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Abstract.

In this paper we introduce a new method for the computation of KKT matrices that arise from solving constrained,
nonlinear optimization problems. This method requires updating of null-space factorizations after a low rank
modification. The update procedure has the advantage that it is significantly cheaper than a re-factorization of
the system at each new iterate. This paper focuses on the cheap update of a rectangular LU decomposition after
a rank-1 modification. Two different procedures for updating the LU factorization are presented in detail and
compared regarding their costs of computation and their stability. Moreover we will introduce an extension of
these algorithms which further improves the computation time. This turns out to be an excellent alternative to
algorithms based on orthogonal transformations.
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1. Introduction. This work is motivated by the solution of the following constrained opti-
mization problem:

i = €T
min f(z)  subject to ci(e) =0 ic

here TNE =10, (ZUE)={1,...k}. (1.1
rzeR™ C](.Z')SO jeg where ( ) { } ( )

If m <kjie. ¢j(z) =0for j € &, active constraints are known, optima of this problem are locally
characterized as saddle points of the Lagrange function

L(z,\) = f(z) + \e(x) = f(2) +Z)\i0i(z), where A = (A1, ..., Am) % (1.2)

These saddle points can be computed by solving the stationary condition

0=VarL(z,A) = [g(z,N), c(z)]

=[Vf+ Z AiVei(x), e(w)].

i=1

This can be done by the quasi-Newton method introduced in [7]. Thereby a sequence of linearized

KKT systems of the form
B AT [sk] _ [ox
|:Ak 0 (X - Cl (13)

has to be solved. Here the matrices Ay € R™*™ and By, € R™*"™ (with n > m) approximate
the Jacobian Ve(z)T of the active constraints and the Hessian of the Lagrange function V2L =

m
V2f(x)+ > \iVZ2¢;(x). The vectors si and oy are the current optimization steps from which the
=1

new point and the new Lagrange multipliers can be obtained by
Tpt1 =Tk + S and  Agy1 = \p + 0% (1.4)
This is a full step. The convergence can be globalized by reduced steps
Tp1 = Tk + s and  Apr1 = Ag + a0 (1.5)
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with a step length oy, e.g. obtained by a line search. Throughout the paper we make no as-
sumptions on the sparsity pattern of Ve and V2L, i.e., Az, By might be dense matrices. The
approximate Jacobian Ay and the approximate Hessian Bj will be updated in every step of the
optimization procedure. Here we consider rank-one updates that are linearly invariant and can
be efficiently computed by Automatic Differentiation [5]. With this technique it is feasible to
compute matrix-vector and vector-matrix products with derivative matrices cheaply.

In the sequel we will drop the index k to simplify the notation. The updated matrices Ax11, Bik+1
will be denoted by A+, BY.

1.1. Updating the Hessian. The Hessian will be modified as shown in [7] by the symmetric-
rank-one update formula (SR1):
w — Bs)(w — Bs)T
(w— Bs)Ts

B+:B+( = B+ chh®, (1.6)

where
w=BTs=g(x",\) - g(z,\) (1.7)

and s = sy, as in (1.3).

It can be seen from (1.7) that this update satisfies the direct secant condition. By Automatic
Differentiation the vectors g can be evaluated in the adjoint mode without the knowledge of the
full Jacobian Ve(z).

1.2. Updating the Jacobian. This matrix can be updated similarly to the Hessian with
the two-sided-rank-one update formula (TR1) [7]:

(y — As)(u" — 0" A)

AT = A+ s —oTAs = A+ orpt. (1.8)
It satisfies the direct secant condition
Ats=y=c(a™) —c(a) (1.9)
and the adjoint secant condition up to O(||o||||s]|?)
ol AT =yt =0T Ve(2xh) (1.10)

where 0 = 0y, and s = s, are as in (1.3).

Equation (1.10) can be computed in the reverse or adjoint mode of automatic differentiation. Un-
less the constraint function ¢(x) is affine the two conditions will not be exactly consistent. But the
deviation will only be of order O(||o||||s]|?) which is within the scope of quasi Newton methods.
More details about these two updates in this optimization context are given in [7].

