direction d, then feasibility should be
maintained of the solution and the objective value should be improved. Let us investigate
whether this is the case. First, we have

Ady = Bdy, + Nd,,
— —BB'Ne; + Ne;
= 0,

which shows d, belongs to the null space of A. Therefore, we obtain

Art = A(2°+ ad,)
= A2 + aAd,
= b

This shows the new point satisfies the equality constraints in (P) for all & and by choosing
« sufficiently small the new point satisfies the inequalities in (P).

Furthermore, the new objective value is given by

2t ot

(2% + ady,)
'z + acld,
ckry + chale — a(cEB 'Ne; + ckre;)
cEB b+ a(ck, — cEB7'N)e;
yTbo" + a(chy — yT'N)Te,
by + asjee;
= by + asj,

(3.9)

Therefore, if s; > 0, then the increase in the objective value is proportional to s; and o.
In summary we have verified that the new point satisfies the equality constraints in
(P) and for a suitable « it also satisfies the inequalities. Moreover, it follows from (3.9)
that a large o implies a large increase in the objective value. This leads to choose «
maximal such that the new point satisfies the inequalities, which is the solution to the

following problem
maximize «

subject to zT = 2% + ad, > 0. (3.10)



The problem (3.10) may not have a finite solution. Indeed the problem (3.10) is unbo-
unded if and only if d, > 0. If this is the case we can conclude that the problem (P) is
unbounded and d, is an extreme ray along which the objective value tends to plus infinity.
Assume this is not, the case, then it can be observed that

dmN =€y > 0.

Hence, (3.10) is equivalent to

maximize «

subject to 1% > —ad (3.11)

rB-*

Let o* denotes the optimal solution to this problem, then it can be computed as follows
o = min{—xg,/d;, : dy, <0} (3.12)
7 3 3

The final step of the primal simplex method is to determine which one of the basic
variables that first hits its lower bound zero. Hence, for which B; is

o = —xgi/dmgi and  dg, <0.

This basic variable is denoted the leaving variable, because it is leaving the basis. The
nonbasic variable that is introduced into basis is denoted the entering variable. Note
several basic variables may be binding in which case any of those variables can be removed
from the basis.

All the elements to state the simplex method has now been developed and therefore
in Algorithm 3.1.1 the simplex method can be stated formally.

Algorithm 3.1.1

1. Choose a basic and nonbasic partition (B,N) such that (z%,2%) = (B~'b,0) > 0.
k:=0.

ik e N s;’?k = cjk — Aj;kyk > 0,

ks an optimal solution.

de L —BilNejk
de’N T ejk '

5. If dyy > 0, then terminate because (P) is unbounded.

then continue else exit because x

4. Let

6. Let

o = min{_x’gi/dwgi : dei < 0}

and choose an i* € {i: d,, <0, of = —fvlfgi/dmsi}-

zp;

7. oF =2k + oFd,



8. Bi= (B\ {Ba}) U (i), N i= W\ {5} U B,
9. k :=k+1.
10. Goto 2.

Let us discuss each step of the primal simplex method in some detail. In step 1 an
initial feasible basic solution is chosen. This is discussed in detail in Section 3.2. In step
2 the vector y is computed. In step 3 the entering variable is chosen. Clearly, there is
a lot of freedom with respect to the choice of the entering variable. The inventor of the
simplex method G. B. Dantzig suggests the choice

GF = argmaxjeN{sj =cj — Aj;y}

Hence, he proposes to choose the nonbasic variable, which has the largest reduced cost.
The motivation for this choice comes from (3.9), which indicates a larger reduced cost
implies a larger increase in the objective value. Although it should be noted that the
actual increase in the objective value also depends on «. In step 4 the search direction is
computed and in step 5 it is checked, whether the problem is unbounded. If the problem
is not unbounded, then a finite o is computed in step 6 and the leaving basic variable
is determined. In step 7 and 8 the solution and the basic and nonbasic partition of the
variables is updated. Finally, the iteration counter k is incremented and the whole process
is repeated. Execution of the steps 2 to 10 of the primal simplex method is denoted one
iteration.

There are several unresolved issues related to the primal simplex algorithm. They are

e Is the final solution optimal as claimed?

e Does the basis remains nonsingular?

e How is the method initialized?

e How many iterations are required to converge?

In the following sections we deal with these issues as well as a few others.

3.1.1 Is the optimal solution really optimal

Clearly, the simplex method is not of much use if the optimal solution is not really optimal.
However, using LLP duality it is easy to verify the optimality of the final solution. In the
case the simplex method terminates in step 2, then a primal feasible basic solution is
known such that

(x5, 2%) = (B™'5,0) > 0 and Ax* = b.

Moreover,
y* = B Tcp and (s, s%) = (e — BT y*, ey — NTy*) <0

and it follows trivially sj = 0. This implies (y, s) = (y*, s*) is a feasible solution to the
dual problem coresponding to (P). Moreover, the duality gap is given by

Ty — T = (@) = () s + () (s30) = 0

proving x* is an optimal solution.



3.1.2 The update of the basis matrix

Next we will investigate whether the basis matrix remains nonsingular in all the iterations
of the primal simplex method.

We know that the initial basis matrix denoted B is nonsingular. Moreover, if B*
denotes the new basis matrix, then by construction

Bt = B+10,...,0,A;— B;,0,....,0]

_ B4+ (A, B.)e! (3.13)

It is assumed that the ith basic variable leaves the basis and the jth variable enters the
basis. e; is the ith column of the identity matrix. Note (3.13) states the new basis is
equivalent to the old basis, but the ith column is replaced by the column of the jth
nonbasic variable.

(3.13) is equivalent to

B* = B(I+[0,...,0,B'A;— B'B,,0,...,0])
= B(I+[0,...,0,B_IA:j—67;,0,...,0])

because B~'B = I implies B~'B.; = ¢;. Now define

E = (I—F[O,...,O,BilA:j—BilB:i,O,...,O]
= [61,...,ei_l,BiilA:j,€i+1,...,€m]
= [531,...,ei_L,A;j,eHl,.._.,em]
1 A,
= Aij
I A 1]
where R
A= B_IA;'.

The matrix E clearly has a special structure because it is almost identical to the identity
matrix except the 7th column has been replaced by another column A Assuming A,] £ 0,
then

-1 _
FE = |(€1,...,€_1,€; — = (A;j—ei),€i+1,...,€m s

which is verfied by the computation

1 Ay 1 —Ay;/ A
I Apj L] —Api/ Ay 1|

We are now ready to prove the following lemma.

Lemma 3.1.2 B" is nonsingular.



Proof: It follows from the above arguments that
B* = BE, (3.14)
which implies
det(B*) = det(B) det(FE).
B is nonsingular?. Now if F'is nonsingular, then det(B™) # 0 implying B* is nonsingular.
E~! exists if and only if A;; # 0, but
Aij = GZTA:J' = QZTB_INGj = 6?(—61

) = —dy, > 0.

The strict inequality follows from the choice of the leaving basis variable in the primal
simplex method. In conclusion both B and FE are nonsingular and therefore BT is non-
singular.

TR zB;

O

As the simplex method is stated in Algorithm 3.1.1, then the inverse of B must be
recomputed each iteration. However, from (3.14) it follows that

(B"Y'=(BE)'=E'B

The inverse of the new basis is given by

Bi' — Bi'Ay/ Ay ]

= B A/ Ay

—1
B(ifl) N

(B")'=E'B ' = y B’Tl,/l@j E (3.15)
By, — Bi Agirn/ Aij

B! — B;,'An/ Ay J

This result has a nice interpretation. First form the augmented matrix

[ Bi'| Ay ]
(B A;l=| B'| Ay |- (3.16)
| B! | A |

The matrix (3.16) is identical to the inverse of the old basis augmented with the column
A.;. Now using the row operations known from Gaussian elimination on the augmented
matrix to transform the augmenting column to e; and we obtain

B = B ' A/ Ay |0

BiiLy. — B A/ Ay
B,/ Ay L] =[B")"el

By, — By A/ Ay

Byl — Bi'Ani /Ay |0

2@ is nonsingular, if and only if det(G) # 0.



It easy to see that after the row operations have been performed, then the inverse of the
new basis appears on the lefthand side in the augmented matrix. This demonstrates it is
not necessary to compute the inverse of the basis from scratch in every iteration, but it
can be updated cheaply from one iteration and to the next.

3.2 Initialization

3.2.1 The two-phase approach

The primal simplex method should be initiated with a feasible basic solution. In general
such a solution is not known and it may not be easy to “guess” such a solution. Therefore,
we need a systematic method for constructing an initial feasible basic solution.

The main idea of most methods for constructing an initial feasible basic solution is
to formulate an artificial problem, which has a known feasible basic solution. Moreover,
the optimal solution to the artificial problem is a feasible basic solution to (P). In the
following one such method is suggested.

First define the matrix A € R™*™ given by

]-7 L= ja bz 2 07
Aij = -1, 1=17, b <O,
0, otherwise.

The matrix A is clearly nonsingular because it is a square matrix having either 1 or -1 on
its main diagonal. Moreover, let

Then by construction
A7 =b and z°>0.

Therefore, an artificial LP problem

maximize z = 07z — ij
subject Az + Az =0, (3.17)
x,T >0,

can be formulated, where e = [1,...,1]T. The problem (3.17) is almost identical to (P)
except a new objective function and the artificial variables Z have been introduced.
The problem (3.17) is an LP having a known feasible solution, because (z,7) = (0,7°)

is a feasible solution to (3.17). There are m artificial variables and A is nonsingular.
Therefore, B = {z} and N/ = {z} is a feasible basic solution to (3.17), because

B'h=A""=Ab=2">0.

