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A REGULARIZED NEWTON METHOD FOR
EQUALITY CONSTRAINED NONCONVEX
OPTIMIZATION
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Abstract: A regularized Newton method is presented in this paper to solve equality con-
strained nonconvex minimization problems. Such a method is characterized by its use of the per-
turbation of the Lagrangian function’s Hessian to deal with the negative curvature. The method
is based on successively solving linear systems for which effective software is readily available. The
linear model of a merit function is employed to attain a sufficient reduction in a local approximation
of the merit function during each iteration. Without the nonsingularity assumption of solution, the
global convergence of the regularized Newton method is established. Some preliminary numerical
results are reported, which show the efficiency of the method.
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1 Introduction

We consider the nonlinear equality constrained optimization problem:

min (),

s.t.  e(x) =0, (1.1)

with continuously differentiable functions: f : R" — R, and ¢ : R" — R™ (m < n). Our
interest is in methods for nonconvex minimization problems that ensure global convergence
to first-order optimal points. These methods can be used in contemporary interior-point
methods for general nonlinear optimization.

Recently, there are some progress in convergence analysis of regularized Newton meth-
ods for solving unconstrained programming problems, see [1-3]. Li et al.[1] presented two
regularized Newton methods for convex minimization problems in which the Hessian of ob-
jective function at solutions may be singular. However, the convexity or at least the local

convexity at a local minimizer of the problems cannot be relaxed in their algorithm. Shen
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et al. [4] and Ueda and Yamashita [5] extended the methods to unconstrained nonconvex
minimization problems without the nonsingularity at solutions. The extended regularized
Newton methods use the Armijo’s size rule, and it does not contain unknown constants,
e.g., the Lipschitz constant of V f as Polyak’s method. However, as we use the method pro-
posed in [5], the discrepancy between the reformed matrix and the Hessian increases more
significantly if the norm of the gradient gets larger. This discrepancy leads the computation
efficiency to decrease.

Our purposes here are to improve these methods and to generalize them from without
constrained to with equality constrained optimization problem. Such a method is charac-
terized by its use of the perturbation of the Lagrangian function’s Hessian to deal with the
negative curvature. The regularized Newton step is determined by solving a linear system.
The method uses the linear model of a merit function to attain a sufficient reduction in a
local approximation of the merit function.

Here, it should be mentioned that quasi-Newton method and Modified Newton method
for equality constrained optimization. For quasi-Newton method, some assumptions are
some-what restrictive. For example, the condition that the quasi-Newton approximation of
the Lagrangian is uniformly bounded below by a positive constant rules out the case that
the Hessians become ill conditioned, see Theorem 5.6.4 and Theorem 12.1.2 in [6]. However,
in our algorithm, global convergence result is established without the uniformly positive
definite of the Hessians. As to Modified Newton method, the numerical results show that
our method is more robust than Modified Newton method (see Section 4).

To simplify the notation, we denote the gradient of the objective function f by ¢ and
write A for the Jacobian of ¢ respectively, i.e., g(z) = Vf(x) € R", AT(x) = Ve(z) € R™*™.
Subscripts k refer to iterations indices and fy is taken to mean f(xy), ¢k to c(zx) , gk to g(xy)
and Ay to A(xy), etc. For a matrix A € R™*"™, Apnin(A) denotes the minimum eigenvalue of
A. Throughout the paper, || - || indicates the Euclidean vector norm.

The paper is organized as follows. In the next section the overall algorithm is developed
in detail. The convergence analysis of our algorithm is finished in Section 3. In Section 4,

we present some numerical results.

2 Development of the Algorithm

By introducing the Lagrangian function L one can derive first-order optimality condi-
tions. The Lagrangian function corresponding to problem (1.1) is L(z, \) := f(x) + AT¢(z),
where A € R™ are the Lagrange multipliers. If f and c are continuously differentiable, then
the first-order optimality conditions for z* to be an optimal solution to problem (1.1) state
that there exist multipliers A\* such that (z*, A*) is a solution to the nonlinear system of
equations:

ofe) (2.1)

Suppose that (zj, A\;) are estimate of the critical values (x*,\*). Then the Newton

VL(z,\) = [ 9(x) + AT (@)A ] — 0.
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equations for suitable corrections (dg, dx) to these estimates are simply

de |
Se |

Hy = V2, Le = V2, f(z) + > N V2,ci(n)

i=1

H, AT
A, 0

gr + AN,
Ck

where

is the Hessian of the Lagrangian and A} represents the ith component of \j. If the constraint
Jacobian Ay has full row rank and Hy is positive definite over the null space of A, then a
solution to (2.2) is well defined in this context.

