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Affine Scaling Algorithms

Since its introduction in 1984, Karmarkar's projective scaling algorithm has become
the most notable interior-point method for solving linear programming problems. This
pioneering work has stimulated a flurry of research activities in the field. Among all
reported variants of Karmarkar's original algorithm, the affine scaling approach especially
attracted researchers’ attention. This approach uses the simple affine transformation to
replace Karmarkar's original projective transformarion and allows people to work on the
linear programming problems in standard form. The special simplex structure required
by Karmarkar’s algorithm is relaxed.

The basic affine scaling algorithm was first presented by 1. I. Dikin, a Soviet
mathematician, in 1967. Later, in 1985, the work was independently rediscovered by
E. Barnes and R. Vanderbei, M. Meketon, and B. Freedman. They proposed using the
{primal) affine sealing algorithm to solve the (primal) linear programs in standard form
and established convergence proof of the algorithm. A similar algorithm, the so-called
dual affine scaling algorithm, was designed and implemented by 1. Adler. N. Karmarkar,
M. G. C. Resende, and G. Veiga for solving (dual) linear programs in inequality form.
Compared to the relatively cumbersome projective transformation, the implementation of
both the primal and dual affine scaling algorithms become quite straightforward. These
two algorithms are currently the variants subject to the widest experimentation and exhibit
promising results, although the theoretical proof of polynomial-time complexity was lost
in the simplified transformation. In fact, N. Megiddo and M. Shub’s work indicated
that the trajectory leading to the optimal solution provided by the basic affine scaling
algorithms depends upon the starting solution. A bad starting solution, which is too
close to a vertex of the feasible domain, could result in a long journey traversing all
vertices. Nevertheless, the polynomial-time complexity of the primal and dual affine
scaling algorithms can be reestablished by incorporating a logarithmic barrier function
on the walls of the positive orthant to prevent an interior solution being “trapped™ by the
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boundary behavior. Along this direction, a third variant, the so-called primal-dual affine
scaling algorithm, was presented and analyzed by R. Monteiro, I. Adler, and M. G C
RFscndc. also by M. Kojima, S. Mizuno, and A. Yoshise, in 1987, The theoretical is.w;
of polynomial-time complexity was successfully addressed. )

. In this chapter, we introduce and study the abovementioned variants of affine
scaling, using an integrated theme of iterative scheme. Attentions will be focused on
the three basic elements of an iterative scheme. namely. (1) how to start. (2) how to
synthesize a good direction of movement. and (3) how to stop an iterative algorithm,

7.1 PRIMAL AFFINE SCALING ALGORITHM

Let us consider a linear programming problem in its standard form:

Minimize ¢’ x (7.1a)

subject to Ax=h, x>0 (7.1b)

where A is an m x n matrix of full row rank. b, c. and x are n-dimensional column
veclors.

Notice that the feasible domain of problem (7.1) is defined by
P=[xeR"|Ax=h.x=>0)

We further define the relative interior of P (with respect to the affine space
[x|AX = b}) as

Pl=(xeR" |Ax=h.x > 0) (7.2)

An n-vector X is called an interior feasible point, or interior solution. of the linear
programming problem. if x € P”. Throughout this book. for any interior-point approach
we always make a fundamental assumption

P”;-'-éd}

There are several ways to find an initial interior solution to a given linear programming
problem. The details will be discussed later. For the time beino, we simply assume that
A meeen s - N ; 0, g . 35 N ‘

an initial interior solution x” is available and focus on the basic ideas of the primal affine
scaling algorithm,

7.1.1 Basic Ideas of Primal Affine Scaling

Rcr}lcn.thcr from Chapter 6 the two fundamental insights observed by N. Karmarkar in

dcsngpmg his algorithm. Since they are still the guiding principles for the affine scaling

algorithms, we repeat them here: ~
(1) if the current interior solution is near the center of the polytope. then it makes sense

m_ move in the direction of steepest descent of the objective function to achieve a
minimum value;

'
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(2) without changing the problem in any essential way. an appropriate transformation
can be applied to the solution space such that the current interior solution is placed
near the center in the transformed solution space.

In Karmarkar's formulation, the special simplex structure
A={xeR'x+...+o=Lx20i= Lo}

and its center point e/n = (I/n, 1/n ... 1/n)" were purposely introduced for the re-
alization of the above insights. When we directly work on the standard-form problem,
the simplex structure is no longer available, and the feasible domain could become an
unbounded polyhedral set. All the structure remaining is the intersection of the affine
space {x € R"|Ax = b} formed by the explicit constraints and the positive orthant
(x € R"|x = 0] required by the nonnegativity constraints. 1t is obvious that the non-
negative orthant does not have a real “center” point. However, if we position ourselves
at the point e = (1. 1..... )7, at least we still keep equal distance from each facet.
or “wall.” of the nonnegative orthant. As long as the moving distance is less than one
unit, any new point that moves from e remains in the interior of the nonnegative orthant.
Consequently, if we were able to find an appropriate transformation that maps a cur-
rent interior solution to the point e, then, in parallel with Karmarkar’s projective scaling
algorithm, we can state a modified strategy as follows.

“Take an interior solution, apply the appropriate transformation to the solution space so as
to place the current solution at ¢ in the transformed space, and then move in the direction of
steep descent in the null space of the transformed explicit constraints. but not all the way to
the nonnegativity walls in order to remain as an interior solution. Then we take the inverse
transformation to map the improved solution back to the original solution space as a new
interior solution. Repeat this process until the optimality or other stopping conditions are
met.”

An appropriate transformation in this case turns out to be the so-called affine
scaling transformation. Hence people named this variant the affine scaling algorithm.
Also. because it is directly applied to the primal problems in standard form, its full name
becomes the printal affine scaling algorithm.

Affine scaling transformation on the nonnegative orthant. Letx‘ € R"
be an interior point of the nonnegative orthant R, ie.xf > 0fori=1...n We
define an n x n diagonal matrix

$o0 000
, 0 x4 .0
X, =diagix)y=1{. . . . (7.3)

0 0 ... xi

It is obvious that matrix X; is nonsingular with an inverse matrix X; . which is also a
diagonal matrix but with 1/x} being its ith diagonal element for i = L n.
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The affine scalin ion i '
f . ¢ transformation is defined from the n ativi P "
itself by onnegative orthant R" to

y= TA(X}=X[IX (7.4)

Nm'r:. that transformation (7.4) simply rescales the ith component of x by dividing a
positive number x'. Geometrically, it maps a straight line to another straight Iis;e
Hence it was named the affine scaling transformation. Figure 7.1 illustrates the geomclric-
!ncturc .nflhc transformation in two-dimensional space. Note that for the two-dimensional
!nequuhty constraints, such as the case depicted by Figure 7.1, the scaling wﬁ*lh!cs
include the slack variables, too. As a matter of fact, each edge of the polygon correlsp‘ondc

toa slack variable being set to zero. However, it is difficult 1o represent the whole picture
in the same figure,

X ¥,

T Yo

Figure 7.1
The following properties of Ty can be easily verified:

(T1) T; is a well-defined mapping from RS to R, if x* is an interior point of R”
(T2) Ti(x*) = e. "
(T3) Ti(x) is a vertex of R’ if x is a vertex.
(T4) Ti(x) is on the boundary of R" if x is on the boundary.
(T5) Ti(x) is an interior point of RY if x is in the interior. -
:]T(:) Ty is a one-to-one and onto mapping with an inverse transformation T, " such
1

77w = Xy for each y € RY. (7.5)

) Primal aff_lne scaling algorithm. Suppose that an interior solution x* 10 the
linear programming problem (7.1) is known. We can apply the affine scaling transfor-
s g trans

Sk S
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mation T; to “center” its image at e. By the relationship x = Xzy shown in (7.5), in the
wansformed solution space, we have a corresponding linear programming problem

Minimize (c¢)"y (7.12)
subject to Ayy=h. y=0 (7.1'b)

where ¢! = Xzc and Ay = AX.

In Problem (7.1), the image of X e, y‘ = Ti(x"). becomes e that keeps unit
distance away from the walls of the nonnegative orthant. Just as we discussed in Chapter
6. if we move along a direction d!, that lies in the null space of the matrix Ay = AX, for
an appropriate step-length ax > 0. then the new point ¥ = e+ ad’ remains interior
feasible to problem (7.1'). Moreover, its inverse image = T = Xyt
becomes a new interior solution to problem (7.1).

Since our objective is to minimize the value of the objective function, the strategy
of adopting the steepest descent applies. In other words, we want [o project the negative
gradient —c* onto the null space of matrix Ay to create a good direction d* with improved
value of the objective function in the transformed space. In order to do s0, we first define
the null space projection mairix by

Po=1-ATAA) A =T~ XATAXIAT) 'AX, (7.6)

Then. the moving direction di, similar to (6.12), is given by
& = Pu—ch) = —[1 - XATAXGAT) 'AXG X e )
Note that the projection matrix Py is well defined as long as A has full row rank

and x* > 0. Tt is also easy to verify that AX;d* = 0. Figure 7.2 illustrates this projection

mapping.

—et

*. Constant ohjective
. plane

Figure 7.2

Now we are in a position to translate, in the transformed solution space, the current
interior solution ¥* = ¢ along the direction of d! 1o a new interior solution yEH > 0 with
an improved objective value. In doing so. we have to choose an appropriate step-length
oy > 0 such that

VH =y ad >0 (7.8)
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: e ..
Notice that if d| > 0. then a; can be any positive number without leaving the

|Elcnm region. On the other hand, if (d*); < 0 for some i, then ; has to be smaller
than
vE 1

—(d*); - —(d*);

Therefore we can choose 0 < @ < | and apply the minimum ratio test

o = min () <0 (1.9)

_(df'Jr
1o determine an appropriate step-length that guarantees the positivity of ¥**'. When a
is close to 1, the current solution is moved “almost all the way™ to the nearest positivity

tfvall 10 fnrm a new interior solution in the transformed space. This translation is also
illustrated in Figure 7.2. A

Our next task is to map the new solution y**' back to the original solution space for

ohmllmng an improved solution x**! to problem (7.1). This could be done by applying
the inverse transformation "' to y**', In other words, we have

k+1 -1 k E
X =T (,\' ¢l) s X,(_VJH
=X‘ “}'D‘(X[—df
k
=X -mxkl‘Lch

= .\'k - aLX,. [I = XtAT (AXfAT)ﬁI A.‘(‘] X;C

=x - X [c — AT (AX2AT)™ Axfc]

=x — X [e - ATW] (7.10)

where
w = (AXIAT) ™' AXZe (7.1
. LThis means the moving direction in the original solution space is d* = —X[c —
ATw*] and the step-length is ;. while d* = —X;[c — A”w*] in the transformed space.

Several important observations can be made here:

Observation 1. Note that d* = —Pi* and d* = X, d*. Since P is a projection
mapping, we see that

T okt
N = Tx e X d
7 e
=¥ tachTd
T ok :
— 3ol ¢ —m(df‘}rd';

=x —ay ||d]|° (7.12)

=
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This implies that x**! is indeed an improved solution if the moving direction d} # 0.
Moreover, we have the following lemmas:

Lemma 7.1.  If there exists an x* € P with d* > 0. then the lincar programming
problem (7.1) is unbounded.

Proof. Since df, is in the null space of the constraint matrix AX; and dt >0, we
know y**! =y + e d! is feasible to problem (7.1°). for any ay > 0. Consequently, we
can set e 1o be positive infinity, then Equation (7.12) implies that the limit of ¢/ x**!
approaches minus infinity in this case, for X' = x* + &, Xyd} € P.

Lemma 7.2.  If there exists an x* € P” with d* = 0, then every feasible solution
of the linear programming problem (7.1) is optimal.

Proof. Remember that Py is a null space projection matrix. For d = -PX;c=0.
we know that Xc is in the orthogonal complement of the null space of matrix AX,.
Since the orthogonal complement in this case is the row space of matrix AX;, there
exists a vector u* such that

(AX) v = Xee or WHTAX; =X,
Since X; ! exists, it follows that (w")"A = ¢’. Now. for any feasible solution x,
cx=whHTAx = w"b

Since (u*)"h does not depend on x. the value of ¢’ x remains constant over P.

Lemma 7.3. 1f the linear programming problem (7.1) is bounded below and its
objective function is not constant, then the sequence e/ x* [k = 1.2, ..} is well-defined
and strictly decreasing.

Proof. This is a direct consequence of Lemmas 7.1, 7.2, and Equation (7.12).

Observation 2. If x* is actually a vertex point. then expression (7.11) can be
reduced to w* = (BT )~'e, which was defined as “dual vector™ in Chapter 4. Hence we
call w¥ the dual estimates (corresponding to the primal solution x*) in the primal affine
scaling algorithm. Moreover. in this case, the quantity

rf=c-A'w (7.13)
reduces to ¢ — AT(B”) "¢y, which is the so-called reduced cost vector in the simplex
method. Hence we call it the rediced cost vector associated with x* in the affine scaling
algorithm.

Notice that when r* > 0. the dual estimate w* becomes a dual feasible solution
and (x)" 1 = e/ X, becomes the duality gap of the feasible solution pair (x*. w%),

[

/v —b W = X1 (7.14)
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I _ : :
In case e X‘r‘L = 0 with £ > 0, then we have achieved primal feasibility at x*, dual
fca§lhll1ty at w, and complementary slackness conditions, In other words, x* is primal
optimal and w* dual optimal.