The objective function in (3.17) is identical to

m
e'r =Yz,
7=1



Hence, the purpose of (3.17) is to maximize the negative sum of the artificial variables.
This is the same as minimizing the sum of the artificial variables. This sum is bounded
below by zero because all the artificial variables are nonnegative variables. This leads to
the conclusion that the purpose of the objective function in (3.17) is to force the artificial
variables to zero. Let us make some further observations about (3.17):

i) It must be true that
z2<0
for all feasible solutions to (3.17) that is the objective value in (3.17) is bounded
from above by zero.

ii) Assume (3.17) has been solved to optimality using the simplex method and (z*, z*)
is the optimal solution. Moreover, assume the optimal objective value is zero that
is z* = 0. Then we have

which implies

Therefore, we have
b= Az* + Az* = Az* + A0 = Az* and z* >0
showing z* is a feasible solution to (P).

iii) Assume (P) has a feasible solution that is
2% : A2® =5, 2° > 0.
Now let (z,z) = (2°,0) then we obtain
Az + A7 = A" + A0 =A2"=b and (z,7) > 0.

Moreover, we have
z=elz=el0=0.

Therefore if (P) has a feasible solution, then there exists an optimal solution to
(3.17) with a zero objective value (Z = 0). It is known from i) that the objective
value to (3.17) must be less than zero. Therefore, any feasible solution to (3.17)
having objective value zero is an optimal solution, because it is not possible to find a
solution with a better objective value. This leads to the conclusion that any feasible
solution (P) is an optimal solution to (3.17).

We can now conclude given (P) has a feasible solution, then it follows from 4i7) that an
optimal solution to (3.17) having zero objective value exists. Moreover, from i) it follows
that any feasible solution to (3.17) with zero objective value gives a feasible solution to
(P). This implies if the problem (3.17) is solved to optimality, then the optimal objective
value is zero if and only if (P) is feasible. Clearly, if (3.17) is solved using the simplex
method, then the optimal solution is also a basic solution. Furthermore, if the optimal
objective value is zero, then the optimal basic solution is a feasible basic solution to the



original problem (P). Hence, the optimal basic solution to the problem (3.17) may be
used to initialize the simplex method.

This approach is called a two-phase method because in phase 1 we are searching for
a feasible solution by solving the problem (3.17). If the problem (3.17) has an optimal
objective value strictly less than zero, then we can conclude (P) is infeasible. If this is
not the case, then the optimal solution to (3.17) may be used to initialize the simplex
method leading to a second optimization phase. The purpose of the second phase is to
search for an optimal solution to (P) starting from a feasible solution.

There are some loose ends of this two-phase approach, which we are now going to
discuss.

The purpose of phase 1 is to drive the value of the artificial variables to zero because
whenever all the artificial variables are zero, then a feasible solution to (P) is known.
Hence, whenever an artificial variables becomes zero, then it is beneficial it remains zero.
Therefore, if an artificial variable becomes nonbasic, then it is by construction zero. More-
over, if a nonbasic artificial variable is dropped from the problem the basis remains non-
singular and feasible. Hence, it is beneficial to drop artificial variables from the problem
whenever they become nonbasic.

Second, it is important to note that the optimal basis after phase 1 may contain
several artificial variables. These artificial variables is of course zero and should remain
zero, because otherwise the solution becomes infeasible. However, the problem with the
artificial variables in the initial basis does not cause any problems in phase 2 if the choice
of the leaving variable is slightly modified. Recall the step size « is chosen maximal such
that

2% + ad, > 0.

However, in this case « should be chosen maximal satisfying the constraints

2 +ad, > 0,
jo + O{dj- =0

because the artificial variables should remain zero. This implies that whenever ‘d@j >0
for an artificial variable Z;, then this variable is removed from the basis and o = 0. This
small change of the algorithm secures that the artificial variables remain zero.

Finally, it should be noted that artificial variables are appended to the x variables.
Hence, z,4; =z for j =1,...,m.

3.2.2 A Big-M method

The approach in the previous section is called a two-phase method, because it consists
of two separate phases. In the first phase a feasible basic solution is determined. Next
starting from this feasible basic solution an optimal basic solution is computed in the
second phase.

A disadvantage of the two phase approach is that the optimal solution to the phase
1 problem may be far from the optimal solution to (P) because any feasible solution to
(P) is an optimal solution to (3.17). Therefore, it seems to be more efficient to combine
phase 1 and phase 2 such that a feasible and optimal solution is obtained simultaneously.



This goal can be achieved by solving

maximize z = lx— MeTf
subject Ax + Az =, (3.18)
x,x >0,

where M is a big positive constant. If M is chosen sufficiently large, then z will be zero
in the optimal solution to (3.18) as desired.

The main disadvantage of this approach is it is difficult to choose the big M, because
a very big M may introduce numerical problems such as rounding errors. On the other
hand if M is chosen too small, then the artificial variables may not be forced to zero.
Hence, we do not recommend the Big-M approach, but suggest to use the two phase
approach presented in the previous section.

3.2.3 A numerical example

Before we head on to the remaining issues regarding the simplex method it is useful to
study a small numerical example.
We use the example

maximize z = 40z, -+ 3029
subject to 2/bxy +  1/2xzs < 20,
— 1/5xzy > =5,
3/bxy + 3/10xy < 21,
rz > 0.

First slack and surplus variables are introduced to convert the problem to standard form

maximize z= 40x; + 302,
subject to 2/bxy +  1/2zy + x3 = 20,
—1/5x9 — x4 = —H, (3.19)
3/51‘1 + 3/101’2 + x5 = 21,
z > 0.

The first step of the simplex algorithm is to setup the phase 1 problem by introducing
artificial variables as follows

maximize —xg — Ty — Tg

subject to 2/5xy +1/2x9 + 23+ 126 = 20,
—]_/51'2 — Ty — Ty = _5, (320)
3/6x1 +3/10x9 + w5 + 25 = 21,
T > 0

Tg, T7, Tg are the artificial variables.

Iteration 0: The standard approach is to let the initial basis consist of all artificial
variables. However, recall we can start from any feasible basis. One such basis is
B = {3,7,5} and NV = {1,2,4}. Starting from this basis reduces the number of
iterations spend in phase 1. However, we leave one artificial variable (z7) in basis to
illustrate how phase 1 works. Both zg and xg are nonbasic artificial variables and
therefore they are dropped from the problem.



Please note in phase 1 we use the objective functionc=[00000 —1 —1 —1]7
because we are solving the phase 1 problem (3.20).

In summary

) 20
B = {3, 7, 5}, N = {1, 2,4}, :L‘% = :L'[% = 5 , 20 = -5,
T2 21
and
1
B = —1 ., B'=B
1
First step is to compute
1 0 0
y' =B e = -1 ~1|=]1
1 0 0

Next the reduced cost of the nonbasic variables are computed

59 0 2/5 3/5 0 0
sy=1 8y | =en—NY’=|0|—-|1/2 —-1/5 3/10 || 1|=|1/5
59 0 -1 0 1

The entering variable is chosen among the nonbasic variable having a positive re-
duced cost. Both the second and the third nonbasic variable have positive reduced
cost and they are therefore possible candidates to enter the basis. We choose the
variable x4 to enter the basis because it has the largest positive reduced cost. Hence,
the entering variable is z4. This gives

0
dmg — —BilA:4 = -1 ) aO - min{_7 _5/(_1)7 _} =95.
0

The second basic variable is binding. Hence, the leaving variable is x7. Finally, the
solution

20
oy +ald,,=| 0 |, 2)=5 B={3,45}, N ={1,2}.
21

is updated. Note the artificial variable 7 now becomes nonbasic and can therefore
be discarded from the problem by not including the variable in N.

Iteration 1: It can be seen that the phase 1 objective value is zero implying
that the value of the artificial variables have been driven to zero. Indeed all the
artificial variables are nonbasic. Therefore, we now have a feasible basic solution
to the original problem. Hence, we may terminate phase 1 and start phase 2.
Phase 2 is identical to phase 1 except we now use the real c. Hence, we now use
c = [40 30 0 0 0]F. Moreover, we do not want the artificial variables to become
nonzero again, which in turn implies that they are not allowed to enter the basis.



Therefore, the artificial variables are dropped from the problem from now on by not
including them in V.

In summary

T3 20
B=1{3,45}, N={1,2}, ag=|ai|=| 51|, 2 =0,

Tl 21
and
1
B = -1 ., B™'=B,
1
SO
0
yl et BiTCB = 0 R S}\/’ — 40 .
0 30

The first nonbasic variable is chosen as the entering variable because it has the
largest positive reduced cost. Entering variable: x;. Hence,

—2/5
Ay = { 0 } , o' =min{20/(2/5), —,21/(3/5)} = 35,
—-3/5

and the third basic variable are binding. Leaving variable: x5. Update

6
xg—kaldw{B], r; =35 B={3,4,1}, N ={2,5}.
0

Iteration 2:

2
T3 6
B=1{3,4,1}, N ={2,5}, x?g{x?l]{Lf)}, 2% = 1400,

z? 35
and
1 2/5 1 —2/3
B = -1 , Bl'= -1 ,
3/5 | 5/3
SO i
0
=B Teg=| 0 |, si= [ 102 ]
662 663

Entering variable: zo (s2 > 0). Hence,

—3/10
Ay = { —-1/5 ] , o?=min{6/(3/10),5/(1/5),35/(1/2)} = 20.
~1/2



Leaving variable: z3. So,

0
vp+aid,, =] 1 |, a%=20.
25

Before we proceed to the next iteration we will update the inverse of the basis using
the method presented in Section 3.2.3:

1 —2/313/10 10/3 —22]1
~1 1/5 | = | —-2/3 -1 4/9
5/3 | 1/2 -5/3 21
Iteration 3:
3 20
B=1{3,4,1}, N={2,5}, ap= |22 |=| 1|, 2*=1600,
x3 25
and
1/2 2/5 10/3 —22
B=|-1/5 -1 , B'=1]-2/3 -1 4/9
3/10 3/5 —-5/3 21
So,
331
_ 3 331
y=BTes=| 0 |, 5%2[_4411-
441 9

Now all the reduced costs are negative, so the current solution is optimal.

