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Nothing spoils numbers faster than a lot of arithmetic.
Peppermint Patty, The Peanuts, 4.12.1968

Of course she was aware, cognitively, that there was a life outside universities,
but she knew nothing about it,

D. Lodge, Nice Work

To isolate mathematics from the practical demands of the sciences is to invite
the sterility of a cow shut away from the bulls.

P. Chebychev

...you get to have such a high regard for the truth you can’t put courtesy first.
You want to, but you haven't the heart.

E. D. Biggers, Charlie Chan ...
Reality is software. What does it matter what system it's running on?
R. Rucker, Postsingular
And thus there seems a reason in all things, even in law.
H. Melville, Moby Dick
What the eye does not see, the stomach does not get upset over.

J. K. Jerome, Three Men in a Boat
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The univariate case ].

If you've got it all and you're still unhappy, what’s the point of everything?

(I. Rankin, Dead souls)

In this first chapter, we give a quick overview over the concepts we are going to consider in
this lecture and how they look in the univariate case. We will see in many instances that the
univariate case is extraordinarily simple and most of the lecture will deal with the problem
how we can extend the ideas and concepts step by step. Nevertheless, this chapter may serve
as a guideline and help to motivate the long way through the jungle of more sophisticated
algebraic concepts. To that end, we will sometimes consider a slightly eccentric perspective
of the respective problem, but the simple reason for that is the better compatibility with the
multivariate situation.

1.1 Polynomial basics

Polynomials are among the most classical and useful concepts in mathematics. As functions,
they can be represented by finitely many coefficients, hence stored and manipulated on a
computer.

Definition 1.1.1 (Polynomials & Laurent polynomials). The ring of polynomials IT = K[x] in
one variables with coefficients in the field K is defined as the set of all finite sums of powers
of x equipped with coefficients in [X. Therefore, a POLYNOMIAL is an expression of the form

f=Y fix*,  frek,  #{k:fi #0} <oo. (1.1.1)
kENo

In the same way, a LAURENT POLYNOMIAL is of the form

f =Y fix*,  frek,  #{k:fi #0}<oo, (1.1.2)
kez

and the ring of Laurent polynomials will be denoted by A.

The difference between polynomials and Laurent polynomials is that the latter also admit
negative powers of x and thus are not defined at x = 0. On the other hand, for any Laurent
polynomial f € A there exist k € Z and p € I1 such that f(x) = xk p(x), and we can even
normalize k such that p(0) # 0, i.e., pg #0, as long as f # 0. The monomials are units in the
ring A, (xk)_l = x~k, k € Z, so it seems that the modification from polynomials to Laurent
polynomials is a very minor one. This is not true, we will see later that the two rings have a
totally different structure and that this has consequences.

Exercise 1.1.1 Determine the set of units in IT and A. Recall that a € R is called a UNIT in the
ring R if there exists a~! € R such that a~'a = 1. For simplicity we only consider commutative
rings with unit element 1 here. O



1 The univariate case

Remark 1.1.2. Sometimes Laurent polynomials are also introduced by writing y for x~! and

then consider the bivariate Polynomials K[x, y] with the additional requirement that xy = 1.
Using ideal notation that we will introduce in more detail later, we can then write this as
A =K[x,yl/{xy—1). This is called a LOCAL RING, cf. [Eisenbud, 1994].

Definition 1.1.3 (Degree & leading term). Let f €Il be a polynomial.

1. The DEGREE of f is defined as
deg f = max{k: fi # 0}, (1.1.3)
with the convention that the degree of the zero polynomial is —1.

2. The LEADING TERM of f is
M) = faegr x9°87 €11, (1.1.4)

and the LEADING COEFFICIENT! is k (f) := fdeg r € K.
3. A polynomial is called MONIC if x (f) = 1.

In Definition 1.1.3 we introduced the degree and the related concepts only for polynomials,
not for Laurent polynomials. This has a simple reason: there is no notion of degree for Lau-
rent polynomials, not even in the much more general multivariate context of a graded ring
that we will consider later.

The degree is a good measure for the complexity of a polynomial. In general, polynomials
get more complicated, oscillatory and misbehaving if the degree increases.

1.1.1 Division with remainder

Division with remainder, also called POLYNOMIAL DIVISION or LONG DIVISION is a standard
procedure in elementary algebra. Given f, g € Il it computes a decomposition

f=qg+r, qg,rell, degr <degg, (1.1.5)

where the polynomial r is called the REMAINDER of the division, written as (f)g := r. Thisis a
common property between polynomials and integers and makes both of them examples of a
EUCLIDEAN RING, cf. [Gathen and Gerhard, 1999]. Let us recall the algorithm.

Algorithm 1.1.1 Division with remainder: f,g€lIl, g #0

1. p ‘—f
2. q—0
3: while degp > degg do
' /;(g)
(p)
5: —p——
PP %@
6: end while
7. T—p

Lx” like “leading xoefficient”.



1.1 Polynomial basics

Remark 1.1.4. The division algorithm is particularly simple if the polynomial g is monic as
then the division by A(g) only means a shift of the exponent of the monomial. Therefore, the
divisor polynomial is sometimes normalized before division which is critical if A (g) is small
relative to the other coefficient which in turn means that the “true” degree of g is smaller than
degg. The problem with almost zero floating point numbers is well-known and discussed a
lot in the literature, cf. [Higham, 2002].

The procedure is indeed simple: We subtract polynomial multiples of g from p in such a way
that the leading terms of the two polynomials in the subtraction coincide, thus reducing the
degree by 1 in each step. Since the degree is finite, this procedure terminates after finitely
many steps and leaves the remainder r. Collecting the factors in each step gives g. Therefore,
Algorithm 1.1.1 computes the decomposition (1.1.5). In particular, g and r are unique.

Exercise 1.1.2 Prove the validity of Algorithm 1.1.1 and the uniqueness of g and r. &

Even if it is a triviality, let us remark it here: f is a multiple of g if and only if (f)g = 0
in (1.1.5). We mention this property because its multivariate analogue will be the basis for
Grobner basis constructions. Let us this for a somewhat strange definition which, on the
other hand, can be transferred to the multivariate case directly.

Definition 1.1.5. f €Il is called DIVISIBLE by g € ITif (f)g = 0. We write this as g|f and say
that “g divides f.

1.1.2 Euclidean algorithm, greatest common divisors and principal ideals

Having defined divisibility, we can start to talk about common divisors and, of course, the
greatest among them.

Definition 1.1.6.

1. gelliscalled a Divisorof fellif g|f.
2. gelliscalled a COMMON DIVISOR of f1,..., fp €ITif glf;, j=1,...,n

3. gellis called a GREATEST COMMON DIVISOR of fi, f> € I, written as g = gcd(fi, fo) if
g is a common divisor of fj, f> and whenever & is a common divisor of fi, f> it follows
that h|g.

The greatest common divisor is not unique for polynomials. Indeed, ¢ gcd(f1, f2), c € K\ {0},
is another greatest common divisor, and all gcds are of this form. In fact, in any ring any unit
multiple of g = gcd(f, f2) is a gcd again: if a is a unit in R then

fi=qg=(a'q)ag), j=12

hence ag is a common divisor as well that is divided by any other common divisor, which
is shown in exactly the same way. If we would need it, we could make the common divisor
unique by choosing the monic gcd, i.e., selecting the greatest common divisor gcd* as

god* (fi, fy) = x4 - = 84U

« (ged(f1, f2))
cf. [Gathen and Gerhard, 1999]. But this is neither necessary nor overly useful, so we prefer
to live with the ambiguity. The computation of the gcd is done by the classical EUCLIDEAN
ALGORITHM based on iterated division with remainder. We give a slightly more advanced ver-
sion of this algorithm here, namely the EXTENDED EUCLIDEAN ALGORITHM in Algorithm 1.1.2.
The standard algorithm is obtained by considering the r; only.



1 The univariate case

Algorithm 1.1.2 EXTENDED EUCLIDEAN ALGORITHM: f, g € I1\ {0}

1 ro— f, po—1, qo—0

2218 p1 —0, q1—1

3 j—1

4: while r; # 0 do

5: ri-1=s$;jrj+rj+1 (Division with remainder, defines s;_1,7;+1)
6 Pjx1 = Pj-175jP;j

o qir1—4gj-1=Sj4qj

8: j—Jj+1

9: end while
10: ged(f,g) < rj-1

—
—

P Pj-1 q—4qj-1

Theorem 1.1.7. The extended euclidean algorithm
1. terminates after finitely many steps,
2. computes gcd(f, g),

3. computes BEZOUT COEFFICIENTS p, q € Il such that
ged(f,8)=fp+gq. (1.1.6)
Proof: We write the relation between the r; as
rin=(rja1),, JjEN,  ro=f n=g

and since degr;.1 < degrj, the algorithm has to terminate after finitely many steps. By the
iteration
Tj+1=Tj-1—SjTj, JEN, (1.1.7)

and ro = f, r = g, it follows inductively that gcd(f, g)I7j, j € No. Choose n such that r,4; =
0 # rp, then (1.1.7) with j = nyields that r,|r,—;, and because of the backwards iteration

rj-1=S8jTj+Tj+1, j=n-1,...,1,

rn also divides ry_2,7,-3,...,711 = g, 79 = f, hence r,, = gcd(f, g) as claimed in 2). (1.1.6) is the
case j = n of the invariance

pjf+qjg=rj, j=0,...,n, (1.1.8)
which we prove by induction. The initialization ensures the validity of (1.1.8) for j = 0, 1 while
for j = 1 we have that

pinf+aing = (pi-i=sipj)f+(aj-1-5;q;)§=Ppj-1f+a;-18) = sj(p;f +4;8)
= Tjo1= ST =T

which completes the proof. O

The formulation of the extended euclidean algorithm in Algorithm 1.1.2 with all its indices is
inefficient and was only for the purpose of the proof of Theorem 1.1.7. The more appropriate
version is by means of a matrix.



1.1 Polynomial basics

Algorithm 1.1.3 Matrix version of extended euclidean algorithm: f, g € IT\ {0}

1:R<—(f 1 0):(r11 r2 r13)

g 01 21 T2 T23
2: r‘_(rll)r21
3: while r # 0 do

: s<—r11/r21
r r r 0 1
5 R — 21 22 23 — R
r Mo—38rgp2 TI13— 87123 1 -5

r— (rll)r21
7: end while

Example 1.1.8. Let us illustrate the algorithm by computing the gcd of
f=x*+2x%+x, g=x*-1.
The matrix in Algorithm 1.1.2 then is computed as follows

B+2x2+x 1 0)
S=x+2

-1 0 1

x*-1 0 1
2x+2 1 —x-2

and since 2x + 2 = 2(x + 1)|x? — 1 the algorithm already terminates. The Bézout identity takes
the form

(6 +2x% +x) = (x+2) (x* = 1) =2(x + 1),

and if we want the normalized gcd, we simple have to divide both coefficients of the identity
by the leading coefficient of the gcd yielding

%(x3+2x2+x)—(%x+1)(x2—1):x+1.

The gcd computation by means of the extended euclidean algorithm will become the theoret-
ical backbone of this lecture, but unfortunately it has a small but relevant deficit: it does not
work in numerical accuracy. Since we care for numerical applications and mostly computa-
tions by means of floating point numbers which are contaminated by roundoff errors, or use
so called EMPIRICAL POLYNOMIALS whose coefficients are only determined up to a certain ac-
curacy, let us briefly have a look at a numerically stable method of determining the gcd which
will already make us acquainted with the spirit of many methods to follows. The approach is
taken from [Corless et al., 2004] though in principle even known earlier, cf. [Laidacker, 1969].
For simplicity, here we consider only the case that f and g have simple zeros, multiple zeros
make things a little bit more complex.

Exercise 1.1.3 Show that for any two polynomials f, g and any € > 0 there exist polynomials
of f; and g, of the same degrees whose coefficient are smaller than ¢ in absolute value, such

that ged ((f + fe), (g + &) = 1. ¢



1 The univariate case

Definition 1.1.9. For f,g €Il, deg f =: m, degg =: n, the SYLVESTER MATRIX is defined as

fm cee f()
S(f,8) = fm e o e Umrmximin) (1.1.9)
gn g()
gn g()

where the first block of rows is repeated n times, the second one m times.

One well-known property of the Sylvester matrix is that it encodes whether two polynomials
are coprime or not.

Theorem 1.1.10. detS(f, g) #0 ifand only ifgcd(f,g) = 1.

This result is easily proved by noting that

xn—lf(x)

xm+n—1

) it
S(f, 8 : = | xm1g( | (1.1.10)

1 .

g(x)

hence
xm+n—1
ekerS(f, g & xeZ(f,8), (1.1.11)
1

so that s :=rank S(f,g) < n+m—-#Z(f,g). Note that even for polynomials with rational or
real coefficients, it is not relevant here whether the zero is real or complex. Indeed, if x is a
complex common zero of f and g, then we can write

xm+n—l

=a+ib, a,beR™"

and
0=S(f,g)a+ib)=S(f,ga+iS(f,g)b = 0=S(f,g8)a=S(f, )b,

and the quadratic polynomial (- — x)(- — %) is a common divisor of f and g connected to this
pair of kernel elements.
We progress with a QR factorization of the Sylvester matrix,

R B
S(f,g):Q(O 0), RERsxs,rjj;fO, BERsx(m+n—s),



1.1 Polynomial basics

where R is an upper triangular matrix with nonzero diagonal elements?. The polynomial

xnflf(x)
xm+n—1 f Pl(x)
._ (R B ) __TAT (X |_
h(x) := €s (0 0 : =€ Q xm—lg(x) =€ ng(f'g)(x)
1 . Pr+m(X)
g(x)
= rssxn+m—s +bg1 xSty bs,n+m—s—1x + bs,n+m—s

has degree n + m — s and is a multiple of gcd(f, g), so that deggcd(f, g) < n+ m —s. By the
Bézout identity (1.1.6) there exist p, g such that pf + gg = gcd(f, g). We can even show that
degf < n—1 and degg < m — 1, see Proposition 1.2.5. Using this fact, we can write p :=
(Pn-1,--.,po) and q := (qm-1, ..., o) for the coefficients of p and g and get that

xn—l xn—l
ged(f,)(x) = pWfW+gxgx)=p’| : [fo+q"| : |gw
1 1
xn—lf(x)
xn+m—1
_ T T fx) (T T\A[R B )
= PLa)| iy |=(PTa )Q(O O) :
) 1
g(x)
xn+m—1

of? "R B
q 0 o0
hence gecd(f, g) is a linear combination of the polynomials

xn+m—1

R B
T . _
ek(o 0) : , k=1,...,s
1

each of which is either zero or of degree exactly m + n — k since the diagonal elements of R
are nonzero. This shows that degh = n+ m — s, hence degh = n+ m — s, so that indeed his a
multiple of the gcd.