) Based on the above discussions, here we outline an iterative procedure for the
primal affine scaling algorithm.

Step 1 (initialization): Set & = 0 and find x° > 0 such that Ax" = b. (Details
will be discussed later.) -

Step 2 (computation of dual estimates): Compute the vector of dual estimates
wh = (AX]AT)'AX e

where X; is a diagonal matrix whose diagonal elements are the components of x*
Step 3 (computation of reduced costs): Calculate the reduced costs veetor

f=c-A"w

Step 4 (check for optimality): If r' > 0 and e’ X;r* < € (a given small positive
number). then STOP. x* is primal optimal and w* is dual optimal. Otherwise, go
to the next step. i
Step 5 (obtain the direction of translation): Compute the direction

L
. -~
Step 6 (check for unboundedness and constant objective value): If d* > 0
then STOP. The problem is unbounded. If d} = 0. then also STOP. x* is primal
optimal. Otherwise go to Step 7.

Step 7 (compute step-length): Compute the step-length

ay = m'in (d,‘ ) <0 where 0 < ¢ < |

—(d});

Step 8 (move to a new solution): Perform the translation

Ll -
=y 4y X, d!

Reset & < k4 1 and go 1o step 2.

The following example illustrates the steps of primal affine scaling algorithm,

Example 7.1
Minimize =2 4 x»

subject o vy — a4 vy =15
t+xy=15

Xp.x.0,x54 >0
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In this case.

1 -1 10 r _ r
= =15 15)°, and ¢c=(-2 1 0 0]
A_[0 10 l]‘ b=l !

Let us start with, say, x® =[10 2 7 13)7. which is an interior feasible solution. Hence.

000 0
Xo=| o 20 0| md W= XA) A= [-133353 - 0007
000 13
Moreover,

' =c—ATw" = [-0.66647 —0.32582 1.33535 —0.00771)"
Since some components of r" are ncgative and e’ Xor® = 2.1187. we know that

the current solution is nonoptimal. Therefore we proceed to synthesize the direction of
translation with

4 = —Xor” = [6.6647 0.6516 —9.3475 0.1002)"
Suppose that o = 0.99 is chosen, then the step-length

Therefore, the new solution is
x' = x%+00Xod" = [17.06822 2.13822 0.07000 12.86178]"

Notice that the objective function value has been improved from —18 to —31.99822,
The reader may continue the iterations further and verify that the iterative process converges
to the optimal solution x* =[30 15 0 0}7 with optimal value —45.

Convergence of the primal affine scaling algorithm. Our (.)bjective. is to
show that the sequence {x*} generated by the primal affine scaling algonti]m (without
stopping at Step 6) converges to an optimal solution of the linear programming problem
(7.1). In order to simplify our proof, we make the following assumptions:

1. The linear programming problem under consideration has a bounded feasible do-
main with nonempty interior.

2. The linear programming problem is both primal nondegenerate and dual nonde-
generate.

The first assumption rules out the possibility of terminating the primal fnfﬁne scaling
algorithm with unboundedness, and it can be further shown that (see Exercise 7.5) lhe:s.e
two assumptions imply that (i) the matrix AX is of full rank for every x* € P and (ii)
the vector r* has at most m zeros for every w* € R™.

We start with some simple facts.

Lemma 74. When the primal affine scaling algorithm applies, ‘l_l.ll”lo Xt =0.

Sec. 7.1 Primal Affine Scaling Algorithm 153

Proof. Since (¢”x'} is monotonically decreasing and bounded below (by the first
assumption), the sequence converges. Hence Equations (7.12) and (7.9) imply that
= lim e x* = Txt*!y = 1 fpry @
Oh‘l_n‘nl(c x —¢'xt) ‘Ilnlaklld“.ll zklﬂc AT

llddir?
Notice that & > 0 and |}d*|| > 0. we have

lim {111 = lim ||X;rt)| = 0.

k—snc ' k=~
The result stated follows immediately.

The reader may recall that the above result is exactly the complementary slackness
condition introduced in Chapter 4. Let us define C C P to be the set in which the
complementary slackness holds. Tnat is,

C={er|Xr =0} (7.15)

Furthermore, we introduce D C P to be the set in which the dual feasibility
condition holds, i.c.,

D={xer|rz>0)} (7.16)

In view of the optimality conditions of the linear programming problem, it is easy
to prove the following result.

Lemma 75. Foranyxe CND, x is an optimal solution (B the linear program-
ming problem (7.1).

We are now ready to prove that the sequence [x'} generated by the primal affine
scaling algorithm does converge to an optimal solution of preblem (7.1). First. we show :
that

Theorem 7.1. If {x!) converges, then x* = ‘Iim xt is an optimal solution to
—x
problem (7.1).

Proof. We prove this result by contradiction. First notice that when {x*} converges
to x*, x* must be primal feasible. However, let us assume that x* is not primal optimal.
Since () is a continuous function of x at x', we know r* = k]im s well

-0

defined. Moreover, Lemma 7.4 implies that
X'r' = lim X;rt = 0
k—~
Hence we have x* € C. By our assumption and Lemma 7.5, we know that x* ¢ D
Therefore, there exists at least one index j such that r} < 0. Remembering that x* € C,
we have v} = (.. Owing to the continuity of ¥, there exists an integer K such that for
any k > K. {rf} < 0. However. consider that

| SR NP k2 k
Xj o=y a‘(xj) ri

S v T s s -
T e e % - e -~ .
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Since (x})*r} < 0, we have > xf > 0.¥ k = K, which contradicts the fact
that .r}-‘ — xf = 0. Hence we know our assumption must be wrong and x* is primal
optimal.

The remaining work is to show that the sequence {x*] indeed converges.

Theorem 7.2.  The sequence {x*] generated by the primal affine scaling algorithm
is convergent.

Proof. Since the feasible domain is nonempty. closed, and bounded, owing to
compactness the sequence {x*} has at least one accumulation point in P, say x*. Our
objective is to show that x* is also the only accumulation point of (x*] and hence it
becomes the limit of [x*}. _

Noting that r*(-) is a continuous function of x* and applying Lemma 7.4, we can
conclude that x* & C. Furthermore, the nondegeneracy assumption implies that every
element in C including x* must be a basic feasible solution (vertex of P). Hence we
can denote its nonbasic variables by x}, and define N as the index set of these nonbasic
variables. In addition, for any § > 0, we define a “§-ball” around x* by

By = {x e P |x} < de}
Let r* be the reduced cost vector corresponding to x*. The primal and dual non-
degeneracy assumption ensures us to find an € > 0 such that

min Irj'l > €
jeN

Remember that the nondegeneracy assumption forces every member of C to be a
vertex of P and there are only a finite number of vertices in P, hence C has a finite
number of elements and we can choose an appropriate § > 0 such that

Il:,gﬂC:X‘ (7.17)

and
min \r'jlﬁ > €, vxf e By (7.18)
JEN

Recalling that
Jim [ = im [[%ur | =0
we have

PR S E
Jim [xjrj]" =0
Owing to the boundedness assumption, we know that the step-length e at each
iteration is a positive but bounded number. Therefore, for appropriately chosen € and &,
= e k12 B
if x* € B, which is sufficiently close to x*, we see that a;[.r}r}l < €8. Hence we can
define a set

S5 = {x‘ € B ‘m [_r}rj‘]: <eb.Vje N}

!
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Now, for any xt e S5 (7.18) implies that
i1 [\”2 Ir‘f| <8, Vje N
which further implies that
,\'}H" = r; —ay [(\1) r‘] <28, ¥YjeN

This means x**! € By; if x* € S, ;.

Now we are ready to show that x* is the only accumulation point of {x'} by
contradiction. We suppose that {x*) has more than one accumulation point. Since x* is
an accumulation point, the sequence (x¥) visits S, infinitely often. But because x* is
not the only accumulation point, the sequence has to leave S, ; infinitely often. However,
each time when the sequence leaves S s, it stays in By;\S, 5. Therefore, infinitely many
elements of [x¥) fall in B\ S, s. Notice that this difference set has a compact closure,
and the subsequence of {x*} belonging to B\ S, s must have an accumulation point in
the compact closure. Noting the definition of C, we know that every accumulation point
of [x‘] must belong to it. However, C is disjoint from the closure of By;\S, 5. This fact,
together with Equation (7.17), causes a contradiction. Thus x* is indeed the limit of the
sequence [x*).

More results on the convergence of the affine scaling algorithm under degeneracy
have appeared recently. Some references are included at the end of this chapter for
further information. ~

7.1.2 Implementing the Primal Affine Scaling Algorithm

Many implementation issues need to be addressed. In this section, we focus on the start-
ing mechanisms, checking for optimality, and finding an optimal basic feasible solution.

Starting the primal affine scaling algorithm. Parallel to our discussion for
the revised simplex method, here we introduce two mechanisms. namely. the big-M
method and nwo-phase method for finding an initial interior feasible solution. The first
method is more easily implemented and suitable for most of the applications. However,
more serious commercial implementations often consider the second method for stability.

Big-M Method. In this method, we add one more artificial variable x* asso-
ciated with a large positive number M to the original linear program problem to make
(I.1,....1) € R"*! become an initial interior feasible solution to the following problem:

Minimize ¢ x + Ma* (7.19a)
subject o [A|b— Ae] [1] =b. x>0 >0 (7.19b)
-l.l’f
wheree=(1.1..... ' e Rr".

T
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Comparing to the big-M method for the revised simplex method, here we have
only n + 1 variables, instead of n + m. When the primal affine scaling algorithm is
applied to the big-M problem (7.19) with sufficiently large M. since the problem is
feasible. we either arrive at an optimal solution to the big-M problem or conclude that
the problem is unbounded. Similar to the discussions in Chapter 4, if the antificial
variable remains positive in the final solution (x*.x*") of the big-M problem, then the
original linear programming problem is infeasible. Otherwise, either the original prob-
lem is identified to be unbounded below, or x* solves the original linear programming
problem.

Two-Phase Method.  Let us choose an arbitrary x® > 0 and calculate v = b—Ax".
If v = 0, then x° is an initial interior feasible solution. Otherwise, we consider the

following Phase-1 linear programming problem with n + | variables:

Minimize u (7.20a)
subject 1o [A[v] [E] =b. x>0, u>0 (7.20b)

It is easy to verify that the vector

“~(5)-(5)-»

is an interior feasible solution 1o the Phase-I problem. Hence the primal affine scaling
algorithm can be applied to solve this problem. Moreover. since the Phase-1 problem is
bounded below by 0. the primal affine scaling algorithm will always terminate with an
optimal solution, say (x".u* ). Again, similar to the discussions in Chapter 4, if u* > 0,
then the original linear programming problem is infeasible. Otherwise. since the Phase-1
problem treats the problem in a higher-dimensional space. we can show that, except for
very rare cases with measure zero, x* > 0 will become an initial interior feasible solution
to the original problem.

Note that the difference in dimensionality between the original and Phase-I prob-
tems could cause extra computations for a simpleminded implementation. First of all,
owing to numerical imprecisions in computers, the ontimal solution x* obtained from
Phase-1 could become infeasible to the original problem: In other words, we need to
restore primal feasibility before the second-phase computation. Second. the difference of
dimensionality in the fundamental matrices AX;AT (of the original problem) and AXGAT
(of the Phase-I problem) could prevent us from using the same “symbolic factorization
template™ (to be discussed in Chapter 10) for fast computation of their inverse matrices.
Therefore, it would be helpful if we could operate the Phase-1 iterations in the original
n—dimensional space.

In order to do so. let us assume we are at the kth itcration of applying the primal
affine scaling to the Phase-I problem. We denote

“ (i)

Saay o
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to be the current solution,

R X X s e
A=[A]v]. xx=[0‘ ,?l] and Ay = AX;

Remember that the gradient of the ohjective function is given by

(1)
]
hence the moving direction in the original space of Phase-1 problem is given by
a8 = —X 1 - ATAAD) A ¢t (7.2
where & = X,&. If we further define

w o= (AA) A (1.22)
then we have
& = %@ - ATwh) (7.23)
Simple calculation results in
AA] = JAXGAT + (2w (7.24)

and

A ak - X( 0 0 L 0 2
Adt =[A)v) [ 0 "k] ["7] = [AX( | v [;,T] = i)’y (1.25)
Combining (7.22), (7.24), and (7.25). we see that h
W= [AXPAT + (1w 1 )y (7.26)
Applying the Sherman-Woodbury-Morrison lemma (Lemma 4.2). we have
we— L
[(*)=2 + vT(AX{AT)-1v]

(AX;AT) v = AX;AT) 'y (71.27)

1
[()=2 +y)
where y = v/ (AX;AT)~'v. Plugging corresponding terms into (7.23), we see that

d = X @ - AT

. ([0] [XAT
=-X —| - k
(- G17)
__[% o] [ -xiaTw
0 ]|t (1= viwt)

=_[ —X}ATw ]

@) (1= vTwt)

(7.28)

Observing that

W (1 = vw') = (uh)? (l — ) -1
)y +y )24y
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we further have
pr 1 XEATAXIAT) (b - Ax")
Tk 4y —1

(7.29)

Notice that the scalar multiplier in (7.29) will be absorbed into the step-length and
the Tast element of the moving direction is —1. Hence we know that the algorithm tries
to reduce u all the time. In this expression, we clearly see the computation of dﬁ can be
performed in the original n—dimensional space and the template for the factorization of
AX;A can be used for both Phase | and 11.

