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tThis short note proves the theoreti
al 
onvergen
e of a short step, approximate path follow-ing, interior-point primal-dual algorithm for semide�nite programs based on the Gauss-Newtondire
tion obtained from minimizing the norm of the perturbed optimality 
onditions. This isthe �rst proof of 
onvergen
e for the Gauss-Newton dire
tion in this 
ontext. It assumes stri
t
omplementarity and uniqueness of the optimal solution as well as an estimate of the smallestsingular value of the Ja
obian.1 The Gauss-Newton dire
tionThe purpose of this short note is to develop a 
onvergen
e proof for an infeasible interior-pointalgorithm based on the Gauss-Newton dire
tion introdu
ed in [3℄. This is the �rst proof of 
on-vergen
e for this dire
tion although an algorithm based on a proje
ted and s
aled Gauss-Newtondire
tion was demonstrated in [1℄. The approa
h is novel in that the proof relies only on 
lassi
alresults of nonlinear optimization. As a result, the iterates are not expli
itly maintained feasible, noreven positive de�nite; rather, we maintain the weaker 
ondition that the Ja
obian of the optimality
onditions is full rank. Moreover, our measure of distan
e to the 
entral path 
ombines feasibilityand 
omplementarity. The main result appears in Theorem 3.3.1



The problem of interest is the semide�nite program pairPrimal min
hC;Xi �� A(X) = b; X 2Sn+�; (1)and Dual max
hb; yi �� A�(y) + Z = C;Z 2Sn+�; (2)where b 2 Rm, Sn � Rn�n is the ve
tor spa
e of symmetri
 matri
es of order n equipped with theinner produ
t hX; Yi := tra
e (XY). For M;N 2 Rm�n, the inner produ
t is hM;Ni := tra
e (MtN)and the 
orresponding (Frobenius) matrix norm is denoted kMk = kMkF = ptra
e (MtM). Theoperator A is linear and de�ned as A(X) := 264 hA1; Xi...hAm; Xi 375 ;for matri
es A1; : : : ; Am 2Sn. Finally,Sn+ represents the 
one of positive semide�nite matri
es andSn++, of positive de�nite matri
es.We assume the existen
e of a point (X0; y0; Z0) su
h thatX0 2 Sn++; (3a)Z0 2 Sn++; (3b)A(X0) = b; (3
)A�(y0) + Z0 = C: (3d)If su
h a point exists, it is well-known that both the primal and dual problems have optimal solutionsand that the optimal values are equal. We write the perturbed optimality 
onditions for the primal-dual pair (1-2) as a fun
tion of a 
ontinuation parameter � � 0,A�(y) + Z-C = 0; (4a)A(X) - b = 0; (4b)ZX- �I = 0; (4
)X;Z 2Sn+: (4d)To simplify the statements of the algorithm and of the following results we de�neF�(X; y; Z) := 24 A�(y) + Z- CA(X) - bZX- �I 35 ; (
entral path de�ning fun
tion) (5a)F��(X; y; Z) := 24 A�(y) + Z- CA(X) - bZX- ��I 35 ; 0 < � < 1: (merit fun
tion) (5b)Assumptions 1.1 The following assumptions hold throughout the paper.� There is a point (X0; y0; Z0) satisfying 
onditions (3).2