1.3. Null-space Representation. For the solution of KKT systems it is necessary to solve
the linear system of equations (1.3). One way to do this consists of decomposing the matrices A
and B. Here and throughout the paper we will assume that A has full rank. In contrast to [8]
a complete LU factorization instead of a QR decomposition of the approximate Jacobian will be
performed.

P,AP, = LU (1.11)

where U = [ U, Us } with d =n—m and U;j nonsingular.
~— =~
E]RITYI,XTYIV GRde

As in [8] the approximate Hessian will be projected to the null- and range-space of AT. The
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columns of

(1.12)

~ ~ -1
7 —P,7 with Z:[ U UZ]

Ig

form a basis of the null-space of A. As range-space basis we will use the columns of the permuted
identity augmented by a block of zeros

I,

YPSYPS{O

] e R™™, (1.13)

Combining these spaces to @ = [Y  Z], (1.3) can be transformed by multiplying from left and
right by @, respectively its transposed to

E C ULLTP.] [sy YTg
ct M 0 s.| =—|Z%qg|, (1.14)
PILU, 0 0 o c
with the notation
E=YTBY eR™™, C=YT"BZcR™¢ M=27"BZc R (1.15)

Initially we assume that M is positive definite. This can be achieved by starting with identity
matrices for A and B. Factorizing the matrix M is necessary to solve system (1.14). To do so we
will use a transposed Cholesky factorization: M = RR” where R is an upper triangular matrix.
This is only possible if in every step M is positive definite. We will ensure this e.g. by damping
the (SR1) or (TR1) update. Further note that because of their structures it is not necessary to
store Y and Z explicitly. Instead we use the implicit representation via the LU decomposition of
A. Consequently our total storage requirement is the same as that for A and B, and far less than
that required by the QR factorization.

1.4. Updating Decompositions. Decomposing the KKT systems (1.3) in the previous de-
scribed way costs O(n?) operations in every Newton step which is quite expensive in the case of
large problems.

The computational effort can be reduced by one order to O(n?) if A and B need not to be re-
factorized in every step. Because of the low-rank corrections to A and B by the (SR1) and (TR1)
update formulas this is possible by updating the factors directly.

Two different procedures for updating the LU factorization will be presented in detail and com-
pared regarding their costs of computation and their stability. Moreover we will introduce an
extension of these algorithms which will further improve the computation time. Numerical ex-
amples confirm that this approach is an excellent alternative to algorithms based on orthogonal
transformations.

2. LU Updating. The LU factorization P,AP; = LU of a dense matrix A € R™*™ has
an algebraic complexity of O(nm?) operations in general. In particular in our application where
we have to solve a sequence of KKT systems the associated sub-matrices undergo a sequence of
low-rank modifications. This requires the factorization of A in every step. Thus it is better to
factorize A only once at the beginning of the computation. Then the factors P,, P, L and U
can be updated directly with an effort of O(mn) operations. Next, two different algorithms of
Bennett [1] and Schwetlick/Kielbasinski [10] respectively Fletcher/Matthews [2] will be illustrated.
Also a new method combining these two algorithms is shown. In addition a new approach for the
case of column permutations will be presented. Further we will show how the updating procedure
can be faster by an efficient row-wise implementation and regarding the structure of the low rank
term. Moreover it will be shown that the algorithm by Bennett is advantageous in the symmetric
positive definite case.