Remark 1.1.11. The value of this approach lies in the fact that it turns an algebraic problem
into a problem of linear algebra. We will see later in this lecture that the “nonlinearity” of
the problem is reflected by the fact that it is turned into an eigenvalue problem as determin-
ing the kernel of the Sylvester matrix corresponds to computing a structured basis for the
eigenspace with respect to the eigenvalue 0. Moreover, and this is the computational aspect,
we can rely on techniques from numerical linear algebra which often provides efficient and
numerically stable algorithms for such problems. This numerically oriented point of view for
the treatment of algebraic problems is fairly recent, see, for example [Stetter, 2005].

2By means of proper PIVOTING we can even ensure that the diagonal elements are positive and de-
creasing, cf. [Golub and van Loan, 1996].



1 The univariate case

The advantage of the extended euclidean algorithm lies in the definition of the Bézout coef-
ficients and allows us a first simple touch with ideal theory — in its simplest form.

Definition 1.1.12 (Ideals).

1. A subset .# c II of polynomials is called an ideal if it is closed under addition and
multiplication with arbitrary polynomials, i.e.,

f.gets, qgell = f+ged, qfes. (1.1.12)

2. Theideal (%) generated by set .# c Il is the CLOSURE of .# under this operations:

<fi>={ > qff:qfen}. (1.1.13)
feF

3. Anideal .# c Il is called a PRINCIPAL IDEAL if it is generated by a single polynomial,
that is, there exists f € I such that .% = (f).

Now it is easy to see that any ideal of univariate polynomials is a principal ideal which is the
reason why they are called a PRINCIPAL IDEAL RING.

Theorem 1.1.13. Any ideal .7 in1l is a principal ideal, more precisely,
S =(ged(f: fe 7 \{0D) (1.1.14)

Proof: For any fy, f1 € # \ {0}, the Bézout identity (1.1.6) implies that g; = gcd(fy, f1) € -Z. By
divisibility, fo, fi € (g1). If .# = (g1) we are done, otherwise there exists f> € (# \ {0} \ (g1).
Then g» := gcd(f>, g1) is a proper divisor of g; and thus has lower degree than g;. By the same
argument as above we know that g» € .# \ {0} and that fy, f1, > € (g2). After finitely many
repetitions of this process, say n of them, we either have

gn=1=gcd(f: fe.Z\{0}) =gcd(fi,..., [n)

or
(F\OD\{(gn)=9

and in both cases we can conclude that .# = (g, ) and being the generator of the ideal, g,
must be a divisor of all its members. g

Inspecting the proof of Theorem 1.1.13, we see that we proved even more, namely that poly-
nomial ideals have a certain finiteness. This is, of course, a consequence of Hilbert’s basissatz
that holds even in the multivariate case and a property that is shared by so—-called NOETHE-
RIAN RINGS, cf. [Grébner, 1968, Grébner, 1970].

Corollary 1.1.14. For any ideal .# c 11 there exists finitely many polynomials fi,..., f, € &
such that % = (gcd (fi,..., fn))-

Even if the proof of Theorem 1.1.13 is not constructive since we do not know how to choose
an element of (£ \ {0}) \ ( gk>, it is based on an algorithmic concept - or at least this was how
we had obtained the Bézout identity. This already justifies the slightly more complicated
approach in Algorithm 1.1.2.

Corollary 1.1.14 has another interesting interpretation: finding common zeros of polyno-
mials, in other words, solving a system of polynomial equations (in one variable) corresponds

10



1.1 Polynomial basics

to finding the zeros of the basis element of the ideal. Indeed, common zeros are a property of
the ideal,

H@@)=--=fald)=0 < (ijfj)(€)=0, pjell
j=1

and considering the generator of the (principal) ideal leads to an easier equation, defined by
a polynomial of lower degree. This is a concept that will become very important in several
variables.

1.1.3 Zeros of polynomials

A 7ZERO ¢ of a polynomial f € I1 is an element ¢ € K such that f({) = 0. This is the point

where the field becomes interesting. In finite fields the problem is quite intricate® and has

applications for example in coding theory, cf. [Cohen et al., 1999, Gathen and Gerhard, 1999],

but we are only interested in “real” fields like Q, R or C here. These are fields of characteristic

zero. Recall that the CHARACTERISTIC of a field K is the smallest number 7z such that
1+---+1=0,

—_—
n

or zero if the above never happens. Finite fields have nonzero characteristic.
Ifa f(£) = 0 then (1.1.5) with g = - — ¢ yields that

f)=x-8gx) +c, cek,

and substitution of ¢ into this equality implies that ¢ = 0. Hence,

f)=0 = f=6-8¢q 2N Lel‘[, (1.1.15)

=&
the existence of a zero is equivalent to the existence of a linear factorization. Whether or not
a polynomial has zeros or not depends on the underlying field K.

Example 1.1.15. The polynomial x?—2 has no zeros in Q, but zeros in R and C, the polynomial
x% +1 has zeros only in C.

Much of algebraic geometry works over C and we will also do so, even if it sounds contra-
dictionary: REAL ALGEBRAIC GEOMETRY is significantly more complex, cf. [Basu et al., 2003,
Schmiidgen, 2017]. The reason why complex numbers are so popular is the following.

Theorem 1.1.16. The field C is ALGEBRAICALLY CLOSED: for any polynomial f € C[x] there
exists(1,...,{n, n:=degf, and c € C\ {0} such that

f=c[]c=¢p. (1.1.16)
j=1

The proof uses a little bit of FUNCTION THEORY, cf. [Freitag and Busam, 2005, Hille, 1982],
namely the fact that polynomials are holomorphic and that holomorphic functions without
zeros in C have to be constant. Hence, as long as f is a non constant polynomials it has at
least one zero that can be divided off by (1.1.15), reducing the degree by 1. After finitely many
steps one is then left with a constant polynomial and that’s it.

What can be done for a single polynomial can be done for a finite number of polynomials
as well.

3Though in the end it is all combinatorics and could be checked by simply trying all values.

11



1 The univariate case

Definition 1.1.17. ¢ € K is called a COMMON ZERO of fi,..., f, € ITif

0=1fE) == fald). (1.1.17)
We write Z(f7,..., fn) € K for the set of all common zeros of fi,..., f.
Lemmal.1.18. Apointé e K isacommonzeroof fi,..., fn ifand only ifitis a zero of gcd(fi, ..., fn)-

Proof: Any zero of the gcd is a zero of all f; = g; gcd(f1,..., fu), and any common zero is a
zero of fi, f>, hence, again by (1.1.6), also of

ged(fi, 2)=pi1fi+p2fe > ged(f1, f2)(&) = p1©) fi(©) + p2(8) f2(§) = 0.

The rest is induction taking into account that

ng(fl’-n’fn) :ng(fn’ng(flw-«)fn—])) :pnfn"'Qnng(fl,-«-;fn—l) = Z p]f]-
j=1

0

The ideal theoretic interpretation of the above lemma is even more interesting. The principal
ideal { fi,..., fn) is generated by the BASIS {gcd(fi, ..., fn)}, more precisely,

ged(fi,.or f) €(flreon fu)  and  fi,oo, fu€(ged(fi, ..., fi))s (1.1.18)

ie, (fi,..., fn) ={(gcd(fi,..., fn)), and all common zeros related to the ideal can be found in
this basis element as well. This is a concept that we can and will generalize to the multivariate
case and that is the basis for all efficient ideal computations.

The final question is: How can we compute zeros of a polynomial? Once we can do that,
common zeros are no problem any more as we simply* determine the gcd first and then
compute its zeros. There is, of course, Newtons method or other analytic zero finding meth-
ods, see [Gautschi, 1997, Isaacson and Keller, 1966], but we want to apply a purely algebraic
method that reduces the problem to an eigenvalue problem. In that course, we restrict our-
selves to the case that the polynomial f has only simple zeros, degree n + 1 and is monic,
ie.,

fx)=x={o)-(x=Cn), (;j€C, j=0,...,n. (1.1.19)

Being monic is no restriction since the location of the zeros is independent of normalization.
Also, we do not care whether K = Q,R,C, the method works within any of these fields and
only the eigenvalue problem at the end may lead to complex numbers as also rational or real
matrices can have complex eigenvalues.

Definition 1.1.19. For f €I, the QUOTIENT SPACE I1/( f) is the ring defined as (IT)  with the
multiplication

p-q:=(pq);, (1.1.20)
It is isomorphic to the vector space

I,:={gell:degg<n}, n=degf-1. (1.1.21)

The difference between I1,, and IT/{ f) is that the latter has a well defined multiplication that
maps the ring to itself.

“4This is actually not so simple, especially when done numerically, as can seen in [Corless et al., 2004].
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1.1 Polynomial basics

Example 1.1.20. For f = x? — x + 2 we have I1/{ f) = IT;, but the product (x + 1)(x — 1) takes
the value x> — 1 in T, which does not belong to IT; any more, while in I1/{ f) we obtain

X¥-1-(x*-x+2)=x-3
which is in the quotient space again.
We observe that the multiplication operator M¢
0(f)ysp—Mrp:=(0)p);,  Mp:IU(f)—T1/(f) (1.1.22)

is a linear operator and therefore its action with respect to an arbitrary basis of I1,, can be
expressed by means of a matrix.

Definition 1.1.21. Let B = {by, ..., b,,} be any basis of IT,,. The matrix
My (f) = (MB ()2 k= 0,...on) e R+1ne]
defined by
Mybj= ké)mfk(f) by, j=0,...n,

is called the coOMPANION MATRIX of f with respect to the basis B.

Clearly, the companion matrix depends on the choice of the basis B as can be seen in the
following example.

Example 1.1.22. Let f = x""' + f, 1 x" 1 +---+ fy e K[x], where K = Q,R,C.

1. f B=11,x,...,x"}, then
0 —fo
1 -fi
Mg(f) = . .
1 _fn

This is the so—called FROBENIUS COMPANION MATRIX.

2. If by,..., b, are a monic orthogonal polynomials with respect to any inner product (;-)
such that (f,I1,) = 0, the companion matrix takes the form

-1 72
1 B2 vys
Mg(f) = .

1 _,Bn Yn+1
1 _,Bn+1

where the §; and y; are the coefficients in the three term recurrence. This is used for
the computation on Gaussian quadrature nodes, cf. [Gautschi, 1997, Sauer, 2019].

3. For &,...,&p € K, using the basis bj = (-— &) -+ (-—&j-1), j =0,...,n, we get the com-
panion matrix

é‘ _ [S(OJf
0 [50 ,frH-l]f
L& Tl

MB (f) — ' ' Or-".) n+1
(ool

1 &n= (805§ ns1l f

13



1 The univariate case

based on divided differences of f, first considered in [Calvetti et al., 2003]. If, by acci-
dent, ¢; = (;, then this matrix just consists of the diagonal and the subdiagonal.

More on these matrices and what can be done with them can be found in [Sauer, 2018a].

The main observation of the multiplication operator modulo f is now as follows. We define

Z]:H(_(k):L) j:0)~-"n
k#j =G

and only note that, in IT/( f),
OEf:(—(])ZJ:MfZJ—CJZJ, j=0,...,n,

hence
(1.1.23)

I
L
S

Mplj=Cjl;,

This already proves the following theorem.

Theorem 1.1.23. If f is of the form (1.1.19), its zeros are exactly the eigenvalues of the multi-
plication operator and therefore of any companion matrix.

Remark 1.1.24. Even if the eigenvalues are the same, their numerical conditioning can be
different for different companion matrices and it can make sense to vary the basis.

There remains the question what to do if if f has multiple zeros. But this is easy since gcd(f, f')
has the same zeros as f, however as simple zeros.

1.2 Numerical applications

We next review some numerical applications that involve polynomials and how they look in
one variable. The rest of the lecture will be used to generalize these applications to several
variables.

1.2.1 Polynomial Interpolation

Interpolation is one of the most classical numerical problem, even the name already dates
back to Wallis in 1655, see [Bauschinger, 1900]. The interpolation problem is as follows: given
SITES xj € Rand values y; €R, j =0,...,n, find a function f such that

f&xp)=yj j=0,...,n. (1.2.1)
In this generality, the problem has infinitely many solution, even if we require the function
to be continuous or to have some order of differentiability. Proper polynomials, on the other

hand, solve the problem.

Theorem 1.2.1. Ifx; €R, j =0,..., n, are pairwise disjoint sites, then there exists, forany y; € R,
j=0,...,n, aunique polynomial f €11, such that (1.2.1) is satisfied.

14



1.2 Numerical applications

Proof: That there exists a solution can be seen from the explicit formula

f(x)ZiJ/jH

M
j=0  k#j X T Xk

X — Xk

(1.2.2)

and uniqueness follows since the difference of two interpolants f, g vanishes at all x;, hence
f-8=q(-x0)--(—xp), qell,

yielding g = 0 and f = g as otherwise the polynomial on the left hand side has degree < n, the
one the right hand side degree = n + 1. 0

Remark 1.2.2. Polynomial interpolation problems are usually formulated over R, but in fact
the field is irrelevant and the argument of the proof of Theorem 1.2.1 works in any field, even
in finite ones.

A particular role is played be the polynomial

w=|]|0(=xj) €l (1.2.3)

n
j=0
that vanishes at all the sites. It allows us to rewrite (1.2.2) as

1 )
f=2Vi— ==
5V

Jw'(x;)’

a classical formula used for example by Gauss in [Gauss, 1816], see [Sauer, 2019]. To study the
action of interpolation on polynomials, we make the following definition.

Definition 1.2.3. Given 2" = {xy,..., X;}, the INTERPOLATION OPERATOR L g :II — II, is de-
finedby Ly f(Z) = f(Z), fell

If we take any f € [T and write it in the form
f=quw+r, r=0Nw
a simple substitution yields that f(x;) = r(x;), j =0,..., n, hence
Ly =)o (1.2.4)
is simply a REMAINDER of division. Moreover, L 4~ is a PROJECTION OPERATOR, i.e.,
Ly (Laf)=Laf,
and satisfies
kerLy ={f€ll: f(Z) =0} = (w),
which is why polynomial interpolation is called an IDEAL PROJECTOR.