In order to compute the step-length, we consider that

. wf )
# = ayd!

Similar to the previous discussion, the step-length can be chosen as

o = min -~ (Jf); <) forsome 0 < < |

An interesting and important point to be observed here is that the Phase-I iterations
may be initiated at any time (even during the Phase-II iterations). Once we detect that
the feasibility of a current iterate is lost owing to numerical inaccuracies that stem from
the finite word length of computers, Phase-1 iterations can be applied to restore the
feasibility. Hence sometimes we call it a “dynamic infeasibility cnm:clion:' procedure.
Sophisticated implementations should have this feature built in, since the primal method
is quite sensitive to numerical truncations and round-off errors.

Having determined the starting mechanisms, we focus on the stopping rules for the
implementation of the primal affine scaling algorithm.

Stopping rules. As we mentioned earlier. once the K-K-T conditions are met,
an optimal solution pair is found. Hence we use the conditions of (1) primal fcasihility.
(2) dual feasibility, and (3) complementary slackness as the stopping rules. However. in
real implementations these conditions are somewhat relaxed to accommodate the numer-
ical difficulties due to limitations of machine accuracy.

Let x* be a current solution obtained by applying the primal affine scaling algorithm.
The primal feasibility condition requires that

(I) PRIMAL FEASIBILITY

A =b. ¥ =0 (7.30)

v

In practice. the primal feasibility is often measured by

_IIAX — b

T T

with x>0 (7.31)
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Note that for x* > 0, if ay is small enough. we may accept x* 10 be primal feasible,

The addition of 1 in the denominator of (7.31) is to ensure numerical stability in

computation.

(1) DUAL FEASIBILITY

The dual feasibility requires the nonnegativity of reduced costs, i.e..
f=c-ATw >0 (7.32)

where w is the dual estimate defined in Equation (7.11). A practical measure of
dual feasibility could be defined as

oy = I (7.33)
gl el + 1 i

where [[r*]] and [Je|| are calculated only for those i such that r,-‘ < 0. When ay is
sufficiently small. we may claim the dual feasibility is satisfied by wh.
() COMPLEMENTARY SLACKNESS

The complementary slackness condition requires that

' =eXyrt =0 (7.34)
Since A\
o' — bWt = X, (7.35)
where x* is primal feasible and w is dual feasible, we may define
o, =c¢'x —p'w (7.36)

to measure the complementary slackness condition.

In practice, we choose . g and o, as sufficiently small positive numbers and
use them to decide if the current iteration meets the stopping rules. According to the
authors” experience, we have observed the following behavior for the primal affine scaling
algorithm:

At each iteration, the computational bottleneck is due to the computation of the
dual estimates w*.

2. Although the primal feasibility condition is theoretically maintained, the numerical
truncation and round-off errors of computers could still cause infeasibility. There-
fore. the primal feasibility needs to be carefully checked. Once the infeasibility is
detected. we may apply the Phase-1 “dvnamic infeasibility correction™ procedure
to restore the primal feasibility.

=

The value of the objective function decreases dramatically in the early iterations, but
the decreasing trend slows down considerably when the current solution becomes
closer to optimality.
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4. The algorithm is somewhat sensitive to primal degeneracy, especially when the
jteration proceeds near optimality. But this is not universally true. In many cases.
even with the presence of primal degeneracy. the algorithm still performs quite
well.

Finding a basic feasible sotution. Notice that, just like Karmarkar's algo-
rithm, at each iteration. the current solution of the primal affine scaling algorithm always
stays in the interior of the feasible domain P. In order to obtain a basic feasible solution,
the purification scheme and related techniques described in Chapter 6 can be applied here.

7.1.3 Computational Complexity

Compared to Karmarkar's projective transformation. the affine scaling transformation is
less complicated and more natural. The implementation of the primal affine scaling is
also simple enough. It does not need the assumption of “zero optimal objective value™
nor require the special “simplex structure.” By far. it is one of the most “popular”
variants of the interior-point method. According to R. Vanderbei. M. Meketon. and B.
Freedman's experiment, for problems with dense constraint matrices, their primal affine
scaling implementation takes about 7.3885m~*""7y™!%** jterations to reach an optimal
solution within € = [0~. The result was derived from the regression analysis of 137
randomly generated problems.

Although in practice the primal affine scaling algorithm performs very well. no
proof shows the algorithm is a polynomial-time algorithm. Actually. N. Megiddo and
M. Shub showed that the affine scaling algorithm might visit the neighborhoods of all
the vertices of the Klee-Minty cube when a starting point is pushed to the boundary.

Potential push method. To avoid being trapped by the boundary behavior, a
recentering method called porential push is introduced. The idea is to push a current
solution X* to a new interior solution &* which is away from the positivity walls but
without increasing its objective value. Then continue the iterations from %k, Figure 7.3
illustrates this concept.

In Figure 7.3, we move from x*~' to a new solution x* along the direction d}~'
provided by the primal affine scaling algorithm. Then we recenter x* to & by a “potential
push™ along the dircction d* such that x* and %* have the same objective value but X' is
away from the boundary.

To achieve this goal. first we define a potential function p(x), for each x > 0, as

n
px) == _log,x; (1.37)
=1

The value of the potential function p(x) becomes larger when x is closer to a positivity
wall x; = 0. Hence it creates a force to “push™ x away from too close an approach to

step (along df)
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step (along d*- 1)

Potential,
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Figure 7.3

a bouqdary by minimizing p(x). With the potential function, we focus on solving the
following “potential push” problem:

Minimize p(x) (7.38a)
subject to  Ax = b, x>0 (7.38b)
e/x=cx \ (7.38c)

Note that (7.38b) requires the solution of problem (7.38) to be an interior feasible solution
to the original linear programming problem; (7.38c) requires it 10 keep the same objective
value as x*: and minimizing p(x) forces the solution away from the positivity walls
Therefore, we can take the optimal solution of problem (7.38) as &*. .

Similar to our discussions for the Phase-1 problem, if we directly apply the primal
afﬁne Sfcaling algorithm to solve the potential push problem, we have a mismatch in
dimensionality, since problem (7.38) has one more constraint than the original linear
programming problem. In order to implement the potential push method in a consistent
framework with the primal affine scaling algorithm, we need to take care of requirement
(7.38c) separately. Also notice that we do not really need to find an optimal solution
to the potential push problem. Any feasible solution to problem (7.38) with improved
value in p(x) can be adopted as X-. '

One way to achieve this goal is to take x* as an initial solution to problem (7.38),
then project the negative gradient of p(x) onto the null space of the constraint matrix A
as a potential moving direction, say p*. But in order to keep the same abjective value,
we first project the negative gradient of the objective function ¢ x onto the null space
of A and denote it as 8. Then, the recentering (or push) direction &‘, is taken to be the
component of p* which is orthogonal to g. Finally, along this direction, we conduct a
line search for an optimal step-length.
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Mathematically speaking, we let P = T— A (AAT)™'A be the projection mapping
and Vp(x) be the gradient of the potential function. Then, we have

T -1 |
p==P(Vp(¥)) = [l - AT (AAT) A] (F) (7.39)
where
I [ I )T
F = (‘—I‘ ..... .‘#
Similarly,
g = —Pc=—[1-AT(AAT) "Alc (7.40)

We now decompose p* into two components, one along g and the mh.cr' orthogonal
10 it. The first component can be expressed as jg, for some j¢ > 0, since it is along the
direction of g. Therefore the orthogonal component can be expressed as

dt =p' - g (7.41)
Moreover, the orthogonal condition requires that
@)g=0 (7.42)
which determines the value of jz by
= ) (7.43)
S
and, consequently,
kT
& =p - ["’.) g] g (7.44)
' e'e

Figure 7.4 illustrates this situation.

Hg

df =pt - g Figure 7.4

e

Bt
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Now we focus on finding an appropriate step-length « such that the point x* is
translated to a new solution % = x* + xd" which has the same objective value as ¢ x*
but with a lower value in p(x). To do so, we conduct a line search along the direction
fl‘l. One of the easiest ways is via hinarv search. Note that the maximum value (say k)
that « can assume is given by

|
max { —(d* ); /.l'f }
J

=

(7.45)

Hence we only have to search for « in the interval (0,%) such that p(R*) assumes a
minimum value,
Several issues are worth mentioning here:

1. When the potential push method is applied after each iteration of the primal affine
scaling algorithm, since P needs to be evaluated only once for all iterations and
a binary search is relatively inexpensive, the evaluation of the potential function
required during the search becomes the most time-consuming operation associated
with the potential push.

2. The purpose of applying potential push is to gain faster convergence by staying
away from the boundary. If the extra speed of convergence obtained by potential
push appears to be marginal, then it is not worth spending any major effort in it.
Some coarse adjustments are good enough in this case. According to the authors

experience, no more than four or five searches per affine scaling iteration are needed
to estimate &,

ol

Recall that Karmarkar's potential function is given by (6.]8{. namely,
n
fixie) =nlog, (c'x) - Z log, x;
j=1

Hence f(x:¢) = log, (¢"x) — p(x). assuming that ¢/x > 0. When the potential
push is applied after each iteration of the primal affine scaling, we see the first
term in f(x: ¢) is reduced by the affine scaling and the second term is reduced by
the potential push. Thus the flavor of Karmarkar's approach is preserved.

4. Since the flavor of Karmarkar's potential function is preserved., it is conjectured that
primal affine scaling together with potential push could result in a polynomial-time
algorithm. But so far. no rigorous complexity proof has been provided.

Logarithmic barrier function method. Another way to stay away from the
positivity walls is to incorporate a barrier function, with extremely high values along the
boundaries {x € R" [x; =0, for some | < j < n). into the original objective function.
Minimizing this new objective function will automatically push a solution away from
the positivity walls. The logarithmic barrier method considers the following nonlinear

T T T I T T R R T e S ey S T : —
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optimization problem:

Minimize F,(x) = ¢/ x — jt Z log, x; (7.46a)
j=
subject o Ax =h, x>0 (7.46b)

where j¢ > 0 is a scalar. If x*(g) is an optimal :qolu:ion 10 prnhl*er.n‘ ('7.46)..1111.(][ if T:l{.,{:t:
tends to a point x* as p approaches zero, then it fnllovlvs that x* 15 annnlplfnf.n‘ so‘: ':‘( l
to the original linear programming problem. Also nuuf‘e (h.;n the ].msnw!t) ‘c‘n?a rflm
x> 0is uI:luaIly embedded in the definition of the I(?gunlhml‘c fun'clmrf, ch.L,.L. h(:r:r;z
fixed ¢ > 0. the Newton scarch dircctoinrl d,f at a given feasible solution x is obtal

by solving the following quadratic optimization problem:

Minimize éd"VEF,.(x]d+{{VF,.(x))Td (7.47a)
subject to Ad =10 (7.47b)
: (x) = ¢ — X ~e and VAF,(x) = X7
there VF,(x) =c - puX 'eand o i . .
o In c:thcr words. the Newton direction is in the null space of matrix A and it

minimizes the quadratic approximation of F,(x). We let &, denme.lhc vector of Lagrange
multipliers, then d,, and i, satisfy the following system of equations:

uX? Al d, =7(C—1t.’("e)
( A0 )\, 0

Letting ¢, = X~'pud,,, we have
I XAT $u\ _ (Xc - ue)
(J\X 0 Xy b 0

b, = —[1 - XAT(AX*A”) 'AX](Xe - jie) (7.48)

It follows that

and
d, = Alxu ~XAT(AXPAT)'AX)(Xe — pre) (7.49a)
It
Takine the given solution to be x = x* and comparing d,, with the primal affine
scaling moving direction d!, we sce that

d, = ldﬁ FX - XATAXIAT) 'AX e (7.49b)
"
The additional component X;[I — X AT(AXIAT)'AX; Je = X Pie can be viewed as

a force which pushes a solution away from the boundary. Hence some pe(.)ple cal! it
a “centering force.” and call the logarithmic barrier method a “primal affine scaling

algorithm with centering force.”
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While classical barrier function theory requires that x* solves problem (7.46) ex-
plicitly before y = j4;. is reduced, C. Gonzaga has pointed out that there exists juy > 0,
0<p<l.ande > 0sothat choosing d,, by (7.49), X+ = x' 4-ad,,,. and ju, = pyy
yields convergence to an optimal solution x* to the original linear programming problem
in O(y/nL) iterations. This could result in a polynomial-time affine scaling algorithm
with complexity O(n*L). A simple and elegant proof is due to C. Roos and J.-Ph. Vial,
similar to the one proposed by R. Monteiro and 1. Adler for the primal-dual algorithm.

7.2 DUAL AFFINE SCALING ALGORITHM

Recall that the dual Tinear programming problem of problem (7.1) is

Maximize bh'w (7.50a)

subject to ATw+s=rc. s>0, wunrestricted (7.50b)

Similar to the dual simplex method, the dual affine scaling algorithm starts with a dual
feasible solution and takes steps towards optimality by progressively increasing the ob-
jective function while the dual feasibility is maintained in the process.

Notice that problem (7.50) contains both unrestricted variables w € R™ and non-
negalive variables s € R". In this case, (w: s) is defined to be an interior feasible solution
if A"w +s=cand s > 0. Also note that for w-variables, there is no meaning of “cen-
tering” since they are unrestricted. But for s-variables, we can treat them as we treat the
x-variables in the primal problem.

