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Potential Function '

Let () be a bounded polytope in R represented by 7. (> m) linear inequalities

Q:{yERm:c—ATyZO},

where A € R"™* ™ and ¢ € R" are given and A has rank m. Denote the

interior of {) by
intQ={yecR™:c— Ay > 0}.

—ay y € (Q,

||::]:

where a _; is the jth column of A.
B(y) :=logd(y) = Zlog(cj — a_j;-y) —= Zlog Sj
j=1

—B(y) is the classical logarithmic barrier function.
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Analytic Center I

The interior point, denoted by y* and 5% = ¢ — A’ y?, in () that maximizes the

potential function is called the analytic center of (2, i.e.,

B(y") = max B(y).

(y®, s*) is uniquely defined, since the potential function is strictly concave in a
bounded convex int ().



Yinyu Ye, Stanford Lecture Note #05

Analytic Center Condition I

Setting VB(y, Q) = 0 and letting 2% = D(s%) !¢, the analytic center
(y®, s) together with 2 satisfy the following optimality conditions:

D(z)s = e
Az = 0 (2)
~Aly—-s = —c

Note that adding or deleting a redundant inequality changes the location of the
analytic center.
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Examples I

Consider {2 = {y € R: —y <0, y < 1}, whichis interval [0, 1]. The analytic
centeris y* = 1/2 W|tha: = (2,2)T.

Consider

n times
_ A

Q’:{yER:ng,,—ygﬁ,ygl},

which is, again, interval [0, 1] but “—1 < 0” is copied 7 times. The analytic

center for this system is y* = n/(n + 1) with
z® = ((n+1)/n, -+, (n+1)/n, (n+1))".
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Analytic Center for SDP I

Let () be a bounded convex set in R represented by n (> m) a matrix

inequality, i.e.,

Q:{yERm:C—Z%AiEO,}.

Let S =C — > " y; A; and

B(y) := logdet(S)) = logdet(C' — Z%Az) (3)

The interior point, denoted by y® and S* = C' — >~ " y* A, in () that
maximizes the potential function is called the analytic center of (2, i.e.,

B(y®) = max B(y).

ye
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Analytic Center Condition for SDP I

Setting VB(1,2) = 0 and letting X ¢ = (S%) ™!, the analytic center (%, S%)

together with X ¢ satisfy the following optimality conditions:
XS = 1

AX = 0
—Aly—-S§S = -C.
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Potential Functions for LP '

For x € int 7, and (y, s) € int F it is defined by

n

Vntp(T,8) = (n+ p)log(z es) — Z log(z;s;), (5)
j=1
where p > 0.
Vnap(r,8) = (n+p)log(chz —bly) — i logx; — i log s
j=1 j=1
— Pn—i—p(xv b y) o zn: lOg Sj
j=1
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Potential and Duality Gap I

Pt p(,5) = plog(a7's) + (2, 5) > plog(a”s) + nlogn,

then, for p > 0, 1,4+, (2, s) — —o0 implies that zl's — 0.
More precisely, we have

(tepl.) ~nlogn,

zls < exp

A potential reduction algorithm generates sequences {z”*, y", s*} € int F such
that

¢n+\/ﬁ(ajk+1’yk+1’ 1Y < ¢n+\/ﬁ($kayk>3k) _ 05
for k = 0, 1,2, .... This indicates that the level sets shrink at least a constant

rate independently of m or n.
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Potential Functions for SDP '

Forany X € int F, and (y,S) € int Fy,

Prip(X,2) = (n+p)log(C e X — 2) —logdet(X), z<z%

Brip(y, 2) == (n+ p)log(z — b’ y) —logdet(S), z> 2",

where p > (0 and z* designates the optimal objective value.

Untp(X,8) = (n+p)log(X e5) —log(det(X) - det(S5))

(n + p)log(C ¢ X — bly) — logdet(X) — log det(S)
= Pui,o(X,b"y) —logdet(S)
=  But,(5,C e X)—logdet(X),

10



Yinyu Ye, Stanford Lecture Note #05

Potential and Duality Gap I

Yo (X,S) > nlogn.

Unip(X,8) = plog(X e 5) + 1, (X, 5) > plog(X e 5) +nlogn.

Then, for p > 0, 9,1 ,(X, S) — —o0 implies that X ¢ .S — (. More
precisely, we have

wn—l—p(Xa S) - nlogn
0

X o5 < exp(

).