Remark 1.2.4. There are two interesting aspects of the simple identity (1.2.4):

1. If we interpret it in terms of ideals, the interpolant is simply the represented modulo
ideal in any quotient space T1/.#, regardless of how we choose it°; this will become
relevant in several variables when there is no canonical representer like I1; and things
depend on geometry and not only on counting.

SKeep in mind that the space is only defined up to adding multiples of w to its basis elements. The
canonical choice IT, corresponds to using zero multiples.

15



1 The univariate case

2. The formula also admits multiple points since
w:(._xo)ﬂo...(._xn)ﬂn, 'quN,j:L_._yn,

is also defined if the MULTIPLICITY i of some site is > 1. The remainder, hence the
interpolant, is now of degree o +--- + 1, — 1 and since

dk
(Ww)(xj)zo k=0,...,u;-1, j=0,...,n,

it follows for any f €II, k=0,...,uj—1and j=0,..., n that

dk dk k k dk dk dk
o=t 2 e o o= o
—_——
=0
hence the remainder performs HERMITE INTERPOLATION, interpolating u; consecutive

derivatives at x;.

One can use interpolation to bound the degrees in the Bézout coefficients. To that end, let, for
simplicity, f, g be polynomials with simple zeros, for multiple zeros, Hermite interpolation
would have to be incorporated. Then we can show the following, cf. [DeVilliers et al., 2000].

Proposition 1.2.5. Let f, g € I1 be two polynomials of degree m, n, respectively, with simple
zeros. Then there exist p € I1,,_1 and q € I1,,_; such thatged(f,8) = pf +4qg.

Proof: Write the polynomials in factorized form

m n

k
fO=Ffm[[(x-¢), g =g ]l (x—C’j), ged(f, 9 =[] (x-¢;),
j=1

j=1 j=1

hence (; = {’]., j=1,...,k. Now, we denote by p € [1,,_;_; and g € [1,,_4—_; the unique solu-
tions of the interpolation problems

1 1
/' = T a0 =k+1r) » i) = —0 ':k+1,..., :
pE;) 7@ j n q¢;) 2C)) J m
then f
8
+ €l m—ok—

takes the value 1 at the the n+m -2k point{;, j=k+1,...,mand {’, j=k+1,...,n, hence,
by uniqueness of interpolation must be the constant polynomial 1. Then,

f g
+
gcd(f,g)  Tged(f.g)

which proves the claim. 0

ged(f,g) =ged(f, Q) |p =pf+qg

Corollary 1.2.6. The degrees of p and q in Proposition 1.2.5 can even be chosen as n—1—
deggcd(f, g) and m—1—deggcd(f, g), respectively.
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1.2 Numerical applications

A different approach to interpolation is by pure linear algebra and uses only the vector space
properties of polynomials. If ® = {¢y,...,d,} is a basis of a finite dimensional space of func-
tions, at least defined on 27, then the interpolant to 2~ from this space can be written as

n
(P:Zak(/)k, (lkE[K,
k=0

and the interpolation problem takes the form

" Po(x0) ... dnlxo)) (a0
Vi= )= ) arprlxp) =e] : o i=0.m,
€0 Go(xtn) ... Pnlxn)) \an
or, more compactly
y=(¢rxj): j,k=0,...,n)a, (1.2.5)

which corresponds to solving a linear system® and (unique) solvability of the interpolation
problem can be decided entirely by linear algebra. The matrix in this system even has a spe-
cial name.

Definition 1.2.7. Given a finite set .2~ < R and a finite set ® of functions 2~ — R, the associ-
ated COLLOCATION MATRIX is defined as

V(Z,) = ((p(x): xe )

ped (1.2.6)

In the case that ® = {1, x,..., x"*} the matrix is called VANDERMONDE MATRIX, denoted by
Va(Z) =V (ZAL,...,x™"). (1.2.7)

Remark 1.2.8. The terminology “collocation matrix” and “Vandermonde matrix” is not con-
sistent in the literature, often the matrix from (1.2.6) is called Vandermonde matrix even for
nonpolynomial systems or for a different basis of I1,,.

Note that if ®,®’ are two bases of the same space, then there exists a nonsingular matrix A
such that ® = A® and hence

V(Z,0)=V(Z, D) A,

so that collocation matrices are relatively invariant under changes of basis and essentially
depend on the space.

Linear algebra tells us that the interpolation problem has a unique solution if and only if
V(Z',®) is invertible which first implies that the matrix is a square one, i.e., #2 = #®, and
that det V (2", ®) # 0. Now, we can derive the unique solvability of the polynomial interpola-
tion problem by different means.

Theorem 1.2.9. There exists ¢ # 0 such that

detV(2) =c [] (xj—xx), Z =1{xp,..., X} (1.2.8)
j#k

6Surprisingly, this fact is rediscovered regularly, especially in the context of multivariate interpola-
tion. That does not increase its novelty, unfortunately.
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1 The univariate case

Proof: We first note that f(xy,...,X,) := detV,,(2") is a polynomial of (total) degree’ %n(n +
1). This is a simple induction based on expanding the determinant with respect to the last
column:

1 xp xy
f(JC(),...,xn)Z
1 xp x)
1 x1 ... x"'n 1 x ... x'n
= D"|xf| v : +eo+ (=D " :
1 xp ... x'n 1 xp—1 ... xgj

n .
2 (D™ det Vo (27\ (x1).
j=0

Moreover, f is a polynomial of degree n in each individual variable x; that vanishes in xy,
k # j, as then the matrix has to identical rows. Hence, for any j =0,...,n,

f(x(]y---)xn) = (H(x]_xk)) g(x())---;xj—lrxj+1)-'-yxn))
k#j

hence any (x; — x), j # k, divides f and therefore there exists a polynomial g such that

FXo,..., Xn) = (X, .., x) [ ] (xj = xi0),
Jj#k
and since the product on the right has %n(n + 1) factors, hence degree %n(n +1), g mustbe a
constant polynomial. That the constant is nonzero follows from Theorem 1.2.1. U

Remark 1.2.10. Historically, polynomial interpolation in one variable is a more than classical
issue, investigate for example by Newton in his Principia where the NEWTON FORMULA for the
interpolant has been derived®. A nice summary has been given in [Bauschinger, 1900], later
translated into French in [Andoyer, 1906] by Andoyer who missed the difficulties of the mul-
tivariate case, cf. [Gasca and Sauer, 2000b]. Multivariate interpolation, on the other hand, is a
fairly recent issue except a few results by Jacobi [Jacobi, 1835] and Kronecker [Kronecker, 1866]
in the 19th century.

1.2.2 Signal processing and generating functions

SIGNAL PROCESSING, more precisely, digital signal processing in the sense of [Hamming, 1989]
is concerned with the action of filters on discrete signals.

Definition 1.2.11 (Spaces & filters).

1. By ¢(Z) we denote the space of all INFINITE SEQUENCES, i.e., all functions Z — R. More-

over, £ (Z), 0 < p < oo, stands for all sequences such that the “norm”?

1/p
lcllp:= (Z IC(k)I”) ’ lclloo :=suplc(k)l, licllo :=#{k: c(k) # 0},
kez kez

"More on degrees for multivariate polynomials later, now only so much: the TOTAL DEGREE of a
monomial xgo -+ xp"is ag + -+ + @, and the total degree of a polynomial the maximal total degree
of its monomial components.

81t is by no means to expect that something that carries someones name has really been invented by
this person, so it is a worthwhile remark

91t is only a NORM for 1 < p < oo, otherwise a so called QUASI NORM.
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1.2 Numerical applications

is finite.

2. Forc,d € ¢1(Z) we define the CONVOLUTION

cxd:=) c(-—kdk.
kez

3. AFILTER F: ¢(Z) — ¢(Z) is a convolution operator
Fc=f=xc, cel(2),
with an IMPULSE RESPONSE f € £y(Z).

The name impulse response is easily explained. If we use the PEAK SEQUENCE 6 € ¢(Z), 6 (k) =
8ko, k € Z, which is the identity in the CONVOLUTION ALGEBRA'!?, then f = F§, hence, in a
slightly ugly notation, F = (F0) *.

Filters and convolutions can be put into an algebraic framework by turning sequences into
Laurent polynomials.

Definition 1.2.12. Let ¢ € ¢((Z). The z—-TRANSFORM ¢’ and the SYMBOL or GENERATING FUNC-
TION c! are defined as

C=Y cz* =) chzr, zeC.:=C\{0}. (1.2.9)
kez kez

Remark 1.2.13. In principle, all the theory can be made in terms of z—transforms or symbols
as, due to
=c (™) and =IO

they are almost completely equivalent except a few minor issues like the inverse z—transform,
cf. [Follinger, 2000]. The z—transform is more common in signal processing while symbols
are more frequently used in mathematics. And generating functions are even meaningful for
infinitely supported sequences, but have to be handled with a bit of care.

The important of z—transforms and symbols becomes evident from the simple observation
that

c*d)’ (2 = Y(exdpz /=Y Y c(j-kdkz"Tz* =Y dkyz*Y c(j-kz*/
jez keZ jez kez jez
= Y dkz*Y ez,
kez JezZ
hence,

cxd)’=c"d” and (cxd)f=(c*xad)’ (O ((O Y d () =crd. (1.2.10)

In other words, the transforms modify the rater complicated operation of convolution into a
simple product of Laurent polynomials, an operation well compatible with the ring structure
of A.

This algebraization becomes particularly useful when passing to filterbanks which com-
bine several filters to decompose a signal into several bands. To maintain the ratio between
the amount of data and the information contained in it, filterbanks use decimations.

19 (Finitely supported) sequences with componentwise addition and convolution as a multiplication.
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1 The univariate case

Definition 1.2.14 (Down- & upsampling). Given a dilation factor m € N, the DOWNSAMPLING
OPERATOR |, is defined as

lm:(2) — €(2), c— c(m-) (1.2.11)
and the UPSAMPLING OPERATOR as
ckim), kemZ,
Tm:€(2) — €(2), c(k) = kez. (1.2.12)
0, kg mZ,

Moreover, we use the notation Z,,, = Z/mZ ~{0,...,m—1}.

Exercise 1.2.1 Show that |,,1,,=I #1,x!» and that

=Y /il (1.2.13)
J€Zm

¢

Up- and downsampling can be computed in terms of z—transform, upsampling simply by
noting that
Um0’ @)=Y clk)z " =¢"(2m), (1.2.14)
kez
while downsampling is based on the FOURIER IDENTITY

1 i 1, jemz,
— Y eemijkim - / jez, (1.2.15)
m keZy, 0, J gmZz,
which gives that
) 1 .,
Um0’ @™ = Y cmpz =Y c(j)z/—= Y e 2riikim
jez jez M kez,,
1 . -i 1 .
= — Y Yep(erhime) == ¥ e2miima). (.216)
m keZ,, jeZ m keZp,

Note that the UNIT ROOTS e?"iK/™ k€ 7, can be seen as generalized signs; in the case of
m = 2 they are indeed +1.

Exercise 1.2.2 Prove (1.2.15) or at least find a proof of it in the literature. &

Now we can define the concept of a univariate filterbank, cf. [Vetterli and Kovacevi¢, 1995].

Definition 1.2.15 (Filterbank). A FILTERBANK consists of 77 ANALYSIS FILTERS F; with impulse
response fj, j € Z,, and n SYNTHESIS FILTERS G; with impulse response g;, j € Z,. It com-
putes the SUBBAND DECOMPOSITION

L (foxc)
0(Z)3c—Fc:=[|pFijc:jeZ,]= : el()"
bm (fu=1%¢)
and the SUBBAND RECONSTRUCTION
Co
(@)"3c=| : |=Ge=) Gilmcj= ) gj*(Imcj).
Cnt jez, jez,

The filterbank is said to
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1.2 Numerical applications

1. provide PERFECT RECONSTRUCTION if GF = I,
2. be CRITICALLY SAMPLED if m = n.

Filterbanks without perfect reconstruction loose information and thus make no sense, and
since the decimation | ,, in the analysis part just compensates the n components of the vec-
torized subband data, critically sampled filterbanks are by far the most popular ones. The
analysis filterbank can be depicted as

/S R = lm — o

c : : : (1.2.17)
N Fpa1 = I =
and the synthesis filterbank takes the form
co — Im — Go \
: : : ®—c (1.2.18)

Cn—l d Tm - Gn—l /

We can now describe the action of the filterbank by means of our algebraic tools. Beginning
with the synthesis part, we note that, by (1.2.16) and (1.2.10)

1 . .
C?.(Zm) — (lm (fjc))b (z™) = E Z f]b (e—ka/mz) Cb (e—2mk/mz)’ j€ Z,

keZ,,
which can be vectorized as
b
cg(z™) , o( —szgzziz/m )
_ 1 I (e—2m'k/mz) . J€Zn cle ‘ (1.2.19)
> m |/ T keZpy : o
c,_,(z

& (e—Zni(m—l)/m Z)
Definition 1.2.16 (Modulation & polyphase). The matrix

j€Za

_i b (,—2mikim ) .
F(z)—m(fj(e z): kez,

)EAnXm (1.2.20)

is called the ANALYSIS MODULATION MATRIX of the filterbank, the vector
& (2) = [cb(e_zmk/mz) : kezm] €A™ (1.2.21)

is called the POLYPHASE VECTOR of the signal c. The SUBBAND DECOMPOSITION then takes the
form
(2™
= F(2)¢)(2). (1.2.22)

b m
Cn—l (z™)

Synthesis is simpler. By (1.2.10) and (1.2.14) we have that

P@ = Y (grxUmew)@=Y £@Una)@=Y @™
kez, kez, kez,
cg(zm)
= (8@ 81(2)
cpop (2™
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1 The univariate case

Building the polyphase vector of the output ¢ and keeping in mind that (e=27//™) M= el =
1, j € Z,,, we thus get that
™)

Az ) (z™)

b —2nijim). JE€Zm i AT )
g (e ): cezn || =6¢"@| : | (1.2.23)

n—-1

(2™ & (2™

Therefore, decomposition and immediate reconstruction yield
~b _ T b
cp(z) =G(z)" F(2) cp(z)

and we get the fundamental theorem for the modulation matrices of a perfect reconstruction
filterbank.