7.2.1 Basic Ideas of Dual Affine Scaling

)
The dual affine scaling algorithm also consists of three key parts. namely, starting with
an interior dual feasible solution, moving to a better interior solution, and stopping with
an optimal dual solution. We shall discuss the starting mechanisms and stopping rules
in later sections. In this section we focus on the iterates.

Given that at the kth iteration, we have an interior dual solution (w*:s*) such
that A'w! + ' = cand s* > 0. Our objective is to find a good moving direction
(d* : d*) together with an appropriate step-length f; > 0 such that a new interior solution
(Wl sty s generated by

W =W gdt (7.51a)
s =6t 1+ gdt (7.51b)
which satisfies that
ATwH L ¢ (7.52a)
st (7.52b)
and
b"wi! > Wt (7.52¢)




v
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Plugging (7.51) into (7.52a) and remembering that ATw* +s* = c. we have a requirement
g 5
for the moving direction, namely.

Aldt +d =0 (7.53a)

u
In order to get belter objective value. we plug (7.51a) into (7.52¢). which results in
another requirement for the moving direction:
dl, > (7.53b)
b'd, =0

To take care of (7.52b). the affine scaling method is applied. The basic idea 15 to l"(.‘CL‘IliC}I;
; o ST , Tetanee e
date=(l.1.....0) &R in the transformed space such that the distance to L.d(.]
. ihi 3 - o o ]
positivity wall is known. In this way. any movement within unit distance certainly
eserves sitivity requirement. ‘
preserves the positiviny uire o e
Similar to what we did in the primal affine scaling algorithm. we define an @

i X S iag (st ich is agonal matrix with ' as its ith diagona
scaling matrix §; = diag(s’) which is a diagonal matrix . I

clement. In this way. §;'s' = e and every s-variable is transformed (or scaled) into a
new variable u > 0 such that
=8;'s (7.542)
and
s =S (7.54b)

Moreover. if d* is a direction of cost improvement in the transformed space. then its
% L n . . )
corresponding direction in the original space is given by
¥ = 8d, (7.54¢
d‘ = Sid". )
Now we can study the iterates of the dual affine scaling algorithm in the transformed
(or scaled) space. In order to synthesize a eond moving direction in the transformed
space, requirement (7.53a) implies that
kg g
Al +d =0=ATd, +8d, =0
AT t I AT gk _ gk
= §7'ATd +dl =0=8§'A'd, = -d,

Multiplying both sides by AS, ' we get
ASPATd = —AS, 'd]
Assuming that A is of full row rank. we abtain
db = —(AS;2AT) 'as 'd) (7.554)
By defining Q. = (AS,“AT) 'AS, ' (7.55a) is simplified as
d, = - Qud, (7.55b)
The above equation says that d?, is actually determined by d in (l_u: transformed
space. I we can find an appropniate direction d, such that (7.53b) is satisfied, then we
can achieve our goal. To do so. we simply let
d=-Q/h (7.562)
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then we have
b}, =b'Qud; = b"QuQ b = b Qi > 0
Combining (7.56a) and (7.55b). we see that
d), = (AS°AT) 'b (7.56b)

Consequently, from (7.53a). we have the following moving direction in the original
space:

di = -ATd! = -AT(AS?AT) b (7.56¢)

Once the moving direction (d* : d*) is known, the step-length £ is dictated by the
positivity requirement of s "' as in the primal affine scaling algorithm, namely,

L If d* = 0, then the dual problem has a constant objective value in its feasible
domain and (w':s") is dual optimal.

2. 1f d! > 0 (but # 0). then problem (7.50) is unbounded,

3. Otherwise,

as)
B = m}in j(;}v (rffj,— <0 where 0 <a < |

5

Note that, similar to the way we defined dual estimates in the primal affine scaling
algorithm, if we define

i -3 N
i (7.57)

. ko 2Tk . . . < <

then Ax® = AS“A7d) = b, Therefore. x* can be viewed as a primal estimate™ in
the dual affine scaling algorithm. Once the primal estimate satisfies that x* > (0, then
it becomes a primal feasible solution with a duality gap e/ ¥ - b7 wt.

A

Moreover, if
clx

I | : . . .
~b'wh = 0, then (w': ") must be dual optimal and " primal optimal. This
information can be used to define stopping rules for the dual affine scaling aleorithm,

7.2.2 Dual Affine Scaling Algorithm

Based on the hasic ideas discussed in the previous section. we outline a dual affine
scaling algorithm here,

Step 1 (initialization): Set & = 0 and find a starting solution (w"; ") such that
AT+ 8" = cand 8" > 0. (Details will be discussed later.)

Step 2 (obtain dircctions of translation): Let §; = diag (s*) and compute

d, =(ASA") b and d' = -A'd!

Step 3 (check for unboundedness): If d* = 0. then STOP. (w*:§') is dual
optimal. If d* = 0, then also STOP. The dual problem (7.50) is unhounded.




168 Affine Scaling Algorithms ~ Chap. 7

Step 4 (computation of the primal estimate): Compute the primal estimate as:
=-S{d;
i : t > 0 and e’x; —b7w; <€, whereeisa
tep 5 (check for optimality): If x* > X — b . s
:r::ssigned small positive number, then STOP. (w': s') is dual optimal and X is
primal optimal. Otherwise, go to the next step.
Step 6 (computation of step-length): Compute the step-length

= min —ai-l(d*).-<0} where 0 < @ < 1
ﬂk = i = df), s
Step 7 (move to a new solution): Update dual variables (w: s) by

w =+ fid,
$H ot 4 gt
Set k <k + 1 and go to Step 2.

Now we present an example to illustrate the dual affine scaling algorithm.

Example 7.2 ‘ . .
Consider the dual problem of Example 7.1 and solve it by using the dual affine scaling

algorithm. )
First note the dual problem is

Maximize 15wy + 15w

0 5 -
1 w) LR
0 ["‘2] + 3

I

Sl.52.53.58 20

oo -1

1

. -1
subject to i
0

; - X
It is easy to verify that W= [-3 ~3)Tands" =1 1 3 3)7 constitute an
initial interior feasible solution. Hence.

1000
23.53211
=2, T =y
So = g (') g 8 dy = (AS"A") "’[34.67890
0003
and
~23.53211
~11.14679
T —
& =-ATd)=| 5y
~34.67890
Then

o = —5;2d0 = (2353201 1114679 261467 3853217
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Although x° > 0. the duality gap is <7 x” — b7w" = 54.08257. which is far bigger than
zero. Hence the current solution is not optimal yet,

To caleulate the step-length, we choose o = 0.99. Consequently,

_ 099 x 1
T 235320

B = 0.04207

Updating dual variables, we have

w'= (=3 =37 004207 x (23.53211 34.67890)7 = (=2.01000 ~1.54105)  and
s'=001 3 27 £004207 x (2353211 —11.146789 -23.53211 ~34.67800)7

=(0.01000 0.53105 2.01000 1.54105)7

So far, we have finished one iteration of the dual affine scaling algorithm, Iterating
again. we obtain

3

=(=2.00962 —1.10149)7
s* =[0.009624 0.00531 2.00962 1.01494|7
X = (2980444 1480452 0.00001 0.19518]"
This time. x* > 0 and the duality gap has drastically reduced to
' — b7 w? = —44.80435 — (—45.36840) = 0.56404

which is clearly closer 1o zero. The reader may carry out ore iterations and verify that the
optimal value is assumed at w* = (=2 ~1)7ands* =@ 0 2 17 withan optimal ob-
jective value of —45. The comesponding primal solution x* is located at 30 15 0 0.

7.2.3 Implementing the Dual Affine Scaling Algorithm

In this section we introduce two methods, the “big-M method” and “upper bound
method.” to find an initial dual feasible interior solution for the dual affine scaling al-

gorithm. Then we discuss the stopping rules and report some computational experience
regarding dual affine scaling.

Starting the dual affine scaling algorithm. The problem here is to find
(w":s") such that Aw" +5" = ¢ and s" > 0. Note that, in a special case, if ¢ > 0. then
we can immediately choose w" = 0 and s® = ¢ as an initial interior feasible solution
for the dual affine scaling algorithm. Unforunately, this special case does not happen

every time, and we have to depend upon other methods to start the dual affine scaling
algorithm.

Big-M Method.  One of the most widely used methods to start the dual affine
scaling is the big-M method. In this method. we add one more artificial variable, say u,

TR TR T T YTy v
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d a large positive number M. Then consider the following “big-M" linear programming
and a la 5 ;
problem:

Maximize b'w+ Mu*

' 5
subject o A'w+pu’+s=c (7.58)

w. " unrestricted and s>10

i e ith ¢ ent, i =1..... n, is defined by
where p € R" is a column vector whase ith compon

1 ife <0
Pi=0 ife>0
s e w =0, w' = —6¢, and
. we define © = max|¢;|. set # > 1. and choose w .
Now, we define ¢ ; leil

— ¢4 6¢p. Itis clearly seen that (0; ¢ ¢ + gep)’ is feasible .m l.he big—M. problem
(57—'5:) wilhpé +H.F-p ~ 0. Hence we have found an initial interior feasible solution to the

i il | affine scaling algorithm. .
hig-M problem to start the dua . S— ) o
e N!:)lc that w* starts with —0¢ < 0 and is forced to increase in the iterative proce

i ime. we expec see that
since M is a large positive number. At some poimnt of time. \?.Ef c.\P;:lc.[ tc;v.xhun e
l ‘ ; i S8 igi 7.50) is infeasible. ¢
w" becomes nonnegative unless the nngmal .prohlem.[ .k) i e
approaches or even crosses zero at the kth ileration, we can take W = W= and s i
. o sl i iginal dual line amming pr
al affine sc thm for the original dual linear programi .
to start the dual affine scaling algori Bl il e pORAILIOCTR 2
(7.50). If w" does not approach or cross zero. then it can be shown lhdl'th original
r;;blcm (7.30) is infeasible. Showing this is left for the rcndcr. as an cxe“ru'.;v}l. e
’ Also note that both @ and M are responsible for the quantity of Mw*. Their va
could bc “tweaked™ simultaneously for numerical stability and robustness.

Upper Bound or Artificial Constraint Method. In this method, we assume that

A S inal
for a sufficiently large positive number M, one of the optimal solutions to the 01"]511:'\1
prirr‘ul.l linear pmgnu‘hminu problem (7.1) falls in the ball of S(0: M), and we consider

corresponding “upper-bounded” linear programming problem:
.. . T
Minimize ¢ X
subjectto Ax=b and 0<x=u

h M M M]" e R". The additional upper-bound constraints are
where u = | . . . . e . . - = : 1
artificially added to create a dual problem with a trivial initial interior solution. Actually
the dual of the upper-bounded problem is given by

. . 1 . T .
Maximize b'w—u’y

T g stricted
subject to ATw4s—v=c s>0, v=0, and w unrestricte

Vector v is sometimes called the vector of surplus 1'ul,;iru'1hu'. i!%e_m;ajbern(;g :::;
definition of ¢ and @ in the previous section, we see that w’ =0, v T (nufj >m‘;|;m
s = ¢+ #ce > 0 form an interior feasible solution to thc. dual upper-hound p! .
Subsequently. the dual affine scaling algorithm can be applied.

J
b v o e S .
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The success of this method depends upon the choice of M. It has to be sufficiently
large to include at least one optimal solution to problem (7.50). If the original lincar
programming problem is unbounded. the choice of M becomes a real problem.

Stopping rules for dual affine scaling. For the dual affine scaling algorithm,
we slill use the K-K-T conditions for optimality test. Note that the dual feasibility is
maintained by the algorithm throughout the entire iterative procedure. Hence we only
need to check the primal feasibility and complementary slackness.

Combining (7.56¢) and (7.57), we see thal the primal estimate is given by

X = -S0%d! = 8247 (AS;2AT) T 585

It is easy to see that the explicit constraints Ax = b are automatically satisfied for
any x* which is defined according to formula (7.59). Therefore, if x* > 0, then it must
be primal feasible. Also note that, if we convert problem (7.50) into a standard-form
linear programming problem and apply the primal affine scaling to it, the associated dual
estimates eventually result in formula (7.59).

Once we have reached dual feasibility at w' and primal feasibility at x*, then the
complementary slackness is provided by o, = ¢/ x* — b"w*. When . is smaller than a
given threshold, we can terminate the dual affine scaling algorithm.,

Experiences with dual affine scaling. In light of the fact that the dual affine
scaling algorithm is equivalent to the primal affine scaling algorithm applied to the dual
problem, similar properties of convergence of the dual affine scaling can be established
as we did for the primal affine scaling algorithm. The computational effort in each
iteration of the dual affine scaling is about the same as in the primal affine scaling. To
be more specific. the computational bottleneck of the primal affine scaling is to invert the
matrix AX{A” and the bottleneck of dual affine scaling is to invert the matrix AS; AT,
But these two matrices have exactly the same structure, although they use different
scaling. Any numerical method, for example, Cholesky factorization. that improves the
computational efficiency of one algorithm definitely improves the performance of the
other one.

Based on the authors™ experience. we have observed the following characteristics
of the dual affine scaling algorithm:

1. For a variety of practical applications, we have noted a general tendency that
the dual affine scaling algorithm converges faster than the primal affine scaling
algorithm. However, the major drawback of the dual affine scaling algorithm is
that it does not give good estimates of the primal variables.