11
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Central Path for LP '

The central path can be expressed as

. Tes
C = {(az,y,s) ceintF: Xs= - e}

in the primal-dual form. We also see

C={(z,y,s) €eint F: ¥,(x,s) =nlogn}.

12
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Central Path for SDP '

The central path can be expressed as

X
C:{(X,y,S)Eint]::XS: .S]}

n

in the primal-dual form. We also see

C={(X,y,5) €eint F: ¢¥,(X,S) =nlogn}.

13
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Derive Central Pth from Primal '

(P) minimize cex — E?Zl log x;
s.t. Ax =0, x > 0.

(P) minimize C oS — plogdet(X)
s.t. AX =b, X = 0.

14
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Derive Central Path from Dual '

(D) maximize bly+ pu 22:1 log s;
s.t. ATy +s=¢, s>0.

(D) maximize b1y + plogdet(S)

s.t. Al'y+8=C, S = 0.

15
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The Geometric Intepretation I

Let y“(2) be the analytic center of:

Qz)={yeR™:c— Aty >0, bly> 2},
where z < z™. Then
{y®(z) : 2" < z < 0}
is dual side of the central path for LP.

Let y“(2) be the analytic center of:
Qz)={yeR™:C—-Aly =0, bly> 2z}

where z < z*. Then
{y®(2) : 2" < z < 0}

is dual side of the central path for SDP.

16
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Central Path Property.

Theorem 1 The central path points (x(1t), y(p), s(1)) and
(X (), y(w), S(p)) exist, and are bounded and unique.

17
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The objective hyperplanes )

Figure 1: The central path of y(z) in a dual feasible region.

18
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More Properties for LP I

Theorem 2 Let (1), y(1), s(it)) be on the central path.

i) The central path point (x(11), s(j1)) is bounded for 0 < p < i and any
given 0 < ¥ < oo.

i) ForO < 1/ < p,

cha(p') < cla(p) and bly(u') > b y(w),

ifx(u') # x(p) andy(p') # y(p).

iii) (z(u),s(i)) converges to an optimal solution pair for (LP) and (LD).
Moreover, the limit point 2:(0) p+ is the analytic center on the primal optimal
face, and the limit point s(0) z+ is the analytic center on the dual optimal face,
where (P*, Z*) is the strictly complementarity partition of the index set

{1,2,...,n}.

19
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More Properties for SDP I

Corollary 1 Let (X (1), (1), S(i)) be on the central path.

i) the central path point (X (1), S(1t)) is bounded where 0 < 11 < 1 for any
given 0 < ¥ < oo.

ii) ForO < 1/ < p,

CeX(y')<CeX(p) and b y(u') >b"y(n),

if X (u') # X () andy(p') # y(p).

iii) (X (), S(w)) converges to an optimal solution pair for (SDP) and (SDD),
and the rank of the limit of X (11) is maximal among all optimal solutions of

(SDP) and the rank of the limit S (1) is maximal among all optimal solutions
of (SDD,).

20
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Important Lemmas I

Homework 7:

Lemma 1 Ifd € R" such that ||d||. < 1 then

TN T ||
e'd> ) log(l4+d;)>e"d— .
2 21— o)
Homework 8:
Lemma2 Let X € M" and || X || < 1. Then,
1 X%

tr(X) > logdet(I + X) > tr(X)

- 2(1— [[Xloo)

21
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intF, ={x: Az =b, x>0} # 0

int Fy = {(y,8): s=c— Aly >0} £0.

Let 2™ denote the optimal value and

f:Fprd.

Here, we are interested in finding an e-approximate solution for the LP problem:

clo—2<e and ¥ —bly<e

For simplicity, we assume that a central path pair (xo, yo, SO) with
p? = (2°)7's" /n is known. We will use it as our initial point throughout this

chapter.

22
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Primal-Dual (Symmetric) Algorithm for LP I

Once we have a pair (2,1, s) € int F with 1 = 2! s/n, we can generate a
new iterate 22 and (y T, ™) by solving for d,., d,, and d from the system of

linear equations:

Sd, +Xd, = r
Ad, = O, (6)
—Atd,—ds; = 0
Letd := (d,, d,, ds). To show the dependence of d on the current pair (x, s)

and the parameter , we write d = d(x, s, ). Note that
dids = —dL A d, = 0 here.