The optimal solution is presented in the following summary:

25 0
20 335 0
xr=1 0|, y= 0 , S§= —33% , 2z =1600.
1 442 0
0 —443

Let us end this section by noting that solving LP problems by hand is one of the
less entertaining exercises. Indeed the process is prune to error and is time consuming.
Fortunately, in practice it is much more efficient to solve LP problems using a computer.
However, when solving LP problems by hand it beneficial to check the results carefully at
the end of each iteration. For example by checking if Bxzg = b, BB~! = I and so forth.
This helps spotting an error early in the solution process.

3.2.4 Geometric interpretation

The numerical example presented in the previous section is essentially in two variables.
Hence, it is possible to illustrate the path taking by the simplex method from the initial
solution and to the optimal solution in a two dimensional diagram.

Table 3.1 presents the relevant information with respect to the two variables x; and
xo for each iteration. First the value of each variable at the beginning of each iteration is
shown. Second the value of the search direction for those two variables is shown.

In Figure 3.1 the same information is presented graphically. It can be observed:



Iteration(k) | #f 2% | ds, dg,
1 0 0 0 0
2 0 0 1 0
3 35 0]-1/2 1
4 25 20 0 0

Table 3.1: Iteration information.

Figure 3.1: The solution path.

e The shaded region is the feasible region of the LP example.

e All the solutions z* generated by the simplex method are corner point solutions.
This fact is in general true.

e The search direction d, is an edge of the feasible region.

3.3 Convergence and complexity

An important question is how many iterations the simplex method requires to solve an
LP. This the main issue for this section.

If 2° and 2t is the current and new solution respectively, then if the step size « is
positive it follows from the previous sections that

z=c2 < Tat =2".
Hence, the objective value is strictly increased. Clearly, this implies that 2z and z* are
two different basic solutions. Now assume that o is positive in all iterations then we
obtain

At << ... <x

k

and that none of iterates z* are identical to another iterate. Therefore, in the case the
step size is strictly positive in all iterations, then the simplex method generates a sequence
different basic solutions. Hence, no basic solution are repeated. Furthermore, the number

of basic solutions is bounded by

Cron = ( ; > = L (3.21)



because corresponding to each basic solution is a basis. Note each basis consists of m
variables taken from the n variables. Hence, in the worst case C,, ,,, basic solutions exists.

Unfortunately the quantity C,, ,, grows very fast as a function of n and for example
C30,10 ~ 107, which implies that the simplex method may require 107 iterations to solve
an LP having 10 equality constraints and 30 variable. Fortunately, in practice the simplex
method requires significantly fewer iterations. One reason is that whenever a basic solution
having a certain objective value is reached, then the simplex method never evaluates a
basic solution having a lower objective value because the objective value is nondecreasing
in each iteration. This implies after each iteration of the simplex method many basic
solution are effectively excluded from any further consideration.

In summary if the step size is positive in all the iterations, then the simplex method
is finitely convergent. Although the number of iterations in the worst case may be very
large. Unfortunately the assumption about a strictly positive step size o may not be

satisfied, because
k

a = miin{—a:'zgi/dmi D dyy, < 0}
Therefore, if one or more of the basic variables are zero, then a* may be zero. A basic
solution, where one or more of the variables in x5 is zero, is said to be degenerate. Hence,
if the current solution is degenerate, then it cannot be guaranteed that o” is positive and
the simplex method converge. Indeed it is possible to create an LP such that the simplex
method repeats a finite sequence of basic solutions. In which case the simplex method is
said to be cycling. Cycling is a rare phenomen in practice, but most large scale problems
are degenerate to some degree.

It is possible to suggest rules for the choice of the entering and leaving variable such
that cycling is prevented.

3.4 Extensions

3.4.1 General bounds

In Section 3.1 the simplex method is developed for problems on standard form. This
development is without loss of generality, because any problem can be put on standard
form using some simple transformations. However, in this section we modify the simplex
method to solve a slightly more general problem. The advantage of the modification is a
potential large computational saving in the computational cost for some LP problems.

One particular special problem structure occuring frequently in practice is simple
upper bounds such as

Such a constraint can be handled by introducing an additional constraint in the LP
problem and hence leads to an increase in the row dimension of A by one.

Another type of variable is a free variable that is a variable without any bounds. For
example if a variable denotes the change in a certain quantity, then it can assume both
negative and positive values. Hence, it is free. Free variables can be handle using the
splitting free variable technique leading to the introduction of more variables.

In summary both upper bounded and free variables leads to an increase in the problem
dimension and hence to an increase in the computational cost of solving the problem. In



the following it is shown that this increase in the dimension can be avoided if the simplex
method is modified to deal with a more general problem.
Therefore, we will study solution of the more general problem

maximize z=clz
subject to Az =0, (3.22)
[ <x<u,

where [,u € R™ are the vectors of lower and upper bounds respectively. The values
in [ and v may assume any value including plus and minus infinity i.e. /; = —oo and
u; = oo are valid assignments. However, for simplicity we will assume that [ < u because
otherwise the problem is trivially infeasible.

First step of deriving the simplex method for LLPs with general bounds is to parti-
tion the variables into basic and nonbasic variables (B, N') such that the basis matrix is
nonsingular. However, it is not assumed that the nonbasic variables have the value zero.
Indeed the only requirement is that they satisfies their bounds that is

In <an < uy.

In general it is advantageous to let the nonbasic variables be identical to one of their
bounds provided the bound is finite. Otherwise for free variables zero is suitable value.
By construction we have

x5 =B '(b— Nay),

and such a solution is feasible if
Is < 2p < ug.

In the ordinary simplex method the reduced costs are used to deduce which of the nonbasic
variables should enter the basis. Therefore, let us compute the reduced cost

Z:CT!L’

= chrp+ TN

= kB '(b— Nxy) + chay
by + (e — y"'N) Tz
by + sian

= bVy+sTz,

(3.23)

where y and s are defined by (3.7) and (3.8) respectively.

The interpretation of (3.23) is that a reduced cost s; shows the change in the objective
value per unit change in a variable x;. This implies if a reduced cost is positive, then
the variable should be increased. On the other hand if a reduced cost of a variable is
negative, then the variable should be decreased. Therefore, if the jth nonbasic variable
has a positive reduced cost s; > 0 and z; < u;, then it is possible to increase this variable
leading to an increase in the objective value. Note if z; = u;, then it is not possible to
increase the variable and therefore even though the reduced cost is positive the variable is
not a candidate for entering the basis. Similarly, if the reduced cost is negative (s; < 0)
and x; > [;, then by decreasing this variable the objective value can be improved. This
gives the conditions for choosing the entering nonbasic variable.

Whenever an entering variable ;7 has been chosen, then the search direction must be

computed by
de ‘: —B*INej
dey |- €; '



Hence, the search direction is unchanged from previously. Next the new point is given by
T =2+ ad,,

for a suitable chosen step size «. Clearly, the step size should be chosen such that the
new solution x™ remains feasible i.e.

[ <zt <.

Therefore, if s; is positive (negative) « should be maximized (minimized) subject to
maintaining feasibility because this leads to the largest improvement in the objective
value. This implies the optimal step size « is given as the optimal solution to the problem

maximize sja

subject to u > 2% 4+ ad, > L. (3.24)

The optimal solution to (3.24) may be unbounded in which case the problem (3.22) is
unbounded. If this is not the case, then at least one variable must hit one of its bounds,
when « is changed. If the binding variable is a basic variable, then the entering nonbasic
variable and the binding basic variable are exchanged as usual. However, it can occur
that the binding variable is the nonbasic variable itself. Indeed if a variable both has a
finite lower and upper bound and its current value is identical to the lower bound, then
it may happen that the constraint

0
T+ ady; < uy

is the binding constraint in (3.24). This implies that the value of the nonbasic variable is
moved from its lower bound and to the upper bound. In this case the basic and nonbasic
partition of the variables is unchanged. Such an operation is called a move. The reverse
may of course also happen that is a variable moves from its upper bound and to its lower
bound.

An important observation is that if a variable is free that is —l; = u; = oo, then the
constraint corresponding to this variable in (3.24) can never be binding. The consequence
is if a free variable has entered the basis it will never leave the basis again.

Based on the previous discussion the primal simplex method is restated for the case
with general bounds in Algorithm 3.4.1.

Algorithm 3.4.1

1. Choose a basic and nonbasic partition (B, N') such that 2° satisfies u > xz° > [ and
Ar=0b. k:=0.

2. y¥ .= B Teg, sF:=c— ATyt

3. Choose j* such that
Fe{jeN sf>0, o <uy}

or
FefjeN sf<0, 2t >0}

if possible. Otherwise terminate (optimal).



4. Let
de - —BilNejk
dyy | e '

5. Let o be the optimal solution to

maximize CTye
subject to u > x¥ 4+ ady > 1.

6. If ‘ak‘ = 00, then terminate (unbounded).
7. If s;?k > (0 then
L:={j:l;= x? +akdxj, de; <0} U{j:u; = xf +akdxj, dy, > 0}
else

£I: {j:lj:x§+akdxj, dxj >0}U{j:uj:x§:+&kdxj, dxj <0}

8. xktl .= 2k 4+ okd,

9. If i* & L then
Choose By, € L.

B:=B\{BxsH) U{j*}, N:=W\{j*})U{Bu}}.
10. k := k+1.

