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Summary. Given the data (x;, y;) € M2, i = 0,1,...,n which are in
convex position, the problem is to choose the convex best C' interpolant
with the smallest mean square second derivative among all admissible cubic
C!-splines on the grid. This problem can be efficiently solved by its dual
program, developed by Schmdit and his collaborators in a series of papers.
The Newton method remains the core of their suggested numerical scheme.
It is observed through numerical experiments that the method terminates in
a small number of steps and its total computational complexity is only of
O (n). The purpose of this paper is to establish theoretical justification for the
Newton method. In fact, we are able to prove its finite termination under a
mild condition, and on the other hand, we illustrate that the Newton method
may fail if the condition is violated, consistent with what is numerically ob-
served for the Newton method. Corresponding results are also obtained for
convex smoothing.
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1 Introduction

The given data (x;, y;) € M2,i =0,1,...,nissaid to be in convex position
if
T < Titl i=1,...,n—1
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2 H. Qi, L. Qi

where 7; := (y; — yi—1)/(x; — x;—1) and
A:a=xyg<x1<...<Xy_1<x,=>0.

The problem to be considered in this paper is to find a convex interpolant
to the given data with the smallest mean square second derivative, which is
often referred to as the convex best interpolation problem and described as
follows:

(1) minimize ||s” ||,
2) subjectto s(x;) =y, i=0,1,---,n,
3) s is convex on [a, b], s € V]a, b],

where constraint (2) is the interpolation condition and constraint (3) is the
convexity restriction on the admissible functions from some function space
Vla, b] defined on [a, b], giving meaningful definition of the objective (1).

Now we choose the admissible function space Vl]a, b] := Sp (3, A),
the set of cubic C! splines on A. Then for s € Sp (3, A), we have for
X € [xi—1, xi],

2
X — X;—
s(x) =yi—1+mi1(x —x;—1) + Gty —2m;i_y —m;) %
i
(x —xi—1)°
4 + (mi— +m; —21;) W
i

with h; ;= x; — x;_1,1 =1, ..., n. It follows that
) s(x;) = yi, s'(x;) = my, i=0,1,...,n

Further, s is easily proved to be convex on [a, b] if and only if
(6) 2mi_y +m; <3t <m;_1 +2m;, i=1,...,n

see [19]. Also it is easy to see that s is twice differentiable except, perhaps, at
the nodes {x;};. Hence the Lebesgue norm in (1) makes sense with respect to
s”, meaning minimizing the mean square second derivative. Thus we arrive
at the following minimization problem:

b n
7 min ¢ (mo, ..., m,) :=/ s"()dx =Y ¢i(mi_1,m;)
a i=1

S.t. 2m;_1+m; <31, <mj_1+2m;, i=1,....n

where
402 2 2
(8) i (x,y) :=;{x +xy+y —3r,-(x+y)+3rl-}.
This is a quadratic programming problem of special structure. The Hessian
of ¢ is symmetric positive definite. Hence problem (7) is uniquely solvable.
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Although it can be directly solved by standard constrained optimization
methods [11,20], problem (7) can be more effectively solved by its (uncon-
strained) dual program. Let ¢ : 2 — 9 be the continuously differentiable
piecewise quadratic function defined by

(@® + ab + b*) for a <0, b<0

@.b) = (3a + b)? for a>0, a+2b<0
TP = (a + 1b)? for b>0, 2a+b <0
0 for a+2b >0, 2a+b > 0.

The dual problem of (7) is the following unconstrained optimization prob-
lem, which can be derived either by the Fenchel conjugate theory [4,26], or
by the Kuhn-Tucker optimality theorem [2].

n n—1
hi
9 max — » —q(pi, pi-1) — i(Tip1 — T
©) max, ; 4P pic1) ;p (Tiy1 — T0)
with pg = p, = 0. We write (9) as a minimization problem:
n h n—1
10)  min L(p):= D 54 Pi i) + )i — )

i=1 i=1

with py = p, = 0. Since L(-) is convex, the optimality condition of (10) has
the form of nonlinear equations

(11) F(p)=—d
where d € W'~ ! withd; = 12(t;1 — ;) and F : R~ — %"~!is given by

(12)F;(p) = hi11029(pit1, pi) + hidiqg(pi, pi—1), i=1,...,n—1.