Theorem 1.2.17. The filterbank provides perfect reconstruction if and only if GT (z) F(z) = I.

Remark 1.2.18. Eventually, the algebraic approach to filterbanks consists of encoding the
synthesis and the analysis part of the filterbank as matrices whose components are z—-transforms,
hence Laurent polynomials. Since

(ajr(@):j, k)= (Z ajir(0) P j,k) =) (ajx(O): j, k) Zf = > A2,
lezZ lez lez
such a matrix of Laurent polynomials can also be seen as a matrix valued Laurent polynomial
or a Laurent polynomial with matrix coefficients and thus as the z-transform or symbol of a
matrix valued sequence.

In a critically sampled filterbank we thus get perfect reconstruction iff, given F(z), we set!!

G(z) = F1(2). In other words, in this case the requirement of perfect reconstruction implies
that the analysis part completely determines the synthesis part and vice versa. Mathemati-
cally, this brings us to the question of when a matrix over a ring is invertible in the ring. This
is surprisingly simple.

Proposition 1.2.19. A square matrix A€ R™" has an inverse in R™*" ifand only ifdet A€ R*
isaunitinR.

Proof: If A has an inverse, then
detAdetA™! =detI=1,
hence det A~ = (det A)~! in R. The converse follows from Cramer’s rule which says that
(A7) = et~ detAjr,  jk=1,...,n,

where Ajj € R=Dx(n=1 gtands for the matrix where the jth row and the kth column of A are
deleted. g

Remark 1.2.20. Theorem 1.2.17 has a different meaning depending on whether we want to
choose F, G as polynomials or as Laurent polynomials, which plays a role if one is interested
in a causal filter. In the first case, an analysis filterbank can be completed if det F(z) € Cy, in
the second case if det F(z) = c 2%, ce C,, k€ Z.

"'We can first do it pointwise but then have to ensure that the resulting function is a matrix of Laurent
polynomials again - this is the nontrivial fun part of it.
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1.2 Numerical applications

Hence, the question of constructing reasonable filterbanks boils down to construction a rea-
sonable F or G as the other one follows directly.

Example 1.2.21. We consider n = m = 2 and want to build

b b
_[ &= g2
G(z) =
@=lg-2 g2

with det G(z) = 1. This is impossible if there exists z* such that gg(z*) = gg(—z*) =0 as then
z—2z* divides det G(2). If, on the other hand gcd (gg, gg(—-)) =1, then there exist p, g such that

p(2) g)(2) +q(2) gh(-2) =1, (1.2.24)
hence, replacing z by —z in (1.2.24), also

p(-2) g (-2) + q(-2) g)(z) =1

and therefore 2)+a(-2) 2+ (@)
2)+q(-z -2)+q(z
Para-e gg(z) A L q gg(—z) =1
2 2
and setting g?(z) = w we obtain that det G(z) = 1. This can be summarized as follows:

A filter with impulse response gy can be completed to a perfect reconstruction filter bank if and
only ifged (g}, g3(—) = 1.

1.2.3 Subdivision, differences and wavelets

Subdivision, is an iterative way to generate functions from discrete data by means of station-
ary operators, i.e. operators that do the same thing regardless of where it happens. Actually,
these operators are even convolutions. The fundamental monograph on subdivision is still
[Cavaretta et al., 1991], for a different, more geometric approach see [Peters and Reif, 2008,
Warren, 2001].

We start with a discrete sequence ¢ € ¢(Z) that we want to extend to a function ¢’ : %Z —
R by means of local and position independent rules. To that end, we choose two finitely
supported filters ap and a; and define

¢ (212”) =Y a()c(j-K=(a+aj), jez, €01, (1.2.25)
kez

so that a; is an INSERTION RULE that decides what happens at the new half-integer points and

ap is a REPLACEMENT RULE determining how the integer values are handled — ay = 6 would

just leave them unchanged, such a subdivision operator is called INTERPOLATORY. To be able

to iterate the scheme, we renormalize ¢’ to a sequence Z — R, merge the two sequences into

one and define the following object.

Definition 1.2.22 (Subdivision operator). The SUBDIVISION OPERATOR with respect to the
MASK a € ¢y(Z) is defined as

Sac:=)_ al-—2k) c(k). (1.2.26)
keZ

Indeed, if we set a(2 - +¢€) := a, € € {0, 1}, which uniquely connects a and ay, a;, we see that

Sac2-+6)= Y a@-+e-2k)ck) = Y a.t -k ck) =c' (j+£),
kezZ keZ 2

and Definition 1.2.22 makes sense as S,c = ¢'(2-), that is, as a renormalization of the above
geometrically intuitive process.
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1 The univariate case

Remark 1.2.23. In terms of signal processing, the subdivision operator is actually a déja-vu
as soon as we write it as a GENERALIZED CONVOLUTION

Cxmd:=) c-—-mjd(), m=l
JjeZ

Besides ¢ *; d = ¢ * d, we also have that S,c = a *, ¢ and we can of course also generalize
this to subdivision operator with arbitrary dilation factor, sometimes called “AriTY”. This fits
nicely into the preceding chapter since

cxmd = Y ct-m)Umd)mj)= )Y Y cc—mj+k) (Imd) (mj+k)
N———

Jjez kez,, jeZ
=0, k#0
= Ycl-PUmd)(N=cx1nmd
JEZ
which is indeed a piece of the synthesis part of a filterbank, so that
Sac=ax*1sc, cel(2). (1.2.27)

The idea of subdivision is now to iterate S, on some initial data ¢® = ¢ € £(Z) and to consider
c" := Sllc as a function of 27"Z with denser and denser pixels that eventually converges to a
function. The most common definition in this respect looks as follows.

Definition 1.2.24 (Convergence). The SUBDIVISION SCHEME, i.e., the sequence of operators
Sl 0(Z2) — €(2), n €N, with respect to the MASK a € ¢((Z) is said to be a CONVERGENT SUB-
DIVISION SCHEME if for any c¢ € ¢, (Z) there exists a uniformly continuous function f;: R — R
such that

lim sup [Slc(k) - f: (27"k)| =0. (1.2.28)

=00 ez

Some well-known facts about convergent subdivision schemes are summarized in the next
theorem. Since we will not focus on analytic and convergence issues here, we refer, for exam-
ple, to [Cavaretta et al., 1991, Micchelli, 1995] for the quite elementary proofs.

Theorem 1.2.25 (Convergence of subdivision). Let a € ¢y(Z) be a given mask.

1. The following statements are equivalent:
a) the subdivision scheme based on a converges,
b) there exists a BASIC LIMIT FUNCTION ¢ such that S}6 — ¢,

¢) Sql =1, wherel € ¢(Z) stands for the constant sequence, and there exists b € £y(Z)
such that
a'(z) = (z+ 1) b (2) (1.2.29)

and Sy, is CONTRACTIVE, i.e.,

lim |[Spcl| =0, c€lo(@). (1.2.30)

n—oo
2. The basic limit function is REFINABLE, i.e.,

b= alk)p@--k). (1.2.31)
kezZ
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1.2 Numerical applications

3. Any limit function is a so-called'? SEMIDISCRETE CONVOLUTION of the form

fe=Y pC—k)cl)=:p=*c. (1.2.32)

kezZ

While several of the above results are straightforward consequences of the linearity of the
subdivision operator, the convergence result 1c¢) requires some proof. Note, however, that
this is the principle of fixpoint iterations as in Newton’s method or the power method in nu-
merical analysis [Gautschi, 1997] and numerical linear algebra [Golub and van Loan, 1996],
respectively.

What is more relevant for our purposes is the preservation property S,1 = 1 and the factor-
ization (1.2.29) — this is algebra and will turn out to be an ideal property in several variables.
The connection is made by a simple but important operator.

Definition 1.2.26 (Difference operator). The DIFFERENCE OPERATOR A : ¢(Z) — ¢(Z) is de-
finedasA=71-1.

Remark 1.2.27. Note that the difference operator can also be written as p(tr) for the poly-
nomial p(x) = x — 1, where the variable is formally replaced by the shift operator. This alge-
braization of difference operators will play a fundamental role later.

Since § is the unit in the convolution algebra on ¢(Z), we can also write Ac = (18 —6) * c,
¢ € ¢(Z) and thus note that the difference operator is indeed a CONVOLUTION OPERATOR. A
simple as this is, it means that with respect to symbols or z-transforms it is a MULTIPLIER.
This is easily verified:

A @ =Y Ak z =Y (clk+D-ctk) z7%=Y ct)z" - Y cthz " =(z-1(2),
kez kez kez kez

hence also
Mo)¥(2) = (Ac)’(z H =z - 1) (2).

This permanent ambiguity between z and z™! in symbol and z-transforms and forward and
backward differences!® is a continuous embarrassment in subdivision and can even be the
source for almost religious choices of one of them. In the end it does not matter, one just has
to be careful ...

Another important property of the difference is that

Ac=0 = Tc=cC 2= c €Ily, (1.2.33)

the KERNEL of the difference operator are exactly the constant sequences.
Exercise 1.2.3 Show that kerA” =1I,,_;, n € N. $

On the other hand, the difference operator is a minimal annihilator for arbitrary subdivision
operators concerning constants. More precisely.

Theorem 1.2.28. If m e N and a € ¢y(Z) is such that0 = S;1 := a *, 1, then there exists b €
lo(Z) such that S, = SpA.

12At least by some people.
13The BACKWARDS DIFFERENCE is defined as 77! — I.
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1 The univariate case

Proof: Since, forany a € ¢y(Z) and e € Z;;,

Salle+mk) =) ale+mk—-mj)=)_ ale-mj)
JjeZ JjEZ
it follows that
Sa1=0 = Y ale-mj)=0, €€Zy.
JEZ
Thus,
dm=Y ali)=Y Y a-mj=0

jez €€Ly jeZ

and, for j € Z,, \ {0},

. Nk . —-mk
aﬁ (eZJTl]/m) — Z a(k) (eZHz]/m) — Z Z ale — mk) (ezmj/m)e m
kez €€y, jeZ
— 627ne]/m ale — mk) e—27‘[l]/m m — eZmeﬂm ale — mk) e—2m]k:0,

hence

P (ez’”'f””) =0, je€Zm (1.2.34)
and therefore the polynomial

[T (z=e*iim)=2m -1 (1.2.35)

J€Zp
divides a?, hence a’(z) = (z™ — 1)b¥(z) for some b € ¢y(Z). On the other hand,
(SpA)*(2) = (b* 1, A (2) = P (2) (2" — 1) (1.2.36)

which completes the proof. U

Exercise 1.2.4 Prove (1.2.35). If you have no idea how, look up the notion of an mth root of

unity. ¢

Ifnow S;1 =1, then AS;1 = Al =0 and by Theorem 1.2.28 it follows that there exists b € ¢((Z)
such that

ASy = SpA (1.2.37)

or, equivalently,
z-Dd@=E"-Dbz) o d@=(1+z+--+2") b (2). (1.2.38)

For m = 2, this is exactly (1.2.29). These factorizations can be iterated to describe preserva-
tion/reproduction of polynomials by a subdivision operator and we will generalize them to
several variables, encountering several differences. It will turn out, however, that (1.2.37) ex-
tends literally while (1.2.38) requires quite a few new concepts, especially that of a quotient
ideal.
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1.2 Numerical applications

1.2.4 Prony and moments

PRONY’S PROBLEM is a problem in SPARSE RECONSTRUCTION. The task is to reconstruct a
function

n
fx) =) fie”*,  w;eR+iT, (1.2.39)
j=1

from its values at certain integers. The problem was raised and solved by R. Prony' in
[Prony, 1795] already in 1795, but in the digital era it became reused, for example in the con-
text of multisource radar, cf. [Schmidt, 1986, Roy and Kailath, 1989]. The standing assump-
tion on the representation (1.2.39) is that it is efficient which means that »n is the minimal
number of terms for the representation!® of f as a sum of exponentials. This implies that

wi#wr, j#£k and  fj#0, j=1,..,n (1.2.40)

Moreover, we restrict the imaginary part of the frequencies to be in T = R/27Z = [-n, ) to
avoid ambiguities in the terms /. In summary, these properties ensure that the representa-
tion (1.2.39) is NONREDUNDANT.

Remark 1.2.29. Prony’s problem actually comes from a real world application in chemistry,
namely, the vaporization of alcohol. The function of the form (1.2.39) is a model for a liquid
that combines several unknown vaporization rates of the ingredients'® that are contained in
unknown relative quantities. Or, in a simplified way: what is the best time to start drinking a
glass of whisky'”.

The interesting point about the problem (1.2.39) is that the determination of the coefficients
fjis a linear problem as soon as the FREQUENCIES w ; are known, but finding them makes the
problem nonlinear.

Prony’s trick can even be formulated in terms of digital signal processing: choosing a €
¢y(Z), and denoting the restriction of the function f to Z by f as well, we can compute

axf(j) = Y alk)} fee”0=3 fre* Y atkyet =} frea’ (e)
/=1 /=1

kez /=1 kezZ

and write this as

, h a’ (e
= w[j N ‘] € Z *. .
fra={e™: =1,...,n : . '
fa) \@ (")
or, looking at a finite segment only,
(a* f)(0) 1 e’ ... ("N [(Af a’ (e
: ={: - : : (1.2.41)

(ax f)(n-1) 1 e“r ... (evm)"! fn) \ @ (e®n)

14That is the name he uses on the original paper, his full name is Gaspard Clair Frangois Marie Riche
de Prony

15This is the meaning of SPARSITY in this context.

161 jke alcohol, water and some aromatic content.

"There are indeed situations when it becomes necessary to sacrifice oneself in the name of science
and to turn even mathematics into an experimental science.
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1 The univariate case

Noting that the first matrix on the right hand side of (1.2.41) is the Vandermonde matrix
Vyu—1 ({e“,..., e“r}) and therefore nonsingular as long as the frequencies are disjointlg, that
the middle matrix is diagonal with!® nonzero diagonal elements, we can draw the following
conclusion.

Proposition 1.2.30. A filter with impulse response a € £o(Z) annihilates f ifand onlyifa’ (e®i) =
0,j=1,...,n.