11. Goto 2.

Next Algorithm 3.4.1 is discussed in some detail.

In step 1 an initial feasible basic solution is chosen. In step 3 the entering nonbasic
variable is chosen or it is concluded that the current solution is optimal. In step 4 the
search direction is computed and this is followed by computing the optimal step size in
step 5. In step 6 it is checked, whether the optimal step size is finite and if not it is
concluded that (3.22) is unbounded. In step 7 the set £ is computed, which is the set
of binding variables. In step 8 the solution is updated and in step 9 the partition of the
variables is updated if necessary. Finally, the iteration counter is incremented and the
whole process is repeated.

Note that both upper bounded variables and free variables is handled by Algorithm
3.4.1 without introducing additional constraints or variables. Hence, the problem dimen-
sion is not increased. Moreover, in the case of free variables, then whenever a free variable
has entered the basis it will never leave it again. This is likely to lead to fewer iterations.
Note in particular that a free variable cannot be degenerate and hence many free variab-
les in the problem leads to less degeneracy. Therefore, it advantageous to formulate LP
problems with many free variables if the problem is solved using the simplex method.



3.5 Reoptimization and warm-start

In practice an LP problem is solved several times slightly modified for example to evaluate
the optimal solutions sensitivity to to certain parameters. Clearly, one method for doing
the reoptimization is to solve the modified problem from scratch each time. However, in
many cases it is possible to do better.

For example assume that the objective function ¢ is changed. This implies that the
optimal basic solution to the previous problem is still feasible but not necessarily optimal.
Hence, starting from the previous optimal basis, then the phase 1 can be completely
avoided. Similarly, if a new variable is introduced into the problem, then the old optimal
basis is still a feasible basis. Hence, reoptimization from the old optimal basis is likely to
faster than starting from scratch.

However, in the case b is modified, then the old basis is not necesarily feasible. Howe-
ver, if b is also slightly modified, then it can be expected that the old optimal basis is
nearly feasible to the new problem. Therefore, it should be advantageous to start phase
1 from the old optimal basis.

3.6 References

The presentation of the simplex method in this chapter is based on the ideas presented in
Nazareth [15]. Nazareth also presents in great details the issues related to implementing
the simplex method on a computer.

Furthermore, for readers interested in further details about the simplex method, then
the book of Chvétal [5] is recommended.



Chapter 4
Sensitivity analysis

A basic assumption in LP is that the parameters of the problem is known and fixed. This
is clearly not always the case in practice. For example a ¢; may reflect price, which is
likely to fluctuate over time. Therefore, it is important to investigate the sensitivity of
the optimal solution to changes in the parameters.

The kind of information which is useful is the optimal solutions sensitivity to changes
in the parameters. Indeed it might be that even a large change in a parameter only leads to
a small change in the optimal solution. The reverse might also be the case that is a small
change in a parameter leads to a large change in the optimal solution. Such a parameter
is said to be critical and more attention should be given to the critical parameters.

One way of studying changes in the optimal solution given a change in the data is
of course to modify the problem and then reoptimize. The difference in the optimal
solution to the modified problem and the original problem is measure for the sensitivity
to changes in the data. Unfortunately such a sensitivity analyzes is computationally
expensive, because the problem has to be reoptimized for each set possible parameters.
Actually this is not neccesarily the case any more because large LPs can solved fast and
cheaply on todays fast PCs.

4.1 Sensitivity analyses based on an optimal basic
and nonbasic partition

The main question dealt with in this section is how much a component in ¢ or b can
change before the optimal basic and nonbasic partition of the variables changes.

If (P) has been solved to optimality, then an optimal basic and nonbasic partition
(B,N) of the variables is known such that

Ty = B7'b>0, zh =0,
yto= B_TCB, (41)
Sy = o — NTy* <0, s5=0.

This follows from the termination criteria of the primal simplex method. Even though the
data is changed, then the optimal partition (B, ) does not necessarily change. Indeed
if a ¢; for one of the nonbasic variables is decreased, then this implies a decrease in s;.
Hence, the current basic and nonbasic partition remains optimal.

It should be observed that the solution (x,y,s) change, when the parameters are
modified.
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In the following we study how to compute ranges for each b; and ¢; such that as long
as they lie within these ranges, then the current optimal basic and nonbasic partition of
the variables remains optimal.

4.2 Analyzing modifications to b

The first question to be answered is how much b; can be decreased and increased such that
the current basic and nonbasic partition remains optimal. Therefore, define the modified
b™ by

bt = b+ fe;,

where e; is the ith unit vector. It follows from (4.1) that only the basic variables are
affected by a change b. Indeed we have

v = Bt
= 13+ 0B e,

whereas y, s, and x, remain unchanged. Note the vector
B_1€i

is nothing but the ith column of the optimal basis inverse. Therefore, the interpretation
of (4.2) is that the new value of the basis variables is a function of the current optimal
value x}, the ¢th column of the optimal basis inverse, and 6.

It can be observed that if 6 is chosen such z; > 0, then the current basic and nonbasic
partition remains optimal. Hence, we would like to compute the minimal and maximal €
for which x5 > 0 is satisfied. This gives exactly the range we are looking for.

Therefore, define the problems

0! := minimize 6 (4.3)
subject to x5+ 0B te; > 0 ’
and _
0! := maximize 6 (4.4)

subject to z} + 0B e; > 0.

In summary for all

then the current basic and nonbasic partition of the variables remains optimal.

The two problems (4.3) and (4.4) are easy to solve, because computing the optimal
solution to the problems is equivalent to the problem of computing the maximal step size
« in the primal simplex method. It should observed that the optimal solution to one or
both of these problems can be unbounded.

Now assume a b; represents the available quantity of some resource and it might be
possible to buy more of the resource by paying a price p. Now if the objevtive value
increase by more than p for each unit bought of the resource, then it is worthwhile to



buy some units of the resource. Therefore, let us investigate the change in the optimal
objective value as a function of . We have that

+ T
= csB7H b+ 0O¢;)
= (y)7(b+ Oe;)
= by + 0y

z

(4.5)

which implies for each additional unit of b; then the objective value increases by y; units.
(Actually if y7 is negative then it decreases.) Hence, if the price p is less than yF, then it
is worthwhile to but more of the ith resource. In this case the value 6 is the maximum
amount we are willing to buy for a price less than y. After this threshold the basic
and nonbasic partition of the variables change and the price y; is likely to change too.
Although this is not necessarily the case.

It should now clear that y; shows the change in the objective value if b; is increased
slightly. Due this interpretation of y;, then the ys are called shadow prices.

This form of sensitivity analysis is potentially very powerful, but the reader should be
aware of some pitfalls:

e In general it is only possible to analyze a change in one b; at the time. Hence, the
intervals [67, 0] and [/, 67] are not the correct intervals if both b; and b; are changed
simultaneously

e The optimal basis is not neccesarily unique. Therefore, the computed intervals are
depended on the optimal basis reported by the simplex method. Moreover, the dual
prices y are not necessarily unique. Hence, the conclusions obtained from from the
sensitivity analysis may be somewhat arbitrary depended on the optimal basis.

The above assumes that only one component in b in changed. However, it might be that
to increase one component of b, then another component should be decreased. Therefore,
let us analyze this case briefly. Assume the vector b € R™ denotes the direction of
change in 0. Hence,

bt := b+ 66b.

The minimal and maximal possible values of # such that
x5 +0B7'0b >0
gives the for interval for which the basic and nonbasic partition of the variables remains

optimal.

4.2.1 Analyzing modifications to c

Using the techniques used in previous section, then it is possible to analyze the effect of
changes in c easily.
Now let the modified objective function be given by

+ .
c" = c+ Oej,

where e; is the jth unit vector and # € R. Hence, by varying ¢ we modifying the jth
component of c.



First, assume that j € N that is the jth variable is a nonbasic variable then the
current basic and nonbasic partition remains optimal for all  such that

st = o = NTy*
= ¢y +0e; — Ny~
= S}k\/’ + 96]' S 0,

Therefore, a ¢; corresponding to a nonbasic variable can be decreased indefinitely. Whe-
reas f can only be increased until 5;“ becomes positive because then jth variable should
enter the basis. Hence, for all

¢ € [-00,¢; — 5j]

then the current optimal basic and nonbasic partition of the variables remains unchanged.
Next assume a c; for a j € B is changed. Let B; = j and if ¢; is the ¢th unit vector,
then by definition
e 1= cp + Oe;
implying
BTk
= BiT(CB + 961)
= y* + gBiT€i.

The relation
B Te; = (eiTB_l)T

shows that B~ Te; is the ith row of the optimal basis inverse.

In this case a change in # implies a change in y, which in turn implies a change in the
dual slacks of the nonbasic variables i.e. in s)-. However, the basic and nonbasic partition
remains optimal if s < 0 is satisfied. Therefore, the partition remains optimal for all 6
such that

sty = ey — NTy*

CN — NT(y* + HB_TGZ')
S}k\/’ — HNTB_TGZ'

0

(4.6)

IA

is satisfied. Similar to case with a change in b; it is now easy to compute the minimal and
maximal 6 such that (4.6) is satisfied. Let [#/,67] denote this interval and then for all

C;_ € [9{ + Cj, 91]14 + Cj]

then the current optimal basic and nonbasic partition of the variables remains unchanged.
This gives the maximal changes in ¢;.
The new objective value is given by
2= ()T
= (cg+0e) 'z}
= 2" +0rp,.

Hence, for each unit change in ¢; the objective value is changed by zj units.