We are interested in the general case, i.e., H is not always positive definite over the null
space of Aj. Now, we generalize the technic proposed in [4, 5] for unconstrained optimization

to the equality constrained case. In the equation (2.2), let Hy be modified by
Wi = Hy + [A + min(B, [|gx + AG Aell + llexl)] L, (2.3)

where Ay := max{0, —Anin(Hg)} and 8 > 0 is a fixed constant.

Obviously, W, is positive definite when || g, + A7 Mg || + ||ck || # O.

Next, we define the merit function to be ®(z, u) := f(x)+ ul|c(z)||, where p is a penalty
parameter. We denote ®’(d, u) as the directional derivative of the merit function ®(x, ) at
x along d, and

my(d, p) == fr + gi d + pllex + Axd|),

as the local approximation of ®(z, ) about xy. The reduction in the model my produced
by dj. is denoted by

Amy(di, p) = mu(0, p) — my(dy, p)
= —grdi+ p(llcel = llew + Ardyl])
= —gidi+ plle-

After computing a step dj, we require that the reduction in the model m;, satisfies
1
Am(di, pi) = §d{Wkdk + opu|ex| (2.4)

for some parameter 0 < o < 1 and appropriate .

A complete statement of the algorithm is given as follows.

Algorithm A:

Let 0 < 0,m,0,7r < 1 and 8 > 0 be given constants. Initialize xo € R", Ay € R™, and
o > 0. Set k= 0.

Step 1 Evaluate functions at zy.

Compute ¢, Ak, fr, G-
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Step 2 Check for termination.
If [lgx + Af Akl + llex|l = 0, stop.
Step 3 Compute search direction.

Compute Wy, by using (2.3), and solve the following linear system

-

Let (dg, dx) be the solution of (2.5).

Step 4 Update penalty parameter piy.

If the reduction condition (2.4) is satisfied, then go to Step 5. Otherwise, update the
penalty parameter by setting

W, AT
A, 0

gr + AE N,
Ck

(2.5)

1
= —————(gldp + =dj Widy) + 0. 2.6
223 (1 _U)HckH(gk k 2 kVVE k) ( )
Step 5 Backtracking line search.
Compute «j with the first number « in sequence {1,r,72,---} satisfying the Armijo
condition:
D (g + ady, p) < O(zk, px) + an® (d, py)- (2.7)

Step 6 Update.
Set (Tgr1, Apr1) = (Tg, M\x) + a(dy, Ok), i1 = i, k = k + 1, go back to Step 1.

3 Global Convergence

Let us begin our investigation of the well-posedness and global behavior of Algorithm
A by making the following assumptions about the problem and the set of computed iterates.

Assumption 3.1 The sequence {z}} generated by Algorithm A is contained in a convex
set A.

Assumption 3.2 The function f and ¢ and their first and second derivatives are
bounded on A.

Assumption 3.3 The sequences {)\;} and {W}} are bounded.

Assumption 3.4 The constraint Jacobians A have full row rank and their small
singular values are bounded below by a positive constant.

Remark 3.1 The positive definiteness of W}, along with Assumption 3.4 ensures that
the equation (2.5) is solvable and has unique solution.

We start by showing that Algorithm A is well defined.

Lemma 3.1 If the penalty parameter u; is chosen as Step 4 of Algorithm A, the
inequality (2.4) is always hold.

Proof 1If ¢, =0, the first block equation in (2.5) and positive definition of W}, imply

Amy(di, pe) = —gp di, = di Widi + dif AL (A + 61
1
= diWidy, — ¢ (M + 0r) = df Widy, > Qdf Widy,.
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In this case, (2.4) is satisfied for the current penalty parameter py.
If ¢, # 0 and (2.4) is not hold for the current penalty parameter py, then (2.6) implies
the updated penalty parameter p; satisfies

1
M = ( (91 dy + id{Wkdk),

|
ie.,
~gFdi + pellerll > S Wi + opelles .
It means that (2.4) is also hold for the updated penalty parameter py.
Lemma 3.2 The directional derivative of the merit function ®(z,u) along a step d
satisfies ®'(d, p) = g%'d — pl|c]|.
Proof We can obtain from Taylor expansion that

Oz +ad,p) = ®(z,p) = [flz+ad) = f(2) + p(lle(z + ad)|| — [le(2)]]
ag’d+ Kipo®||d|* + p(lle(z) + addl| — [le(=)]])
aghd + Kypo?|[dlf* + p([(1 — a)e(@) || — [le(@)]l)
alghd = plle(@)])) + Kipa®||d]?,

I IA

where K is some constant. By arguing similarly, we also obtain the following lower bound:
O(z + ad, p) — D(z, 1) > alg”d — plle(@)l]) — Kipo®||d]*.