This already is Prony’s strategy: given the sampled values of f, find an ANNIHILATING FILTER
a such that a = f = 0, which only requires these discrete values, and then compute the zeros
of @’ to obtain the frequencies. And if we know the “magic” number 7, we know that there
is a unique polynomial of degree n which vanishes at e/, j = 1,...,n, so if we look for an
annihilating filter with only 7 + 1 consecutive nonzero “taps”, for example by enforcing

suppa:={k:a(k) #0} c{0,...,n},

then the resulting a” has exactly n different zeros and gives the frequencies. To compute this

a, we note that
n

(axN()=) alf(j-k, j=0,..,n-1,

k=0
so that
£(0) fn .o f(-n
0 0
(d*f)( ) | rw foy ... fa-m a(‘)
(axf)(n-1) f(n-1) f(n-2) ... f(-1 am

Since any nonzero multiple of a” has the same zeros as a’, we still have to normalize a which

we do by requiring that a(n) = 1. Then the normalized annihilating filter is found by solving

(ax[)(0) foy ... fd-n a(0) f(=n)
0= : = S R A P
(ax f)(n-1) f(n—=1) ... f(0) a(n-1) f=1D
hence we solve
f(0) .. fQ-m a(0) f(=n)
: : : =—| : (1.2.42)
fn-1 ... fo) )\an-1 f(=1
N g — N ,
=:FeCn=n =:qeC” =,

and compute the zeros, for example as the eigenvalues of the Frobenius companion matrix

0 —a(0)
1 —a(l)
. = (ez..,en, F1fy)=(F'A,...F1f)
1 —an-1)
FO .. fA-m\ [ fED .. f=n)
fn=1 ... fO fn=2) ... f(=1)

18Which they are according to (1.2.40).
9Again due to (1.2.40).
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1.2 Numerical applications

see Example 1.1.22. In particular, the computation of the annihilating filter and its zeros
only involves the 2n samples f(-n),..., f(n—1) which accidentally is precisely the number
of unknowns in (1.2.39). This works in principle if and only if the matrix

foy ... fa-n

fin=-1) ...  f(0)
is nonsingular and therefore the solution of (1.2.42) is unique. Since we do not like matrix
inverses in numerical computations, we turn everything into the GENERALIZED EIGENVALUE
PROBLEM
f(-1 ... f(-n) fO) ... fa-n
A | I A
f(n-2) ... f(=1 f(n-1) ... [0
for which there exist numerical methods like the QZ method, described, for example, in
[Golub and van Loan, 1996]. What is nice about (1.2.43) is that it computes the frequencies
directly from the samples of the data without applying any transformations to the problem.
There are of course other methods, see for example [Plonka and Tasche, 2014, Potts and Tasche, 2015].
The matrices occurring in (1.2.43) belong to a famous class.

X (1.2.43)

Definition 1.2.31. A matrix A = (ajx: j, k) is called a TOEPLITZ MATRIX if there exists some
a€ {(Z) such that aji = a(j — k).

Remark 1.2.32. It is easy to see that Toeplitz matrices are the matrix representation of the
convolution, seen as a linear operator T, on ¢z: T,c:= a* c.

Remark 1.2.33. The factorization (1.2.41) already hints which concepts we may need in the
multivariate case: construction of annihilating filters, Vandermonde matrices, i.e., polyno-
mial interpolation and (common) zeros of polynomials will become the essential tools here,
cf. [Sauer, 2017, Sauer, 2018b].

The relationship to moment problems becomes more visible if we write the annihilation con-
cept in a slightly different way by using the CORRELATION

ckd:=) c(+k)dk) (1.2.44)
jez
Though this operation is no more symmetric, there is no fundamental difference to the con-

volution and in most application convolutions could be replaced by correlations®. Correla-
tions are represented by a different type of matrices.

Definition 1.2.34. A matrix A = (a ikl k) is called a HANKEL MATRIX if there exists some
a € ¢(Z) such that ajx=a(j+ k).

Remark 1.2.35. While Toeplitz matrices are constant on the diagonal and sub- and super-
diagonals, Hankel matrices are constant on the so-called antidiagonals. For example,

fo fo . f
) @ ... fn+D)

Hy,=(a(j+k):jk=0,...,n)= f_ f_ _ ! ,
fm) fn+1) ... f(@2n)

is such a typical Hankel matrix.

20This is comparable to the choice between z-transforms and symbol.

29



1 The univariate case

Hankel matrices are classical objects in mathematics, in particular due to their immediate
relationship to the MOMENT PROBLEM.

Definition 1.2.36. Given a measure p on R, the jth MOMENT of yu is defined as
w(j) :=fof du(x),  jeN. (1.2.45)
The sequence (u(j) : j € Np) is called the MOMENT SEQUENCE and moment problems consider

the question which sequences are moments for certain types of measures. Moreover, the
FOURIER TRANSFORM of the measure p is defined as

ﬂ(é)::f e " dux), EeR (1.2.46)
R
Since the moment matrix
M= (f xjxkd,u(x):j,k) =(u(j+k):j k)
R

is a Hankel matrix that describes the action of the linear functional f — [ fdu on polyno-
mials, Hankel matrices and Hankel operators naturally connect to moment problems. In the
special case of a signed DISCRETE MEASURE of the form

n
p=2 fidw,  fHwjeC
j=1
whose Fourier transform takes the familiar form
n . n
() = Z fi Re—ux d5iw,~ (x) = Z fi evic,
j=1 j=1

the task of reconstructing the locations and weights of the measure is then exactly Prony’s
problem where we reconstruct from the sequence

n ok n
k=Y f (e—le) =y fjf XK ds i (x) = i)
j=1 j=1 IR
which is the moment sequence of the discrete measure
n
u= Z fj5e—iwj
j=1

with the same weights and re-localized centers of mass.

In summary, Prony’s problem, finite discrete signed measures, Hankel or Toeplitz operators
of finite rank are all just different points of view for the same thing. This also holds true in
several variables and will enable us to combine all the theory that we learn in the sequel.
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Constructive ideal theory 2

Men invent new ideals because they dare not attempt old ideals. They look
forward with enthusiasm, because they are afraid to look back

(G. K. Chesterton, What's wrong with the world)

In this chapter we make a systematic approach to the techniques needed for dealing with
ideals of multivariate polynomials. We will denote by K a field of characteristic zero, but
mainly have the three cases Q, R, C in mind. We will write K =K \ {0} for the units of K.

2.1 Polynomial and Laurent ideals

We begin with carefully defining the necessary concepts for dealing with multivariate poly-
nomials. This needs some notation and terminology, in particular if we still want to write
things in a compact way. In all that we are doing, we will use s € N for the number of vari-
ables!, so that polynomials can always be seen as functions K® — K.

2.1.1 (Laurent) polynomials in several variables

We begin with some standard notation for multivariate objects.

Definition 2.1.1 (Multiindices, monomials and terms).

1. AMULTIINDEX & = (a,...,as) € Z° is a tuple of integers. Its LENGTH is defined as |a| =
|a1|+---+]|ag|. For a € N$, we also define its FACTORIAL as a! := a1!--- a!. Moreover, we
use the partial orderinga < fifa; < f;, j=1,...,s.

2. AMONOMIAL in x € K® is an expression
x% =X xd aeNjoraeZ’ (2.1.1)
o 1 s 0 . 1.

If we want to emphasize that we permit an arbitrary a € Z°, we will speak of a LAURENT
MONOMIAL. A TERM is an expression of the form ¢ x%, c € K.

3. APOLYNOMIAL is a finitelinear combination of monomials over K,

f =) fax®  #{a:fa#0}<oo, 2.1.2)

S
aeN

IThe more common use in algebra is to use 7 for the number of variables and d for the degree, in
analysis people often prefer to use d for the space dimension and »n for the degree. This can be
confusing sometimes. The choice here is just a personal selection.
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2 Constructive ideal theory

a LAURENT POLYNOMIAL a finite linear combination of Laurent monomials,

) =) fax®  #{a:fa#0}<oo. (2.1.3)

ae”Z’

The ring? of all polynomials is written as IT = K [x], the ring of Laurent polynomials as
A.

4. The suppPORT of a (Laurent) polynomial is the set of the indices of nonzero coefficients:
supp f:={aeZ’: fo #0}. (2.1.4)

It is worthwhile to record some simple and elementary consequences of these definitions.
Remark 2.1.2 (On Definition 2.1.1).
1. The zero polynomial is not considered to be a term.
2. Laurent monomials are only defined on K3 .
3. Any polynomial is a Laurent polynomial and any Laurent polynomial can be written as
fx)=x%p), aeZ’ pell

This representation is not unique, but can be made unique by requesting that p(0) # 0,
hence the support of p cannot be shifted any further and «a is then a maximal choice
since
f=x"FPxPpx), PeN;,
—
ell
would be a valid representation as well.

4. Polynomials are expressions with finite support in N, Laurent polynomials expres-
sions with finite support in Z°.

Definition 2.1.3 (Differential operators). Given a polynomial f € II, the associated PARTIAL
DIFFERENTIAL OPERATOR f (D) is obtained by formally replacing x by the differential %, that
is, 5

fo)=>3 fagz = Y fa()" (2.1.5)

S S
aeNy aeNy

Definition 2.1.4. An INNER PRODUCT (+,-) on Il is, in the case of K € R a symmetric, definite
bilinear form, for C only a definite sesquilinear form, that is

f,9=w@nNn, (fL,HeR,.

Example 2.1.5. The simplest way to define an inner product would be to just take the inner
product of the coefficients,

(f,8)= Z fa 8a (2.1.6)
aeNg
but a nicer one is
(f,8)=(f(D)g) O = ) alfaga- 2.1.7)
aeNg

2This means that we will not only add and multiply by field elements as in a vector space, but also
multiply polynomials with each other, following Gen 1:28.
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2.1 Polynomial and Laurent ideals

Exercise 2.1.1 Prove that the two bilinear forms in (2.1.6) and (2.1.7) are inner products in
R[x] and verify (2.1.7). Deriver their extensions to C[x]. O

Remark 2.1.6. The inner product from (2.1.7) is, among others, known as the FISHER INNER
PRODUCT or BOMBIERI INNER PRODUCT and has been used in various instances, for example
also by Grobner in [Grobner, 1937].

The inner product (2.1.7) has another property that allows us get an explicit Riesz represen-
tation of point evaluations when extending the inner product properly.

Definition 2.1.7 (Power series). The algebra K(x) of FORMAL POWER SERIES over K consists of
all expressions of the form

fO=3 fax®  facK. (2.1.8)

S
aeNy

Asequence f,, n €N, is said to be CONVERGENT to f € K(x) if for any finite Q = Nj there exists
an ng € N such that

fra=fo aeQ, n=nyp. (2.1.9)
For y € K*® we define the element ey €K(x) as
a

eyw:= Y Lo, (2.1.10)

S
aeNy

Recall the classical fact® that the product of two power series
( > faxa)( > gaxa) = X fagﬁxa+ﬁ =) ( > fw—ﬁgﬁ) x?
aeNg aeNg a, BeNG aeNg \0=f<a

relies on the CAUCHY PRODUCT of the coefficients which is indeed a convolution and com-
putes any coefficient of the product from only finitely many coefficients, hence the product
is well-defined in K (x).

Since the product in (2.1.7) is well-defined when f or g has finite support, we can extend
it to K[x] x K(x) and have the following simple but extremely useful result that has been used
in many applications, cf. [Boor and Ron, 1992, Mourrain, 2016].

Theorem 2.1.8. Forany f €1l and x € K, we have that
F(x)=(f,ex). (2.1.11)

Proof: We only have to note that, due to (2.1.7),

(fre)= ), a!fa%= Y fax®=f(x)

aeNy aeNy

to verify (2.1.11). O

3In one variable it is part in any calculus lecture.
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2 Constructive ideal theory

2.1.2 ldeals and varieties
Now we get to the fundamental concept of this lecture.

Definition 2.1.9 (Ideal). An IDEAL .# in aring R is a subset that is closed under addition and
under multiplication with arbitrary elements from R, i.e., ¥ + .4 = .4, ¥ -R= .. A TRIVIAL
IDEAL is either .# = {0} and .# = R. An ideal that does not equal R is called PROPER.

Trivial ideals can be identified easily: they either consist only of 0 or they contain units.
Lemma 2.1.10. Anideal .¥ c R satisfies ¥ = R ifand only if # N R* # @.
Proof: The direction “=" is trivial and if r € .# for some r € R* then

a=ar 'rer-R=.7, acR,
hence .# =R. 0
Corollary 2.1.11. Anideal .% c K[x] is trivial in the sense . =K [x] ifand only if1€ .7.

Remark 2.1.12. If the ring R contains a field K, as our (Laurent) polynomials do, then any
ideal is also a K vector space; nonlinearity enters due to the multiplication of polynomials.

Remark 2.1.13. If .# and _# areideals, then .# n_¢ is an ideal as well as the defining closed-
ness conditions are preserved individually.

In the sequel we will only consider ideals in [T and A and forget about more general rings. The
first observation is that there are two simple ways to generate ideals.

Example 2.1.14 (Ideal constructions).
1. If F is a finite subset of [T or A, then its COMPLETION with respect to ideal operations,
(Fyp:= { > gff:gfen}, (Fyp:= { > gff:gfeA}, (2.1.12)
feF feF

are ideals in IT and A, respectively, the ideals GENERATED BY F. Note, however, that
for F c II the ideals (F); and (F), are clearly different. Normally, we will drop the
subscript in (2.1.12) if it is clear in which of the two rings the ideal is formed.

2. If 2 cK?, then the set
I(Z):= Iy ={f: f(Z)={0} (2.1.13)

of all elements VANISHING at .2 is an ideal as well, called the ZERO IDEAL? of 2. Note,
that in the case of ideals in A we have to require that 2" cK$.

The first simple observation is that the solution of a SYSTEM OF EQUATIONS F(x) =0, F cII, is
a matter of the ideal (F) and not of the specific equations F. Indeed,

f)=0, feF = Y gixf(x)=0, grell, =  f(x)=0, fe(F),
feF

and since the converse is trivial due to F < (F), we can conclude that
F(x)=0 o (F)(x)=0. (2.1.14)

This is the reason why the next definition restricts to ideals without any loss of generality.

4The German terminology NULLSTELLENINDEAL is somewhat nicer.
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2.1 Polynomial and Laurent ideals

Definition 2.1.15. For an ideal .# < II the associated VARIETY is defined as
V(F):={xeK’: f(x) =0, fe 7}, (2.1.15)

and for .¥ c A,
VA ={xeK}: f(x)=0, fe F}. (2.1.16)

The connection between polynomial ideals and varieties is expressed in the following result
whose proof can be found in [Cox et al., 1996, p. 168-171]. So we first focus on polynomial
ideals and point out similarities and differences later in Section 2.1.6, where we will also show
how to reduce Laurent ideals to polynomial ideals

Theorem 2.1.16 (NULLSTELLENSATZ). LetK be an algebraically closed field.
1. If ¥ cKlx] is an ideal with V(%) = @, then . = K[x].
2. If f € I(V(¥)) then there exists some m € N such that f" € 7.