The basic problem can be described as follows. Let the rank-one modification be

AT = A+ w7, (2.1)
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where u € R™ and v € R™ and let the decomposition
P.AP; = LU (2.2)

be given and assume that AT also has full rank. We want to compute new updated factors
Lt , U™, P}, PJ such that

AT = (PHTLYUT(PHT = PTLUPT + wo™. (2.3)

2.1. Algorithm I - Schwetlick/Kielbasinski. At first we introduce the updating algo-
rithm by Schwetlick/Kielbasinski [10]. It can be used for updating an LU factorization by a
rank-one term only using row pivoting. In this method L is a lower triangular matrix with unit
diagonal. During the procedure the column permutation P; is kept unchanged. In the case of
rectangular matrices A this may cause problems. After updating it can occur that the leading
part U;" of UT does not have full rank. Then it is necessary to permute a column from the rear
part to the front in order to restore the regularity of U;. A new method how to find and permute
appropriate columns will be described in addition to the main algorithm. The updating procedure
without column pivoting (Ps = I) works as follows:

From (2.3) one obtains
AT = PTL(U + ") with PILi=u. (2.4)

Using a sequence of elementary transformations, the vector 4 will be reduced to a multiple of the
first vector of unity. This will be done by eliminating the components of @ step by step, starting
from the last one and going upwards. This procedure requires pivoting since the entries of u may
be small. The elimination process looks like

A= (PTPTY(P,LTY) (T U + Tyuw™) (2.5)
N — N —— e —
pT L U
where
Tu: mfle72"'T17 Pu: m71Pm72"'P1- (26)

In the simplest case we can find a lower triangular matrix 7; such that
AW = P (LT (TU + Tiaw™) (2.7)

and T; eliminates ;4. If pivoting is required then T; = T; yT; 1 P; is used, where

P (BLPI)(PU + Py v™)
—_— N~~~

Lg Ua Uq

- IN(ST - (-

PiT (LaTi_Ll)(T;,LUa + T;,Lua 'UT)
—_—— —— ——

a) P; is chosen to interchange @; and w41,

b) T; 1 is a lower unit triangular matrix that
eliminates the 7 + 1-th component of P;u and

NN ()

PT(LyT; ;) (Ti0Us + T pup v7)
Trp—1yp—1 — —
¢) Tyu turns (PLP; T, )T, ; back to lower Lo Uo uo

triamgular form. N <[ﬂ] () (*_4)

Ly Uy up




Repeating the elimination process finally leads to

A= (PP (P, LT \(T,U + T,avT) (2.8)
——— e —— N~
pT L o i
where
Tw=Tn1Tmo-T1, Pu=Pu 1Pn 2P, (29)

and U is upper Hessenberg, P is a permutation matrix and L is lower unit triangular. Since u is
a multiple of the first unit vector the rank-one term @v” can be added to U without destroying
the Hessenberg form. Finally, to eliminate the extra lower sub-diagonal in U a second sequence of
transformations has to be done according to the same principle:

AT = (PTP]) (PLT;Y) (T4U) (2.10)
PF L+ U+
where
Ty=T\Ts---Tp_1, Pi=PiPy--Py_i. (2.11)

The number of operations amounts knm for updating an (m x n) -matrix by this algorithm. Here
is 5 < k < 9 where the best case arises if no permutations are required and the worst bound is
attained in the opposite case i.e. if one has to permute every row.

To achieve numerical stability pivoting is done in [10] if

|ul| < |li+1,iui + ui+1|. (2.12)

This condition ensures that 77,7 and 17 always eliminate a small element by a larger one in
modulus. Further this guarantees the property that all entries in the first lower sub-diagonal of
L remain smaller than one in modulus. Hence all other elements in this matrix can only grow
by a factor of three. Certainly, this strategy causes a large number of permutations whereas the

runtime of the algorithm is growing. For this reason it is advisable to include a damping factor 7
in (2.12):

il <7 [lig1,ivs + Uiga] (2.13)

where 0 < 7 < 1. As a compromise between numerical stability and algebraic efficiency we suggest
to chose 7 = 0.1.

2.2. Column Permutations. In the case of updating a rectangular LU factorization, col-
umn permutations in U are required to keep the leading part of U nonsingular. They are necessary
if an element on the main diagonal in U; becomes very small or equals zero. Then this column
u; € Up must be interchanged with a suitable column u; € U,. This permutation corresponds
with

Ut =UP; (2.14)

where P;; only interchanges the columns 7, j and 0 <7 <m < j < n.
Assume that after a rank-one modification the matrix U has the following form:

Uq
X X X x | x X
1 0 e x x | x x| _
ot = 0 0 x x | x x =Us | U] (2.15)
0 0 0 x | x x



where 0 < |e| < max[| diag(U1)]].