2. The problem of losing feasibility in the primal affine scaling algorithm is not a
setious problem for dual affine scaling.  Actually, since the dual feasibility is
maintained by choosing appropriate d! = —A’d", one could approximate the
inverse matrix of AS; A’ in computing d?, and still obtain a feasible direction
d;. Hence the dual method is less sensitive to numerical truncation and round-off
errors.
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3. The dual affine scaling algorithm is still sensitive to dual degeneracy, but less
sensitive to primal degeneracy. . o o
4. The dual affine scaling algorithm improves its dual objective function in a very
. fast fashion. However, attaining primal feasibility is quite slow.

7.2.4 Improving Computational Complexity

affine scaling algorithm, there is no theoretic proof showing :-hc (|:J]';l|
: time i ! i s of “staying away from the
affine scaling is a polynomial-time algorithm. The philosophy of staying & ":y Trom e
; 0 ies here is 8 we intro
” in fa e also applies here. In this section,
to gain faster convergence a : . J Gl
oo ot arithmic barrier function method to improve the performance

Like the primal

power series method and log
of the dual affine scaling algorithm.

Power series method. In applying the primal affine sca}inkg ulg{;zﬂ\nl'gwlefd“ﬁ
take the step-length e to be infinitesimally .snmll..lhmuihc locus (_:t:;l :;:L(ion ! d
a continuous curve extending from the starting pomE X' to lhc. O]Eltll'l al ¢ x%
matter of fact. in the limit, we may pose the following equation:
ax@ _ o ¥y dh = -XI (c—ATW)
da @—0 o

as a first-order differential equation and d[u.mr;: lZ ﬁndJ ?I;:!':::?Trz?:::::\::;L:Lge;i}r::)s;

3::::?.?:::;":?”:?:& :?i::i???éli?;ei;&.:i:nglydt;:tungcn.lizll direction (or first-order
X . . .

appmTﬂn?:'i:]::):x:fst::sf:::c}:;g;lrz ?.?.n:;:cplci)ll':tl-grfd: approximation deviates fi mm.lhe

ccnlinuc_)us tmjcctéry easily. A highcr.-or(]lcr L;E[]::;?]xlr—sll;llt:nt1:“nl1ta\[d;l‘;l);rcl‘;;e;(\]v;l::gggg

i j ] al sc ; as

lr::]clll;::u):i ‘i?llcoui(i:z‘! ::Zh:ag:d':; 2‘[‘];2:?":[“:];5 of the continuous trajectory in terms of

truncated power series.

Continuous
trajectory

Order 2

Figure 7.5

B
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The same idea applies to the dual affine scaling algorithm, As a matter of fact,
a continuous version of the dual affine scaling algorithm may be obtained by setting
B — 0 and solving Equation (7.51) as a system of ordinary differential equations,
These equations will specify a vector field on the interior of the feasible domain. Our
objective here is to generate higher-order approximations of the continuous trajectories
by means of truncated power series.

Combining (7.56b) and (7.56¢), we first write a system of differential equations
corresponding to (7.51) as follows:

dw(fi) 5

i [AS(B) AT b (7.60a)

dp

ds(f) rdwif)

s g 5

ap T (7.60b)
with the initial conditions

w(0) =w" and s(0) = s (7.60c)

where 8(8) = diag (s()) with s(8) = 5% + fid, > 0.
In order to find the solution functions w(f}) and s(8) which trace out a continuous

trajectory, we may consider expanding them in power series at the current solution
w(0) = w" and s(0) = 5" such that

-

s I (lj\\'(ﬁ] 1 d'w(f)
T e
; : dBl |y g ],Zn 41 dBl |4 !

J' )

and

0, (] d’slﬂ)J = ( | ) [u’f.ﬂﬂi]
(B)=s + — _ = — 7.61b
s * Zﬁ (J') [ dfiy £=0 ;ﬁ TS dp B=0 : ]

j=1
i (L[ 1B)
! _(J!H dfy L:(,

for a function (), then (7.61) becomes

If we denote

a0
w(f) = Zﬁ-’w"” (7.62a)
=0
and
20
S =) pis<i (7.62b)
=0

Equation (7.62) can be truncated at any desirable order to get an approximation
of the continuous trajectory. Of course, higher-order truncation depicts the continuous
trajectory more closely but at higher computational cxpense. In general. to obtain a kth
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(k > 1) order approximation of w(g) and s(B). we need to compute w<i> and s</> for
i =1.....k But Equation (7.60b) implies that

s = —ATwI>, for j=1.2,... (7.63)

Hence the key is to compute w</> for j > 1. e .
We start with Equation (7.60a) and denote M(f) = AS(f) A?. Then we have

wt = (M) ' (7.64)

where M=% = M(0) = AS(0)~2A”. in which $(0)~? is the diagonal matrix with 1/(s}")’
being its ith diagonal element, and

dw(f) = (7.65a)
M(p) T
Taking kth derivative on both sides, we have
Z‘:( - ) [{I““"’M(ﬁ)] [,['I4l>f":ﬂ)] =0 (7.65b)
TN T dpith
j=n J'“ i dg
In other words. we have
«
S+ MW =0 (7.65¢)
j=0
which further implies that
k
: “eye MLy fork>1 (7.66)
ket o ——— ) IMT) M w . >
v ((k T l»)' ,Z_,:
Hence our focus is shifted to find M=~/ w2 for j=1.2..... k and compute

w41~ in a recursive fashion. ) ’ e
Remembering that M(f) = AS(B) AT, we let Y(B) = S(f) " be a diagonal
matrix with 1/¢s;(A))° as its ith diagonal element. Then. we have

Mot i gsi s o AR AT s o Ay g (7.67)

and

[
w’“'“-( ! )lM""‘l" AZjY“'”"s"’". fork>1 (7.68)

&+ 1 e

In order to compute Y/, we fusther define Z(f) = S(A)° to be a diagonal matrix
with (5;(8))? as its ith diagonal element. In this way. we see that

ZpY(H =1

Sec. 72 Dual Affine Scaling Algorithm 175

Taking kth derivative results in

3
ZZ.:bj;.Y,,‘\ =0. VE> 1

j=0
Consequently,
(-1
L A B DO S T Y (7.69)
j=t

where Y- = Y(0), which is a diagonal matrix with | Jts)? being its ith diagonal
clement, and Z7" = Z(0). which is a diagonal matrix with (s")? being its ith diagonal
element.

Now. if we know Z“* 7 then Y can be obtained by Equation (7.69). But this
is an easy job, since Z(f) = S(p)". Taking kth derivative on both sides. we have

Il
74 =ZS""'>'S""‘ (1.70)

j=0

where 8§/~ for each j is a diagonal matrix which takes the ith component of s™ /7,
ie. 57 . avits ith diagonal clement. In particular, $7°° = S(0). which is the diagonal
matrix with s{ as its /th diagonal element.

Summuarizing what we have derived so far, we can start with the initial conditions

W =wi=wh s g0 ="

Proceed with
w7 (MO 'b = [AS, AT,
and

717 = A

Remembering that Z7"* = Z(0) = diag ((s")°) and Y " = Y(0)) = 1Z(~". from
Equation (7.70), we can derive Z"'~. Then. Y*'> can be derived from Equation (7.69).
Now. recursively. we can compute w'** by Equation (7.68): compute s> by

sh=-ATwt (1.70)

for k = 2: compute Z*" by Equation (7.70): and compute Y- 2* by Equation (7.69).
Proceeding with this recursive procedure. we can approximate w(f) and s(f) by a power
series up to the desirable order.

Notice that the first-order power series approximation results in the same mov-
ing direction as the dual affine scaling algorithm at a current solution. In order to gel
higher-order approximation, additional matrix multiplications and additions are needed.
However. there is only one matrix inversion AS;*A” involved. which is needed anyway
by the first-order approximation. Since matrix inversion dominates the computational
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complexity of matrix multiplication and addition. it might be cost-effective to incorpo-
rate higher-order approximation. According to the authors™ experience. we found the
a Ju : !
following characteristics of power series method:

1. Higher-order power series approximation becomes more insensitive to degeneracy.
2. Compared to the dual affine scaling algorithm, a power series approximation of
order four or five seems to be able to cut the total number of iterations by half.

3. The power series method is more suitable for dense problems.

As far as the computational complexity is concerned, although it is conjectured that
the power series method might result in a polynomial-time algorithm, no formal proof
has yet been given.

Logarithmic barrier function method. Similar to that of the primal affine
scaling algorithm, we can incorporate a barrier function, with cx1rcmv..=ly.' high }'uiges
zalnn-;lllc bhoundarics {(w:s)|5; = 0. for some 1 < j < n}, into the original objective
function. Now, consider the following nonlinear programming problem:

"
i 7 v = Aw T2
Maximize F,(w. ) =b'w+ Z log,(c; — A;w) (7.72a)

j=1
subject to Alw<e (7.72b)

where jt > 0 is a scalar and AJT is the transpose of the jth column vector of matrix
A. Note that if w*(y2) is an optimal solution to problem (7.72), and il w (,u.) tends to
a point w” as ju approaches zero, then it follows that w* is an optimal solution to the
original dual linear programming problem.

The Lagrangian of problem (7.72) becomes

n
‘ s T Foroe T
Liw.2) =h"w+p Z]ﬂg{{(, —AjWi A (c—ATW)
=
i inli e . ary
where % is a vector of Lagrangian multipliers. Since ¢ Aiw :-.O. Ihi. (:‘nmplcmcnt. ry
slackness condition requires that i = 0, and the associated K-K-T conditions become
b—puAS'e=0. and s>0

Assuming that w* and s* = ¢ — A"w"' > 0 form a current interior dual feasible solution.
we take one Newton step of the K-K-T conditions. This results in a moving direction
f s

Aw = lms;f,\"r‘h —(ASPAT)'AS e (7.73)
"

i *AT)"'AS e is an additional term in

Compare to d*, in (7.56b), we sec that —(AS.‘ A")'AS, Te is an addit -

the logarithmic barrier method to push a solution away from the boundary. There ore,
z H 1 me e H g

sometimes the logarithmic barrier function method is called dual affine scaling with

centering force.
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By appropriately choosing the barrier parameter j¢ and step-length at each iteration,
C. Roos and J.-Ph. Vial provided a very simple and elegant polynomiality proof of the
dual affine scaling with logarithmic barrier function. Their algorithm terminates in at
most O(y/n) iterations. Earlier, J. Renegar had derived a polynomial-time dual algo-
rithm based upon the methods of centers and Newton's method for linear programming
problems.

Instead of using (7.72), I, Renegar considers the following function:

n
fw. By =tlog.(b"w — g) + Z log, (¢; — A: W) (7.74)
J=1
where 8 is an underestimate for the minimum value of the dual objective function (like the
idea used by Todd and Burrell) and 1 is allowed to be a free variable. A straightforward
caleulation of one Newton step at a current solution (w': s results in a moving direction
d,.(8) = y(AST°AT)'b — (AS2AT)'AS; e (7.75)
where
b (ASPAT)'AS e + bWt — g
=
(bTwh— B)* /1 + b1 (AS;2AT)'h

By carefully choosing values of ¢ and a sequence of better estimations {£*), J. Renegar
showed that his dual method converges in O(/nL) iterations and results in a polynomial-
time algorithm of a total complexity Q(n**L) arithmetic operations. Subsequently, P. M.
Vaidya improved the complexity to O(n*L) arithmetic operations.  The relationship
between Renegar's method and the logarithmic barrier function method can be clearly
seen by comparing (7.73) and (7.75).

7.3 THE PRIMAL-DUAL ALGORITHM

As in the simplex approach, in addition to primal affine scaling and dual affine scaling,
there is a primal-dual algorithm, The primal-dual interior-point algorithm is based on
the logarithmic barrier function approach. The idea of using the logarithmic barrier
function method for convex programming problems can be traced back to K. R. Frisch
in 1955, After Karmarkar's algorithm was introduced in 1984, the logarithmic harrier
function method was reconsidered for solving linear programming problems. P. E. Gill.
W. Murray, M. A. Saunders. J. A. Tomlin, and M. H. Wright used this method to develop
a projected Newton barrier method and showed an equivalence to Karmarkar's projective
scaling algorithm in 1985. N. Megiddo provided a theoretical analysis for the logarithmic
barrier method and proposed a primal-dual framework in 1986, Using this framework, M.
Kojima, S. Mizuno, and A. Yoshise presented a polynomial-time primal-dual algorithm
for linear programming problems in 1987, Their algorithm was shown to converge in at
most Q(nlL) iterations with a requirement of O(n°) arithmetic operations per ileration.
Hence the total complexity is O(r'L) arithmetic operations. Later, R. C. Monteiro and
L Adler refined the primal-dual algorithm to converge in at most Q(/nL) iterations
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. . . . 3
with O(n%) arithmetic operations required per iteration, resulting in a total of O(n*L)
arithmetic operations.

7.3.1 Basic Ideas of the Primal-Dual Algorithm

Consider a standard-form linear program:
Minimize c’x
subjectto Ax=Dh, x>0 (P)

and its dual:
Maximize b’w
subjectto ATw4s=c.  s>0. w unrestricted (D)

We impose the following assumptions for the primal-dual algorithm:

(Al) The set S = {x € R"| Ax = b, x > 0} is nonempty.
(A2) The set T = ((w:s) € R™ x R"|ATw 45 =c.s > 0] is nonempty.
(A3) The constraint matrix A has full row rank.

Under these assumptions, it is clearly seen from the duality theorem that problems
(P) and (D) have optimal solutions with a common value. Moreover. the sets of the
optimal solutions of (P) and (D) are bounded. o . ' .