23
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dy +dy = 1/ :=(X8)"12(yue — Xs),
Ald, =
_(A/)Tdy —dy =

o O

where

D=XY2Xx"Y2 A'= AD, d, = D~ 'd,, dy = Dds.

—A(ANTd, = A'r.

24
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If v = 0, it steps toward the optimal solution characterized by the optimality
condition; if v = 1, it steps toward the central path point (1), y(1), s(14))
characterized by the analytic center condition; if 0 < v < 1, it steps toward a
central path point with a smaller complementarity gap. In the algorithm presented
in this section, we choose v = n./(n + p) < 1. Each iterate reduces the

primal-dual potential function by at least a constant 0.
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Lemma 3 Let the direction d = (d, d,;, ds) be generated by equation (6) with
v =n/(n+ p), and let

g _ a/min(X s) -

|(0S) 2o — Xo)||

where v is a positive constant less than 1. Let
T =x+0d,, yT =y +0d,, and st =s+0d,.
Then, we have (z ",y ™, sT) € int F and

¢n+p(x+7 S+) o wn—i—p(xv S)

(”+p)xs>|\+2(1o‘_a).

< —(x\/min(Xs)H(XS)_l/Z(e - T,
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Let v = X s. Then, we can prove the following lemma Homework 9:

Lemma 4 Letv € R" be a positive vector and p > +/n. Then,

(o) |V-12 (e — PP s /3

el'y

Combining these two lemmas we have

wn—l—p($+7 5+) — ¢n+p(xv s)

< —a/3/4+ 2(1a— S

for a constant 0.

27
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Description of Algorithm I

Given (2", 9", s") € int F. Set p > \/nand k := 0.

While (s*)T 2% > e do

1. Set (v,5) = (2%, s")and v = n/(n + p) and compute (d., d,, ds) from
(6).

2. Letz" ! = o + ad,, y" T = y¥ + ad,, and s" ! = s¥ + ad, where

Q= arg m>il(f)1¢n+p(xk + ady, s® + ad,).

3. Let £ := k + 1 and return to Step 1.

28



Yinyu Ye, Stanford Lecture Note #05

Theorem 3 Let p = O(+/n). Then, the Algorithm terminates in at most
O(y/nlog((z°)1's" /e)) iterations with

Lok —bplyF <e.

29
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Primal-Dual (Symmetric) Algorithm for SDP I

Once we have a pair (X, y,.5) € int F with © = S @ X /n, we can apply the
primal-dual Newton method to generate a new iterate X ™ and (y ™, S7) as
follows: Solve for d x, d,, and dg from the system of linear equations:

D ldxD 14+ds = R:=~vuX"1'-25,
~Ald, —ds = 0,

where
D — X.5<X.5SX.5)—.5X.5.

Note that dg @ dx = 0.

30
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Primal-Dual Scaling

|

dX’ + dS’ — Rl?
Adx = 0, (9)
~A"d, —ds = 0,

where
dx: = D °dxD™ ", dgs =D"dsD®, R =D°(uX*—S)D?,

and

[ 4\ [ D%AD> )

A/ B Al2 B D'5A2D'5

L4, )\ oo
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Again, we have ds/ @ dx = 0, and
dy = (AAY AR, dgo = —-A"d,, anddx = R — dg.

Or, we have
ds = —A'd, and dx = D(R—dgs)D.



Yinyu Ye, Stanford Lecture Note #05

The Bound on Potential Reduction '

V12 =D PXD5 = DSSD? € int M.

Then, we can verifythat Se X = [ e V.

33
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Lemma 5 Let the direction d x, d,, and ds be generated by equation (8) with
v =n/(n+ p), and let

8%

f= ,
V2l 255V —12 = V2|

(10)

where v is a positive constant less than 1. Let
Xt =X+4+0dx, y* =y +0d,, and ST =S+ 0dg.
Then, we have (X T, y™,S™) € int F and

w(X+7S+) _w(X7 S)

||V—1/2 - ”}z._—k‘;/ovl/QH . o2

< .
IS VEI T 2(1— a)

34
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A Technical Lemma and the Convergence I

Homework 10:

Lemma 6 LetV € int M" andp > /n. Then,

—1/2 _ ntpys1/2
U A I
V=72 o

From the two lemmas we have

w(X+7S+> _¢<X7 S)

for a constant 0.