Then column u; can be seen as an approximate linear combination of the columns in front of
it. In this case U;j is almost rank deficient. To restore nonsingularity, u; is moved to the rear part
Us. The first task is to determine a suitable column u; € U, which can be interchanged with u;
to restore the regularity of the first block. Therefore at first the element ¢ must be transformed
to the last diagonal position ;. So we have to remove column w; and re-insert it in the m -th
position. This corresponds to a column permutation in Uy:

Uj
X X x x | x X
@_pgmpm_ |0 x x € | x X
U =UWPY = 0 ]« x (2.16)
0 0 x 0 | x x

Now U has become upper Hessenberg and the new lower sub-diagonal entries have to be elimi-
nated with the elementary transformations introduced in Section 2.1.

’l)l Uj
X X X X | x X
(3) _ @) _ 0 x x x | x x
U TU 0 0 x x | x x (2.17)
0 0 0 € | X Uy

Now the small element € has been moved down in U and we can compare it with the other elements
in the last row of Us. The column u; of Uy associated with largest entry u,,; in modulus will be
interchanged with ;.

Uj ’l)i

X X X x| x x

@ pe _ |0 x x x| x x
Ur=U"P"= |4 § . « | x x (2.18)

0 0 0 umj | x €

Now the matrix U; has been transformed to the desired nonsingular form.

The steps (2.16) and (2.17) are only necessary to determine which column of U must be permuted.
The permutation itself can be done as the following rank-one update directly interchanging u; and
uj

UJFZU—F(’U,Z*’UU) (ejfei)T. (219)

So it is more advantageous to perform (2.16) and (2.17) on a temporary vector instead explicitly
on U.

2.3. Algorithm IT - Bennett. The algorithm by Bennett is used to update a triangular
factorization by directly changing the factors L and U step by step. All matrices except the
permutations are as in (2.1)-(2.3). To our knowledge this procedure can not be combined with
pivoting. Of course, this can cause numerical instabilities but offers some great improvements in
runtime. Bennetts approach is quite different to Algorithm I. Here the update is done recursively

based on:
A A 1 0 |1 0] (1 O] |{Uin Ui
=l azl-nlo o=l b AT T e

where A = Aoy — Lo1Ujo represents the Schur complement. L is the identity matrix where only
the elements on the first column are replaced by corresponding elements of the first column of L,
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U; is defined analogously. Using this notation we can update the matrix factors row by row and
column by column beginning at the top. Given

T
1 0
AT = A+ yw’ =1, [0 IZJ U+~ <Z;) (Z;) (2.21)
we obtain
1 o]t o][ut Uf
=l b 2[5
L;rl I|lo At 0 I ( )
——— | S ——
Lf U
where

Lo1Urr + usny

l/frl = 1/11 + uivy ,L;rl =
U+
11

LU = Uz +uqv; (2.23)

In addition the new Schur complement A™ can be represented as a remaining rank-one modification
of the former Schur complement in the form

At = A+7ap" (2.24)
where
’3/ = Ui+, ’EL = Uy — L21U1, ’LN)T = Ull’l)g1 — ’UlU12. (225)
11

After calculating these terms the procedure can be restarted with the new reduced rank-one
update (2.24) for A. The new scalar factor  can be included in one of the vectors @, o7 . That
way the complete updating process can be done step by step obtaining the new factors L™ and U ™.

The number of operations amounts 4nm for updating an (m X n)-matrix by this algorithm, cp.
figure (2.1). This is always better than Algorithm I even if there are no permutations necessary.
Furthermore this method can be easily extended for higher rank modifications. In addition it is
applicable to the symmetric positive definite case.