� The operator A is surje
tive.� The optimal solution to the primal-dual pair (1-2) is unique and satis�es stri
t 
omplementarity(i.e. Z+ X 2Sn++).Under Assumptions 1.1, for every � > 0, there is a unique solution in Sn++ � Rm � Sn++ toF�(X; y; Z) = 0, whi
h we denote (X�; y�; Z�). This set of solutions is 
alled the 
entral path. Thelimit point of the 
entral path 
orresponding to �! 0 is the solution of the semide�nite pair (1-2).The algorithm des
ribed in this paper approximately follows the 
entral path by attempting tosolve F�(X; y; Z) = 0 for de
reasing values of �. This is 
ommon to all path-following algorithms.The novelty of the approa
h des
ribed here is to treat this approximation subproblem as a nonlinearequation and to apply 
lassi
al tools.One major di�eren
e from standard pra
ti
e resulting from this point of view is the relationbetween the iterates and the barrier parameter: The s
alar � is not updated using the iterates asis usually the 
ase (� = � hZ;Xin ), but rather it is redu
ed by a fa
tor � < 1 at every step (� ��).In 
onsequen
e, the initial point (X0; y0; Z0) depends on �0, rather than the reverse. Anotherimportant di�eren
e is that no attempt is made to dampen the step to maintain the iterates withinthe 
one of positive de�nite matri
es. The algorithm only maintains the weaker full rank 
onditionon the Ja
obian.The fun
tion F� is nonlinear. We 
an �nd its zeroes by transforming the problem into minimizingthe Frobenius norm, namelyminkF�(X; y; Z)k2 �= kA�(y) + Z-Ck2F + kA(X) - bk2 + kZX- �Ik2F� ;to whi
h we apply the Gauss-Newton method: from a well-
entered point (X; y; Z)with initial � > 0,we �x a target �� for some � 2 (0; 1) and redu
e kF��(X; y; Z)k by �nding the least squares solutionof the Gauss-Newton equation namely the least squares solution ofF0��(X; y; Z)0� dXdydZ 1A = 24 A�(dy) + dZA(dX)ZdX+ dZX 35 = -F��(X; y; Z) (6)for a dire
tion (dX; dy; dZ). We use this dire
tion as the step to obtain the next iterate. In moredetail, see Algorithm 1. We explain later the requirement on the initial point and the 
hoi
e of �.Note that the Ja
obian F0�(X; y; Z) : Sn�Rm�Sn!Sn�Rm�Rn�n where kF0�(X; y; Z)k is theoperator norm on the underlying ve
tor spa
e.The following result whi
h, shown elsewhere [3℄, is stated here for 
onvenien
e.Lemma 1.1 Under Assumptions (1.1), the Ja
obian F0�(X; y; Z) is full 
olumn rank for all X 2 Sn++,Z 2Sn++. Moreover it is full 
olumn rank at the optimal solution of (1-2). 2For the sake of simplifying the expressions throughout, we de�ne for any subs
ript �,s� := (X�; y�; Z�); ds := (dX; dy; dZ):We also de�ne 
anoni
al 
entral path points s� and s�� su
h thatF�(s�) = 0; F��(s��) = 0:3



Algorithm 1 Gauss-Newton infeasible short-stepGiven �0 > 0 fInitial barrier parametergGiven � > 0 fMerit fun
tion toleran
egFind X0; y0; Z0 fMust satisfy (21)gX = X0; y = y0; Z = Z0 fInitial iterateg� = �0 fInitial barrier parametergChoose 0 < � < 1 fChosen a

ording to (18)gwhile maxf��; kF��(s)kg > � doFind least squares solution of [F0��(s)℄ds = -F��(s) fGauss-Newton dire
tiongX = X+ dX; y = y+ dy; Z = Z+ dZ fUpdate iterategRe
ompute � �� fUpdate targetgend while2 Merit fun
tion and 
entral pathThis se
tion des
ribes some relations between the value of our 
hosen merit fun
tion kF��k andthe distan
e of the iterate to the 
entral path. Note that we do not assume that the iterates areprimal or dual feasible. Our measure of distan
e to the 
entral path 
ombines estimates of bothinfeasibility and 
omplementarity. The se
tion also des
ribes the progress of the Gauss-Newtondire
tion in minimizing kF��k. The results are of a te
hni
al nature and used as building blo
ks ofthe 
onvergen
e proof given in the next se
tion.We begin this se
tion with a well known result about approximations of inverses, often referredto as the Bana
h Lemma. For a proof see [2℄.Lemma 2.1 Suppose M 2 Rn�n and kMk < 1. Then I -M is nonsingular andk(I-M)-1k � 11- kMk : 2Sin
e the Gauss-Newton dire
tion is obtained from an overdetermined system of equations, pseudo-inverses allow su