Dividing both sides by « and taking the limit as a — 0 yields the result.

A corollary to above two lemmas is that the step dj, computed in Step 3 is a direction
of nonincrease for the merit function ®(z, ). This result allows us to show that the Armijo
condition (2.7) is satisfied by some positive oy, (see Lemma 3.5), and so Algorithm A is well
defined.

We now investigate the global property of Algorithm A. We consider the decomposition

dk :uk—ka,

where ug, the tangential component, lies in the null apace of Ay and vy, the normal compo-
nent, lies in the range space of AY.
The following result shows that the normal step sequence {v;} is bounded.

Lemma 3.3 There exists a constant K5 > 0 independent of the iterates such that
[[or]l < K |lexl]-
Proof From Ajv, = —c; and the fact vy, lies in the range space of A7, it follows that
o = Ap (ApAR) T Aoy = AL (AR AL) T (=),

and so [|ve[| < [|AE (AxAR) 7] - flexll
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The fact that Assumption 3.2 and 3.4 imply that ||cx|| and || AT (A, AL)~!|| are bounded.

Therefore there exists a constant K5 > 0 independent of the iterates such that
| A% (ApAR) 7| < Ko,

which implies |Jvg]| < Kal|ck|l.

The next lemma shows that the penalty parameter u; remains bounded.

Lemma 3.4 The sequence of penalty parameters {ux} is bounded above and there
exists an integer K > 0 such that p, = pux for all k > K.

Proof The penalty parameter is increased during iteration k of Algorithm A only
when (2.6) is invoked. From Lemma 3.1, we know that py is chosen to satisfy the inequality
(2.4), namely

1
Amy(dy, i) — idgwk'dk > opllckl|-

From the equation (2.5), we have
Widy, + AL, = —(gx + AL ).

Left multiplicating both side by u! and using Aju;, = 0 yields —gFu, = ul Wydy. This,
along with the equation (2.5), implies for some constant K3 > 0 independent of the iterates,

1 1 1
—gidy — id{Wkdk = —glup— §U£kak — ui Wiy, — gi g, — §U£Wkuk

1 1
= —gg’l}k — §UI{W}CU]€ + §U5Wkuk

1
> —grvp — 57’/::kak > —Ksllell,

the last inequality follows from Assumptions 3.2 and 3.3 and Lemma 3.3. Then, we have
shown )
Am(dy, i) = 5 Widy, > (e = K) x|
and so (2.4) is always satisfied for py > (ff—jy) Therefore, if pgx > (fi—da) for some K > 0, then
e = px for all kK > K. The result follows from the above and the fact that when Algorithm
A increases penalty parameter it does so by at least constant 6 > 0.
Next, we show that the line search in Step 5 will be successful.

Lemma 3.5 Suppose that there exists a constant € > 0 such that
gk + ALl + llexll = e.

Then, for some constant K4 > 0 independent of &, ay > ain(€), where

(1 —n)rmin(8,¢)
2Kypx

Qmin (8) =

and pgis from Lemma 3.4.
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Proof Suppose that the line search fails for some @ > 0, then
D (2, + ady, pr) — (g, pr) > an®’ (d, px)-
A Taylor expansion of ®(z, 1) about x; yields for some Ky > 0,
O (xy, + ady, pr) — (g, ux) < a®’ (di, pr) + & Kapr||di|).

so (n — 1)® (dg, ur) < aKypug|de||?, where pg is from Lemma 3.4. From Lemma 3.2, the
inequality (2.4) and the suppose ||gx + AL Al + [lck]| > €, we have

1
(1= Do) = (1= a)afd+llenl) > (0= ) (Gt Wide + o)

1 1 .
> (1= m)diWidy > 5 (1 —n) min(8, &) x|

s0 3(1—n)min(8, e)||dy||* < aKspk||de?, ie., &> %}Z{(@E), hence, oy (€) satisfies the

Armijo’s rule (2.7).

Now, we show the global convergence property of Algorithm A. First, we present the
convergence of the iterates toward the feasible region of problem (1.1).