Moreover, Bennett’s algorithm can be implemented in a way which allows row-wise computa-
tion of the new elements of L and U. This is a significant point in modern computations where
memory accesses needs more and more time compared to floating point operations which become
faster. Similar to Algorithm I where the row-wise memory access can only be done if no pivoting
is required it reduces significantly the computational time for updating the matrix L. Therefore
the modification of L has to be delayed. This corresponds to the ’ikj-variant’ of the Gaussian
elimination which is used e.g. for incomplete LU factorizations [11]. Figure (2.1) displays the new
row-wise Algorithm in contrast to the standard version of Bennett. In figure (2.2) and figure (2.3)
the differences in matrix access between these two algorithms is shown. The hatching shows which
matrix areas have been changed until step ¢ during the updating procedure. Nevertheless the main
problem in this algorithm is that there are no known possibilities to combine pivoting with the
low rank update. This can cause numerical stability problems during the updating procedure.

Remark

In the case of updating the LDLT factorization of a symmetric positive definite matrix, this
method corresponds to the algorithm introduced in [3]. It turns out that this updating technique
is an excellent alterative to methods using plane rotations.



Standard recursive LU updating Row-wise recursive LU updating
1: for i =1 to m do 1: fori=1tom do
2:  //diagonal update 2. forj=1toi—1do
3 Uii = Uy + u; x v; 3 //delayed L update
4: Ui:Ui/Uii 4 ui:ui—uj*Lij
5: forj:iJrltomdo 5 Lij:Liquvj*ui
6 //L update 6: end for
7 uj = u;j — U; * Lj; 7. //diagonal update
8 Lj; = Lj; 4+ v; xu; 8 Ui = Uy +uj xv;
9. end for 9 v =v;/Uy
10: forj=1i4+1tondo 10 for j=1i+1tondo
11: //U update 11: //U update
12: Uij = Uij =+ u; * Vj 12: Uij = Uij + u; * Vj
13: Vj = Vj — U * Uij 13: Vj = Vj — V; * Uij
14: end for 14:  end for
15: end for 15: end for

Fic. 2.1. Standard and Row-wise Algorithms for the Rank-One Modification of the LU Factorization

i

Fic. 2.2. Standard Bennett Algorithm FIG. 2.3. Row-wise Bennett Algorithm

2.4. Algorithm III - Extension. Here a new combination of the previous described algo-
rithms will be presented. Thereby the good features from both will be combined. Furthermore
the method will be improved for update vectors beginning with a leading part consisting of zero
elements. This is useful in the KKT application introduced in this paper, where linear constraints
causes such zero entries.

This algorithm will be done sequentially by the following three stages:
e exploiting leading zeros in u resp. v to the update
e starting with Algorithm II as long as it is stable

e switching to Algorithm I in the case that pivoting is required

In each step the whole updating problem will be reduced as displayed in Figure (2.4).

Un Uz
L1y
. Un Ura
L11
Loy Loy Uzz N A - — .
Ly Ly Uz L u

Fic. 2.4. Alg.II
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Step 1:

If one of the update vectors has a leading block of zero entries, only a sub-matrix of A has to be
changed. We will illustrate the influence on the factors in the case u? = (O uQT) Here only the
lower part of A will be modified:

A+ — ATl JAL+0-p"] L11Un L11Us2
AS A + ugvT Lo1Ury +ugv]  LoyUia + LosUss + ugvd

(2.26)
That means that the matrix parts Li1, Uj1 and Ui remain unchanged. The other parts can be
computed as follows. Given
L2+1U1+2 = LoyUyo + dgvlT
we obtain the formula to calculate L3,
(L3, — La1)Usz = tipv] <= L} = Loy + tipv{ Upy'

Now the remaining new sub-matrices L3, and U, can be computed in form of a new dense LU
updating problem. This is represented by

L;rlUlg + LSFQU;F2 = Lo1Ujo + LosUss + ’112?}; <~
(L;rl — Lgl)Ulg =+ LSFQUQJFQ = LooUsy + ’lNLQ’Ug =
LU, = LagUss + @iz (v — 0T U UL). (2.27)

oT

From (2.27) we conclude that it is sufficient to consider the reduced updating problem for Loz and
Uss.