Note that. for x > 0 in (P). we may apply the logarithmic barrier function technique,
and consider the following family of nonlinear programming problems (P,,):

n
Minimize ¢ x— gt Z log, x;
it

subject to Ax=bh, x>0

where st > 0 is a barrier or penalty parameter.

As it — 0, we would expect the optimal solutions of problem (P,,) to converge to
an optimal solution of the original lirear programming problem (.P). In order to prove
it. first observe that the objective function of problem (P,,) is a strictly convex function,
hence we know (P,) has at most one global minimum. The convex programming theory
further implies that the global minimum. if it exists. is completely characterized by the
Kuhn-Tucker conditions:

Ax=h, x>0  (primal feasibility) (7.76a)
Alwis=c $>0  (dual feasibility) (7.76b)
XSe — e =0 (complementary slackness) (7.76¢)

where X and S are diagonal matrices using the components of vectors X and s as diagonal
clements, respectively.
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Under assumptions (A1) and (A2) and assuming that (P) has a bounded feasible
region, we see problem (P,) is indeed feasible and assumes a unique minimum at x(y),
for each pt > 0. Consequently. the system (7.76) has a unique solution (x; w:s) e
R" x R™ x R". Hence we have the following lemma:

Lemma 7.5. Under the assumptions (A1) and (A2), both problem (P,) and sys-
tem (7.76) have a unique solution.

Observe that system (7.76) also provides the necessary and sufficient conditions
(the K-K-T conditions) for (W(z): s(u)) being a maximum solution of the following
program (D, ):

n
Maximize b'w + Z log, 5;
=t

subjectto A"w+s=c. $>0, w unrestricted

Note that Equation (7.76¢) can be written componentwise as

XiSj = p. forj=1..... n (7.76c")

Therefore. when the assumption (A3) is imposed. x uniquely determines w from Equa-
tions (7.76¢’) and (7.76b). We let (x{;1); w( #0): (1)) denote the unique solution to system
(1.76) for each p2 > 0. Obviously, we”see X(st) € S and (w(yu): s(u2)) € T. Moreover,
the duality gap becomes

2(t) = xtp) — b wip)
= (e ~ w() A)xip)
= s(;l)rx(u) =ny 177

Therefore. as s« — 0, the duality gap g(p) converges to zero. This implies that x(;¢) and
w(nt) indeed converge to the optimal solutions of problems (P) and (D), respectively.
Hence we have the following result:

Lemma 7.6.  Under the assumptions (A1)~(A3), as 1t = 0, x(2) converges to
the optimal solution of program (P) and (w(s.); s(p)) converges to the optimal solution
of program (D).

For 4t > 0, we let " denote the curve, or path, consisting of the solutions of system
(1.76). i.c..

T = {0xQa): W) st | (x): W)z s(z0))  solves (7.76) for some p > 0] (7.78)

As it — 0, the path T leads to a pair of primal optimal solution x* and dual optimal
solution (w*:s*). Thus following the path T serves as a theoretical model for a class of
primal-dual interior-point methods for linear programming. For this reason, people may
classify the primal-dual approach as a path-following approach.

Given an initial point (x"; w":s") € S x T. the primal-dual algorithm generates a
sequence of points {(x': w':s*) € § x T} by appropriately choosing a moving direction
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(d': d!: d') and step-length #* at each iteration. To measure a “deviation™ from the

we

curve T at each (x*: w*; s*). we introduce the following notations. for k = 0.1.2.....

oh=xlst. fori=1.2.....n (7.79)
I

¢a\c = ,_, ;(ﬁ, (7.79b)

Pt =minfgl: i=1.2....n (1.79%)

t
ot = Pue (1.79d)
¢m'm

Obviously. we see that 8* > 1 and (x*: w':s*) € T if and only if #* = 1. We shall
see in later sections, when the deviation #° at the initial point (x": w":s") € S x T is
large. the primal-dual algorithm reduces not only the duality gap but also the deviation.
With suitably chosen parameters. the sequence of points {(x*: w*: s') € § x T) generated
by the primal-dual algorithm satisfy the inequalities

X ST w = (1= 2/ N % - BT W) (7.80)
P 2 (-1 D)Wt =), if2<6t (7.80h)
<2 ifet <2 (7.80c)

The first incquality (7.80a) ensures that the duality gap decreases monotonically.
With the remaining two inequalities we see the deviation #* becomes smaller than 3 in
at most O(nlog8°) iterations, and then the duality gap converges to 0 linearly with the
convergence rate at least (1 = 2/(3n)).

7.3.2 Direction and Step-Length of Movement

We are now in a position to develop the key steps of the primal-dual algorithm. Let
us begin by synthesizing a direction of translation (moving direction) (df: d},: d}) at a
current point (x*: wh: ) such that the translation is made along the curve T to a new
point (x***: wh* ! §** 1), This task is taken care of by applying the famous Newton's
method to the system of equations (7.76a)-(7.76¢).

Newton direction. Newton's method is one of the most commonly used tech-
niques for finding a root of a system of nonlinear equations via successively approximat-
ing the system by linear equations. To be more specific. suppose that F(z) is a nonlinear
mapping from R” to R” and we need to find a 2* € R” such that F(z*) = 0. By using the
multivariable Taylor series expansion (say at z = z'), we obtain a linear approximation:

F@ + A = F@) + 32z (781

where J(z') is the Jacobian matrix whose (i. j)th element is given by

[aﬁ(z)]
3:, =2

e

e
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and Az is a translation vector. As the left-hand side of (7.81) evaluates at a root of
F(z) = 0. we have a linear system

JAz = - F() (7.82)

:\ solution vector of equation (7.82) provides one Newton iterate from 7* to 2*+! =
7 +d »}ulh a l.Vewr(:u.: direction d* and a unit step-length. When J(z*) is nonsingular and
the fmnmg point z* is “close erough™ to z*, Newton's method converges quadratically
to z". But thls.speclacular convergence rate is only a “local” behavior. For a general
nonlinear mapping F(z). if 2" is not close enough to z*. the Newton iteration may diverge
hopelessly.
Let us focus on the nonlinear system (7.76a—c). Assume that w i
et ; SYS . . Ass € are at a point
fx*: wk: sf) for some ;i > 0, such that x*.s* > 0. The Newton direction (d": d‘i:x:I‘)
is determined by the following system of linear equations: e
A 0 0 d Ax* —b
0 AT 1 &= |ATW+d —¢ (7.83)
S; 0 X‘ df X‘ Ske - u‘e

where X; and S; are the diagonal matrices formed by x* and st i iplyi
hers X and y X" and s', respectively. Multiplying

Adt =¥ (7.84a)
ATdE +d =t (7.84b)
Sidd + Xid = v (7.84c)
where
. N
t=b-Ax'. w=c-A"W -5 and v =ple—XSe (7.85)

Notice that if x* € S and (W*:s') € T. then " = 0 and u* = 0 correspondingly.
To solve system (7.83). we multiply both sides of Equation (7.84b) by AX;S; ™!
Then, we have -

AX:S{'ATd, = AX(S; vt - AX,S] ¢ (7.86)
Now from Equation (7.84¢). we have
d, = X;'V - X{'s,dt. (1.87)

Following (7.85). we denote X;'v* = u*X;'e — S, e as p*. Using Equati i
: e as p'. Us 7.84
the above equation would produce ‘ P ® Equaton (7842) in

AXiS'df = AXS;'pt - ¢ (7.88)
Substituting Equation (7.88) back into Equation (7.86) yields
d), = IAX:S; AT (AXiS] (uf — pb) + ) (7.892)

where X;S; " is a positive definite diagonal matrix.

/
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Once d*, is obtained, d* and d* can be readily computed by

d = —ATd, (7.89b)
and
d = X8 '1p* ~ d¥ (7.8%)
Again. for (x: w*: s*) € S x T. Equations (7.89a)-(7.89¢) are simplified as
dt = —JAD}AT)'AS 'V (7.90a)
d = —ATd (7.90b)
d =SV - Xid| (7.90¢)

where D} = X, S;" and Dy = diag (‘/x‘/s‘).
It is important 1o note that d*, d*. and ¢ in (7.90) are closely related. 1f we
denote vector

oo = XDV (o) (7.91a)
and matrix
Q =DAT(AD;AT)"'AD,

then (d*: d : d*) can be rewritten as

d =D - Qo {7.902")
df = —(Af)fAT)"Af)‘r‘(u) (7.90b")
d =0;'Qr' ) {1.90c")

Since matrix Q is the orthogonal projection matrix onto the column space of matrix
f)u\’. we see that

D;'d" + Ded! = Fp). (7.91b)
@y dt = D 'd ) Ded! =0 (191¢)

After obtaining a Newton direction at the kth iteration. the primal-dual algorithm
iterates to a new point according to the following translation:

le - xk +ﬂ‘d"
le —_-Wl +ﬁ‘df,y
S‘ 3 =Sk +ﬁ4df

with an appropriately chosen step-length % at the kth iteration such that x**' € S and
(Wl e T.
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Step-length and penalty parameter. When (x*: wt: s*) € S x T. the primal-
dual algorithm needs two parameters o and . such that 0 <t <a < | tocontrol the
penalty {or barrier) parameter ;i and the step-length §* at the kth iteration.

For the penalty parameter, remembering the notations defined in (7.79), since we

want to reduce the duality gap, ngh.. we may choose the penalty parameter to be a
smaller number by setiing

1t =odf, (7.92)

In this way. definition (7.85) implies that v* < 0.

As to the step-length 8. the choice is closely related to the complementary slack-
ness. Note that Equations (7.84¢) and (7.85) imply that xfd 4 stdt = b~ g}, Hence
the complementary slackness varies quadratically in terms of the step-length 8. since

P = (xF + pd ) (sf + Bd')

. L v (7.93a)
=¢i+ﬂ(,{ —¢i)+ﬂ-("-,‘l,\,)‘ i=102..... n

Moreover, since (d!)"d* = 0, we see the average complementary slackness, and hence
the duality gap. changes lincarly in B, ie.,

oetB) = (¥ + ﬂdf)T/(S‘ +Bd) fn =+ B -8l (7.93b)

Ignoring the quadratic term in (7.93a) and lowering the value 1t =gl bya
factor T < o, we can define a linear function

‘/I“ﬂ) = ¢r‘m‘n + ﬂ(l’¢:“ - ‘f’vlni») (1.94)

The function ¢! () can be either convex or concave depending upon the value of 1If'd“'.
For the convex piece. since df d* > 0. the curve of ¢*(B) lies above the curve of
Y5 for 0 < B < 1. However. a concave piece of ¢ (p) may intersect ¥*(f) as
shown in Figure 7.6. In order to control the deviation parameter 8* while reducing the
complementary slackness. we choose

o = max B |¢i‘(ﬂ)z§ll‘(ﬂ) for all B € (0. §).
O<B<l and i=1l...n} (795
Then the step-length £* at the Ath iteration is defined by

A =min{1.a"} (1.96)

The geometrical significance of o* and p* is depicted in Figure 7.6, It is clearly seen
from the figure that the choice of g* depends on the choice of 0 < 1 < 1 to ensure the
existence of o,

Note that when (x': w':s') € § x T, since (d*: d: d) is a solution 1o (7.84)
with ' = 0 and u* = 0. we know that Ax**' = b and ATw + s = c. Moreover, the
definition of o in (7.95) further implies that x**' > 0 and s > 0. In other words,
(Hwhldt ) e g T

RN T £ s

v eama
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7.3.3 Primal-Dual Algorithm
We now are ready Lo state the primal-dual algorithm as following:

Step 1 (initialization): Set k = 0 and find a starting solution (x"; w":s") € § x T.
Let € > 0 be a tolerance for duality gap and o, T be control parameters such that
D<r<a<l.

Step 2 (checking for optimality): If ¢/x* — b"w' < ¢, then stop. Otherwise,
continue.

Step 3 (finding the d:rectlon of translation): Define ¢!, and ¢, by (7.79). Let
it =o¢l, and v* = jife — X(Sce. Compute d!. d}, . d} according to (7.90).