Theorem 3.1 Under Assumptions 3.1-3.4, if Algorithm A does not terminate finitely,
then lim ||cx|| = 0.

k—o0

Proof Assume that ¢; does not tend to zero, i.e., limsup,_, |[cx]| > 0. Let

1.
— limsup ||ex ||,
2 k—oo

Ie(k) = {] S {071527" ) }‘.] S ka ”CJH 2 8}'

9

Then, we have limy_. |I.(k)| = 0o, where |I.(k)| denotes the number of elements of I.(k).
From Lemma 3.4, along with Lemma 3.2, inequality (2.4) and definition of W}, in (2.3), for
k > K we obtain

k
O(zx, px) — P(Tptr, ix) = Z[@(xj,ux) — (41, prc)]
=K
k
> —nomin(e) Y ' (x;, ix)
j=K
k
= namin(e) D (=g d; + pxclesl)
j=K
" /1
> nowm(©) <2dfwjdj+w||cjn>
=
k
> nomin(@)opx Y ol
j=K
2 7704min(5>0/i1( Z £

Jel (k)

= namin<5>oﬂK€|I€(k)|'
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This contradicts the fact that Assumption 3.2 implies ®(x, ) is bounded below. Hence,
we have limsup ||cx|]| = 0, i.e., lim ||cx]| = 0.
k—o0 k—o00
Second, we present convergent property of the reduced gradient.
Theorem 3.2 Let Assumptions 3.1-3.4 hold. If Algorithm A does not terminate
finitely, then

lilgninf llgr + AL A || = 0.

Proof We show it by contradiction. Assume that this is wrong, then possibly after
increasing K there exists € > 0 with [|gr + AL M| > € for all k > K.
In the same way as Theorem 3.1, for k£ > K we have

k
1
D(zx, px) — P(Tpt1, i) = NOmin(€) Z <2d?Wjdj + UMKHCJ‘H)
=K

J

Y

k

1

§namin (5) Z d? W;d;
j=K

k

1 .

777amin(€) mln(ﬂv 6) Z Hdk”z
j=K

Y

2

The fact that Assumption 3.2 implies ®(z, py) is bounded below means klim |ldk]| = 0.
An expansion of the first block of the optimality conditions (2.1) yields

grs1 + A Akl < llgr + AL + an(V2, Lidi + AL 6k) || + o 81 (di, 6k),

where

Br(dy, 61) = O(||di||* + [|du]| - |6k]])-

Employing the above inequality, the first block equation in (2.5) and the triangle inequality,
we obtain for k > K,

lgrr1 + AL el < llge + AR Ak + a(Widy, + AL k) + an(Va, L — Wi )di || + o 81 (di, 6k)
< lgr + AR M — anlgr + AL + anll(Vi,Le — Wi )dy || + o3 B1 (dy, 6x)
< (1= amin(@) gk + AL Akl + arBa(d, 0),

where

Ba(dy, ) = O(||du || + | dilI” + [Idi|l - [|6%]]),

and the last inequality follows from Assumptions 3.2 and 3.3 and Lemma 3.5. Note that the
bound i () < 1 follows from the algorithm’s construction.
The boundedness of {ay}, and the fact that Assumption (3.3) implies d;, is bounded in

norm imply that
khm akﬂz(dk, 6k) =0.
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So possibly after increasing K for all £k > K we have

1
akﬁ2(dk7 5k) < iamin(g)g

and

IN

1
gr+1 + A{+1)‘k+1” (1 — amin(e))llgr + Ag)‘kH + §Oémin(5)6

IN

1
llge + Af Akl — §0émin(5)5'

Therefore, {||gr. +AF A\ ||} decreases monotonically by at least a constant amount for k > K,
so we eventually find ||y + AT \i|| < € for some k > K. This contradicts ||gx + AL \g|| > ¢
for all £ > K. Hence, our assumption was wrong and lilgn inf ||gx + AT A\i|| = 0 is hold.

4 Numerical Results

In this section, we give some numerical experiments to show the success of Algorithm
A. A Matlab code was written corresponding to this implementation. We also compare the
performance of Algorithm A with Modified Newton method. All examples are chosen from
[7]. The parameter setting and termination criteria about the implementation are described
as follows.

(1) The parameter setting. The algorithm parameters were set as follows:
c=02 n=10"% 6#=10"" r=0.5,

ﬂ:055 /\0:(171771)6Rm7 MOZ]-

(2) Termination criteria. Algorithm A stops if
llgr + ALl + [lex | < 107°.