Once a solution of (11), say p, is obtained, the solution of (7), denoted by m,
can be calculated via the explicit formula [2, (28)]:

_ hi ( _ +1_+ 25 -
mi =t ——\pi+=p——2p_) ,
1 12 P 2p, 1 Pi_q

- hi - 1 -+ 25" B
mi—Ti+E pi—l+§pi - Pi> )

fori =1,2,...,n,wherea™ = max(0, a) anda~ = — min(0, a) fora € R.
Then the convex best C! interpolant can be constructed by (4). Based on those
theoretical results, it is suggested that the (ordinary) Newton method is ap-
plied to (10) or equivalently to (11). Numerical experiments [2,23-25] show
that the Newton method terminates in a small number of steps (averaging 3—5
steps) if a sufficiently good starting point is used, which is often provided by
the steepest descent method. The finite termination is even observed when
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starting from rough points. It is also pointed out that the Newton method alone
sometimes failed to find a solution [23,26]. However, it has been unknown
when the Newton method has the finite termination property or when it fails.
The difficulty is partially due to the combinatorial nature of the generalized
Hessian, which defines the Newton method, see (13) and (16). This nature is
the direct consequence of separability (L is the sum of n piecewise quadratic
functions of dimension 2 and a linear term) and twice non-differentiability of
the function L in (10), which in turn makes it extremely difficult in proving
nonsingularity of the generalized Hessian.

The purpose of this paper is to establish theoretical justification for the
Newton method. On the one hand, we show the finite termination of the New-
ton method under a mild condition by describing the accurate structure of
the generalized Hessian, see Lemma 3.2; and on the other hand, we illustrate
with an example that it may fail to find a solution if the condition is violated.
These results are consistent with what is numerically observed for the New-
ton method. Corresponding results for convex smoothing are also obtained.
Other contribution in this regard includes deriving the explicit formula (53)
of the generalized Hessian. The problem of convex smoothing is to deter-
mine a smooth function s such that s(x;) is an approximation to y; (instead
of interpolating y;) and s is convex. Convex smoothing is particularly useful
when the feasible set (6) is empty, i.e., convex C 1 interpolation (4) does not
exist, see [23,26]. See also [3] for general comments for smoothing.

Another optimization problem of (1) is of the convex L, interpolation,
where the admissible function space V[a, b]is W*?[a, b], the Sobolev space
of functions with absolutely continuous first derivative and second derivative
in L?[a, b]. This problem has been treated in [18, 14, 1,9]. The solution turns
out to be a cubic spline, but with nodes in general unknown. The quadratic
convergence of the Newton method for this problem, conjectured in [14],
has been recently settled in [6—8], which also inspired our investigation to
problems considered in this paper.

An outline of the paper follows. Since the nonsmooth equation (11) is
piecewise linear and we will consider the convergence of the Newton meth-
od for solving it, it is necessary to formulate the Newton method formally
for such a nonlinear system of equations, which is done in the next section.
It is shown in Section 3 that the Newton method has the finite termination
property under a mild condition, and violating this condition may result in
failure of the method. In Section 4, we extend these results to the problem of
convex smoothing. Conclusions are drawn in Section 5.

2 The newton method for systems of PC! equations

Since the purpose of this paper is to analyze the convergence property of the
Newton method, it is necessary to present the method in a formal context,
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see (13). We also describe it in a different way using the B-differential, see
(16). Both versions will benefit our convergence analysis in the next section.

Although the Newton method we will treat in this paper is for systems of
piecewise linear equations, we found it extremely suitable to describe it un-
der a more general framework for systems of PC! (piecewise continuously
differentiable) equations, mainly due to the following two reasons: First, the
result of quadratic convergence of the Newton method for PC! equations
will be used in our convergence analysis. Hence there is need to present the
Newton method for PC! equations separately; Second, the definition of the
Newton method for PC! equations reveals a way of calculating the Hessian
matrix, which has a good use in our key result Lemma 3.2. We begin with a
formal definition of a PC' mapping.

Definition 2.1 [16] Let G : R* — R be a continuous mapping. G isa PC!
mapping if there exists a countable family {U; : i € A} of closed subsets of
M such that

(a) cl (int U;) = U; foreveryi € A,

(b) UieaU; = R,

(c) (int Uj) N (int U;j) = P wheneveri, j € Aandi # j,

(c) {U; : i € A} has a locally finite property, i.e., for any x € R, there
exists an open neighborhood N of x such that {i : N N U;} is finite,

(e) for each i € A the restriction G|\U; of the mapping to each U; is a
C' mapping. More precisely, there exists C' mapping G' from an open
neighborhood of U; into R* such that G(x) = G'(x) for any x € U,.

We call the family {U; : i € A} a subdivision of W', and each U; (equiva-
lently G') a piece. So we say that G is PC' on a subdivision {U; : i € A}
of WE. For simplicity of discussions, we shall assume for the moment that G'
is defined on the whole space R* for eachi € A.

Let G : W* — R’ bea PC' mapping with pieces U; and G'. Then the k-th
step of the Newton method for the PC' equations: G(p) = 0 is as follows:
Given pf e R¢, choose a piece U; that contains p*; then find

(13) P = pf — (VG ()G (pY).