Remark 2.1.17. Theorem 2.1.16 gives two versions of the famous Nullstellensatz. The state-
ment 1) is usually called the WEAK NULLSTELLENSATZ and proved by induction on the number
of variables in which way it can be seen the generalization of the fact that the only univariate
polynomials over C that have no zero must be constant. Statement 2) is known as HILBERT’S
NULLSTELLENSATZ and already addresses some of the problems caused by multiplicity of ze-
ros.

2.1.3 Simple ideal operations

There are elementary operations that we can apply to an ideal. They are defined as follows.
Definition 2.1.18 (Ideal operations). Let.#, ¢ be two ideals.

1. The sum and the product are defined as
I+ g:={f+g:feSf,ge 7}, 7 - 7:=(fg:feS,ge ) (2117

2. The QUOTIENT IDEAL .# : ¢ is defined as

S ge={fell:f- <7} (2.1.18)
Proposition 2.1.19. ¥ + 7,.9 ¢ and . : ¢ areideals and satisfy
S gcI, I+, I 27 (2.1.19)

Proof: The . + ¢ is an ideal follows for f, f'€ .7, g,g’ € # from
f++(f+8)=(f+f+(@g+8), pf+e=pf+pge s+ g

and is trivial for .# _¢# . Also the inclusions are immediate. The quotient ideal is an ideal since

forf,fles: 7
f+fH.7={f+fg:gc Zicifg+fg g8 Iy=f F+f - FcI+I=79
and, for p €11,
pf 7 =fpfrsf F<r.

Hence, it is an ideal, the inclusion follows from . - # < 7. O

5In particular, K = C.
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2 Constructive ideal theory

2.1.4 Ideal types: from radical to primary
In view of Theorem 2.1.16, we define some more terminology on polynomial ideals.
Definition 2.1.20. An ideal .7 is called

1. RADICAL IDEAL if .# = v .# where the RADICAL of .# is defined as

V.7 ={fell: f"e.7 for some m}. (2.1.20)

2. MAXIMAL IDEALIf # #ITand .# € ¢ for someideal ¢ implies ¢ =. or ¢ =1L
3. PRIME IDEAL if fg € .# implies either f€ .¥ or ge ..
4. PRIMARY IDEAL if fg € .# implies either f € .# or g™ € .# for some m = 1.
Remark 2.1.21. Some remarks concerning the concepts from Definition 2.1.20:
1. By definition we have that . € V..

2. Maximal ideals also play a fundamental role in functional analysis, namely, in the con-
text of BANACH ALGEBRAS, cf. [Yosida, 1965].

3. Therelationship between primary and prime ideals is aradical one. Indeed, see [Cox et al., 1996,
p. 207], for any primary ideal .# its radical v.# is prime and is indeed the smallest
prime ideal containing .#.

In terms of these definitions we can rephrase Statement 2 of Theorem 2.1.16 as follows.

Corollary 2.1.22 (STRONG NULLSTELLENSATZ). IfK is algebraically closed then I1(V (%)) =
V.7 for any ideal in K|[x].

Proposition 2.1.23. For any variety V <K, the ideal I(V) is radical.

Proof: For f € v/I(V) we have 0 = f™(x), x€ V, i.e,, 0 = f(x), x € V, hence f € I(V). This
shows that /I(V) < I(V) and since the converse inclusion is true by definition, the two ideals
coincide. 0

Also maximal and prime ideals share a close relationship.
Proposition 2.1.24. Let .¥ c K[x] be a maximal ideal.
1. 7 is prime.
2. IfK is algebraically closed, then there exists z = (2, ..., zs) € K* such that

I =(()-2):=(()j—zj:j=1,...,5). (2.1.21)

Proof: For 1) suppose that .# is not prime, hence here exist f,g ¢ .# such that fg € .. Then
& < (f)+ .7 since the ideal on the right hand side contains f which does not belong to .#.
On the other hand, {f) + .# = K[x] would imply that 1 € (f) + .7, that is, there exist h € .%
and p e K[x] such that1 = pf + h, hence

g=g-1=g(pf+h)=p§L+g¢eﬂ,
4 €s
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2.1 Polynomial and Laurent ideals

which is a contradiction. Consequently, .# is prime as claimed.
For statement 2) we note that, by the Nullstellensatz .# # I implies that V(.#) # @, hence
there exists some z € V(.#). This implies together with Theorem 2.1.22 that

12 2I(V(I)=V.I =9

since, by 1), .# is prime, hence equals the smallest prime ideal containing .# which is v.7,
see Remark 2.1.21. Therefore,

Icl@)=(()j-zj:j=1,...,5) cK[x]
and maximality of .# finally implies that . = I(z). O
Exercise 2.1.2 Show that

I(2)=(()j—zj:j=1,...,8), z€K,

holds for any algebraically closed field. &

Primary ideals form the building blocks of polynomial ideals. In fact, any ideal .# in K[x] can
be written as a finite intersection of primary ideals. There is an even more advanced version
of it, the LASKER-NOETHER THEOREM that describes the situation in detail. It can be found,
with its proof® in [Cox et al., 1996, Theorem 7 and 9, p. 208], which we repeat in a summarized
form.

Theorem 2.1.25 (Lasker-Noether). Every polynomial ideal .¢ < K[x] has a finite minimal
primary decomposition
n
S =Y, Fjprimary, (2.1.22)
j=1

where’ || 9 aredistinct and I 3 \ixj #x. Moreover, the proper prime ideals among /.7 : {f),
f eKIx], areexactly \/ .7, j=1,...,n.
Dimension theory of ideals in general is a nontrivial issue, see [Cox et al., 1996] and [Grobner, 1970],

but one special case is easy to describe already at this point. Since it is the most relevant one
in our applications, we give the definition here.

Definition 2.1.26. .# < [K[x] with K algebraically closed is called a ZERO DIMENSIONAL IDEAL
if the associated variety is finite: #V (%) < oco.

An immediate consequence of the primary decomposition from the Lasker-Noether Theo-
rem is as follows.

Theorem 2.1.27. Any zero dimensional ideal has a primary decomposition of the form

F= ) -2F%  keNzev(. (2.1.23)
zeV(S)

6The proofis quite elementary but the necessary details would distract us too far from what we want
to do here.
"This is the definition of minimal.
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2 Constructive ideal theory

The intuition behind the proof of Theorem 2.1.27 is that v.# is a zero dimensional prime
ideal that can be decomposed into its maximal parts

VI= N (-2

ZeV(.F)
and then the “local multiplicities” are handled by passing to the primary parts. We will not
give a detailed proof here as we will consider more precise statements with exact multiplicity
of zeros later on.

2.1.5 Bases

The next definition is fundamental for all the theory we deal with later.

Definition 2.1.28 (Ideal basis). A set F c Il or F < A is called a basis for an ideal .# < II or
S c ANif Z =(F) or & = (F),, respectively. If the context is clear, we simply write . = (F).

The following result ensures that ideals can be handled on a computer and justifies the exis-
tence of computer algebra systems like Maple or Mathematica. It is Hilbert’'s famous Basis-
satz.

Theorem 2.1.29 (BASISSATZ). Any ideal in 11 has a finite basis.

The proof of this fundamental result can be found in all books on algebraic geometry, for
example in [Grobner, 1968], but also in [Cox et al., 1996, Eisenbud, 1994]. For our purposes
so far it suffices to believe it, following the famous quote

The proof of the Hilbert Basis Theorem is not mathematics; it is theology.
(P. Gordan)®

Once we represent ideals by means of their finite bases, we have to figure out whether and
how we can perform ideal operations by means of the bases; later we will also determine how
this can be done efficiently. In what follows, we consider the case of two ideals

I =(F), _J7=(G), E G cKlx], #E#G < oo. (2.1.24)
Addition is indeed simple.
Lemma2.1.30. ¥ + ¢ =(FUG).

Proof: For pe€ . and g € ¢ we write

p=Y prf and q=) qg8g,
feF geF

and get

p+q=) prf+) dgg€= Y pnh
feF gEF heFuG

g

8In [Eisenbud, 1994] this statement is attributed to the “reigning king of invariants” who happened
to work in GieBen and Erlangen, but not in Passau. In the online Math Tutor [MacTutor, 2003], it
can even be found twice, as due to Paul Gordan and Camille Jordan, but Gordan seems to be more
likely.

38



2.1 Polynomial and Laurent ideals

Lemma2.1.3l. .- 7 =(fg:feFgeG).

Proof: By definition, an arbitrary element of .# - ¢ is of the form
n
a=Y bjpjq;, bjell,pjes, qie #, j=1,...n,
j=1

and the respective bases yield
n n
a= ij(z ijf) (Z qjgg) =2 X (Z bjpjf‘ijg) fe
j=1 feF geG feFgeG \j=1
which proves the claim. 0
The IDEAL INTERSECTION is more complex and based on the following result.
Lemma 2.1.32. InK[x, t] one has
In g=tI+0-1 _F)nKlx]. (2.1.25)
Hence, any basis of (tF + (1 - t)G) nK[x] is a basisof ¥ n ¢ .

Proof: We denote the ideal on the right hand side of (2.1.25) by /7. For f € # n ¢, we have
the trivial identity

f=+Q-0)f=tf+A-fetI+1~-1) F =
hence .# n _¢# < 7. If, on the other hand, we can write p € K[x, ] as
px,)=tf(x)+1-0gx)

then
px,00=0f(x)+(1-0gx)=gx)e 7,

and

px,D=1fx)+10-1gkx) =f(x)e.?,
andif p € 57, i.e, p(x, 1) = p(x),is independent of ¢, then p(x) € # N _#Z,hence S n _¢Z 27.
O

To really computethe ideal intersection, we need to be able to determine a basis of (tF + (1 — £)G)
with t being eliminated. Such an elimination ideal can be computed by means of Grobner
bases.

The last step is how to determine a basis for the quotient ideal which will be based on
the ideal intersection and relies on the following observations that enable us to compute the
basis step by step.

Theorem 2.1.33 (Properties of quotient ideals).

1. Forideals J,/,/’ the following holds:

I(I+ IN)=(I: )n(I: 7. (2.1.26)
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2 Constructive ideal theory

2. IfF isabasis of ¥ N (g), then

F/gzz{g:feF} (2.1.27)

is a basis of I : (g).

Proof: For 1) we first observe that fe . : ( Z + ¢ 'Y means

flg+ghes, ge g,ge€ g

which holds in particular for g =0 or g’ =0, hence

fge s, fges, ge 7,8 g’ = fes: Ains: 79,

and the inclusion "‘c"” in (2.1.26) is verified. If, conversely, f € (/' : Z)n(.¥: _#'), then

fFfcd f P s = f(F+ 7)<cS,

gives "‘2"" and completes the proof of (2.1.26).
For pe (F/g)and g = hg € (g) we have that

pg=hg ) pf]—cz Y (hpp)fe(F)=9n(g)<c.7,
feF feF

hence p € .¥ : (g), that is, (F/g) < .# : (g). For the converse we assume that p € .% : (g),
yielding, in particular, that pg € .#. On the other hand pg € (g), implying pg € In(g) = (F)
or

pg=J. ar f > p=> qf]—C€<F/g). (2.1.28)
feF fer 8

Since F c .# n{g), it follows that

feF = fe(g) = f=grg

an therefore the quotients f/g in (2.1.28) are really polynomials®. In total we have shown that
also (F/g) 2.7 :(g) holds, so that (F/g) = .# : (g) or F/ g, respectively, is a basis of . : (g).
g

2.1.6 Polynomial vs. Laurent ideals

In principle!'® things are very simple: any monomial is a unit in A and this enables us to
transform any Laurent ideal into a polynomial ideal. Nevertheless, we have to be careful as
the simple example

fe,p=xyt-1=y"1(x-y)

shows that coincides, up to units, with f(x, y) = x — y. This looks innocent, but the “equiva-
lent” polynomial fhas a zero at x = y = 0, which is forbidden for Laurent polynomials. This
discrepancy in varieties is a clear sign that we have to be more careful and find a more delicate
approach.

9And not arbitrary rational functions.
19principles are always dangerous, the only more dangerous thing is to insist in them.
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2.1 Polynomial and Laurent ideals

Definition 2.1.34. The POLYNOMIAL PART P(_¢) ofa Laurentideal ¢ < Aisdefinedas P(_¢):=

A nIlL

Exercise 2.1.3 Show that P(.¥) is a polynomial ideal. O

Polynomial parts of Laurent ideals have a very special structure.

Proposition 2.1.35. A polynomial ideal . <11 is of the form .9 = P(_¢) for a Laurent ideal
Y ifandonlyiffor f eIl and 1 < j < s we have that

xifwes =  fed. (2.1.29)

Proof: Set .¥ := P(_7)c _#. Since x]TI €A, j=1,...,s, itfollows for f € .7 that

xjifesc g = f=x;'(xf(0)efnll=P(7)=7.

Hence, (2.1.29) is necessary for polynomial parts of Laurent ideals.
Conversely, let .# be a polynomial ideal satisfying (2.1.29), F ¢ .# a basis of .# and ¢ :=
(F),vielding
S Fnll=P( 7).

If P(_#) # .7, there exist Laurent polynomials g € A, f € F, with the property that

g= ngfEP(f)\f.

feF

Choosing a monomial m € IT such that mgr €11, f € F, we get that

mg=7y (mgys) feFn=75,
feF

and a repeated application of (2.1.29), namely, that for a € Z° we have
xXf(x)e s = feF
allows us to conclude from m g € .# the contradiction g € .#. Therefore .¥ = P(_#). O

Remark 2.1.36. Proposition 2.1.35 tells us how to compute the polynomial parts of a Laurent
ideal ¢, again by means of completion: we start with a basis of _#, transform that into
a basis consisting of polynomials by multiplying with proper monomials, and check if the
polynomial ideal .# generated by these polynomials satisfies (2.1.29), which we can rewrite

I (zj)y=2, j=1,..,n (2.1.30)

If strict inclusion holds in (2.1.30), we extend .# into a basis of .# : (z;), otherwise we have
constructed a basis for the polynomial part P(_7).