In Algorithm A, the left most eigenvalue of Hj is computed via Matlab’s eig func-
tion. Then, we compute the solution to (2.5) by factorizing the coefficient matrix using the
Doolittle method.

In modified Newton method, modification is made prior to the step computation, by
adding multiplies of the identity matrix to Hy, in order to create a strictly convex subproblem
during each iteration (see Appendix B in [8]). The modification of Hj, is as follows:

set pp = 1074

while min(eig(Hy)) <=0,

Hjy, = Hy, + pp + I;

Pr = 10 % pg;
end.
Wi = Hy.

In table 1, which presents results of the numerical experiments, we use the following

notation:
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Table 1: Detailed results for test problems
Problem n m Algorithm A M N method
Tter Final-f Prec Tter Final-f Prec

HS6 2 1 17 1.6452e-015 1.0767e-007 10 1.1615e-017  4.7427e-009
HS7 2 1 8 -1.7321  4.5455e-013 8 -1.7321  4.5455e-013
HS8 2 2 5 -1 3.3887e-015 5 -1 1.9606e-015
HS9 2 1 11 -0.5000 3.6001e-011 3 -0.5000 2.0854e-007
HS26 3 1 18 2.1913e-012 7.6669e-007 20  3.4840e-011 8.7814e-007
HS27 3 1 11 0.0400  9.9904e-011 39 0.0400 5.8248e-008
HS28 3 1 8  1.5892e-022 1.1550e-011 1 0 0
HS39 4 2 8 -1.0000 7.6740e-012 8 -1.0000  1.4825e-010
HS40 4 3 11 -0.2500 7.1297e-007 44 -0.2500  9.7529e-007
HS42 4 2 5 13.8579  3.3191e-011 4 13.8579  9.4286e-009
HS46 5 2 20 1.7025e-011 6.6584e-007 20 1.4784e-009  7.7951e-007
HS47 5 3 13 -1.4716e-011  2.7142e-007 Fail

HS48 5 2 5  9.8627e-014 5.4573e-007 2 8.0178e-017  2.0555e-008
HS49 5 2 21 3.7996e-010  3.2629e-007 17 3.2131e-009  6.2142e-007
HS50 5 3 11 3.1323e-021  1.0125e-010 9 7.2661e-019  3.2518e-009
HS51 5 3 5  2.4961e-016 3.0791e-008 1 1.4791e-031  1.4594e-015
HS52 5 3 5 5.3266 6.4326e-013 1 5.3266 4.2328e-015
HS56 7T 4 139 -3.4560  8.5290e-007 Fail

HS61 3 2 7 -143.6461  4.1959e-009 7 -143.6461 1.4535e-012
HS77 5 2 12 0.2415  2.5399e-007 13 0.2415 1.3893e-007
HS78 5 3 33 -2.9197 8.6101e-007 53 -2.9197  9.9956e-007
HS79 5 3 7 0.0788  1.0003e-008 5 0.0788  3.4568e-007

n: the number of variables,

m: the number of constraints,

M N method: Modified Newton method,

Iter: the number of outer iterations,

Final-f: the final value of the objective function,

Prec: the final value of ||gx + AF \¢|| + [|ck|| used in the termination criteria,

Fail: the algorithm does not terminate properly.

All the equality constrained problems proposed in [7], a total of 22, were selected. For
the problem 61, because the full row rank condition described in Assumption 3.4 does not
hold at the starting point, we select another point xo = (0,0,1) as the initial point. For
each problem that be successfully solved by both of the methods, the number of outer
iteration of these methods are similar. But, there are 2 problems where Algorithm A solved
while modified Newton method could not solve. For problems 47 and 56, using modified
Newton method, the outer iteration limit of 1000 can be reached before an iterate satisfies
the termination criteria. Table 1 shows that Algorithm A is clearly superior to modified
Newton method. The numerical results illustrate that our regularized Newton method for
equality constrained nonconvex optimization is effective and more robust than modified
Newton method.

5 Conclusions

A new regularized Newton method is proposed for solving equality constrained non-

convex optimizations. This method is characterized by its use of the perturbation of the



No. 1 A regularized Newton method for equality constrained nonconvex optimization 11

Lagrangian function’s Hessian to deal with the negative curvature. The global convergence
properties are proved nuder reasonable assumptions. Numerical experiments are conducted
to compare this method with the classical modified Newton method and results show that
new method is competitive. Our approach can be extended to generally constrained prob-
lems as our methodology is applied to the equality constrained barrier subproblems arising

in an interior point method.
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