Chapter 5

Interior-point methods

During the last 10 years there has been a rapid development in the interior-point methods
for linear programming (LP). Indeed for large LP problems interior-point methods have
a superior performance compared to the simplex algorithm. Therefore, interior-point
methods are an important new tool in operations research.

In this chapter one of the most efficient variants of the interior-point methods are
presented. This method is called the primal-dual infeasible-interior-point algorithm or
the primal-dual algorithm for short.

5.1 Introduction

The modern era of interior-point methods started with Karmarkar’s 1984 paper [11]. This
paper gained a lot of interest, because the interior-point method Karmarkar presented had
excellent (theoretical) convergence properties compared to the simplex method.

The name interior-point methods arises from the methods move trough the interior
of the feasible region towards the optimal solution. This is in contrast to the simplex
algorithm which follows a sequence of adjacent extreme points to the optimal solution.
Unfortunately this path of extreme points may contain an exponentially large number of
points. Therefore, by moving trough the interior, the problem with a large number of
extreme points is avoided.

Among the different interior-point algorithms the primal-dual algorithm has gained
a reputation for being the must efficient method for practical LP problems. Therefore,
this algorithm is presented in this chapter. Moreover, by exploiting the primal and dual
properties in linear programming, then the primal-dual algorithm can be stated in a simple
and elegant way.

5.2 Review

In this section we will review some relevant theory from nonlinear optimization, which
will be useful later. The section may be skipped by readers who is already familiar with
the optimization.
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5.2.1 The first order optimality conditions

An equality constraint nonlinear optimization problem has the form

minimize ¢(z)
subject to g(z) =0, (5.1)
where ¢ : R — R and g : R" — R™ are general smooth functions. The optimality
conditions to (5.1) can be formulated using the so-called Lagrange function

L(z,y) = c(z) — y' g(). (5.2)

y are known as Lagrange multipliers. Now the first order optimality conditions to (5.1)
are
V.L(z,y) = Ve(z)—Vg(x)Ty = 0,

V,L(z,y) = —g(z) . (5.3)

The optimality conditions (5.3) are in general only necessary for optimality. Hence, an
optimal solution to (5.1) must satisfy (5.3), but a solution to (5.3) is not necessarily an
optimal solution to (5.1). However, we have the following important theorem.

Theorem 5.2.1 Assume f is a conver function and g is an affine function, then (5.3)
18 sufficient.

The theorem says if the objective function is convex and the constraints are linear, then
the first order optimality conditions (5.3) are sufficient.

In summary it has been shown how a nonlinear programming problem can be reduced
to a set of nonlinear equations. Therefore, a solution method for the nonlinear program-
ming problem (5.1) is to compute a solution to the first order optimality conditions. In
general this solution is not necessarily an optimal solution. Although in some cases it is.
Hence, we needed a method for solution of nonlinear equations and this is the subject of
the next section.

5.2.2 Newton’s method

There exists several methods for solution of nonlinear equations, but in this section we
will restrict the attention to Newton’s method.

Assume f : R"™ — R" is a general smooth nonlinear function and a solution to the
system

flz) =0 (5.4)
is required. It follows from Taylor’s theorem that

f(@® +d,) =~ f(2°) + Vf(a")d,, (5.5)

where 2°,d, € R". If 2° is an initial guess for the solution to (5.4), then we want to
compute d, such that f(2° + d,) = 0. In general this is impossible, but in view of (5.5)
we may obtain an approximation from

f(z°) + VF(2")d, = 0. (5.6)



The system (5.6) defines a set of linear equations in the variables d,, which can easily be
solved. Indeed if it is assumed that V f(z°) is nonsingular, then d, is given by

d, = =V (") ().
d, defines a search direction and a new point z* is obtained from
rt =2+ ad,,

where « is a step size scalar. The plain Newton method chooses oo = 1. Unfortunately
this does not secure convergence and therefore o has to be chosen in the interval (0, 1].
One possible choice of « is given by

(5.7)

o = argmin, ¢ 1) Hf(xo + ad,)

and a = o*. The advantage of this choice is that ||f(z™")|| < [|f(z°)|| and therefore the
new point (z) in some sense is closer to the solution.

In summary the idea of Newton’s method is to linearize the function. Next the root
of the linearized function is computed and is used as a new guess for the root to the
real nonlinear problem. Clearly this leads to an iterative method for solution of a set of
nonlinear equations, which is terminated when || f(z)|| & 0. In general Newton’s method
does not necessarily converge unless the initial guess is close to the solution. However, for
specific classes of functions convergence can be proved. On the other hand if the initial
guess is close to the solution, then Newton’s method is known to converge very rapidly.
Indeed Newton’s method is known to have excellent local convergence properties.

Obviously Newton’s method can be applied to the first order optimality conditions
(5.3). Let (2% 9°) be an initial guess for the solution. Then the Newton search direction
to the first order optimality conditions is defined by

g [ 5] - [3) en

Finally, the new point is given by

xT 20 d,
= + 5.9
[?ﬁ] ly(’] ldy )
for a suitable chosen step size a.
This Newton based method for nonlinear programming inherits the good local con-
vergence properties of Newton’s method. Indeed if the initial guess is sufficient close to
the optimal solution, then this method converge rapidly. Therefore, Newton’s method

for nonlinear programming is considered very powerful. The main disadvantages of the
method are:

e Solution of the linear equation system (5.8) might be computationally expensive.

e Second order information is required, that is the Hessian of the involved functions
are required.

e Newton’s method is not globally convergent. Hence, for some initial guesses (2, 3°)
Newton’s method may not converge or at least converge very slowly.



5.3 Interior-point methods

If Newton’s method for nonlinear programming is powerful, then why not apply it to the
primal or dual LP problem? Unfortunately this is not possible, because both (P) and (D)
contain some inequalities, which cannot be handled by Newton’s method. Therefore,
the main topic in the following is a method for handling inequalities within Newton’s
method.

5.3.1 The primal approach

Assume we want to solve the problem (P) then we can get rid of the inequalities as follows

(PB) minimize "z —p¥7 In(z;)
subject to Az = b,

x>0,
where p is a positive parameter. Re-call
lim In(z;) = —o0. (5.10)

Zj

Therefore, the logarithmic term in the objective function acts as a barrier which pena-
lize nonpositive solutions. This implies any optimal solution to (PB) will satisfy the
inequalities x > 0 strictly, because we are minimizing. Using this observation, the z > 0
inequalities in (PB) may be dropped and an equality constrained nonlinear optimization
problem is obtained.

An optimal solution to (PB) is not necessarily an optimal solution to (P), but it
will be proved later that an optimal solution to (PB) for a sufficiently small p is a good
approximate solution to (P). This can be proved from the optimality conditions to (PB).

First define the Lagrange function

L(z,y) =c'w — uzn: In(z;) — y* (Az — b), (5.11)

=1

where y € R™ are Lagrange multipliers corresponding to the equality constraints in (PB).
Now differentiation gives

oL o oL
a—,ﬁb‘j =Cj — uxj — A:jy and a—yz = bz — Azx
In vector notation

V.L(z,y) = c—puX7le— ATy = 0,

V,L(z,y) = b— Ax = 0, z>0. (5.12)

Let us refresh the notation that A.; and A; is the jth column and the ith row of A
respectively. Moreover, e := (1,...,1)T. A very important notation used subsequently is
if x is a vector, then capital X is a diagonal matrix with x on the diagonal that is

z; 0 -+ 0
0 a9 +-+ 0
X =diag(x):=| . . . - (5.13)

0 0 - =,



Note if x > 0, then the inverse of X exists and

b0 - 0 1 7!
0 ' -+ 0 1 Tyt

X tle=| . 2 , . =17 (5.14)
0O 0 - ! 1 z;!

The first order optimality conditions (5.12) can be rewritten by introducing the vector
s = nX e leading to

c—s—ATy = 0,
b—Ax = 0, x>0, (5.15)
s = pX le

If both sides of the last equality are multiplied by X and using a minor reordering we
obtain

Aly+s = ¢,
Az = b, x>0, (5.16)
Xs = pe.

The conditions (5.16) have a very nice interpretation. Indeed the first set of equalities en-
forces dual feasibility (see (D)) and the second set of equalities enforces primal feasibility.
Finally, the last set of equalities are identical to

zg 0 -+ 0 S1 151 "
0 z -+ 0 S9 T9 Sy 1

Xs = . . . . . - . = . = pue,
o 0 --- =z, Sy, TpSn W

which is the complementarity conditions perturbed by p. In fact if 4 = 0 they are identical
to the complementarity conditions.

Let (z(p),y(p),s(p)) be a solution to (5.16) for some p > 0. Then x(p) is primal
feasible. Furthermore,

Aly(p) +s(p) =c and  s(p) = pX(p)"'e > 0,

which shows (y(u), s(i)) is dual feasible. In other words (z(u), y(u), s(1)) is a primal-dual
feasible pair. Therefore, the duality gap can be computed as follows

cra(p) —by(p) = z(w)"s(p)
= "X (u)s(n)
6T(Tu€)
e’ e
= un.

In conclusion any solution (x(u), y(u), s(u)) which satisfies (5.16) and hence is an optimal
solution to (PB) defines a primal-dual feasible pair. Moreover, the duality gap is given
by nu. This verifies that an optimal solution to (PB) for a sufficiently small p is an
approximate optimal solution to (P), because using the duality theorem then

cla(p) — et < claw(p) = bTy(p) < np,

where x* is an optimal solution to (P).



5.3.2 Convexity of the barrier function

An important question is whether the objective function in the problem (PB) is convex,
because in this case the optimality conditions are sufficient. Hence, any solution to the
first order optimality conditions is also a solution to (PB).