This computation can be done in an analogous way if the vector v has leading zero entries.

Step 2:

Given the remaining submatrices Loy, Uy and the update vectors iy, 97, we initially start using
Algorithm II where vy is replaced by ©. As we will see in Section (4), this algorithm will be
significantly faster than Algorithm I. For reasons of efficiency we will chose the row-wise version.
Algorithm IT will be used as long as it is stable (see step 3). If we have to stop it for stability,
then L;’l is not yet computed. Thereby Lo; will be modified using EH, f]u. This will be done by
the standard version of Algorithm II.

Step 3:
In step i we switch to Algorithm I if

|UF| <7 -max(|U}]) where (0<7<1). (2.28)

This condition is used to safeguard the updating process and it avoids tiny pivots. Up from this
point the remaining matrix parts L and U will be updated by Algorithm I. Notice that row and
column permutations applied to L and U will also be performed on L;rl, L;rl, U1+2, U1+2.

3. KKT Updating. At first we have to modify the approximate Jacobian
AT = A+ orpT, (3.1)

where §, r and p are as in Section 1.2. These terms are computed as part of the optimization
process using s and ¢ according to (1.8) after solving (1.3). Here we assume that A and AT have
full rank. This can be guaranteed, e.g. by damping the update (3.1). The modification (3.1) can
be done by one of the algorithms described in Section 2.

Whenever A will be modified we have to adjust its corresponding null-space Z. Due to the
regularity of the approximate Jacobian, Z is regular in every step.
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3.1. Updating the Null-Space. If the approximate Jacobian is updated by a rank-one
term, the modification of the corresponding null-space to A is of rank-one, too. This rank correc-
tion can be computed in a way that Z maintains its trapezoid structure. So we obtain

Zt =7+ Azp?, where Az € R", p, € R% (3.2)

Modifications only occur in the matrix product Z=-U 1 YU, of Z. Hence only the upper part
of Az denoted by Az € R™ is non-zero. These vectors AZ and p, can be calculated using the
Sherman-Morrison-formula [4]. The new significant null-space is given by

7t = —(U)'UF = = [Us +757] 7 [Uz + 75 (3.3)

where pl' = [ﬁlT ﬁQT] = pT' Py and 7 = L' PTr. Straightforward computation yields

(AU [(U2) + 7(53)]
1+ (a1 U7

2t =Z2-Ur' |(p5) - : (3.4)
——

Az

pT

which represents the null-space modification as rank-one correction corresponding to the update
of A. Since a column interchange in A can also be read as a rank-one update, the null-space
modification of Z can be computed analogously. In the particular case of an additional column
interchange in A, it is necessary to collect the two separate rank-one updates into a single rank-two
update to avoid numerical problems.

With the knowledge of Az and p, the projected Hessian can be adjusted with respect to the
null-space of A. In the following this will be described in detail.

3.2. Updating the Projected Hessian. The projected Hessian has to be modified when-

ever one of the following three cases occurs:

(a) the SR1 update (1.6): By = B+ ehh” 3
(b) modification of the null-space (3.2): Z, = Z + Azp?
(¢) column permutation in A: P} = P;; P

(a) The matrices F and C are updated with respect to the rank-one correction of B. We obtain
ET=YTBYY =YT(B+ e¢hh?)Y = YT BY +eYThhTY (3.5)
——
E
and

Ct=Y"B*"Z=Y"(B+enh")Z =YT"BZ +YThhT Z. (3.6)
c

The update of the projected null-space M = ZTBZT can be represented by
Z"ByZ = RyRY = Z" (B + ehh™)Z = RR" + eh.h?, (3.7)

where h, = ZTh. As long as the rank-one update is constructed to preserve positive definiteness,
it can be computed with several algorithms for updating the Cholesky factorization [3,4]. Here
we have to pay attention to choose € such that M remains positive definite. This can be achieved
e.g. by damping the rank-one term or by pre-adjusting the Hessian [8].