Another way of stating the Newton method (13) is using the B-differential,
denoted by dp, for nonsmooth Lipschitz mappings, introduced by Qi in [22].
Suppose for a while that the mapping G : ¢ — R’ is locally Lipchitzian,
let D¢ be the set where G is differentiable and VG (p) denote its Jacobian
at p € Dg. Then dgG(-) at a point p is defined by

(14) 9sG(p) :=§ Lim VG(p")

p —=p

p'eDg
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It is easy to see that d5 G (-) is well defined everywhere and is bounded. Now
we come back to the case that G is a PC' mapping. Let

I(p)={ieA: pelU} foreachpe R

Then we have
(15) 3G (p) = {VG'(p): i € I(p)}.

Using the B-differential, the k-th step of the Newton method (13) has the
following form: Choose V; € d5G( p%); then find

(16) P =pf = vIG(h.

If G(.) is the gradient mapping of some continuously differentiable func-
tion 6 : RE — N, then I3 G(p) is usually called the generalized Hessian of
6(-) at p, see [13] for general treatment of the generalized Hessian with C*!
data. The following local convergence result was established in [16, Theorem
1], restated in the B-differential:

Theorem 2.2 Let p* be a solution of the system of PC" equations G (p) = 0.
Suppose that

(i) all V € 0pG(p*) are nonsingular matrices and

(i) for each i € 1(p*), VG' is locally Lipschitz continuous at p*.

Then every sequence generated by the method (16) is quadratically conver-
gent to p* provided that the starting point p° is sufficiently close to p*.

Before going to the next section, we would like to make two remarks
on the calculation of d5G: (i) If G is continuously differentiable at p, then
dgG(p) = {VG(p)}. Differentiability only is not enough for dzG being a
singleton. (ii) If G is the sum of two Lipschitz functions, say

G(p) = G'(p) + G*(p),

with both G' and G? being directionally differentiable, we have the relation
in general [21]

38G(p) C 35G'(p) + 35G*(p).

If one of G', i = 1, 2 is continuously differentiable at p, equality holds. To
our special function F defined in (12), even if neither of 95G'(p), i = 1,2
is singleton, it is still possible to detect elements in 3G ' (p) and in 95 G>(p)
which make up elements in dgG(p). It is this possibility that allows us to
prove nonsingularity of the generalized Hessian. See (19) for an illustration
of this remark.



Dual newton method for convex best C! interpolation and smoothing 7

3 Finite termination

Let F be defined by (12). Then the Newton method for the equation (11) is
as follows:

a7 ptt=p VY FQPY) +d)  forsome Vi € dgF(p").

In this section, we shall study the convergence properties of the Newton
method (17). We first characterize when the condition (i) in Theorem 2.2 is
satisfied for F', with which local quadratic convergence follows from Theo-
rem 2.2 as the second condition (ii) is automatically met with any piecewise
linear mappings. Then we show that the finite termination of the Newton
method follows when the iterate p is sufficiently close to a solution p* and
itlies in the same piece U; as p* does. The finite termination property explains
the numerically observed behavior of the Newton method that it terminates
after a small number of steps when starting from a sufficiently good point
[26,2,23,25].

To make it easy to calculate dg F(p), we further define two functions
fig: R = Rby

(18) f(a,b) :=0q(a,b) and g(a,b):= diq(a,b).
Then

Fi(p) = hix1 f (i1, pi) +hig(pi, pi-1), i=1,...,n—1
with po=p, =0

Hence when calculating elements in dp F;(p), we need to calculate ele-
ments in dg f(pi+1, p;) and elements in dpg(p;, pi—1) respectively. Take
dp f (pi+1, pi) for example, the calculation is made with respect to all vari-
ables (p1, p2, ..., pn—1). Since f(pi+1, pi)is only dependent on p;, and p;
(independent of others), each element in dp f (p;+1, p;) must have the form
of we; + yeir1, @, y € N. Here ¢; denotes the i-th unit vector in R We
also let ey and e, be the zero vector in %" ~!. The task is to calculate « and y .
Likewise, each element in dgg(p;, pi—1) has the form of we;_| + Be; with @
and B to be determined. Hence each element in dp F; (p) has the form of

wei_1 + (o + B)e; + yeiy; forsome w,a, B,y € N.