in
t expressions of the solution. Namely, the least squares solution to [F0��(s)℄ds =-F��(s) is ds = -[F0��(s)℄yF��(s), where (�)y indi
ates the Moore-Penrose inverse.To generalize to Gauss-Newton some results well-known about Newton's method we require abound on the norm of the pseudo-inverse.Lemma 2.2 Suppose that A 2 Rm�n and B 2 Rn�m, where m � n; and assume that BA isnon-singular. Then kAyk � k(BA)-1Bk:Proof. De�ne the singular value de
ompositions A = UA�AVtA and B = UB�BVtB and let �A; �B4



be the nonzero diagonal blo
ks of, respe
tively, �A and �B. Thenk(BA)-1Bk = k(UB�BVtBUA�AVtA)-1UB�BVtBk= k(UB[�B0℄VtBUA � �A0 �VtA)-1UB[�B0℄VtBk= k(UB[�B0℄ � Q1 Q2Q3 Q4 �� �A0 �VtA)-1UB[�B0℄VtBk= kVA�-1A Q-11 �-1B UtBUB�Bk= k�-1A Q-11 �-1B �Bk= k�-1A Q-11 k:Sin
e VtBUA := hQ1 Q2Q3 Q4 i is orthogonal we have Qt1Q1 + Qt3Q3 = I and therefore I � Qt1Q1: Thisimplies that all the singular values of Q1 are at most 1; and all the singular values of Q-11 are atleast 1. Therefore k�-1A Q-11 k � k�-1A k = kAyk;the required bound on the norm of the Moore-Penrose inverse. 2From Lemma 2.1 and Lemma 2.2, we 
an obtain the following result about approximation ofpseudo-inverses.Lemma 2.3 Suppose that A is an approximation to the pseudo-inverse of A in the sense thatkI -AAk < 1: Then kAyk � kAk1- kI- AAk :Proof. Consider that kI - AAk < 1 is the required 
ondition of Lemma 2.1. Therefore we 
anwrite kAyk � k(AA)-1Ak � k(AA)-1kkAk � kAk1- kI- AAk ;where the �rst inequality is obtained from Lemma 2.2. 2Essentially from this bound on the norm of approximate pseudo-inverses we 
an establish arelation between the distan
e to the 
entral path of an iterate (X; y; Z) and the 
urrent value of ourmerit fun
tion kF��(X; y; Z)k. To simplify the result we �rst establish Lips
hitz 
ontinuity of the�rst derivative.Lemma 2.4 The operator F0��(s) is Lips
hitz 
ontinuous with 
onstant 1.5



Proof. Dire
t 
al
ulations yieldkF0��(s + ds) - F0��(s)k = 





24 0 0 00 0 0dZ 0 dX 35





= maxksk=1 fkdZsx + dX szkg� maxksk=1 fkdZsxk+ kdX szkg� maxksk=1 fkdZkksxk+ kszkkdXkg� kdZk+ kdXk� kdsk:Hen
e a 
onstant of 1 will suÆ
e. 2Lemma 2.5 Under Assumptions 1.1, there is a Æ > 0 so that for all s su
h that ks- s��k < Æ,kF0��(s)k � 2kF0��(s��)k; (7a)kF0��(s)yk � 2kF0��(s��)yk; (7b)ks- s��k2kF0��(s��)yk � kF��(s)k; (7
)kF��(s)k � 2kF0��(s��)kks- s��k: (7d)Moreover, we 
an 
hoose any Æ satisfying Æ < �min2 ; (8)where �min denotes the smallest singular value of F0��(s��).Proof. Sin
e F0�� is Lips
hitz 
ontinuous with 
onstant 1,kF0��(s)k � kF0��(s��)k+ ks- s��k:Take Æ small enough so that Æ < kF0��(s��)k (9)to obtain (7a). For the se
ond result (7b), take Æ small enough so thatÆ < 12kF0��(s��)yk ; (10)whi
h implies ks- s��k � 12kF0��(s��)yk . Now we 
an write (sin
e [F0��(s��)℄yF0��(s��) = I),kI - F0��(s��)yF0��(s)k = kF0��(s��)y[F0��(s��) - F0��(s)℄k� kF0��(s��)ykkF0��(s��) - F0��(s)k� kF0��(s��)ykks�� - sk� kF0��(s��)yk2kF0��(s��)yk :6