Example 2.1.37. In the context of v/3 subdivision [Kobbelt, 2000] one is interested in the ideal
J=(x y~2-1,x*y~! — 1) whose associated polynomial basis elements x—y* and x> — y have
the common but SPURIOUS ZERO x = y = 0. This can also be recognized in the polynomial part
that is of the form

P(7) =<y2—x,x2—y,xy—1>=<y2—x,x2—y>+<xy—1>,

where the additional polynomial takes care of the unwanted zero.
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2 Constructive ideal theory

Proposition 2.1.38 (Laurent ideals).

1. Azero dimensional polynomial ideal .% is the polynomial part P(_¢) of a Laurent ideal

Y ifand only if
f(2)#£0, zeC:, fe.s. (2.1.31)
2. For Laurent ideals ¢, 7' one has
P(g7:7)=P(7):P( 7" (2.1.32)
and
P(7*)=P(2)",  keN. (2.1.33)

Proof: Being zero dimensional, .# has a finite associated variety 2 = V(.#) and thus a pri-
mary decomposition

I= z-0F  keN, xeZ.
xeZ

Because of (2.1.30), .# = P(_#) for some Laurent ideal ¢ iff
(z—x)kx:(zj>:(z—x)kx, j=1,...,nx€eX,

which is in turn equivalent to

g\ (z-08=(z-x) >  x#£0,

which yields the first claim 1).
To prove (2.1.32) we choose f € P(_#): P(_#'), thisis, fP(_#') c P(_#) and therefore

(S =lgUh:gerhe Jhe .
es
Consequently,
fe(7: /) ni=P( 7 7"
which means that P(_#): P(_#') < P(_7 : _#'). Conversely, one has forany f e P(_# : 7')
that

n-fp(f)ef ' s = [fP(J)<=P(S)
and therefore also P(_#):P( #")2P( 7: 7).

Since, according to (2.1.19) ¢ kc _# holds for any Laurent ideal _# < A and any k € N, we
have V(/k) 2 V(_#). On the other hand, f € ¢ implies fke /k and f¥(x) = 0 also yields
f(x)=0,i.e. xe V(_#),sothat V(_ZK)2V(_#). Hence

vzt =vineer

because of 1). The converse direction of 1) also implies that P (_# ) is the polynomial part of
a Laurent ideal, due to which, according to Proposition 2.1.35,

P(7M)(z)=P( 7Y, i=1..n

If F is a basis of P(_¢#) and therefore also of ¢, then the polynomials

(s a=sferin

feF feF

is also a basis of ¢ k¥ and by Proposition 2.1.35 this yields (2.1.33). g
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2.2 Degree: graded rings and polynomial degree

2.2 Degree: graded rings and polynomial degree

In one variable the notion of the degree of a polynomial was clear from intuition and has
never been questioned: it is simple the maximal index of nonzero coefficients or, which is the
same, the largest exponent appearing in the monomial representation. If we want to derive
an analogy in several variables, the direct analogy would force us to order multiindices before
the even more general question pops up: what fype of object should a degree be? A minimal
condition for a degree, and inspection of proofs shows that this is mostly what we use is that

deg(f + g) < maxi{deg f,degg}, deg(f-g)=degf+degg, f,gell (2.2.1)

Abstractly spoken, the concept of a degree connects the multiplicative structure of polyno-
mials with the additive structure of Ny, at least in the case of univariate polynomials. Which
implies that degrees should at least be something for which an addition is well-defined. Such
structures can be defined formally.

Definition 2.2.1. A MONOID I is a commutative additive semigroup, i.e., closed under addi-
tion, with a neutral element 0.

Example 2.2.2. The sets I\I(s) and Z%, s = 1, are monoids while 2N is a semigroup but no monoid
- it lacks the neutral element.

The definition of a graded ring, from which we will derive the notion of degree afterwards,
consist precisely of impose the structure of a monoid on a ring in a consistent fashion. This
will still mean that different monoids can lead to different notions of degree for the same ring
R, even the same monoid can lead to different structures. This will give us a liberty of choice
that we can use, for example, to derive numerically robust methods.

Definition 2.2.3 (Graded ring & grading monoid). A commutative ring R with unit is called
GRADED RING!! if there exists a GRADING MONOID T such that

1. R has the direct sum decomposition

R=EPR, 2.2.2)
vel

into additive subgroups Ry € R, y €T, of R. Direct sum means that Ry N R, = {0}, y # Y,
and that the representation

r= Z Ty, Iy € Ry,
yer

is unique.
2. the summands have the property

Ry-Ry SRyyy, 7,y €l (2.2.3)

We call any element of the summands Ry, y € I, a HOMOGENEOUS ELEMENT of R and write

R°=JR, (2.2.4)
yel

for the set of all homogeneous elements.

Therefore, whenever we speak of a grading and a graded ring, commutativity and the existence of a
unit are included.
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Remark 2.2.4. The transfer of additive to multiplicative structures is, of course, property 2),
more precisely (2.2.3).

Example 2.2.5 (Gradings of K[x]). One can come up with various gradings for multivariate
polynomials:

1. The TOTAL DEGREE is obtained with I' = Ny and
I := span {x* : |a| = k}.
2. GRADING BY MONOMIALS uses I' = l\lg and

I, = span {x*}.

3. For s =1 the gradings in 1) and 2) coincide.

4. A more general grading can be obtained as follows: let v; € K, j =1,...,s, be linearly
independent vectors and define the linear polynomials ¢ (x) = v].Tx, xek® j=1,...,s.

Defining ¢% := [i“ ..-¢%", the homogeneous spaces
I =spany {¢% : lal=k}, Ig=spany {¢*}, keNy, aeN;,
both induce a grading that turns [K[x] into a graded ring.

Having generalized the notion of a term into homogeneous elements, we need a largest ho-
mogeneous element to extend the concept of degree. This forces us to order the monoid.

“w_»

Definition 2.2.6 (Well ordering). An ordering “<” on a monoid I’ is called WELL ORDERING if

1. itis a TOTAL ORDER, thatis
v, Y €T y#Y = y<vy or y'<y.

2. itis COMPATIBLE with the semigroup operation “+”, that is,

!

Y<y =  y+n<y'+n,  nel.
3. each STRICTLY DESCENDING sequence y; > Y2 > --- of monoid elements is finite.

Remark 2.2.7. Property 3) connects fundamentally to polynomial ideals where we have the
so called ASCENDING CHAIN CONDITION: any strictly increasing sequence of ideals .#; ¢ .%,
--- has to be finite. Indeed, this is what makes polynomials a NOETHERIAN RING. For more
details see once more [Cox et al., 1996]12.

It is easy to see that for any well ordering we know the minimal element in advance.

Lemma 2.2.8. If “<” is a well ordering on the monoidT, then 0 <y forally e T'\ {0}.

Proof: Supposing that there exists y < 0 we get
Y=y+0>y+y=:2y=2y+0>2y+y =3y >---

and thus the strictly decreasing sequence ky, k € N, is infinite, in contradiction to Defini-
tion 2.2.6, 3). U

2The reader may get the idea that this a good book and worthwhile to read. I am not objecting.
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Definition 2.2.9 (Term order). A grading on K [x] is called a TERM ORDER if I' = Ng andI1, =
span {x%}, a e NJI.

Remark 2.2.10 (Well orderings).

1. The only well ordering on N is the canonical one since 0 < 1 already implies k < k+1 <
k+2<--- forany k e Ny.

2. There is no well ordering on Z as Lemma 2.2.8 enforces k >0 and —k > 0 for any k # 0,
leading to the contradiction 0 < k + (—k) = 0 due to the compatibility property 2).

3. On Nj there exists a multitude of well orderings from which one can choose the most
appropriate for a specific application. The classics are:

a) LEXICOGRAPHICAL term order (“lex”): fora # B € N(')l we set

a<lﬁ < aj:ﬁj, j=l,...,k—l, ak<ﬁk.

b) GRADED LEXICOGRAPHICAL term order (“gradlex”): fora # f € I\I(’} we define

a<gp = lal <|B| oder |al=I6l, a<;p.

In the “gradlex” ordering the lexicographical ordering plays the role of “tie breaker” for
multiindices of the same length.
There is an important interaction between grading and units.

Lemma 2.2.11. IfR is a graded by a well ordered monoid, it units satisfy R* < Ry.

Proof: Write r € R* and its inverse s = r~! with respect to the direct sum decomposition as

r=Zry and S=Zsy,

yer yel
i.e., with respect to its homogeneous components. Then we get forn €T,

Ry=1-Ry=(rs)Ry= ) rysyRy,
Y,y el ~—~—"
ERysyrey

and since y +7y' > 0 if y,y’ # 0, the uniqueness of the direct sum decomposition implies that
ry=s,=0foryeT\{0}. -

Corollary 2.2.12. The only grading for Laurent polynomials is the TRIVIAL GRADING A = Ry
and Ry = {0}, y e '\ {0}.

Proof: As a vector space, A is generated by units that belong to Ry, so all elements of A belong
to Ry. O

Exercise 2.2.1 Show that the trivial grading is a grading (easy). &

Sometimes gradings will be interesting where Ry is as small as possible, somehow the coun-
terpiece to the trivial grading.

Definition 2.2.13 (Strict grading). A grading is called a STRICT GRADING if Rg = R*.
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Returning to our concrete ring I1 = K[x], we can now use the concept of the graded ring with
a well ordered monoid to finally define a degree, just recalling that the degree was the max-
imal index of a nontrivial homogeneous component. And this we have for any well ordered
grading monoid for II.

Definition 2.2.14 (Degree). Let I be a well ordered grading monoid for [K[x]. For the!3

Naf=) f frel, (2.2.5)
yel
we define
1. the (I'-)DEGREE of f as
6r(f):=max{yel: f, #0} e€I. (2.2.6)

2. the (I'-)LEADING PART of f as

Ar(f) = fopp €I (2.2.7)

Exercise 2.2.2 Show that the decomposition (2.2.5) contains only finitely many nonzero
terms. &

Exercise 2.2.3 Show that 61 (f-g) =6r (f) +6r(g) and Ar (f- g) = Ar (f) - Ar (g). o
Remark 2.2.15.

1. We can also consider the degree and the leading part as mappings for IT to I and I1°,
respectively.

2. In the case of a term order, the leading part is a term, i.e., a multiple of a monomial,
and thus usually called the LEADING TERM of the polynomial. In the case of the total
degree the leading part is a HOMOGENEOUS POLYNOMIAL or FORM and therefore called
the LEADING FORM.

3. Strictly speaking, degree and leading part depend of the monoid I' and the well order-
ing “<” which together form the grading monoid. For example, if we consider the poly-
nomial f(x,y) = 2x2y2 + 3x3 with the “lex” grading, then 6(f) = (3,0) and A(f) = 3x3,

while “gradlex” gives 5(f) = (2,2) and A(f) = 2x?y?.

To get acquainted to this somewhat lesser known concept, let us consider some more exam-
ples.

Example 2.2.16 (Weighted total degree). We choose 0 # w € I\Ig, I' =Ny as monoid!* and
M =spany {x* : 0"a=k}, keN,.

Ifw=A(1,...,1), we rediscover the total degree. The associated grading is also called the H-
GRADING where “H” stands for “homogeneous”.

It is nor forbidden here that w; = 0 for one or several values of j. If, for example, wp = --- =
wy, =0, the we consider the polynomial only as a polynomial in x; and take the usual degree
of that one. In particular, [Ty consists of all linear combinations if monomials of the form
xgz .-+ xy" and is therefore of infinite dimension. And the grading is not strict any more.

131t is unique by definition, see Definition 2.2.3, 1).
There is only one well ordering for this one ...
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Example 2.2.17 (Matrix grading). What we could do with vectors!®, can also be done with
matrices, for example in the following setup: let me N, 0# M € I\I(’)”XS , let < be a well ordering
on Nj’. The we set

Mg =spany {x* : Ma=p}, PeNy.

Here it can happen that I15 = {0} for some values of . A few particular cases are as follows:
1. The case m =1 is the situation of Example 2.2.16.
2. For M =21 we get that I1g = {0} whenever §; € 2N+ 1 for at least one j € {1,..., s}.

3. Setting m = s+ 1 and choosing < as the lex ordering on N{*, the matrix

1 ... 1

1
M=

1

describes the gradlex ordering. Indeed, any term order can be reduced to the lexico-
graphic one by means of matrix multiplication which allows us to parameterize term
orders.

4. If <, is a well ordering on I\Jf) and M € N(’)""S , then the ordering < on N(s), defined by
a<,p — Ma <, MB, a, BeNG,

is a well ordering if and only if kerzs M = {a € Z° : Ma =0} = {0}; this requirement is
needed to able to compare two different elements, hence of a total order.

Example 2.2.18. It is even possible to grade with R, more precisely with a finitely generated
submonoid of R. To that end, let w € R be a vector whose components are linearly indepen-
dent over Q, that is,

{ge Q" : w'q=0}=1{0},
for example w = (1, v2,7) " Then

a<p = ola<w’p
M~
R €R

is even a term order

Definition 2.2.19. A grading is called MONOMIAL GRADING if all homogeneous spaces Iy,
v €T are spanned by monomials as a [ vector space.

2.3 Division with remainder: making the impossible possible

The simple idea behind efficient, computable bases, is to lift the division by remainder to
the multivariate situation. In principle, this is impossible since K[x] is a euclidean ring only
if s = 1, i.e., in the univariate case. Nevertheless, this should not prevent us from trying to
naively extend the algorithm, then analyze the problems and find a way to overcome them.
Since the approach severely relies on the notion of a degree, we will only consider polynomial
ideals in this section.

I5Which are in fact only tuples in Example 2.2.16.
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2 Constructive ideal theory

2.3.1 A different perspective ...

The key to a successful algorithmic handling of ideal bases will be yet another division with
remainder. This is not fully intuitive and does not suggest itself since for s > 1 the ring K[x]
is not a euclidean ring any more. This forces us to change our point of view a little bit and
consider division with remainder from a different perspective. As we have seen before, in
s=1for any given f € K[x] each polynomial g € K[x] can be written as

gx)=px) fx)+r(x), degr <deg f, (2.3.1)

where uniqueness of the REMAINDER r was a consequence of the degree requirement that
is imposed in (2.3.1). Since this in turn was due to the fact that the degree is a euclidean
function, cf. [Gathen and Gerhard, 1999] we have to consider things from a more general
point of view if want to generalize the idea:

1. the polynomials p(x) g(x) is an element of the principal ideal (g ).