35
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Description of Algorithm I

Given (X, 4", SY) € int F. Set p = /nand k := 0.
While 5% ¢ X¥ > ¢ do

1. Set (X, S5) = (X", S¥)andy = n/(n + p) and compute (dx, d,, ds)
from (8).

2. Let X*H! = X% +ady, y* T =oyF + ad,,, and Sk = SF + adyg,
where

& = argm;%lw(Xk + adx, S* + ads).

3. Let k := k + 1 and return to Step 1.

36
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Complexity of the Algorithm I

Corollary 2 Let p = +/n. Then, the Algorithm terminates in at most
O(y/nlog(C e X — b1y /¢) iterations with

CeXF—blyr <e

37
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Dual Scaling Algorithm for SDP I

An open question is how to exploit the sparsity structure by polynomial
interior-point algorithms so that they can also solve large-scale problems in
practice.

1. The computational cost of each iteration in the dual algorithm is less that the
cost the primal-dual iterations.

2. In most combinatorial applications, we need only a lower bound for the

optimal objective value of (SDP).

3. For large scale problems, .S tends to be very sparse and structured since it is
the linear combination of C' and the A;’s. This sparsity allows considerable

savings in both memory and computation time.
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Dual Algorithm I

Grntp(X,5) =pIn(X @ 5) —Indet X —Indet S.

Let z = C o X for some feasible X and consider the dual potential function
V(y,2) = pln(z — bly) —Indet S.
lts gradient is

Vi(y. z) = —— _pryb +A(STY).

(11)

39
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Overestimator of Potential '

For any given y and S = C' — A’ (y) such that S = 0 and
[(S%)7° (AT (y = ¥M)) (S*)° < 1,

Py, 2°) — v (y*, 2°)
= pln(zF — bTy) — pIn(zF — bT'y*) — Indet((S*)~°S(S*)~-?)

< pln(zF — bvTy) — pIn(z* — bTy"*) + trace((S*)~°S(S*)=> —I)
n 1(S*) =2 (AT (y—y*) ) (%)~ 7|
2(1=[[(S*) = > (AT (y=y*))(S*F) = %o
= pln(zF — bTy) — pIn(zF — bTy*) + A((SF)~H)T (y — yF)
n 1(S*) =2 (AT (y—y*) ) (S*) 7|
2(1—||(S%) =5 (AT (y—y*))(S*) = ® |l o)

- 1(S®) ™2 (AT (y—y"®))(S®)°|
< V@D(yk, Zk)T(y - yk) + 2(1—||(S’f)—-g(AT?y—yy’“z)(S’“)_ﬁ||oo)'

(12)

40
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Ball constrainted sub-problem I

Minimize VzDT(yk, 5k)<y — yk)

subjectto[[(S%) ™% (AT (y — ) (55) P <

where «v is a positive constant less than 1. For simplicity, in what follows we let

AF =k _ Tk,

41
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Optimality conditions of the sub-problem I

The first order optimality conditions state that the minimum point, yk“, of this

convex problem satisfies
ME(y* =) + V(YT 2) =0 (14)
for a positive value of (3, where

[ AL(SH) e (SH) A e AL(SH) L e (SH) 1A,
MF =

\ A (S5) " 0 (SE)TT AL oo A (SE)he (SK) 1A,

The matrix M ¥ is a Gram matrix and is positive definite when S* > 0 and the

A;’s are linearly independent.
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Optimizer of the sub-problem I

Using the ellipsoidal constraint, the minimal solution, ka, of (13) is given by

(8% _
vV s e a9

where

d(z")y = —(M*)"'Vy(y*, 2"). (16)

43
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Generating \/ I

Generally, MZ-’;. = A;(S%)"1 e (S¥)"1A;. When A; = a;a!, the Gram
matrix can be rewritten in the form

[ (@T(S*)la)? - (aT(SF)lan)? )
MF = ; ; (17)

\ (@h(55)7ta)? o (ah(S%)am)?

and

A((S)7) =

K al (S¥)"La,, )

This matrix can be computed very quickly without computing, or saving, (S*) 1.
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Potential Reduction '

VYl (y*, 25)d(2"), = —[|P(")|I?