From the last inequality we get kI- F0��(s��)yF0��(s)k � 12: (11)Then, from Lemma 2.3 with the identi�
ation A = F0��(s) and A = F0��(s��)y, and from (11) weobtain kF0��(s)yk � kF0��(s��)yk1- kI- F0��(s��)yF��(s)k � 2kF0��(s��)yk;our se
ond required inequality. For the third inequality (7
), we use the Fundamental theorem of
al
ulus to expressF0��(s��)yF��(s) = F0��(s��)y Z10 F0��(s�� + t(s - s��))(s - s��)dt:Take norms on both sides to getkF0��(s��)yF��(s)k = kF0��(s��)y Z10 F0��(s�� + t(s - s��))(s - s��)dtk= k(s- s��) - Z10 [I- F0��(s��)yF0��(s�� + t(s- s��))℄(s- s��)dtk� ks- s��k- Z10 kI - F0��(s��)yF0��(s�� + t(s - s��))kks- s��kdt� ks- s��k- ks- s��k12= ks- s��k12:Therefore ks- s��k2 � kF0��(s��)yF��(s)k � kF0��(s��)ykkF��(s)k:The fourth inequality (7d), is obtained similarly. We use the assumption F��(s��) = 0 and thebound (7a) to get kF��(s)k � Z10 kF0��(s�� + t(s- s��))kks- s��kdt� Z10 2kF0��(s��)kks- s��kdt= 2kF0��(s��)kks- s��k:Now we need to restri
t Æ using (9) and (10). TakeÆ = min� 12kF0��(s��)yk ; kF0��(s��)k
 = �min2to 
omplete the result. 27



Corollary 2.6 Suppose that the hypotheses of Lemma 2.5 hold. Then for all s as de�ned in theLemma, F0��(s) is full 
olumn rank.Proof. From (7b), we see that the smallest nonzero singular value of F0��(s) is bounded below onthe entire neighbourhood about s��. Therefore, no nonzero singular value 
an approa
h 0. 2From these relations between the 
entral path and our merit fun
tion, we obtain a radius ofquadrati
 
onvergen
e to a point on the 
entral path as well as a de
rease of the merit fun
tion.Theorem 2.7 Let �min and �max be, respe
tively, the smallest and largest singular value of F0��(s��).Under Assumptions 1.1 there is a Æ > 0 su
h that for all s
 su
h that ks
 - s��k < Æ, the Gauss-Newton step s+ = s
 - F0��(s
)yF��(s
)is well-de�ned and 
onverges to s�� at a rate su
h thatks+ - s��k � 1�minks
 - s��k2:Moreover, we 
an 
hoose Æ as long as Æ < �min2 .Proof. Let Æ be small enough so that the hypothesis of Lemma 2.5 holds, i.e. Æ < �min2 : First weexpress the error on the iterate both before and after the step, then by the fundamental Theoremof 
al
ulus and the fa
t that F0��(s
) is full 
olumn rank (and hen
e that [F0��(s
)℄yF0��(s
) = I),(s+ - s��) = (s
 - s��) - F0��(s
)yF��(s
)= F0��(s
)y Z10 (F0��(s
) - F0��(s�� + t(s
 - s��)))(s
 - s��)dt:Take norms on both sides and use the Lips
hitz 
ontinuity of F0�� to getks+ - s��k � 12kF0��(s
)ykks
 - s��k2:Now use Lemma 2.5, inequality (7b) to getks+ - s��k � kF0��(s��)ykks
 - s��k2;the required redu
tion of the error. 2The next result relates the redu
tion in the error to the redu
tion in the merit fun
tion.Corollary 2.8 Let �min and �max be, respe
tively, the smallest and largest singular value of F0��(s��).Under Assumptions 1.1 there is a Æ > 0 where for all s
 su
h that ks
 - s��k < Æ,kF��(s+)k � 12kF��(s
)k:Moreover, we 
an 
hoose any Æ su
h that Æ < �2min8�max : (12)8