Step 4 (calculating step-length): Compute o' by (7.95) and £ by (7.96).
Step 5 (moving to a new solution): Let
=t ,H*d“
b ghdl
1o gk phgh

Set k < k + 1 and go to Step 2.
7.3.4 Polynomial-Time Termination

Unlike the pure primal affine scaling and the pure dual affine scaling, the primal-dual al-
gorithm is a polynomial-time algorithm. The well-chosen step-length B* at each iteration
leads to the nice convergence results:

Theorem 7.3.  If the step-length * < 1 at the kth iteration, then
Ho —1) o - 1)
>

7.974
n(l =20 +6ka2) ~ n(l +a2)pt \paeth)

B>

Sec. 7.3 The Primal-Dual Algorithm 185
N W = (= (=) X - bW (7.97b)
O —o/r <=t —ofr)  ifa/r <6 (7.97¢)
<o/ e <o)t (7.97d)
where
L Mo —1)1
n(l+o?)+4(a - 1)1
On the other hand, if * = 1, then
el plwtt = alelxF — b’ wh) (7.98a)
ot < g/t (7.98b)
Proof. Let us define
Eopy _ o
?j (ﬂ) = ‘j)mm + ﬁ (ﬂ"‘ = nnn “lJtH ]” ﬂ /4 IT(){)}

where * (12°) is defined by (7.91a). What we want to prove first is that

oA =B Torfel01] and i=1.....n (7.100)

Note that the first two termg of Equation (7.93a) are bounded below by the first
two terms of Equation (7.99) for all # € [0.1]. Hence we only have to evaluate the
last qu.ldmm term. By (7.91b) and (7.91c¢). we know r*(;¢') is the orthogonal sum of
vectors D 'd¢ and Iy d‘ Therefore,

Dy 'dh); Dyl = ety — (Dyd), D), < [t 1274
Moreover, we see that

S-baky B b 5 B gk ; "

O 0Dy, = (D 'd) (D) - YD db B,

=i
2 0= It ) /4
Hence we conclude that (7.100) holds.
Now consider the case of ,ﬁ‘ < 1. We let y = max[B[9*(f) > y (). where

v l‘- defined by (7.94) with v = &. Since pf = (rqu_. with (7.96). we know

Lo
A =o' =y Morcover. putting (7.94) and (7.99) together. by computing a positive
solution of the equation

() = v A (7.101)
we gel
o — 1)t
ﬂi - ﬂ" 2 y = ave 7.102
IR fietoz)
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On the other hand. by (7.91). we have

SIGH: - o lgh) P
i=1

I

[l

= nd},. = 2oty +0 (@07 D @)

i=
< ngl (1 = 20 + 078 /)
= nd)_.f\c(l ~20 +a'9")
<ngh (1 +a?)8,  since #* > | (7.103)
Combining the last two inequalities in (7.103) with (7.102), we obtain the inequality

(7.97a).
Notice that x/d? + s'd} = p* — ¢} and (d)"(d}) = 0. We further have

“'#u/mZaﬁ“l—a/nm‘” )

m.
i=l

= ¢':\c + ﬁk(f‘k - d’ﬁ\‘e) (7.104)

Since 1f = agt, = a(c’x* — b7 wh)/n, Equation (7.97b) follows immediately.
Recalling the definitions (7.94). (7.95), and (7.96). we see that
P = ¥ (6') = b + B (131 — Giin) (7.105)
Together with (7.104). we have
gl _ & ¢j\1 + B (mf)m Q{"‘m] E
T :mu + ﬁ'l (r'#m = mm) T

_ (I - -6‘) (T¢'§\L r"t}:'man)
B [qi;knin * -Bl (rd)jvc - ‘ﬁlinm) It

I PO L (ot - 2) (7.106)
= (1= 28 pt r

When #* < o/r, the right-hand side of (7.106) becomes nonpositive. Conse-
quently, so does the left-hand side, and #**' < a/7. This proves (7.97d).
On the other hand, when #* > % (7.106) implies that

& gk
Tl HE Il (7.107)
o —rs[l | + 70 gt ( r)
Note that (7.97a) implies
4(0 —1)
gt > —— (7.108)
e n(l+o7)
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Substituting this inequality into (7.107). we have the result (7.97c).

Finally, let us prove (7.98a) and (7.98b) in case A = 1. Itis not difficult to see
that (7.98a) can be derived in the same way as we derive (7.97h). As to (7. 98b), we first
note that as g = 1,

Y = B fori=1.2.. ..n (7.109)
Hence,
H.( o d’:ﬁltl d’ju (ﬁ J a

= — 7.110
TS W) T 7 bty

and the proof is complete.

In view of Theorem 7.3, if k* is the earliest iteration at which #*" <o/t then
a a a
st sa-v(e"-2)+ 2 viak
T T T
and
foo O .
\= —. Yk=k
T

If such a k* does not exist, then 6* > o /r. ¥ k and

a L kfqo @ a
Zebt<(i-m (9 ——)+—. Yk
T T T
Notice that 0 < v < |, in either case we have
#* < max {nr/r H"} Yk

Then it is clear to see that #* gets smaller than (o/7) + 1 in at most Q(n log, 6")
(say. k) iterations, Consequently. it follows from Equation (7.97a) that
4l —a)o —1)

(l—o)pt2 ——— L vi>f (7.111
p n(!+a)(-—+l] - )

By the inequality (7.97b), the duality gap ¢/ x* — b" w* auains the given accuracy
€ and the iteration stops in at most

Ty _ BT
) (n log, (—-L‘—))
€

additional iterations. Hence the primal-dual algorithm terminates in at most

X0 — plwt
O(n log, 8"y + 0 (n log, (‘))
6
iterations.

There are various ways of setting the control parameters o and t such that 0 <
r <o <l Asaspecial case. we let @ = 1/2 and 1 = 1/4, then

hw'mr‘w:‘w*v e s e e
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and (7.80) follows. Also notice that at each iteration of the primal-dual algorithm, }he
computational bottleneck is the inversion of the matrix AD}AT. A direct ir.nplememm‘lon
requires O(n) elementary operations for matrix inversion and results in an O(n"L)
complexity for the primal-dual algorithm. Definitely. this complexity can be reduced by
better implementation technigues.

7.3.5 Starting the Primal-Dual Algorithm

In order to apply the primal-dual algorithm, we start with an arbitrary point (x*; w": s") €

R+ guch that X" > 0 and s° > 0.
1n case Ax" = b and ATw" + 5% = ¢, we know x" € S and (w":s") € T and we

have a starting solution for the primal-dual algorithm. Otherwise. consider the following
pair of artificial primal and dual linear programs:

Minimize ¢ x4 x4
subject to Ax+ (b — Ax"ixup =D (AP)
AW+ - x4+ x=2
(X2 Xn41: Xpe2) 20

where x,.) and x, 2 are two artificial variables and 7 and A are sufficiently large positive
numbers to be specified later:

Maximize b7 w + Ay
subject o ATw + (ATW" 45" — )iy +s=¢ (AD)
b-AXY Wt s =n
Wyt + Sps2 =0
(5180412 5042) 2 0

where 1,,.1. 5,41 and s, .2 are artificial variables.
Notice that if we choose s and A such that

7> (b—Ax") W' (1.112a)

A> (ATW 48— o) ¥ (7.112b)
then (x* &%, . x0..) and (W a® 8" 50, . 51, ,) are feasible solutions to the artificial
problems (AP) and (AD), respectively. where

[
Lnat = [
(1) U] T
D= -ATw' 45" - o'x
(4 —_
Wy = =1
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s =1 — (b= Ax") w®

0
Sas2 = l

In this case, the primal-dual algorithm can be applied to the antificial problems
(AP) and (AD) with a known starting solution. Actually. the optimal solutions of (AP)
and (DP) are closely related to those of the original problems (P) and (D). The following
theorem describes this relationship:

Theorem 74.  Let x* and (w*:5*) be optimal solutions of the original problems
(P) and (D). In addition to (7.112a) and (7.112b), suppose that

A> ATW 48" -0 x* (7.112¢)
and
7> (b - AxHTw (7.112d)

Then the following two statements are true:
.l
(i) A feasible solution (X, X,.y. ¥,22) of (AP) is a minimizer if and only if X solves
(P) and X,p4y = 0.
(ii) A feasible solution (W, W,,;:5.5,41. $,42) of (AD) is a maximizer if and only if
(W: §) solves (D) and 7,,,) = 0.

Proof. Since X" is feasible to (P). if we further define that x,, =0 and x},, = A-
(ATw'+s"—¢)Tx*, then (x*. x}, . 7, ) is feasible to (AP). Suppose that (X. Xy 1. Xps2)
is feasible to (AP) with x4y > 0. then

x = wTbh = wl A + (b — Ax")x,.)
Note that A7Tw* +s* = ¢, x,.; > 0. and (7.112d). We sce that
X 4l < (€= X+ ANy ST X+ Tx0s

since s*7x > 0. This means that (x. Xn+1. Xp42) cannot be an optimal solution to (AP) un-
less xq41 = 0. Furthermore, through the property of continuity. we know (x*. XpereXnga)
is an optimal solution to (AP). Therefore. if a feasible solution (X.X,.,.T,42) of (AP)
is optimal, then ¥4, = 0 and ¢’ X = ¢/ x*. Because X satisfies all the constraints of (P),
it must be an optimal solution to (P).

Conversely, if (X. 0, ¥,.2) is a feasible solution of (AP) and X is an optimal solution
of (P), then the objective value ¢'X + 71X, coincides with the minimal value ¢7x* +
nx,,,. Hence it is an optimal solution of (AP). This concludes the proof of pan (i),
Similarly. we can prove part (ii).

7.3.6 Practical Implementation

In the real implementation of the primal-dual algorithm, it is a very difficult task to keep
(x*: w*:s') € Sx T due to numerical problems. Also the choice of the control parameters
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areatly affects the performance of the algorithm.  Much effort has been devoted to
designing a version of the primal-dual algorithm for practical implementation. In this
section. we introduce one version of the primal-dual algorithm that allows us to start
with an arbitrary point (x": w":s") with x". 5" > 0. This version produces a sequence of
iterates [(x*: w;sh)), with x*.s* > 0. which leads to an optimal solution, although they
no longer stay on the curve of § x T. It is important to know that, at this moment, there
is no rigorous convergence proof for this version of the primal-dual algorithm, but it is
widely used in many commercial packages.

Moving direction. The basic idea of this version follows from the analysis of
Section 3.2. Assume that we are al a point (x*: w';s*) for some p* > 0, such that
x.s* > 0. The Newton direction (d*:d?:d*) is determined by Equations (7.89a)-

(7.89¢). Combining (7.89a), (7.89b), and (7.89¢), we have
d' = DP DX e — DR De + DiATAD]AT) 't (7.113a)
where f)f =Xi§, Pand P =1- l:),. .-\r(:\f)EA'r]"AI—)‘_ which is the projection matrix

onto the null space of matrix ADy.
If we further define that
d = 'DPDX e di = -DyPiDie and df

=D AT(AD]AT)

then (7.113a) becomes
d=d +d +d (7.113b)

Ny Vieas

The first term of (7.113b) is usvally called the centering direction. since in light of
the potential push, it is nothing but the projection of the push vector (1/x") which helps
the algorithm stay away from the walls of the primal polytope. The second term is called
the objective reduction direction, since it is the projected negative gradient of the primal
objective function which Ieads to a reduction in the primal objective function. The third
term is called the feasibility direction, since t* is a measure of primal feasibility. Also
note that Ad' = 0.and Ad} | = 0. Hence these two directions are in the null space of

matrix A, and the primal feasibility is solely affected by dl\,.....-

In practice. if we start with an arbitrary point (x"; w%: ) with x°, 8" > 0. the value
of 1" might be very large, since x” could be far from being feasible. At this point, the
main effort of the algorithm will be in finding a feasible point near the central trajectory.
Once a feasible solution is found (say. at the kth iteration) the algorithm will try to
keep t* =0 forall k' > k. except for the case that feasibility is lost due to numerical
truncation or round-off errors. In this way, ‘1‘\,.,,. will eventually vanish from the picture.

In a similar fashion one can carry out the analysis of moving directions on the dual
side, i.e, d* and d*. 1t is left as an exercise for the reader.

Step-length.  Once the moving direction is obtained, we are ready 1o move to a
new point (x* 7 wAH gy with f41 s 0 and s8> 0. To do so. we let

=X ! (7.114a)
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W= wh g gpd (7.114h)

RN
s = 4 gpd (7.114¢)

where fip and fij, are the siep- Iulﬂlhs in the primal and dual spaces. respectively. The
nonnegativity requirements of x**! and s**! dictate the choice of the step-lengths fp
and fi. One simple way. as we did before. is to take

|

. B ‘
max {1. —d! Jux!) (7.1150)

and

B = — [

max {1, —d! /asf} (7.115b)

X ky :
where @ < 1. (d}); is the ith cnmpnncnl of d‘ r, is the f[h component of x*, (d*); is
s
the ith component of d*. and ¥ is the th component of s,

Adjusting Penalty Parameters and Stopping Rules. Notice that the mn\'
ing direction at the kth iteration is determined by the value of the penalty parameter j*,
Strictly speaking, l]k translation described above has to be carried out several times for
afixed value of g, so llml the Newlton steps actually converge to the central trajectory
carresponding 1o that 1. However. it is apparent that doing so would be an “overkill.”
Recall that at optimality ¢* has to be brought to zero to s.m\f\ the complementary slack-
ness. Therefore. in practical implementations, the value of j¢* is reduced Irom iteration
to iteration and only one NL\\[U!] step is carried out for a given value of j*.

The way in which ;% can be reduced at c.th iteration is suggested by the alunrllhm
itself. From Equation (7.76¢) we see that j = s’ x/n. Plugging in the values of x* and
s' gives us a reasonably good measure of the penalty par.lmuer for the ulmnl point.
According to our experience. sometimes. a lower value of ji, say. a[(s") %" |/n with
@ < L. could accelerate the convergence of the algorithm. There have been other similar
ideas reported by various authors on the choice of 1%, Nevertheless. the above simple
rule seems to work well for a variety of practical problems solved by the authors.

As lar as the stopping rules are concerned. we may check the primal feasibility. dual
teasibility. and Lmnplclmnl iry slackness. Notice that the pr:mdl feasibility is measured
by t*, dual feasibility by u*, and complementary slackness by v* as defined by (7.85).

Step-by-Step Procedure. As a summary of our discussion, we now provide
a step-hy-siep procedure for the implementation of the new version of the primal-dual
interior-point algorithm.