This question leads to study the barrier function

By(z) = 'z —p¥} In(z;)
= Yjoi(ezy — pln(zy)).
The function In(x) is concave, which implies —pIn(x) is convex. Therefore, the barrier

function is a positive sum of convex functions, which implies the barrier function is convex.
This fact can also be verified from the facts

VB,(z)=c—pX'e and V’B(z)=pX">
Now let v € R™ \ {0}. Then
vIV?B,(z)v = m' X%
= X (vayt)?
> 0

for x > 0 and g > 0. This shows the Hessian of B,(z) is positive definite which implies
B,,(z) is strictly convex.

5.3.3 A dual approach

In the previous section we applied the logarithmic barrier transformation to the primal
problem, but it could equally well has been applied to the dual problem. In this section
we investigate this possibility.

Introducing the barrier term into the dual problem gives

(DB) maximize 0"y +p 3% In(s;)
subject to ATy + s =,
s> 0.

Note the barrier term is added to the objective function, because the dual problem is a
maximization problem.

If we let 2 denote the Lagrange multipliers corresponding to the equalities in (DB),
then the Lagrange function is given by

L(z,y,s) =b"y+p In(s;) —a" (ATy + s —¢). (5.17)
j=1
The optimality conditions are
V.L(z,y,8) = c—s—Aly = 0, s>0,
V,L(z,y,s) = b— Az = 0, (5.18)
Vil(z,y,5) = pS~le—z = 0.
After some rearrangements it is seen that (5.18) is equivalent to
ATy4+s = ¢, s5>0,
Ar = b, (5.19)
Xs = pe.
Perhaps not surprisingly these conditions are essentially the same conditions as in the
primal case. Hence, they are the perturbed KKT conditions to (P).



5.3.4 The primal-dual approach

We have now shown how to transform the primal and dual problem to remove the inequa-
lities. In both cases we obtain a set of first order optimality conditions to the barrier
problem. Combining these two set of optimality conditions gives

Ax = b x>0,
ATy+s = ¢, s>0, (5.20)
Xs = ue.

These conditions are called the perturbed KKT conditions, because they are identical to
the KKT conditions to (P) except the complementarity conditions have been perturbed
by p. Therefore, a solution to (5.20) for a sufficiently small u is a good approximation to
the optimal solution to (P).

Now the system (5.20) defines a set of nonlinear equations which can be solved using
Newton’s method. This is exactly the main idea of the so-called primal-dual algorithm,
which we are going to discuss.

First define the nonlinear function

Axr —b
F (z,y,s):=| ATy+s—c |,
Xs —yue

where y := x7s/n and v > 0. Note instead of letting y be a parameter to be chosen
we have introduced v and defined i to be the average complementary product. This
redefinition is convenient in the subsequent development.

Assume (Z, ¢, 5) is given such that Z > 0 and § > 0, then one iteration of Newton’s
method applied to the system

F.(z,y,s)=0
is identical to
dy
VFV("Z',Q,E) dy :_F’Y(jagag)'
ds
Using the fact
A 0 0
VE,(z,5,5) = | 0 A" I
S 0 X
we obtain )
A 0 0 dy Tp
0 A" I dy, | = _7Tp : (5.21)
S 0 X||d| | -X5+nme
where
rp:=b— AZ, (5.22)
and
Fp:=c— ATy — 3. (5.23)

(5.22) and (5.23) are denoted the primal and dual residuals respectively. If the residual
vectors are zero, then the current point (Z, 7, §) is primal and dual feasible respectively,
because by construction (z,s) > 0.



The first step of the primal-dual algorithm consist of solving (5.21), and then a new
point

xT z d,
y+ =y | t+ta dy )
st 5 d,

is obtained for a suitable choice of a. Before discussing the choice of «, then let us study
some basic convergence properties.

The goal is to compute a solution such that the primal and dual residuals and the
complementary gap (z7s) all are zero. Therefore, let us investigate if the new point is
closer to this goal. The new primal residuals are given by

ry = b— Azt

b— A(T + ady)

b— Ar — aAd, (5.24)
Tp —QTp

= (1 — a)fp,

where the fact Ad, = 7p given by (5.21) is used. This shows that the new residuals are
identical to the old residuals multiplied by the factor (1 — «). Indeed if a € (0, 1], then
the residuals are reduced. In particular if o = 1, we have that 5 = 0 showing the new
point zT satisfies the primal equality constraints exactly.

In summary the primal residuals are reduced by a factor (1 — ) and therefore a large
step size is beneficial. Finally, it can be seen that 7p = 0 implies 7}, = 0. Hence, if the
current solution is primal feasible, then the new solution is primal feasible too.

We will leave it as an exercise to the reader to verify the relation

rp=(1—a)p (5.25)

showing the dual residuals are also reduced.
Next the new duality gap is identical to

(zT)'st = (T+ ad,)"(5+ ady)

5+ a(@'ds + §7d,) + oPdld,
75+ ael (Xds + Sd,) + o2dLd,
75+ ael (=X 5+ yie) + o2dLd,
75 — a(2Ts — yaT's) + o?dld,
= (1-a(l—-7)z"s+ a*dld,.

(5.26)

The fourth equality is obtained using (5.21). This implies

) Tst—zT5

lima_m ( —a(1—)27 5+a?dL ds

= lim,
= —(1-7)z's.

a (5.27)
The interpretation of (5.27) is for v € [0,1) and for a sufficiently small «, then the
complementary gap is reduced.

We have now shown that if the step size « is positive, then the primal and dual
residuals are reduced. Moreover, for a sufficiently small step size the complementary gap
is reduced too. In conclusion by an appropriate choice of the step size, then the algorithm
should converge.



Let us for a moment assume that the primal and dual solution are feasible that is
7p =0 and 7p = 0. Now using (5.21) this implies

Ad, =0 and A”'d,+d,=0

leading to the conclusion
dld, = —dLA"d, = 0.

In this case (5.26) simplifies to
(@")'s" =(1-a(l-9))z"s

and it follows the new complementary gap decreases with an increase in «. Furthermore,
the smaller v the larger is the decrease in the gap. In particular if &« = 1 then

(zt)T'st = y2'5. (5.28)

The important observations from the convergence analysis is, if the step size is strictly
positive, then the primal and dual residuals are reduced by a factor (1—«). Moreover, from
(5.27) it can be seen that a small v leads to a large reduction rate in the complementary
gap. However, it should be noted that the search direction (ds, dy, ds) is a function of ~.
Hence, implicitly the step size « is also a function of ~.

5.3.5 Update of the variables

The choice of the step size a has not yet been specified. However, from the previous
section it is known that a large step size implies a large reduction in the primal and dual
residuals. Also the reduction in the complementary gap tend to be proportional to the
step size. Unfortunately, the step size cannot be chosen arbitrarily large because the new
point must satisfy the conditions * > 0 and s* > 0. Therefore, the step size has to be
strictly less than a™®*, where a™?* is defined by

> o} .

tal|
ads

a™?* is the maximum possible step size until one of the primal or dual variables hits its
lower bound exactly. Therefore, a possible choice of « is

o™ = argmax ., { l

w0 VI

max

« = min(1, fa™*),

where 0 € (0,1). For example # = 0.9 implies 90% of the maximum possible step size to
the boundary is taken and this guarantees that 2+ > 0 and s > 0. The step size is not
allowed to be larger than one, because ideally Newton’s method never take steps larger
than one.

This choice of the step size does not guarantee convergence, but it usually works well
in practice. In practice a™®* is computed as follows. First let

ap™ = min{~x;/(dy); : (d); < 0}
and
ap™ = mjin{—Sj/(ds)j 1 (ds); < 0},

then

A = min(ap™, ap™).



5.4 Termination criteria

An important issue is of course when to terminate the primal-dual algorithm. Clearly the
algorithm should be terminated if the primal and dual residuals and the complementary
gap all are zero. In practice a relaxed version of this termination criteria is used. Hence,
the algorithm is terminated if

||Ax —b|| < ep,
|ATy +s—c|]| < ep,
2Ts < eg,

where ep, €p, and £ are small positive constants.

In practice an exact optimal solution cannot be obtained, because computations are
performed in finite precision on a computer. Moreover, an exact optimal solution might
not be necessary, because the data (c, A,b) often only have limited accuracy. Therefore,
a highly accurate solution is not necessarily much better than a reasonable approximate
solution.

5.4.1 The algorithm

Finally, all the components of the primal-dual algorithm have been presented in Algorithm
5.4.1.

Algorithm 5.4.1

1. Choose (z°,9°, s°) such that (2°,5°) > 0 and ep,ep,ec > 0.
2. k:=0
3. LOOP: Let
rk o= b— Az,
rk = c— ATyk — sk,
pk = (a®) sk /.
4. 1If
Irpll <ep, bl <ep,  (@%)"s* <eq,
then terminate.
5. Pick v €10,1) and solve
A 0 0 d,; r}%
0 AT T dy | = rk
Sk 0 X* ds —XFsk + yuke

6. Compute

o™ = argmar, 2 + o
= arg 0<a P d




7. Let o := min(0a™**, 1) for some 6 € (0,1) and update

o = 2k 4 ad,,
K+l ok

Y = Y’ + ad,,

sFH = sk 4 ad,.

8. k=k+1
9. GOTO LOOP

In step 1 an initial point is chosen. The restrictions on the initial point are very
moderate and a possible choice is (2°,4°,s°) = (e,0,¢e). Also the termination tolerances
are selected.

Next the iteration counter is initialized, the residuals are computed, and the termi-
nation criteria is checked. This is followed by picking a value for . Afterwards the
Newton equations system is solved. This system of linear equations can of course be
solved directly, but it is also possible to reduce it as follows. The system is equivalent to

Ad, = rﬁ%,
ATd, +d, = r¥, (5.29)
Skd, + X*d, = —XFsF 4+ ypFe.
The second equation in (5.29) gives
dy =¥ — A"d,.