Proof. Consider the inequality (7d) at the point s+ to obtainkF��(s+)k � 2�maxks+ - s��k:Now assume that Æ satis�es the 
ondition of Theorem 2.7 and apply the result as well as inequality(7
) at the point s
 to getkF��(s+)k � 2�max�min ks
 - s��k2;� 2�max�min ks
 - s��k 2�minkF��(s
)k= 4�max�2min kF��(s
)kks
 - s��k:Therefore we need k(s
 - s��)k < Æ, with Æ as de�ned in (12), to obtain the required de
rease. 23 Convergen
e of the algorithmAt this point we have established all the ne
essary relations between our merit fun
tion and thedistan
e between an iterate and the 
entral path. The 
urrent se
tion des
ribes the 
onvergen
e ofAlgorithm 1. For easy referen
e, we repeat the de�nitions of the two 
anoni
al points s� and s��on the 
entral path. They satisfy F�(s�) = 0; F��(s��) = 0: (13)The general idea of the algorithm is that, from a iterate sk , \
lose enough" to s�, we 
an 
hoose atarget on the 
entral path s�� in su
h a way that the next iterate sk+1, obtained from the Gauss-Newton dire
tion, is now \
lose enough" to s�� for the pro
ess to be repeated.
µ

s τµ

s

s

s+The proof is in three parts. First we estimate the distan
e between two points on the 
entralpaths in terms of the required radius of 
onvergen
e.Lemma 3.1 Let �min and �max be, respe
tively, the smallest and largest singular value of F0��(s��).Let s� and s�� satisfy (13). 9



1. If we 
hoose 0 < � < 1 su
h that 1- � � �2min8pn�; (14)then ks� - s��k � 12 ��min2 � ; (15)whi
h implies s� is within half of the radius of quadrati
 
onvergen
e of s��.2. If we 
hoose 0 < � < 1 su
h that 1- � � �3min32pn��max ; (16)then ks� - s��k � 12 � �2min8�max� : (17)In this 
ase s� is within half of the radius of guaranteed 
onstant de
rease of the merit fun
tionin (12) in Corollary 2.8.Proof. First note that a straightforward 
al
ulation based on the de�nition of s� (13) yieldskF��(s�)k = pn(1- �)�:By Lemma 2.5, inequality (7d)ks� - s��k � 2kF0��(s��)ykkF��(s�)k= 2kF0��(s��)yk(1- �)pn�:Let � satisfy (14) to get ks� - s��k � �min4 ;whi
h, by Theorem 2.7, yields one half of the quadrati
 radius of 
onvergen
e. The proof of part 2of the lemma is similar. 2We now estimate the distan
e to the new target after a Gauss-Newton step.Lemma 3.2 Let �min and �max be, respe
tively, the smallest and largest singular value of F0��(s��).Let s� and s�� satisfy (13). Suppose that the point s
 is well-
entered in the sense thatks� - s
k � min��min4 ; �2min16�max
 ;and we 
hoose � to satisfy 0 < � < 1; 1- � � min� �2min8pn�; �3min32pn�
 ; (18)10



as in Lemma 3.1. Then, after one Gauss-Newton step, the new point s+ will be within half the radiusof 
onvergen
e of s��, i.e. ks�� - s+k � �min4 : (19)Moreover, the merit fun
tion is redu
edkF��(s+)k � 12kF��(s
)k: (20)Proof.By hypothesis and by Lemma 3.1,ks
 - s�k � �min4 ; ks� - s��k � �min4 :Therefore ks
 - s��k = ks
 - s� + s� - s��k� ks
 - s�k+ ks� - s��k� �min2 ;whi
h is within the radius of quadrati
 