&2

Y, ) — 0,2 < —all PEY) +

(1—a)

(18)

(19)

45
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Primal Update I

To find a feasible primal point X', we solve the least squares problem

Minimize  [[(S%) X (%)% — A1

(20)
Subjectto  A(X) =b.
The answer to (20) is a by-product of computing (16), given explicitly by
Akz
X(2%) = == ($M) 7 (AT(d(Z"),) + $F) ($F)7L )

0

46
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Primal Objective Value I

CeX(zZF) =blyk 4+ X(ZF) e Sk
= bTyk + trace ( (%)=t (AT (d(2%),) + S*) (sk)—lsk)
= blyF + A 2-trace ((S*)t AT (d(z%),) + 1)
= bTy* + A% (d(zM)] (( )7 +n)

Since the vectors A((S*) ') and d(z"),, were previously found in calculating

the dual step direction, the cost of computing a primal objective value is the cost
of a vector dot product!
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Result for Primal '

Defining
_ P . _ .
P(2) = S (87X (2)(S%) " — I, (22)
we have the following lemma:
_k T k =k ) ¢ GK o —ky\_ 3T,k
Lemma 7 Let ;¥ = Ank =Fby = EENE Xy

p>n+/n,anda < 1. If

[P < min(oy | 5.1~ a) 29

then the following three inequalities hold:

1. X(zF) = 0;
2. [|(S%)°X (27)(S*)® — pl|| < ap;

3. < (1—.5a/y/n)u".
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Theorem 4 Either

or

where § > 1/20.

Lecture Note #05

¢(Xkask+1> < w(Xkask) —0

¢<Xk+175k) < w(Xkask) o 57

49
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Description of Algorithm I

DUAL ALGORITHM. Given an upper bound z" and a dual point (7/°, S°) such
that S = C' — A1y" = 0,setk =0, p > n +/n,a € (0,1), and do the
following:

while z¥ — b7y > e do
begin
1. Compute A((S%)~1) and the Gram matrix A/* (17) using Algorithm M or
M.
2. Solve (16) for the dual step direction d(Zk)y.
3. Calculate || P(Z")|| using (18).

4. If (23) is true, then X "1 = X (zF), zFFl = C e X*T! and
(W, S = (4, 5P
else y* T =y + pimpd(Eh ), ST = C = AT (Y,
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Xkl — Xk ang zF+H1 = ZF,

endif
5 k:=k-+ 1.

end

Lecture Note #05

51
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Complexity of the Algorithm I

Corollary 3 Let p = \/ﬁ Then, the Algorithm terminates in at most
O(y/nlog(C e X — b1y /¢) iterations with

CeXF_plyk <e.

Project: Develop simplified computation procedures of the dual scaling SDP
algorithm when each A; is rank-one, thatis, A; = aia?, foro =1,....m.

52
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Initialization '

Combining the primal and dual into a single linear feasibility problem, then

applying LP algorithms to find a feasible point of the problem. Theoretically,

this approach can retain the currently best complexity result.

The big M method, i.e., add one or more artificial column(s) and/or row(s)
and a huge penalty parameter )/ to force solutions to become feasible during
the algorithm.

Phase |-then-Phase || method, i.e., first try to find a feasible point (and
possibly one for the dual problem), and then start to look for an optimal

solution if the problem is feasible and bounded.

Combined Phase |-Phase Il method, i.e., approach feasibility and optimality
simultaneously. To our knowledge, the “best” complexity of this approach is

O(nlog(R/€)).
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Homogeneous and Self-Dual Algorithm I

It solves the linear programming problem without any regularity assumption

concerning the existence of optimal, feasible, or interior feasible solutions,
while it retains the currently best complexity result

It can start at any positive primal-dual pair, feasible or infeasible, near the
central ray of the positive orthant (cone), and it does not use any big M

penalty parameter or lower bound.

Each iteration solves a system of linear equations whose dimension is almost

the same as that solved in the standard (primal-dual) interior-point algorithms.

If the LP problem has a solution, the algorithm generates a sequence that
approaches feasibility and optimality simultaneously; if the problem is
infeasible or unbounded, the algorithm will produce an infeasibility certificate
for at least one of the primal and dual problems.

54
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A HSD linear program I

Givenanyx' =e > 0,8 =e > 0,and y” = 0, we formulate

(HSDP) min (n+1)0
s.t. Ax  —br +bf =0,
—Aly +cT —cf >0,
bly —c'x +z60 >0,
~bTy +efx  —zr = —(n+1),
yfree, x>0, 72>0, 0 free,
where

b=b—-Ade, ¢=c—e, zZz=cle+1. (24)
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Denote by s the slack vector for the second constraint and by ~ the slack scalar
for the third constraint. Denote by 7}, the set of all points (y, X, 7, 0, s, k) that
are feasible for (HSDP). Denote by .7:,9 the set of strictly feasible points with
(x,7,s,k) > 0in F}. Note that by combining the constraints, we can write the

last (equality) constraint as
elrt+els+7+r—(n+1)0=(n+1), (25)

which serves as a normalizing constraint for (HSDP). Also note that the
constraints of (HSDP) form a skew-symmetric system, so that it is a self-dual

linear program.
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Theorem 5 Consider problems (HSDP) and (HSDD).