Plugging this result into the third equation of (5.29) gives
SEd, + XF(rt% — ATd,) = —X"s" + ypFe. (5.30)
Now multiplying each side of (5.30) by A(S*)~! gives
Ad, + A(SH)TIXF(rh — ATd,) = A(SF)TH (= XFsE + yuPe).

Finally, using Ad, = 7% we obtain

(AX*(Sh) 1 A)d, = TP+A(( ) HXEr — yute) + 2f)

= b— Ax¥ + A((S ) (X"C Y —yuPe) + ) (5.31)

= b+ A(SH) TN (X — 6)
Let

M = (AXF(SF)~tAT) (5.32)

and

7= b4+ ASH)THXFrR, — qute). (5.33)
Then

Md, =r,

which shows d, is a solution to a linear equation system. When the system (5.31) has
been solved for d,,, then d; and d, can be recovered from the relations

ds, = r§—A"Td,,
dy, = —z%+ (S*)7 (yuFe — X*dy).
In step 6 and 7 the maximum step size to the boundary is computed. Afterwards the

new point is obtained by taking a fixed percentage () of the maximum possible step size.
For example let # = 0.9. Finally, the whole process is repeated.

(5.34)



5.5 Convergence analysis

An important issue is the convergence of the primal-dual algorithm that is will the primal-
dual algorithm ever reach the termination criteria. In this section we will discuss some
changes to the primal-dual algorithm, which guarantees it’s convergence.

Let (2%, y*, s*) be the kth iterate of the primal-dual algorithm, then we have

it = (1 —a)rk and i = (1 - a)rk,.
It follows if the step size is strictly positive then the residuals are reduced. Moreover, we

have
(M) TsF 1 = (1 — a1 — 7)) (2F)TsF + o2d?d,.

Clearly if the step size is zero, then the complementary gap is not reduced. On the other
hand if dZd; is large and positive, then only for a very small step size the complementary
gap is reduced. Therefore, the main idea in a convergence proof is to show that there
exists a strictly positive step size in every iteration such that the complementary gap is
reduced. Unfortunately this is not easy to prove, but nevertheless some of the ingredients
in the proof are discussed.

Let (2%, y* s*) be the kth iterate in the primal-dual algorithm, then some key quan-
tities are

[4zt =] AT st ooy

A0 =Bl AT+ —ef” T o7
which measure the rate of reduction in the primal residuals, the dual residuals, and the
complementary gap respectively. Next define the neighborhood

N(B) =A{(z,y,s): (z,5) >0,
| Az — b]] (2°)Ts° < ||Az® — b||2T s,
HATy +5— CH (29)Ts0 < HATyO + 50— cHsz,
zjs; > fr's/n},

where 8 € (0,1). If it is assumed (2%, y*, s¥) € N'(3), then this implies the following.
e The primal infeasibility has been reduced faster than the complementary gap, because

|Aat =] _ T
[0 =] = (@7

e The dual infeasibility has been reduced faster than the complementary gap.

e The condition
k k K\T k
xis; > B(x") s /n
implies each complementary product (xfsf) is greater than a fraction of the average

complementary product. Hence, a complementary product cannot be arbitrarily
small which also prevents prevents z; and s; from being arbitrarily small.

A key ingredient in a convergence proof is to keep all the iterates in this neighborhood
that is
(2%, %, %) e N(B), Vk.



Therefore, primal and dual feasibility is obtained before complementarity. This is advan-
tageous, because assume (z,y*, s¥) is a nearly complementary solution ((z%)7s* ~= 0),
but is infeasible. Now from the definition of the search direction we obtain

:U;C (ds)j + S?(dw)J = _:U?S? + %U/k'
Furthermore assume z% ~ " ~ 0 and #¥s% ~ 0, then this implies

—aksh 4yt — 2 (d,);
(do)j = —+ ’Wk i) ~ 0.

Sy

If the primal solution is infeasible, then to achieve feasibility it may be that x; has to be
large. Therefore, even for a large step size

1‘? + Oé(dx)j

is far from the optimal value. Hence, the algorithm converges very slowly. Therefore,
feasibility should be achieved simultaneously or before complementarity. Otherwise, the
algorithm might end up with a complementary solution from which it is difficult to move
to a feasible solution.

Furthermore, it can seen from the computation of the step size that if x;“ or Sf is small,
then they might limit the step size significantly, because only for small o the quantity

of +a(dy); and  sh+a(dy);

is positive. Therefore, until the current iterate is close to the optimal solution it is
beneficial to keep the two variables x; and s; away from zero. This is the main purpose
of the last condition
xfsf > B(z")T's"/n,

which prevents xf and s¥ from being small before the complementary gap is small.

Assuming (2%, y*, s*) € N'(3), then it is possible to show there exists an a > @ such
that

(xk—l—l’yk-i-l,sk—l—l) c N(ﬁ) and (xk—l-l)TSk-i-l < (1 . d(l . ”7))(xk)T8k,

where a,% € (0,1) are constants. Hence, the new point remains in the neighborhood and
the complementary gap is strictly reduced.

The proof requires the assumption H(xk, sk)H < M for all £ and M is a large positive
constant. We refer the reader to [12] for details.

The important conclusion from this section is that feasibility must be achieved before
complementarity. Fortunately for the majority LP problems it not necessary to enforce
this condition explicitly. The reason is the feasibility conditions are linear equations and
the complementarity conditions are quadratic. Therefore, it is automatically easier for
Newton’s method to generate a feasible solution than a complementary solution. More-
over, it is important not to approach the boundary before the complementary gap is
small.

5.6 A numerical example

In this section we will perform one iteration of the primal-dual algorithm on a small
example.



Let
c=[-1 -207%, A=[111], and b=1.

This problem is equivalent to

minimize —1lxy — 224
subject to 1 + x5 <1,
r1, 29 2> 0,

because z3 is a slack variable.
First let (2°,4°, %) = (e,0,€) then

o= b—A"=1-(1+1+1)=-2,
P = e AT 0 —[1 —20T 111 =[-2 -3 —1]"
p’ = ele/3=1.

Now letting v = 0.1, then by definition
AXO)(SY) Tt AT dy = b+ A(S°) TN (X ) — yule).
Therefore,

10071
[111]]0 1 0 1]d,=1+[111)(-2 -3 =17 =011 1 1]).
001 1

Therefore, d, = 0.7 and this implies

d, = —177,
ds = r%—ATd,
11 — 17 —[1117(=1.77)
— [-0.23 — 1.230.77)"
dy = —2°+ (S°) 7 (yule — XOdy)
— 11"+ (01111 —[-0.23 —1.23 0.77]"
— [-0.667 0.333 — 1.67)7

Next we compute a™** by
ap® :=min(1/0.667,—,1/1.67) and 7" :=min(1/0.23,1/1.23,—).

Therefore, ™ :=1/1.67 and « := 0.9a™**. Finally, we obtain

gt = [111)740.9/1.67[-0.667 —0.333 — 1.67]” = [0.64 1.18 0.1]”
yt = 0+ (0.9/1.67)(—1.77) = —0.954
st = 1117 +0.9/1.67[—0.23 —1.23 0.77)7 = [0.874 0.334 1.41]7.

(5.35)

A good exercise is to continue the computations for a couple of more iterations. Nevert-
heless, in Table 5.1 we have shown the sequence of iterates generated by the primal-dual
algorithm until a fairly good approximation to the optimal solution is reached. From
Table 5.1 it can been seen that the primal-dual algorithm converges towards the optimal
solution. It requires 8 iterations to reach a highly accurate solution, but already in 4 ite-
rations a good approximation is reached. In this case the primal-dual algorithm is vastly



xf N G e
1.00e0  1.00e0 3.0e0
6.40e-1  1.18e0 1.1e0
0.905e-2  1.13e0  2.5e-1
0.905e-3 9.93e-1  4.1e-2
1.91e-3  9.98e-1 6.1e-3
2.42e-4  1.00e0  7.2e-4
2.45e-5  1.00e0 7.3e-5
2.45e-6  1.00e0  7.4e-6
2.56e-7  1.00e0  7.3e-7
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Table 5.1: ITterations sequence to example (5.35) .

¥ xk (aF)Tsk
1.00e0  1.00e0 3.0e0
1.00e0  1.00e0 1.3e0
6.53e-1  6.53e-1 5.6e-1
4.96e-1  4.96e-1 1.4e-1
4.99e-1  4.99e-1 1.9e-2
0.50e0  0.50e0 1.9e-3
0.50e0  0.50e0  2.0e-4
0.50e0  0.50e0  2.0e-5
0.50e0  0.50e0  2.0e-6
0.50e0  0.50e0  2.0e-7

© 00~ O Ul b= Wi+ O

Table 5.2: Iterations sequence to example (5.36) .

inefficient compared to the simplex algorithm, because the simplex algorithm solves the
example in 1 iteration.

Note that in the final iterations, then the duality gap is reduced by a factor 0.1. The
reason is we choose v = 0.1 and the algorithm takes unit steps (a = 1.0).

The example (5.35) has a unique optimal solution. Therefore, it is interesting to
investigate which solution the primal-dual algorithm generates in the case the problem
has multiple optimal solutions. Therefore, study the example

minimize —2x; — 2z4
subject to 7 + x9 < 1, (5.36)
x1,xe > 0.