onvergen
e of s��. After one Gauss-Newton step, byTheorem 2.7, we get ks+ - s��k � 1�minks
 - s��k2� 1�min (�min2 )2= �min4 :Therefore the new point is within half the radius of 
onvergen
e of s�� and the pro
edure 
an berepeated.The 
onstant redu
tion of the merit fun
tion follows from Corollary 2.8. 2We now present the main result of the paper, the 
onvergen
e proof for Algorithm 1.Theorem 3.3 Suppose that we are given a toleran
e � > 0, an initial barrier parameter �0 > �,and Z0; X0 2 Sn++ su
h that s0 = (X0; y0; Z0) is a well-
entered starting point: s0 is within half thequadrati
 
onvergen
e radius of s�0 in Theorem 2.7,ks�0 - s0k � 12 ��min2 � : (21)Suppose moreover that s0 is within half the radius for guaranteed 
onstant de
rease of the meritfun
tion given in Corollary 2.8, ks�0 - s0k � 12 � �2min8�max� ;11



where 0 < �min (respe
tively �max) is smaller than the smallest (respe
tively larger than the largest)singular value of F0!�0(s!�0), for all ��0 < ! < 1.If we 
hoose � (small) satisfying (18) in Lemma 3.2, i.e.� = min� �2min8pn�0 ; �3min32pn�0
 ;and � � max f0; 1- �g ; 0 < � < 1, then Algorithm 1 produ
es a sequen
e sk 
onverging to �s,�-optimal in the following sense,�k�0 � �; kF�k�0 (�s)k � �; k�s- s�k�0k � 2 ��min ;and the number of iterations, k, depends on �:1. O�max�log�kF��0(s0)k� � ; log��0pn� �
� (22)iterations, if 0 < � � 12 ;2. O0�max8<:log�kF��0(s0)k� �; 0� log (2�-1)�(1-�)2�0pnlog � 1A ;  log ��0log � !9=;1A (23)iterations, if 12 < � < 1.Proof. First we note that the required 
onstant �min exists by Corollary 2.6. By Lemma 2.5,ksk - s�k�0k � 2kF 0�k�0 (s�k�0 )ykkF�k�0 (sk)k;whi
h results in the desired bound on ksk- s�k�0k, if kF�k�0(sk)k � �. From the 
onstant de
reaseguarantee we get (we add and subtra
t the multiple of the identity in the third term in the norm)kF�k�0(sk)k � 12kF�k�0 (sk-1)k� 12kF�k-1�0(sk-1)k+ 12�k-1(1- �)�0pn� 122kF�k-2�0(sk-2)k+ 122 ��k-2(1- �)�0pn+ 2�k-1(1- �)�0pn	� � 12kkF��0(s0)k
+�(1- �)�0pn��02k + �2k-1 + �22k-2 + : : :+ �k-12 �
 (24)= 12kkF��0(s0)k + (1- �)�0pn�k ��0-k2k + �1-k2k-1 + �2-k2k-2 + : : :+ �-12 �= 12kkF��0(s0)k + (1- �)�0pn�k  � 12��k + � 12��k-1 +� 12��k-2 + : : :+ 12�!= � 12kkF��0(s0)k
+Æ(1- �)�0pn�k 1- ( 12� )k2�- 1 !� : (25)12