i) (HSDD) has the same form as (HSDP), i.e., (HSDD) is simply (HSDP) with
<Y7 X, T, 6) being rep/aced by <y/7 X/, 7_/’ 9/)

i) (HSDP) has a strictly feasible point

y=y% z=2°>0, 7=1, =1, s=s">0, x=1

iif) (HSDP) has an optimal solution and its optimal solution set is bounded.

iv) The optimal value of (HSDP) is zero, and

(y,x,7,0,s,Kk) € F), impliesthat (n+1)0 =x's + 7k.
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V) There is an optimal solution (y™*,x*, 7%,0* = 0,s*, k™) € F}, such that

xX* + s*
> 0,
T + K"
which we call a strictly self-complementary solution. (Similarly, we
sometimes call an optimal solution to (HSDP) a self-complementary solution;

the strict inequalities above need not hold.)
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Homework 11:

Theorem 6 Let (y*,x*, 7", 0" = 0,s*, k*) be a strictly self complementary
solution for (HSDP).

i) (LP) has a solution (feasible and bounded) if and only if 7* > 0. In this case,
x* /T* is an optimal solution for (LP) and (y™ /7" ,s* /T*) is an optimal
solution for (LD).

ii) (LP) has no solution if and only if x* > (. In this case, X* /k* ors™ /K" or
both are certificates for proving infeasibility: if c''x* < 0 then (LD) is
infeasible; if —b’ y* < 0 then (LP) is infeasible; and if both ¢’ x* < 0 and
—b’y* < 0 then both (LP) and (LD) are infeasible.
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Theorem 7 i) Forany i1 > 0, there is a unique (y, X, T,0,s, /<;) in ]—“2, such
that

XS
= ue.
TK

i) Let (d,,d,,d,,dg,ds,d,.) beinthe null space of the constraint matrix of
(HSDP) after adding surplus variables s and ~, i.e.,

Ad, —bd, +bd, — 0.

—AT4, ted, —edy —d, S_—)
(26)

b’d, —c’d, 1 2d, —d, = 0,

0.

~b’d, +efd, -—zd, =

(d.)'ds +d,d, = 0.
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Central Path '

We see that Theorem 7 defines an endogenous path within (HSDP):

Xs T'g
C=<(y,x,71,0,8,K) € F} : = +Tﬁe :
TR n+1

which we may call the (self-)central path for (HSDP). Obviously, the initial interior
feasible point proposed in Theorem 5 is on the path with ;1 = 1.
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Solving (HSDP) I

Consider solving the following system of linear equations for
(d,,d;.d,,dg,ds,d,.) that satisfies (26) and

Xdg + 5d, Xs
k k —THe T
7%d,. + K" d, TK
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Theorem 8 The O(+/nlog((x")?'s /€)) interior-point algorithm, coupled with
a termination technique described above, generates a strictly self-complementary
solution for (HSDP) in O(+/n(log(c(A, b, c)) + logn)) iterations and
O(n?(log(c(A, b, c)) + logn)) operations, where c(A, b, c) is a positive
number depending on the data (A, b, c). If (LP) and (LD) have integer data with
bit length L, then by the construction, the data of (HSDP) remains integral and its
length is O(L). Moreover, c(A, b, c) < 2&. Thus, the algorithm terminates in
O(\/nL) iterations and O(n> L) operations.
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example I

Consider the example where

A:(—l()()), b=1, and c:(()l —1).
Then,
vt =2, x*=(0,2,1)T, =0, #* =0, s*=(2,0,007, k=1

could be a strictly self-complementary solution generated for (HSDP) with

clx*=1>0, by*=2>0.

Thus (y*, s*) demonstrates the infeasibility of (LP), but x* doesn’t show the
infeasibility of (LD). Of course, if the algorithm generates instead

x* = (0,1,2)", then we get demonstrated infeasibility of both.
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Homework 12: Develop the homogeneous and self-dual model for solving SDP

problems.

Project continued: Down load Sedumi and DSDP5.8, and read the user-guides.
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