[t can be observed that the problem has multiple optimal solutions. Indeed for all A € [0, 1]
then
r1=A and z9=1-—\

is an optimal solution. In Table 5.2 is the iterates generated by the primal-dual algorithm
shown. It can be observed that in this case, then the primal-dual algorithm does not
converge towards one of the optimal vertex solutions (0,1) or (1,0). Rather it converge
towards the “center” (1/2,1/2) of these two optimal solutions. In other words whenever
an LP has multiple optimal solutions, then the interior-point algorithm will generate a



sequence of ¥ converging towards an optimal solution #*. This particular optimal solution
x* will have as many components strictly positive as possible.

5.7 Comparison with the simplex algorithm

It is interesting to compare the primal-dual algorithm to the well-known simplex algo-
rithm.

One disadvantage of the primal-dual algorithm is it cannot detect a possible infeasible
or unbounded status of the problem (P). Therefore, in one sense the primal-dual algorithm
is not complete. Fortunately this problem can handled using a homogeneous model, see
[21, 18, 3].

Another disadvantage of the primal-dual algorithm is each iteration is computationally
much more expensive than one iteration of the simplex algorithm. However, the total work
performed to solve an LP problem is a product of the number of iterations and the work
performed in each iteration.

It can be observed that the primal-dual algorithm does not has any problems with
degeneracies and the number iterations is not related to the number of vertices in the
feasible region. Therefore, in practice for large LP problems the interior-point methods
uses significantly fewer iterations than the simplex algorithm. Most implementations of
interior-point methods usually solve an LP problem in less 100 iterations even though the
problem may contain millions of variables.

Finally, the optimal solution reported by the simplex algorithm is a basic solution.
In many practical applications this advantageous. For example the traditional sensitivity
analysis requires a basic solution. Unless the LP problem has a unique optimal solution
then the primal-dual algorithm does not produce an optimal solution which is also a basic
solution as demonstrated in the previous section. However, there exists a method for
purifying the interior-point solution into a basic solution, see [14, 4].

5.8 The homogeneous and self-dual method

The primal-dual algorithm dicussed in the previous section has the major drawback that
it cannot detect whether the problem is primal and dual infeasible. To overcome this
problem it has been suggested to solve the homogeneous and self-dual model

minimize 0

subject to Ax —br = 0,
— ATy +cr > 0, (5.37)
bTy —cl'x > 0,
x>0, 720

instead of (P) using for example the primal-dual algorithm. Clearly, (5.37) is a homoge-
neous LP and is self-dual which essentially follows from constraints form a skew-symmetric
system. The interpretation of (5.37) is 7 is a homogenizing variable and the constraints
represent primal feasibility, dual feasibility, and reversed weak duality.

The homogeneous model (5.37) was first studied by Goldman and Tucker [10] in 1956
and they proved (5.37) always has a nontrivial solution (z*,7*) statisfying

*

xis; = 0, xj+s; > 0, Vj,

T™k* = 0, ™4+£Kr" > 0,

*

(5.38)



where s* := 7%¢ — ATy* > 0 and £* := b'y* — c’'z* > 0. A solution to (5.37) satisfying
the condition (5.38) is said to be strictly complementary solution. Moreover, Goldman
and Tucker showed that if (z*, 7%, y*, s*, k*) is any strictly complementary solution then
exactly one of the two following situations occur:

e 7 > 0 if and only if (P) has an optimal solution. In this case (z*,y*, s*)/7* is an
optimal primal-dual solution to (P).

e x* > 0 if and only if (P) is primal or dual infeasible. In the case bTy* > 0 (cT'z* < 0)
then (P) is primal (dual) infeasible.

The conclusion is that a strictly complementary solution to (5.37) provides all the infor-
mation required, because in the case 7* > 0 then an optimal primal-dual solution to (P)
is trivially given by (z,y,s) = (z*,y*, s*)/7*. Otherwise, the problem is primal or dual
infeasible. Therefore, the main algorithmic idea is to compute a strictly complementary
solution to (5.37) instead of solving (P) directly.

Ye, Todd, and Mizuno [21] suggested to solve (5.37) by solving the problem

0

minimize n'z
subject to Ax —br —bz = 0,
—ATy +er 4z > 0,
by —c'x ) +dz > 0, (5-39)
by —l'y  —dr = —nY
x>0, 7>0,
where _
b = Az — b0,
c = —er9 4+ ATy + 0,
d = "2 —bTy + KO,

S
o

= (29)Ts0 4+ 79%0.

It can proved that the problem (5.39) always has an optimal solution. Moreover, the
optimal value is identical to zero and and it is easy to verify that if (x, 7,y, z) is an opti-
mal strictly complementary solution to (5.39), then (z,7,y) is a strictly complementary
solution to (5.37). Hence, the problem (5.39) can solved using any method that generates
an optimal strictly complementary solution, because the problem always has a solution.
Note by construction then (z,7,y,2) = (e, 1,0, 1) is an interior feasible solution to (5.39).
(e is a n dimensional vector of all ones). This implies that the problem (P) can be solved
by most feasible-interior-point algorithms.

Xu, Hung, and Ye [19] suggest an alternative solution method which is also an interior-
point algorithm, but specially adapted to the problem (5.37). The algorithm can be stated
as follows:

Algorithm 5.8.1

1. Choose (z°,7°,4°, s K°) such that (z°,7°,s° k%) > 0. Choose c,6, > 0 and v €
(0,1) and let n:=1—1.

2. k:=0.



3. Compute:

T]’; = brk — AxF,

Tfj etk — ATyF — sk,

r;f = kP4 clak — Tyt
k (:Dk)Tsk+Tklﬁk

H n+1 .

4. 1f

(rpsrgrp)ll <ep and  ((2%)Ts* + 786%) <,
then terminate.

5. Solve the linear equations

Ad, —bd, = 777"5,
ATd, +ds — cd, nrk,
—cl'd, +b7d, — d, 777"’;,

Skd, + X*d, = —XFs* +yuke,
kFd, +7Fd, = —71FrF 4+ ypuk
for (du, dr, dy, ds, d).
6. For some 6 € (0,1) let
o = mazimize fHa
ak d,
. T+ d
T >
subject to ok + « d, > 0,
kP d,
o < 6!
7.
oFH ok d,
Tht1 Tk d,
yk:-i-l = yk—l—l 4 Oék dy
gh+1 gk+1 d,
S| okt d,
8 k=Fk+1.
9. goto 3

The following facts can be proved about the algorithm

= (1= (1= 7)a)rh,
gt = (1= (1= ey,
A= (L= (L= y)ak)rg,

and
((xk—l-l)TSk-l-l + Tk—i—lﬁk—i—l) — ( o (1 o fy)ak)((xk)TSk + Tk/{k)

(5.40)

(5.41)



which shows that the primal residuals (), the dual residuals (r4), the gap residual (ry),
and the complemantary gap (z”7's + 7k) all are reduced strictly if ¥ > 0 and at the same
rate. This shows that (2%, 7%, y*, s*, k) generated by the algorithm converges towards an
optimal solution to (5.37) (and the termination criteria in step 4 is ultimately reached).
In principle the initial point and the stepsize a* should be should be chosen such that

min(m?s?, ™) > puk, VE=0,1,...
j

k ok yF s¥ kF) converges towards a strictly comple-

is satisfied because this guarantues (z
mentary solution.
Further details about the homogeneous algorithm can be seen in [20]. Issues related

to implementing the homogeneous algorithm are discussed in [1, 19].

5.9 Notes

There exists a large literature on interior-point methods which it has not been possible to

cover in this Chapter. In this section we will give a few reference to additional literature.
First it should be noted that interior-point methods have been known for long time.

Indeed they were studied extensively in the sixties by Fiacco and McCormick [8].

Some recent surveys papers about interior-point methods in general are [9, 16]. The
book of Wright [17] presents the primal-dual algorithms and the related theory in great
detail. The primal-dual algorithm presented in this paper is the basis for almost all com-
mercially available interior-point based software. However, in practice a lot refinements
are added to the algorithm. For further details on implementing the primal-dual algorithm
we refer to [13, 2]

5.10 Exercises
1. Solve the nonlinear equation
z? =18
using Newton’s method. (Note you are essentially finding +/18). Show graphically
how Newton’s method works in this case.

2. Define the problem

(QP) minimize 0.527Qx + "z,

subject  Ax =b. (5.42)

(a) State the Lagrange function to (QP).

(b) What is the first order optimality conditions to (QP). (Hint let f(z) =
0.527Qx. Then Vf(x) = Qx).

(c) What is the Newton equation system to the first order optimality conditions
in this case.

3. Prove (5.25).



. Plot
f(z) =2z — 3in(z)

in a diagram. Is f(z) convex?

. Assume z = [1 2 4 5]” and d, = [-3.0 0.0 2.0 — 20.9]” then find the maximum «
such that z7 = z + ad, > 0. Next verify z + fad, > 0 for § = 0.99.

. Let
maximize 10x; x4,
subject to  7/10x; + lzs < 630,
1/21‘1 + 5/61‘2 S 600,
lor 4+ 2/3wms < 708, (5.43)
/102, + 1/4z, < 135,
X1, T > 0.

(a) Solve the problem (5.43) graphically.

(b) Put the problem (5.43) on standard form and convert it to a minimization
problem.

(c) Perform two iterations of the primal-dual method starting from (z°,¢°, s%) =
(e,0,¢e). Let § = 0.9 and v = 0.1.

. In Section 5.3.4 we developed the primal-dual algorithm. However, we could equally
well have developed a primal algorithm. The idea of this algorithm is to solve (5.12)
using Newton’s method. In this exercise we will investigate this idea.

(a) Compute one step of Newton’s method to (5.12).

(b) Obtain a closed form expression for d, and d, similar to (5.31) and (5.34).
) How is the new point z* obtained.
)

(c

(d) What assumptions must the initial guess z° satisfies.

. Verify that the matrix M defined by (5.32) is a symmetric and positive-definite
matrix.
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