We will bound ea
h of the two terms in bra
kets in the last line above by �2 . From here onward logwill indi
ate log2. For the �rst term we getk � �log�2kF��0(s0)k� �� (26)where dxe is the 
eiling operator. It produ
es the smallest integer larger than or equal to x. For these
ond term in the bra
kets, we use the form in (24) while 
onsidering the 
ase � � 12 . We get(1 - �)�0pn��02k + �2k-1 + �22k-2 + : : :+ �k-12 � � �0pn 12kk � �2 ; (27)or equivalently log�2�0pn� � � k- logk � k: (28)Thus the 
ase � � 12 for the se
ond term is bounded by �2 ifk � �log�2�0pn� �� : (29)For the 
ase � > 12 we use the form (25) to get(1- �)�0pn�k �1-( 12� )k2�-1 � � (1-�)2�-1 �0pn�k� �2 (30)is implied by k � 2666 log� (2�-1)�(1-�)2�0pn�log � 3777 ; (31)where the dire
tion of the inequality 
hanged sin
e � < 1.Therefore, we 
an obtain kF�k�0 (sk)k � � by 
hoosing k using ea
h of the lower bounds given in(26), (29), and (31). This guarantees that we are 
lose to the 
entral path.We �nally need to be 
lose to optimality, �0�k � �. This is equivalent tok � log ��0log� : (32)The dependen
e on � 
an be be eliminated, in the 
ase 0 < � < 12 , byk � - log ��0 ;whi
h is implied by (29). The �nal O expression bounding the number of iterations is a simpli�
ationof (26), (29), (31), and (32). 213



4 Towards a long-step algorithmThe algorithm, as presented, is not pra
ti
al; the assumptions that the initial iterate satis�es the
onditions of Theorem 3.3 and that we need an estimate of the smallest singular values are signi�
ant.But the singular values are used, throughout the paper, only to show the existen
e of a radius of
onvergen
e. A pra
ti
al version of the algorithm would more likely try some value for �, 
omputethe step and the value of the merit fun
tion, then redu
e � if the merit fun
tion redu
tion is notsuÆ
ient. Sin
e we have shown the existen
e of a radius where the merit fun
tion is halved (20), su
ha s
heme will ne
essarily 
onverge. We presented the algorithmwithout these pra
ti
al en
umbran
esto 
larify the presentation.The Gauss-Newton dire
tion for solving semide�nite programs was introdu
ed in [3℄ without aproof of 
onvergen
e but with experimental results that warranted more resear
h. Then, in [1℄,a s
aled version of the dire
tion was used in an algorithm shown to be polynomially 
onvergent.The algorithm and the 
onvergen
e proof presented in this paper are new in that the dire
tion isused without any s
aling and the algorithm never expli
itly for
es the iterates to remain withinthe positive de�nite 
one. Moreover, the measure used to quantify the distan
e of the iterates tothe 
entral path (5b) estimates both the infeasibility and the 
omplementarity and seems perfe
tlyadapted to infeasible interior-point algorithms. It would be interesting to see how this measure 
anbe used for di�erent dire
tions.The dependen
e on the smallest singular value of the Ja
obian for 
hoosing �, though unsur-prising in the 
ontext, should be relaxed to some other, more easily estimated fun
tion of the data(possibly some 
ondition measure [4℄). But the ultimate goal of this avenue of resear
h is to estab-lish polynomial 
onvergen
e of an infeasible algorithm using long steps, that is, not restri
ted to anarrow neighbourhood of the 
entral path. Both experimental data and preliminary results suggeststhe possibility of su
h an algorithm.Referen
es[1℄ E. de Klerk, J. Peng, C. Roos, and T. Terlaky. A s
aled Gauss-Newton primal-dual sear
hdire
tion for semide�nite optimization. SIAM J. Optim., 11(4):870{888 (ele
troni
), 2001.[2℄ L. V. Kantorovi
h and G. P. Akilov. Fun
tional analysis. Pergamon Press, Oxford, se
ondedition, 1982. Translated from the Russian by Howard L. Sil
o
k.[3℄ Serge Kruk, Masakazu Muramatsu, Franz Rendl, Robert J. Vanderbei, and Henry Wolkowi
z.The Gauss-Newton dire
tion in semide�nite programming. Optim. Methods Softw., 15(1):1{28,2001.[4℄ James Renegar. In
orporating 
ondition measures into the 
omplexity theory of linear program-ming. SIAM J. Optim., 5(3):506{524, 1995. 14