Our key Lemma 3.2 characterizes when the condition (i) in Theorem 2.2
is satisfied. To give a clue on how to prove it, we first take a look at an ex-
ample which gives rise to a four dimensional dual problem. The calculation
process for elements in 93 F (p) for some point p € N* captures all ingredi-
ents for proving the lemma. Further, the example reveals more information
at its solution, see Remark (iii) after the proof of Lemma 3.2

Example 3.1 The given data is: (xo, yo) = (0, 0), (x1, y1) = (1, 1), (x2, y2)
=(2,3), (x3,y3) = (3,7), (x4, ya) = (4, 12) and (x5, ys) = (5, 27).
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The data is in convex position. We evaluate dg F(p) at p = (—1, 0, —1,
—1)7. Let py = ps = 0. We have four steps to calculate elements in 33 F (p).
Step 1. i = 1. It then follows

g(p1, po) =2p1 and  f(p2, p1) =2p1 + pa,

when p is near p, resulting

Fi(p) =2(hy + ha)p1 + hapo

for all p near p and hence
dpF1(p) = {2(h1 + ha)er + haea}.

Step 2.1 = 2. g(p2, p1) is given by two pieces p,/2 + p; and 2p; + p;
when p is near p. To calculate dzg(p2, p1), we take a sequence {p"} — p
with p4 > 0.Then g(p3, p}) = p,/2+ pj for all r sufficiently large, yielding
%ez + e, € dgg(p2, p1). On the other hand, we take a sequence {p"} — p
with p5 < 0, then g(pj3, p]) = 2p; + p] for all r sufficiently large, yielding
2e; + €1 € dpg(p2, p1). Hence

_ 1
0gg(p2, p1) = {562 +e1, 2e +e1} .

The function f(ps, p2) near p is also given by two pieces: p/2 + p3 and
2 p>+ p3. Like the calculation process above, we first take a sequence {p"} —
p with p5 > 0, then f(p5, p5) = p5/2+ p5 for all r sufficiently large, result-
ing %ez—l—eg € dp f(p3, p2). Onthe otherhand, take p; < 0,then f(p5, p3) =
2p5 + p5 for all r sufficiently large, resulting 2e; +e3 € g f (p3, p2). Hence

_ 1
g f(P3, p2) = {562 +e3, 2e; + 63} .

Matching the cases of the positive sequence (i.e, p5, > 0) together as well as
the cases of the negative sequence (i.e., p5 < 0) together, we have

1
opF>(p) = {hzel + E(hz + h3)ey + hzes, haer +2(hy + h3)ex + h3€3} .

(19)
Step 3.1 = 3. g(ps, p») is always given by 2ps + p; for all p near p,
yielding
958(p3, P2) = {2e3 + e2}.
f(pa4, p3) is given by 2p3 + p4 for all p near p, yielding

0B f(Ps, p3) = {2e3 + e4).

Hence
g F3(p) = {hzex + 2(h3 + hy)es + haes} .
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Step 4. i = 4. Like Step 1, it is easy to see
0 F4(p) = {hsez 4+ 2(h4 + hs)es)} .
Hence dp F (p) constitutes two elements, they are:

2(h1 + hy) hy
hy S(ha+h3) b

(20) hy o 2+ hy) b
hy 2(hg + hs)
and
2(hy + hy) h
@1 h 2(hy + h3) h3

h3 2(h3 + hy) hy
hy 2(h4 + hs)

Matrix (21) is positive definite as it is diagonally dominant. Although matrix
(20) is not diagonally dominant, it is positive definite too. A typical feature
leading to this is that the diagonal element value %(h,- + h;41) does not oc-
cur in a consecutive way; That is, it cannot happen that any two adjacent
diagonal elements can take values of the kind %(h,- + h;41) simultaneously.
This feature is not accidental. It holds uniformly for points satisfying some
condition, which is stated in the following lemma.

Lemma 3.2 Let p € W'~ be given and py = p, = 0. Suppose

22) (pi, pic1) €W foralli=1,...,n
where
(23) W :={(a,b)|2a+b <0o0ra+2b <0}.

Then each element V € dg F(p) has the following tridiagonal structure

Vi hy

v=|"®
. hn71
hnfl anl,nfl

with Vi;, i =1, ..., n — 1 satisfying the following conditions

(i) Vit = 2(hy + hy) and Vg n—1 = 2(hy—1 + hy),

(i) fori =2,...,n— 1, Vi = 2(h; + his1) or Vii = S(hi + hiy1), and
(iii) it cannot occur that any two adjacent diagonal elements, say V;; and
Vit1.i+1 take the values %(h/’ +hjt1), j=1i,i + 1 simultaneously.
Consequently, every element in dp F (p) is positive definite.
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Proof. For any point p € R\"~! at which F(p) is differentiable, VF(p) is
tridiagonal. It then follows from the definition of 9 in (14) that every element
in dg F (p) must be tridiagonal too. Now let V € dg F(p).