‘ilup I (starting the algorithm): Set £ = 0. Choose an arbitrary (x"; w": s} with
>0 and s” > 0. and choose sufficiently small positive numbers ¢, ¢, dnd €1
.\tvp 2 (intermediate computations): Compute

b (xi)?rs‘

n

T
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= b Ax, ut = c— ATW — ¢, v = e — XiSpe, pt = X;'vE, and
ﬁf = X;S[j. where X; and S are diagonal matrices whose diagonal entries are
x and s}, respectively.
Step 3 (checking for optimality): If
[1t]] [ull
k <6, and
S T T el +1

then STOP. The solution is optimal. Otherwise go to the next step. .
[Note: ||u]| and ||e]| are computed only when the dual constrau.ns are violated.
If u > 0, then there is no need to compute this measure of optimality.|

Step 4 (calculating directions of translation): Compute

d = (Af)f:\'r)il (D5 (u* ') + 1)
d=ut - ATd,
d =D; (p' - d))
Step 5 (checking for unboundedness): If
¢ =0 d >0 and 'd\ <0
then the primal problem (P) is unbounded. If

=0 d >0 and b'd} >0

then the dual problem (D) is unbounded. If either of these cases happens, STOP.
Otherwise go to the next step.
Step 6 (finding step-lengths): Compute the primal and dual step-lengths

1

fr =

and
1
T max {1, —d! fas }

fo
where @ < 1 (say. 0.99).
Step 7 (moving to a new point): Update the solution vectors
ek 4 Bpd!
W w4 B!,
§ st + fpd!

Set k < k + 1 and go to Step 2.
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Now we present a numerical example to illustrate the algorithm.
Example 7.3

Consider the same problem as in Example 7.1 and Example 7.2. We begin with an arbitrary

assignment of X = [1 1 1 117, w0 =10 0" s = (1 1 1 117, With this

information, we see that X;,. Sy and ]3(2] are all equal to the identity matrix I, and 1" = 1.
We now compute

t"=b-aAx"=[14 137, W=c-ATw =13 0 -1 —y7
V=pe—XpSee=10 0 0 0, P=X"Y"=m 0 0 o

Therefore,

Al 04 02717107 _[64
d) = (ADOATI) [AD“ (u" - pn} + t"] = [012 U.ﬁ] [ IZ] — [”_2]

d=u"- AT = [—94 —28 —74 —102)’
d=D}p"—d" =94 28 74 1027

Although dY) > 0 and ¢ d" < 0. we see from t" that the primal is still infeasible at
this moment. Hence we proceed further.

We choose o = 0.99. Using the formula to compute the step-lengths, we find that
Bp=1.0and Bp = 1/10.30303 = 0.097059. Therefore the updated solution becomes

=01 1 1 nT+10x 94 28 74 1027
=104 38 84 11.2)7

s'=10 1 1 1T 400097059 x [-94 —28 —74 —10.2)7
= [0.08765 0.72824 0.28176 0.00999] "

and
wl = [0 0] +0.0.097059 x [6.4 92]7 = [0.62118 0.89294] 7
The new solution x' is already primal feasible. which is in tne with our previous

discussions. The reader is urged to carry out more iterations to see that an optimal solution
with

=305 0 0 w=1-2 -7 and s'=q(0 0 2 117

is finally reached.

7.3.7 Accelerating via Power Series Method

As we discussed before, ideally it takes several Newton steps for a given penalty pa-
rameter to get onto the central trajectory, although we found that in most cases it is
adequate to carry out only one Newton step for each penalty parameter. In order to track
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the continuous central trajectories more closely, we may 'considcr .using the power-series
approximation method as we did for the dual affine scaling algorithm. ) .

To simplify the discussion. we choose the smnl!er one between fp an ‘ B as
common step-length A for both the primal and dual iterations and focus on a cyne:t
point. say (x": w";s%). In the limiting case of § — 0, (7.84) can be rewritten in the
following continuous version:

dax(p)

=t (7.1162)
A— ()
rdwih)  dsiB) _ gy (7.116b)
A
dx(B) ds(p) 7.116¢)
X(B) = = V(B @a.
S(8) T +X(B) ap

(0) = =" t(B) = b - Ax(B). u(p) =
such that x(0) = x*, w(0) = w". and s(0) = s". where )
:— ATw(f) — s(B). v(B) = je — X(B)S(B)e, and X(B) and S(B) are the diagonal
i > di 3 i i spectively.
matrices whose diagonal elements are x;(8) and s;(8). respectivel )

Now. what we have to do is to find a solution to the system d.epxcted by Equa-
tion (7.116) in the form of a truncated power series. This can be came.d ou|'e.xacl]y as
we did for the dual affine scaling algorithm. The only difference. is that, in addition to the
expansions of w(g) and s(B). we need to consider the expansions of x(8). t(B). u(ﬂ.).
and v(B) around: B = 0 as well. Owing to the similarity in procedure. the algebraic
simplifications are left for the readers as an exercise. o '

e Based on our experience, we note the following characteristics of the primal-dual

interior point algorithm:

1. The algorithm is essentially a one-phase method.

2. The computational burden per iteration is more or less the same as that of the
primal or the dual affine scaling algorithm. ' '

3. The improvement in convergence rate obtained by p.erffmmng the power series
enhancement to the primal-dual algorithm is not as significant as we obtained in
the dual aftine scaling algorithm. . o

4. Owing 10 its “self-correcting nature™ (at least, in the case of restoring f:eilSIhlhly
that might have been lost due to numerical errors of computers). the primal-dual
algorithm is found to be numerically robust.

7.4 CONCLUDING REMARKS

In this chapter we have studied the basic concepts of affine scaling including the pnma.l.
dual, and primal-dual algorithms. Many extensions have been made to enhance the bzm::
affine scaling algorithms. However. it is important to t!nderst.and that the rcsearc!l wol

in this area is still ongoing. Different barrier functions mcludl.ng the entropy and inverse
functions have been proposed. Unfortunately, no polyromial convergence result has
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been achieved at this moment. A unified treatment will definitely help the development
of the interior-point methods for linear programming. The idea of using interior-point
methods to solve quadratic and convex programming problems with linear constraints

has also been explored by many researchers. We shall study these interesting topics in
later chapters.
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EXERCISES

7.1. You are given two algorithms, i : s of i i
Algorithm B solves Iiicar pTogr[:n:l;?n: -p:llsl(:r:::m A ol systems oftincar equatons
{a) How can you use Algorithm A to solve a linear programming problem?
(5) How can you use Algorithm B 1o solve a system of lincar equations? ‘
(¢} Combining (a) and (b). what is your conclusion? Why? B

7.2, Consider the following lincar programming problem: )

Minimize -y +1
subject to n-xy=0
Ntoe+antyg=1

AL X2 XLy >0

(a) Drsz (;l gmp}h of its feasible domain. Notice that (0.0,0.5.0.5) is a vertex Use the
revised simplex method to find its ing directi i isplay it o
oo pl od to find its moving direction at this vertex and display it on the

(h {\Y(:e lh.at (((),.OIL.IO.O'I( .0.49.0.49) is an interior feasible solution which is “near” to the
ertex in (a). Use Karmarkar's algorithm to find its moving directi is soluti
and disply 5 o e s, its moving direction at this solution

(c) Use the primal affire scaling algori ind i i

s g algorithm to find its moving direcli F
0.01, "'("Z 0.49.0.49) and display it on the graph. e daton.

(d) Usce 'lhc Prlnlfll affine scaling algorithm with logarithmic barrier function to find its
moving direction at (0.01. 0.01.0.49. 0.49) and display it on a graph

(e) Compare the directions obtained from (a)-{d). What kind of observations can be made?
Do you have any reason 10 suppont your observations? .

73. Fncuﬁ on .Ihc same linear programming prohlem as in Exercise 7.2.

{a) Find its dual problem and draw a graph of the dual feasible domain.

(b) Show that (1. =2) is an interior feasible solution 1o the dual lincar program.

(c) A.pply l!lt.‘ dual affine scaling algorithm 10 find its moving direction at this point and

dlspl.ay it on the graph of the dual feasible domain.
(d) Is this moving direction pointing o the dual optimal solution?

(e) App!y lhe_ du{ll aﬂinc’ sculing algorithm with logarithmic barrier function to find its

movmg‘d)rc'clmn at this point and display it on the graph of the dual feasible dnmain.

(D Is the direction obtained in (e) better than that in (c)? Why? '

7.4. Focus on the same linear programming problem again.
(a) Slan!ng with the primal feasible solution x = (0.01.0.01,0.49, 0.49) and dual feasible
ioluuon w=(l-2), up.!)ly the primal-dual algorithm as stated in Section 7.3.6 under
§lcp-hy-Slcp Procedure™ to find its moving directions d, and d,,..
(b) Display the moving directions on the corresponding graphs.
(¢) Can you make further obscrvations and explain why?
75. G{ven a linear programming problem with bounded feasible domain. if the problem is both
primal anfl dual nondegenerate and x* is a primal feasible solution. show that
(a) AXy is of full row rank (assuming that m < n).

(b) The set C defined i i ‘o i
domaim ed in (7.15) is a set of vertices of the polytope P of primal feasible
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7.6. Consider a lincar programming problem with lower bounds:

Minimize ¢'x
suhject 1o Ax=bh

x>q

where A is an m x n matrix with ful) row rank and g € R".

(a) Convert it into o standard form lincar programming prohlem with exactly n variables.

(b) Find the dual lincar program of (). Show that when ¢ = 0, a regular dval program is
obtained.

(c) Our objcctive is 10 design an interior-point methad 1o solve the problem. The basic
philosophy is to map a current interior solution ¢ 1A =band ¥ > ¢ )t the
“center” of the first orthant of R Gie.e=(l,.... nh.

(i) Find such a tansformation and prove it is one-to-one and onto from the set [x €
R"|x > q) o the set {y € R" |y > 01

(i) Write down the comesponding hnear program m the wransformed space.

(iii) In the transformed space. project the negative gradicnt of the objective function into
the null space of the constraints. What is the moving direction?

(iv) Derive the corresponding moving direction in the original spice.

(v) Apply the primal aftine scaling algorithm to the converted standard lincar program
of (a). Compare the moving dircction with the one ohtained in (iil). What is your
conclusion?

(¥i} Continue the work of (ini). haw do you choose an appropriate step-leagth o keep
feasibility”?

(vii) Give the formula for updating a current interior solution.
(viii) What is your stopping rule?

(ix} How du you find an initial interior solution?

(x) Finally. state a step-by-step procedure to solve a lincar programming problem with
lower hounds.

7.7. Consider the primal affine scaling with logarithmic harrier function. Define Pay, to be
the projection map onto the null space of mutrix AXq. and show that the moving direction

(7.49a) a1 a current solution X! can be written as

) Xic
&b = -XiPax, (’,',T - °)

7.8. In this problem. we try to outline a proof showing the primal affine scaling algorithm with
logarithmic barrier function is a polynomial-time algorithm. This proof is due to Roos and
Vial.

(a) Show that

—_——t

w

Xic Xezed it imi
Pax, (—‘T -e] = s 1 ! -e where ’(x" "‘) minimizes
n "

with the constraints ATy +2 = cand y € R™. [Hins: Consider the first-order optimality
conditions of the minimization problem.|
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{(h) Problem (2) indicates that the 2-norm of

X
Pax, (“; - *‘)
I

c;lm be used as i measure for the distance of a given point x* 10 the point x*{e*) on
the central trajectory. Let us denote this distance measure by 8ixt. ity e

X
Pax, (-‘Tc - &‘)
it

Show that A‘(x‘(u‘). #*) =0 and 'l,(x‘(u‘l.ﬂ‘) = z(u‘).
() A new solution is given by X *! = ¥ £ d* | Show that
4

Mx‘./l‘) =

2 ko
dot g X0

I
d ce that. if Sixk 1ehy o iy P
(d) :::x‘tllhd'i if :Slx ; I l‘ < l: lAhc'n Xt .‘ Vis an interior feasible solution to (P). Moreover,
’ ) ) .‘[l ': < dtx l. #%). This implies than it we repeatedly replice by x**'. with

xed g7 then we obtain a sequence of ponts which ¢ ’ 8) quadrati

b s s converges o X* (e adraticy

(e) Choose 0 < # < | and let gt = (] - #yt . Show tha e duadaically.

YIS ! . -
sty I—?(.S(x‘ Lty s ai)

o Sixk ok
() Lv.l.:S(x My < a‘de = 1/6/n. Show that Six* 1) < 12
[[:3] 'Nnm:c llllal \v’hcn z‘(x .l/c" ) is determined. then vox* . 780 is adso :Iclcnnincd by ATy +
z=c¢. Now, if §¢*. 1ih) < 1, show that yOh ety iy dual feasible, Momovcr' ’
? [ . .
i = st v i < ol oW vk ety < b +axd . iy

th) (r:m:n a.r,l m‘x)llul interior feasible solution x* > 0 and a barrier parameter 3¢® > 0 such
" <1/ . sl itive i : .
that 87 4% = 172 Aba et ¢ be a large positive integer. We state our algorithm as

follows:
begin
#i= 10 x =X g
while npt > ¢7 do
begin
722X ),
s
Xi=2x - »x-wl.
n
pe= A1l - Hiyp;
end
end

1. 0 -_ (LI | the, . B
; cl ¢ Iog,,fnu L ..m(l show that the algorithm terminates afier at most olg—¢"
Herations. The final points x and ¥(x. j) arc interior soluions satisfying

3
x- b yix. 0 = 5¢ 9
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