(b) The changes in E and C caused by the null-space modification of Z can be done in a very
similar way to case (a). In contrast to the first case, M underlies a rank-two modification

R RT =7TBZ. = (Z7 + p.A2T)B(Z + Azpl) = ZT'BZ +p.bY + b.pl + pup-pL,  (3.8)

RRT
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where b, = ZTBAz and u = AzT BAz. Once more we have to avoid to loose positive definiteness
of M. This can be achieved using the strategies described in [8].

(c) In the case of column permutations applied to A at first we adjust the projected Hessian
similarly to case (b) but use a rank-two term. This rank-two correction consists of the modifica-
tions in Z caused by the rank-one update of A (1.8) and by the column permutation in U (2.19),
compare Section 3.1. Furthermore, the two rows in Ps which were interchanged, cause additional
changes in £, C' and M.

As before the row interchange in the null-space P; Z, = PZ-jPSZ:r can be read as a rank-one
update which leads us to case (b) again. At last the permutation Py occurring in the range-space
basis Y (1.13) has to be regarded, too. This requires to remove and re-compute some single rows,
resp. single columns in £ and C. We will show this for the matrix C.

Starting with C' = YT PTBP,Z we obtain C(") = YT PTBP}Z, after a low rank correction from
the right. Our objective is to compute

ct=Y(PI*BPfZ, =YPI'PLBP}Z,. (3.9)

Suppose that C® is given, then C* can be obtained from C® by replacing the i-th row el by
T

¢, le.
[ el T [ e ]
CO=| | =ct=]| |, (3.10)
L L

where 1 <7 < m < j < n and c]T can be computed as c]T = eJTPSTBZ. To do so, we need the
single row [eJTPST B] of B. Since B is not explicitly stored we have to use its representation

YT E C L. Ol[E ¢ [, -2
{ZT]B[Y Z]:[CT RRT}:B:PSLZAT IJ [CT RRTHO Id]Pj. (3.11)

4. Numerical Results. In this section we will compare the algorithms described previously
regarding their runtime. The tests were done on an Athlon-XP 2100+ machine with 256kB CPU
cache and 512 MB main memory. We implemented the algorithms in C using the operating system
Linux and the gcc compiler with the option ’-03’.

At first we will compare the computation time of several low-rank update algorithms for rectan-
gular matrices. After that we will solve a KKT problem arising from constrained optimization by
the quasi Newton approach of Section 1.

4.1. Rectangular LU Updating. The updating algorithms Alg.I, Alg.Il and the QR-
updating algorithm of [10] will be compared in runtime. In our computation we started with
the identity and applied our algorithms to 50 randomly generated rank-one modifications. The
computation times in Table 4.1 are given in seconds. Alg.I represents the updating method of
Schwetlick. It is used in four different variations. The first two cases use 7 = 0 which means that
no row permutation will be done. These two variants differ in the way L is updated. The third ver-
sion (7 = 1) represents the original algorithm described in [10]. Version 4 of Schwetlick’s method
uses the relaxed parameter 7 = 0.1 which typically reduces the number of row interchanges. Alg.IT
shows the method of Bennett which is applied in its original form [1] and in the new row-wise
implementation (Figure 2.1). The performance of the QR-updating algorithm is shown in the
column 'QR’.
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TABLE 4.1
Comparing LU Updating

dimension Alg.I Alg.l AlgI | Algl | AlgIl | Algll QR
mXn T= 7=0,row-wise | T=1 | 7=0.1 Tow-wise

3000 x 3000 49.1 28.2 76.5 51.5 28.7 13.6 90.2
1500 x 6000 30.4 23.8 45.7 31.1 19.3 14.0 49.8
750 x 12000 25.0 22.8 37.2 25.9 16.4 14.0 44.3
6000 x 6000 || 434.2 112.6 635.0 | 448.0 269.7 55.5 695.1
3000 x 12000 | 177.1 95.6 268.0 182.4 118.1 56.5 271.3
1500 x 24000 || 116.4 99.4 165.4 | 120.3 75.7 58.9 205.6

As we can see, the row-wise version of Alg.IT is always the fastest. KEspecially in the cases of
large matrix dimensions it is significantly faster than all other methods. Of course it offers no
possibilities to prevent numerical instabilities by pivoting.