(i) The first row of V must belong to dp F;(p). We recall that

Fi(p) = h2f (p2, P1) + h1g(p1, po).
Since py = 0 and (p;, pg) € W, we must have p; < 0. It then holds
q(p1, po) = pi and  g(p1, po) = 2pi
for all p sufficiently close to p. Hence
988 (p1. po) = {2e1}.
We also have
(o pr) — {(%zszrpl)z 2 ifp1 <0, p220. p2+2p1 <0
py+ppi+py ifpr <0, pp<0

and f(p», p1) is given by one piece, i.e., f(p2, p1) = 2p1 + p, for all
p1 < 0. Hence, we have

0 f (P2, p1) = {2e1 + e2}.
It holds that
g F1(p) = h20p f (P2, p1) + h108g(p1, po) = {2(h1 + ha)ey + haes}.

That is
V11 = 2(h1 + hz) and V12 = hz.

Similarly, we can prove that
Mn—l,n—2 = hy1 and Vn—l,n—l = 2(hn—l + hn)

This finishes the proof for (i). We now prove (ii) and (iii) together.

(i) and (iii). We consider F;, F;1,i € {2, ..., n — 2} together. There are
four cases to be considered depending on which region the pair (p;, p;—1)
falls in, which are depicted in Figure 1 for easy reference.

Case l. p; > 0and p; +2p;_; <O.

It then holds that
1 1
q(pi, pi-1) = (Epi +pic)’ and  g(pi. picy) = SPi T Pin1
for all p sufficiently close to p, yielding

o 1
(24) 0gg(pi, pi-1) = {Eei +ei_1}).
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Since p; > 0 and (p;4+1, pi) € W, we must have p;;; < 0, implying

1
q(pis1s Pi) = (Pis1 + Epi)2

and
1
fPis1, pi) = piy1 + SPi and  g(pit1, pi) = 2piv1 + pi

for all p sufficiently close to p. Hence

_ _ 1 _ _
(25) B f(Pit1, pi) = {eir1 + Eei} and  0pg(Pit1, pi) = {2ei41+ei).

Now since p;+1 < 0 and (p;y2, pi+1) € W, we have for all p sufficiently
close to p

(3Pi+2 + Pis1)? if pit2>0
Q(pi+2, pi+1) = 2 2 .
Piio + Piv2piv1 + piyy i piy2 <0.

It is easy to see for those p, f(p;+2, pi+1) is given by one piece, that is

f(Pit2, pit1) =2pit1 + pitas
resulting in
(26) 9 f (Pit+2s Pi+1) = {2€i41 + eita}.
Hence we have from (24)—(26) that
9 Fi(p) = hit10p f (Pit1, pi) + hidpg(pi, pi—1)
(27) = {hiei—l + %(hi + hit1)e + hH—leH—l}

08 Fiy1(P) = hiz20B f(Pix2, Di1) + hit1088(Pit1, Pi)
(28) = {hjt1e; +2(hiy1 + hizo)eir1 + hijrein}.

Case 2. p; <0Oand p;_; <O.
It then holds that
q(pi, pi-1) = Pi2 + pipi-1+ p,-2_1
for all p sufficiently close to p, implying
g(pi, pi-1) =2p;i + pi—1

and hence
(29) 0pg(pi, pi—1) = {2e; +e;_1}.
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Noticing p; < 0 and (p;+1, p;) € W, we have

(3Pis1 + pi)? if piy1 >0

q(pi+1a pl) = {(p12+1 +pi+1pi +p12) ifpi+1 S 0

for all p sufficiently close to p. It is easy to see for those p that

S piv1, pi) =2pi + piv1

and |
L . if pis1 >0
30 1, pi) = 2Pz+1+Pz 1 i+l —
(30) 8(pi+1, pi) {Zp,-+1 4o ifpiag <0
Hence
(3D 95 f (Pi+1, pi) = {2ei +ei1}.
Also we note that for (p; 2, piv1) € W,
(Pi+2 + 3pi+1)? if piy1 >0& piyr <0
q(Pi+a, piv1) =  (Piys + PisaPisr + Piy) i piy1 <0& piga <0
(3 Pis2 + pis1)? if piv1 <0& piy2 = 0.

Thus we have for those p that

1 .
32 2 piay) = { 2P T riv2 U pip =
(32) S (pit2s Pi+1) {2Pi+1 ¥ pisa if pi < 0.

It then follows from (30) and (32) that dgg(p;+1, p;) and dp f (Pis2, Pi+1)
depending on the value p;,; might take:
Case 2.1. If p;; > 0, then we have

_ _ 1 _ _ 1
0sg(Pit1, Pi) = {§€i+1 +e;} and 9p f(piv2, Pit1) = {§€i+1 +eit2}.
(33)
Case 2.2. If p; 11 < 0, then we have

(34) 0Bg(pit1, pi) = {2eiy1+e;} and 0p f(Pit2, Pit1) = {2ei11+ei2).

We will consider the remaining case p;+; = 0 later. It follows from (29),
(31), (33) and (34) that for p;; > 0

(35) 0pFi(p) = {hiei—1 +2(h; + hix1)e; + hitieiq1}

_ 1
(36) opFiy1(p) = {hi+1€i + E(hi—i-l + hiyo)e; + hi+2€i+2}

and for p;y; <O

37 0pFi(p) = {hiei—1 +2(h; + hiy1)e; + hiriei41}
(38) 0 Fip1(p) = {hij1e; +2(hip1 + hiyo)e; + hipreia}.
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Now we consider the case p;+; = 0. Let a sequence {p"} converge to p with
Piy1 7 0. Then dg F; (p") and dp F; 11 (p") can be calculated by (35) and (36)
for p;,; > 0 and by (37) and (38) for p;,; < 0. Hence by the definition of
dp in (14), we have

(39) 0pFi(p) = {hiei—1 +2(hi + hiy1)e; + hiriei41}

_ hiviei + 3 (hiv1 + hito)e; + hiyrein
40)  05F(p) = 2 .
“40) sFiv1(p) { hivie;i +2(hiy1 + hiva)ei + hitoeiyr

Case 3. (pi, pi—1) € W issuch that p; = 0.

Then we must have p;_; < 0. We say that Case 3 is the limit case of Case 1
and Case 2 in the sense that there exists a sequence {p"} with p; # 0 converg-
ing to p with only two possibilities: either p; > 0 or p; < 0. When p; > 0,
0gF;(p"), j = i,i+1 canbe calculated as for Case 1; while for p; < 0, they
can be calculated as for Case 2. In the end, elements in 0g F; (p), j = i,i+1
can be calculated according to (27) and (28), or (35) and (36), or (37) and
(38), or (39) and (40).

Case4. p; <0and2p; + p;—1 <O.
It then holds that

i+ ipien)? if pp_1>0
9(pi- piz1) = { (p} + pipici +piy)  if pii1 <0
for all p sufficiently close to p, implying

g(pi, pi—1) =2pi + pi—1

for all those p. Hence, we have

088(pi, pi—1) = {2e; +ei_1}.

Noticing p; < 0 and (p;+1, p;) € W, the situation becomes the same as in
Case 2 from (29) and below it. Hence, elements in g F;(p), j = i,i+ 1 can
be calculated according to (35) and (36), or (37) and (38), or (39) and (40).

In summary, elements in 0z F;(p), j = i,i + 1, under the condition of
(22), can be calculated by one of the pairs: (27) and (28), (35) and (36), (37)
and (38), and (39) and (40). Observations in (ii) and (iii) hold for those pairs.
This completes the proof for (ii) and (iii).

Finally, we prove the positive definiteness of every element in dg F (p).
Let V € 33 F(p) and 0 # u € R"~!. We then have
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n—1
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i=2
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i=1
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i=2

lll

n—1
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+ Y 2hiuiyui + 2hup_y + 2k

i=2

n—1

1
> 2h1u% + Zh,- {min{Zuiz] + —uiz,

i=2
+ 2huk

n—1

1
Eul 1 +2u }—I—2u,-_1u,'}

1

1
= 2h1u% + 3 Zhi min{4ui2_1 + 4u;_qu; + u,-z, uiz_1

i=2

+ 4u;_qu; + 4“1'} + 2h un

n—1

1
= 2h1u% + 5 Zh, min{(2u,-_

1

L u)?, iy 4 2u)?y 4 2kl

i=2
41 =o0.
Hence V is positive definite. The first inequality (41) used the fact of (iii). O
4 .................................................................................
: b
: b > 0:
2 2a—|—b < O
o BB N
: Case 4
0:

Cas_e 3

Ce Casel
(pl»pz l)

Fig. 1. Illustration of all four cases in the proof of Lemma 3.2
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Lemma 3.2 allows us to establish finite termination of the Newton method
for the equation (11).

Theorem 3.3 Let p* € W' be a solution of the piecewise linear equation
(11). Let p;y = p;; = 0. Suppose that

(42) (pf,pl)eW  foralli=1,....n

where W is defined by (23). Then the Newton method finds the solution in a

finite number of steps provided the starting point p° is sufficiently close to
*

p*.
Proof. Since every element in dg F'(p*) is nonsingular (Lemma 3.2), the it-
erates {p*} generated by the Newton method converge to p* quadratically
provided that p° is sufficiently close to p* (Theorem 2.2). Suppose now p*
is so close to p* that p* and p* fall in the same piece, say U;, of F. Hence
a linear function F! : \"~! — "~ ! exists and satisfies F'(U;) = F|U;.
Necessarily, VF!(p*) € 9 F(p*), see (15). Thatis, V F'(p*) is nonsingular.
Noticing that F'(p*) = F(p*) = —d, we have