Among all algorithms that address stability it has turned out that Alg.I with 7 = 0.1 performs
best. It is approx. 30% faster than in the case where 7 = 1 and it is approx. 40% faster than the
QR update.

For these experiments based on random updates we did not use column pivoting since we observed
that column interchanges were hardly necessary for this class of problems. For this reason Alg.IT1
which combines Alg.I and Alg.IT will be discussed in the next example.

In a further example we will update a rectangular matrix 50 times by structured rank-one modi-
fications. That means we want to use a sequence of rank-one corrections in the way as we expect
in the optimization procedure. Starting with vectors which have a large norm leads to a lot of
pivoting at the beginning. Step by step we reduce this vector norm so that no permutations will
be required finally. We will compare Alg.III to the Q) R-based method, to Alg.I using full pivoting
and to the fast Bennett method. In Table 4.2 the runtime for the total updating process is pre-

TABLE 4.2
Comparing Structured Updating

QR-based LU-based

n | m Alg.I | Alg 11 | Alg IT1
6000 | 6000 695.1 639.91 | 55.52 | 198.23
6000 | 3000 179.15 169.6 | 27.89 | 65.27
3000 | 3000 90.2 75.75 9.65 30.82
3000 | 1500 28.51 22.8 6.83 13.45

sented. We can see that all LU-based algorithms, Alg.I, Alg.IT (row-wise) and Alg.III are faster
than the QQR-version. Furthermore it turns out that only Alg.III can take an advantage of the
special structure of the updating sequence.

4.2. KKT solving. In this section we will compare methods for solving a whole KKT prob-
lem. On one hand QR-based algorithms for factorizing and updating Aj, together with Givens-
techniques for modifying By, are considered. On the other hand the new LU-methods from Alg.I
and Alg.IIT applied to Ay are used in combination with the algorithm of [3] for B,. We use an
optimization environment which is provided by Andrea Walther!. This code uses a globalizing
approach based on line search. For computing the required derivatives the AD-tool ADOL-C [6]
is used.

We will solve the following optimization problem [9]:

Hnstitute for Scientific Computing, D-01062 Dresden, Germany
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Minimize f

subject to
G =x;+ 2241 +3x42—1=0 (1<i<n-—2). (4.2)

We initialize « as a random vector where (—0.5 < x; < 0.5). The derivative matrices in the first
step are chosen as Ay = [I O] and By = 1.

In fact of the quadratic-linear structure of this problem, the optimal solution should be achieved
after n iterations. As we can see in Table 4.3 the LU-based method is significantly faster than the

TABLE 4.3
KKT Example

| n || LU-based | steps | @ R-based | steps |
100 0.21 102 0.37 102

200 2.27 208 5.2 207
400 19.21 410 43.42 408

@ R-based version. Further, the number of iterations are close to the expected theoretical value.

5. Conclusions. We have introduced several new efficient algorithms for updating LU-
factorizations after low-rank modifications. The algorithm of Kielbasinski/Schwetlick was ex-
tended for rectangular matrices using additional column pivoting without loosing its quadratic
complexity. This is a central point for applying LU decompositions to non-square systems. More-
over we improved the algorithm of Bennett regarding to efficient matrix access in memory. In
addition a new method for special structured updates was developed.

These new algorithms can significantly improve different applications. This is shown in the case
of solving nonlinear constraint optimization problems. Numerical results prove that our method
is much faster than, e.g. using a (QR-based version. So far we have not discussed the case when
By, turns to be indefinite. Currently the updates are sufficiently damped. The generalization to
the indefinite case will be discussed in an upcoming paper.

Our promising numerical results indicate that our low-rank-modification algorithms can also be
used efficiently in a wide field of applications.
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