P =pt = (VF )T F Y +d)
=p' = (VF' (PN (F' (P = F'(p") + F'(p*) +d)
= p = (VF' DT E P - F'(p)
=p = (VF' ) TIVE " - p)
=p =" = p"H ="
Since the above derivation is valid for any piece U; which contains p* and
p*, the Newton method finds the solution p* and terminates at p**!. O

Remarks (i) The key idea of proving the finite termination of the Newton
method is that when the iterate is sufficiently close to the solution, and both
the iterate and the solution fall in one piece on which the underlying func-
tion is linear, the Newton method finds the solution in one step. This idea
is not new and has been used in [10,15,17,27] in showing the finite termi-
nation of various Newton methods for a number of problems, which can be
reformulated as piecewise linear equations.

(ii) Under the condition of (42), every element in dg F'(p*) is nonsingular.
This fact implies that p* is an isolated solution of (11), see [22, Proposition
2.5]. Since the solution set of the equation (11) is convex, p* is the only
solution. It then follows from [12, Proposition 3.2.5] that the level set of the
unconstrained minimization problem (10) is bounded, i.e., the set

(peRN N Lp) <o)

is bounded for any o € N if nonempty. Hence the steepest descent method
can be used at an early stage to provide a sufficiently good starting point for
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the Newton method, and the Newton method will stop in a few more steps,
according to Theorem 3.3. This numerical scheme is exactly what suggested
in a series of papers by Schmidt and his collaborators [2,23,24,4,25,26], and
their numerical observation is consistent with the convergence theory proved
in this paper.

(ii1)) Remarks (i) and (ii) may be invalid if the condition (42) is violat-
ed. Let us illustrate this possibility by Example 3.1. It is easy to verify that
the unique solution for Example 3.1 is p* = (2, —13, 60, —42). Obviously,
(py, py) = (2,0) & W, violating the condition (42). 0z F'(p*) contains only
one element (noticing all h; = 1):

1/21 0 0
1200
0 01/21
001 4

which is singular. Hence Newton’ method fails since the Newton equation is
not guaranteed to admit a solution at all when p* is sufficiently close to p*.

4 Convex smoothing

In this section, we obtain the finite termination of the Newton method for the
problem of convex smoothing, which is to construct the best approximation
to the given data (often categorized as data fitting).

Given the data (x;, y;) € M2,i=0,1,...,n,the convex smoothing con-
sidered in this section is to determine a convex C! spline s on the grid with
s(x;) = z; being approximation to y; at x;. Hence, it follows (4) that the
function has the expression for x € [x;_1, x;]

(43) s(x) =zi—1 +mi—(x —Xxi—1)
Zi — Zi—-1 (x — Xi—l)z
+( e ) I
i —zie1) (x —xi-1)?
+\mi—1+m; =2
(m L hi ) h?

with s'(x;) = m;,i =0, 1, ..., n. Furthermore, s is convex if and only if
(44) 2mi_1+mis3z"_h$sm,~_l+zm,~, i=1,....n

see (6). Then the best C' spline of this kind minimizes

n

D(s) = Z{w%/ S0 (5 — i )P+ () — y,-)z}

i=1

(45)
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subject to the constraints that
(46) s has the form (43) on each [x;_;, x;] and is convex on [xg, X, ]

where w;, r; and £ are positive parameters to be determined a priori [3,23].
With some labor of calculation, problem (45) with (46) reads

47 min D, (zi—1, mi—y1, 2i, m;

“47) z,medfntl ; (@i : )

(48) s.t. (zj—1,m;—1,z;, m;) satisfies (44) fori =1,...,n
where

2
4w; L c—a c—a c—a
dD,-(a,b, C,d) = h_ b — h + b— h d— h

Cc—da 2 2 2
+|d - . +rici(@a —yi—)" +rilc—yi)°.

i

It follows from [23, Theorem 2] that problem (47)—(48) is uniquely solvable
and can be effectively solved by its (unconstrained) dual program (in the form
of minimization)

(49) min Y (u, v) 1= Y Hi(uiop, i1, i, v)

Riat
u,ve iz

with ug = u,, = vy = v, = 0 and

Yi — Yi-1 h;
Hi(p,§,0,n) =y 1p—yo+—E—-—n+-———q&,1n)

]’l,’ 1211)16
h?p? — 2h;p (& — —n)?
L i —m+E—n)
4r,»_1h?
+h,-20"2 —2hio (€ — 1) + (£ — )’
47‘,',1]11-2 ’

Once a solution of (49) is obtained, the solution of the primal problem (47)—
(48) can be calculated via the formula in [23, Theorem 3], and the convex
function s minimizing (45) is constructed via (43). Note that we have made
sign change in function H;(-, -, -, -), compared with [23] where —o and —n
are used. This sign change allows use of the same piecewise quadratic func-
tion g (-, -), instead of using one of its variants [23, Proposition 4].

For simplicity, we assume w; = 1 and £ = 1, extension to arbitrary
w; > 0 and £ > 0 is straight forward. Since ¥ (u, v) is piecewise con-
tinuously differentiable quadratic function, the piecewise linear system of
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equations obtained by setting Vi (u, v) = 0 (optimality condition) are

1 1 1 1
Vu,-‘/f(us U) ==|—+—)u— Vi—1

2 \ri_1 2ri_1h;
(50) +l< L1 )v,«l—;viﬂzo
2 \ricthi  rihig 2rihiq
and
Vo, ¥ (u,v) =741 — T + #”ifl + ! ( Lo ! )Mi
: 2ri_1h; 2 \ri—th;  rihiz
1 1 1 1
_ 2rihi+1ui+l - mvi_l + (m + m) v;
(5D —ﬁvwﬁrl—lzﬂ(v):o
fori =1,...,n—1,where F; is defined as in (12). For simplicity of notation,

let U : R x {1 — R20=D be defined by
Wi(u,v) :=V, ¥, v) and ¥,_14;(u,v) :=Vy, ¥y, v), i=1,...,n—1.

Then the k-th step of the Newton method at (u*, v¥) for the dual problem (49)
(or equivalently for the equations (50) and (51)) is: Choose Vi € 35V (u¥, v¥)
and let
(52) Wk ok = (K, ok — Vk—lqj(uk’ k).
The remaining task is to work out the structure of dgW(u, v). Let D :=
diag(1/ro+1/r1, ..., 1/ry_o+1/r,—1), and

1 11

rohi rihy rihy
1
A= riha
1
Tn—2hn—1
Tn—2hn—1 Tn—2hp—1 Tn—1hy
and
1 11
roh% rlh% rlh%
_ 1
B := i3
_ 1
r”*2h2—1
_ 1 1
rn,2h371 rn,2h371 rn—lh,%

Noticing that the only term which is nondifferentiable in V,, ¥ (u, v) is F; (v),
with some labor of calculation, we have

1
(53) 8B\D(u,v):{5<fT ZB—flM) | MGBBF(U)}.
6
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Using the evaluation above, we can prove a result parallel to Theorem 3.3 of
the finite termination of the Newton method (52).

Theorem 4.1 Let (u*, v*) € R~ x R~ be a solution of the dual problem
(49). Let v = v, = 0. Suppose that

(54) WHv)eW  foralli=1,...,n

where W is defined by (23). Then the Newton method (52) finds the solution in
a finite number of steps provided that the starting point (u°, v°) is sufficiently
close to (u*, v*).

Proof. We only need to prove that every element in dg W (™, v*) is positive
definite. The remaining proof argument is similar to the corresponding part
in the proof of Theorem 3.3.

We first note that, under the current assumption, Lemma 3.2 implies
that each element in dp F'(v*) is positive definite. Let V be an element in
dpW(u*, v*), then there exists amatrix M in dg F (v*) such that V has the form
of (53). Let (iz, v) € RW'~! x R"~! be given and let ity = it,, = vy = v, = 0,
then

k(u, v)

=@l ET)V(

(SRR

)

1 1
= EzZTDﬁ +u’ Av+ 0" BU + EI_)TMI_)

U ((hiwiy — (Ui — 5))? (hiuy — (D1 — 1;))? I _,
= + +—o" M.
;( i 2 Arih? 2" 7

Hence « (i1, v) = 0 only if uMv? = 0, which in turn implies v = 0 (by the
positive definiteness of M). Then

&,
K(u,v):igl: —4ri7]+4—ri .

Therefore, « (i, v) = 0 implies u = v = 0. Moreover, if (&, v) # 0, then
k(u, v) > 0. This proves the positive definiteness of V. O

Remark The theoretical result on the finite termination verifies the numerical
experience reported in [23]. On the other hand, the Newton method may fail
to find a solution if the condition (54) is violated.
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5 Conclusions

The Newton method has long been known to be numerically effective for solv-
ing the convex best C! interpolation problem and its smoothing. However,
no theoretical justification was available in the literature for its effectiveness.
The paper fills this gap by showing that the Newton method has the finite
termination property under a mild condition, and violation of this condition
may force the method fails. The convergence analysis relies on accurate es-
timation of the generalized Hessian. It would be very interesting if the finite
termination domain can be enlarged beyond the region defined by (23). We
also hope that our proof technique can be extended to some more general
problems as shape-preserving interpolation with obstacles.
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