2. If we assume that f(x) = f,x" +--- then degr < deg f is also equivalent to the fact that
r contains no term of the form r,x", r,+1x™*1, ..., thatis, no term that is a multiple of
the leading term A(f) of f.

Divisibility by leading terms is now a concept that we can extend to the multivariate case as

long as we work on terms only. Let us illustrate this idea by means of a (very) simple exam-
16

ple'®.

Example 2.3.1. Let us fix @ € Njj and consider division with remainder by the principal ideal
F = {x%}. Since any polynomial

g)=Y gpxf en
peng

can be decomposed into

g(x)=( > gﬁxﬁ‘“)x% Y gpxh (2.3.2)
Bea+Ny BENG\ (a+N7)

~

ez%

hence an ideal and a divisible part, the monomial f(x) = x% splits the support of f into two
parts: the terms divisible by x* and those not divisible by the monomial. This decomposition
isillustrated in Fig. 2.3.1.

To advance this idea, we need some further concepts that will be introduced in the next sub-
section.

2.3.2 Upper and lower sets and monomial ideals

It is never a bad a idea to begin by defining the objects one is going to study. In particular, as
they will play a fundamental role later.

Definition 2.3.2 (Upper/lower sets & monomial ideals).

16 A5 we will see soon, the example is even too simple.
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2.3 Division with remainder: making the impossible possible

|

Figure 2.3.1: The exponents that belong to the cone a + I\I(Z) spanned by a = (1,2) and those
that do not belong to this cone. This yields the decomposition of the support
of a polynomial (light gray region) into a “division” and a “remainder” part as in
(2.3.2).

1. For a subset A =Nj we denote by x4 = {x%: a € A} the set of all monomials indexed by
Aand by I1, = span x* the vector space spanned by these monomials.

2. AcNj is called a LOWER SET if
aeA = {B:B<alcA (2.3.3)
and it is called an UPPER SET if

acA = a+Nj < A (2.3.4)

3. Anideal .# c Il is called a MONOMIAL IDEAL if there exists some set A < N such that
I ={x).

Remark 2.3.3 (Upper and lower sets).
1. There exist various names for upper sets, for example ORDER CLOSED IDEAL.

2. Moreover, any upper set is clearly of infinite cardinality, for lower sets this can vary: N
and {0} are both (extreme) forms of nontrivial lower sets.

3. The principal lower and upper sets are of the form
L@):={feNj:f<a} and U@ :=a+N}, (2.3.5)

for some a € Nj. L(a) is a higher dimensional cuboid, U(a) a cone, more precisely, a
shifted octant.

Lemma 2.3.4. Lower and upper sets are closed under union and intersection and the comple-
ment of an upper set is a lower set and vice versa.
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2 Constructive ideal theory

Proof: If L, L' are lower sets and and a € LNL’, then L(a) < Land L(a) < L', hence L(a) = LNL/;
for @ € LU L' suppose that a € L, then L(a) € L < LUL'. Literally the same proof, replacing L
by U works for upper sets.

If U is an upper set and a ¢ U the assumption L(a) N U # @ would result in the existence of
some f € U with § < a, hence a € U(f) < U, which is a contradiction. The same way, we get
for alower set L and a ¢ L that f € U(a) n Lwould resultin a € L() < L. U

Remark 2.3.5. The above argument about complements is based on the simple observation
that
aeL(B) =S BeU(a) (2.3.6)

for any a, f € Nj.

Definition 2.3.6. The BORDER of a lower set L < I\If) is defined as!’

0L:= (U L+ej) \ L. 2.3.7)
j=1

Theorem 2.3.7 (Upper sets). Let U =N be an upper set.

1. U is generated by the border if its complement, that is,

U=U@L=J U@, L:=N\U, (2.3.8)
aedl

with the convention that 0@ = {0}.
2. Any upper set is finitely generated, i.e., there exists Ac Ny, #A < oo, such that U = U(A).

3. Any upper set U is minimally generated by the finite set

GWU):={a€U:La)nU ={a}}, ie., U=U(GW)). (2.3.9)

Proof: For 1) we choose any a € U and check whether L(a) N U # {a}. If yes, we replace a by
one element of this set which we can do only finitely many times since we strictly decrease
one column of a in each step. After finitely many steps we thus find an element f such that
a € U(P) and B cannot be reduced any further. This means that either § = 0 in which case
U= N(s) and the claim holds by convention, otherwise f—¢; ¢ U, hence f —¢; € L even for all
j such that §; >0, so thatindeed f =y +¢; forsomeye Land je{l,...,s}.

For 2) we modify the proof of [Cox et al., 1996, §4, Theorem 5] to fit for subsets of Njj. To
that end, we perform by induction on s, where the case s = 1 is easy: any upper set of the form
{keN: k= m}and m = minU is the generator'® of the upper set. So suppose that the claim
has been verified for some s =1 and let U < I\I(S)Jrl be an upper set in I\Ig“. Define

NG 3 U :={aeNj: (a, k) € U for some k € No}

as the projection of U on Nj. The set U’ is an upper set since U is an upper set, hence, by
induction, it is generated by a finite set A’, U’ = U(A’). By definition of U’ there exist uniquely

17Note that we always use the SET DIFFERENCE in the sense that A\B ={a € A: a ¢ B} and do not
require that the “removed” set B is originally a subset of A.
18This reminds us a lot of principal ideals and that is no accident.
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2.3 Division with remainder: making the impossible possible

defined minimal'® numbers k,, a € A’, such that (a, k,) € U'; set k* = max{k, : a € A'}. Next,
we define the “slices”

Ug={aeNj:(a,k)eU}, k=0,....k" -1,
which are upper sets again and therefore, by induction, there exist A?C c I\If), such that
Uc=U(A}), #A,<oo, k=0,..,k"-1

We now claim that

k-1
U=U(4), A={ks:acAtu {(@k:acA}. (2.3.10)
k=0

Indeed, if (8, k) € U, then g€ U’. If k = k*, we use the fact that
Be lJU@  BeU(a) forsomeac A

aeA
to write (B, k) as

(B,k) = (a, ko) + (B—a, k—kq) € U (@, ka)),
N——
EN(S)H

while for k < k* we use the fact that now g € U(A}), hence € U(a) for some « € A_and thus

which verifies (2.3.10) and thus completes the proof of part 2).

For 3) we first note that any generator of U must generate G(U) since a € U(f) for some
a, f € U implies that B € L(a), hence G(U) < A for the generating set A from 2). Hence, all we
have to showis that G(U) is finite and generates U. For any a € A from the finite generating set
A we can find by the construction used to prove statement 1), a § € G(U) such that a € U(f),
hence there exists aﬁm’te20 set B < G(U) such that A c U(G(U)), hence U = U(A) = U (B).
This implies that G(U) € B € G(U), hence B = G(U) is the finite minimal generator for U. [J

Remark 2.3.8. Statement 2) in Theorem 2.3.7 is known as DICKSON’S LEMMA. Among others,
we will use it later to give a constructive proof of Hilbert’s Basissatz, Theorem 2.1.29.

To apply Theorem 2.3.7 to (monomial) ideals, we need to make the connection between
monomial ideals and upper sets. This is quite a direct one.

Proposition 2.3.9. A monomial xP lies in the monomial ideal (xA) ifand only if B€ U(A).

Proof: The direction “«<” follows from the definition as f = a +y for some @ € Aand y € Njj
yields
xP = x¥Y = x® ¥V € (x1).

For the converse direction, we note that x € (x) implies that

=3 palx)x®

aeA

and since supp p(-)* < U(a), we get that
xPe U@ =UA)

acA

which proves “=". n

YSince U is an upper set, (a, k) € U implies that (o, k+1) € U.
20At most one S for each element of the finite set A
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2 Constructive ideal theory

Corollary 2.3.10. Any monomial ideal is finitely generated.

Proof: The monomials contained in {x*) are exactly xV?) and even if A is infinite, there
exists a finite A’ such that U(A) = U(A"), then (x%) = <xA/>. O

2.3.3 Division with remainder: a naive monomial algorithm

After that little bit of theory on upper and lower sets, we return to naively performing division
with remainder. A few names for that purpose that fix the intuition from the beginning of this
section.

Definition 2.3.11. Let F < II, #F < oo, and choose the grading monoid I' = Njj so that all
homogeneous spaces consist of single monomials.

1. By
AF) = Ar(F) = {Ar(f) : feF}

we denote the leading terms appearing in F.

2. We say that the finite set F or the ideal (F) DIVIDES g € I1 with REMAINDER 7, if there
are polynomials g € IT such that

g=) g f+r 2.3.11)
feF

and no element of A(F) divides any homogeneous component of r, i.e., any term in r.

3. We call arepresentation (2.3.11) of g a G-REPRESENTATION if it also satisfies the DEGREE
CONSTRAINT

5r(g)=6r(grf), or(@=6r(r). (2.3.12)

Remark 2.3.12. One intuition for a G-representation is that it is efficient since it does not con-
tain unnecessary redundant terms. Imaging one summand on the right hand side of (2.3.11)
has a larger degree than g, then there must be another summand compensating that and the
excessive degree was simply unnecessary and should have been omitted from the beginning.

The “G” in the G-representation relates, no surprise, to Grobner bases. And even if we do
not know yet whether something like that exists, we can already define this most important
concept.

Definition 2.3.13. A finite set F ¢ .7 is called a GROBNER BASIS for the ideal .# if any g € .¥
has a G-representation with respect to F, i.e.,

g=> gf 6@=bgh. (2.3.13)
feF

Note that the representation in (2.3.11) is not really well-defined.

Remark 2.3.14. Neither the “coefficients” g¢ nor the remainder r in (2.3.11) are unique. For
example,

F={xy-2,x*+2y-1}={fi, o} <Klxyl,
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and g(x) = x>y admit the two representations

gx,y) = gixy) flxy) + gy L) + r(xy)
X’y = x (xy-2) + 0 (¥*+2y-1) + 2x
= 0 (xy-2) + y (¥*+2y-1) + y-2)~

For the lex order they both are even G-representation so that we need not hope to achieve
uniqueness by simply bounding the degree.

The first step is an algorithm that naively extends the idea of division with remainder to term
orders. The only difference is that in Algorithm 2.3.1 we do not only divide by a single poly-
nomial but by a finite set that defines an ideal. This is reasonable since we are not working in
an principal ideal ring any more.

Algorithm 2.3.1 DIVISION WITH REMAINDER; g € I1, F cII, term order T’
1 70, gr—0, f€eF.
2: while g #0do
3: if Exists f € F such that A(f)|A(g) then

4:
gf<—gf+ii—;i;, ghg—ii—?f (2.3.14)
5: else
6
r—r+Ag, g—g-AMg (2.3.15)
7: end if
8: end while
9: Result:
g=) grf+r,  6(8) =68(grN,6(n). (2.3.16)
feF

Remark 2.3.15. We can rephrase the crucial steps in Algorithm 2.3.1 also in terms of our up-
per and lower set terminology. In a term order the check whether A(f) divides A(g) for some
f is exactly the question whether §(g) € U (5 ( f)) for some f € F, hence we check whether

5(g) € UB(F)). (2.3.17)
If this is the case, then we reduce by means of the function f. Note that

1. this adds multiples of lower degree components of f to g as soon as f is not only a
monomial

2. this modification is no more unique as soon as there are several polynomials f with
6(g)eU (6 (f )), and this can and will effect further steps of the algorithm.

If, on the other hand (2.3.17) is not true, we move the leading term directly into the remainder
and thus have that
suppr €N\ U (6(F)) (2.3.18)

is automatically a lower set. This simple observation will become relevant later.
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2 Constructive ideal theory

Of course, we have to verify that the algorithm keeps what it promises.

Proposition 2.3.16. Algorithm 2.3.1 terminates after finitely many steps and computes a G-
representation (2.3.16).

Proof: We denote by g; the value of g in the jth step of Algorithm 2.3.1, initialized by g := g

and with the iteration gj.1 = g — %f and gj+1 = gj — A(g;) in (2.3.14) and (2.3.15), respec-

tively.
Since in each step of the algorithm the leading of g; is eliminated, we immediately have
that
5(gj+1)<6(gj), Jj=01.2,...

so that after finitely many steps we have to arrive at the zero polynomial since any grading is
based on a well ordering. Therefore the algorithm terminates.
The more important property, namely (2.3.16) is proved by verifying the invariant

g=gj+ . gf+r  Jj=012,.. 2.3.19)
feF

which is trivially true for j = 0 by the way how g and r are initialized. Proceeding inductively,
we observe that if 5(g;) € U (6(F)), then, denoting the updated g¢ by g,

Alg)) , Alg;)
(g] A(f) f)+f'e;{f}gf/f +(gf+ AP !

gj+ngf+r,
feF

gj+1+zgff+r
feF

while for §(g;) ¢ U (6(F))

givi+ Y Grf+i=(gi-A(g))+ X &rf+(r+Alg))=gi+) g f+r
feF feF feF

which advances (2.3.19) from j to j+ 1. The degree constraints in (2.3.16), on the other hand,
are enforced by the design of the algorithm. 0

Example 2.3.17. To illustrate how the algorithm works, we consider the polynomials F =
{xy-2,x*+2y—1} ={fi, f>} and the gradlex order with x > y from Remark 2.3.14.

1. For g(x,y) = x>+ y3 +1 we get?!

ils AMg) | &n | 8 r

0| X*+y°+1 x° 0 |0 0

1| y¥*-2xy+x+1| 33 0 0

2 2xy+x+1 =2xy 0 b

3| x+5 X X ¥
415 5 -2 | x Y3+ x
510 0 -2 X y3+x+5

and the G-representation
g=-2(xy-2)+x(x*+2y-1)+y*+x+5

of g with respect to F.

21We always mark the objects that are updated.
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2. For g(x,y) = x*y we get

ills | Ag) | 8n|8n]| r

0 xy | x*y || o[ 0 0

1| 2x 2x 0 0

20 0 | x| o

or

ille Ag) | & | 8 r
0| x°y Xy || oo 0
1| —2y?+y | -2y*| 0 0
2y y | o]y -2y*
30 0 0|y ||-2-y

depending on whether we use f; or f> in the first step.

This second example above already helps us to see the problem of our naive extension: nei-
ther the G-representation nor the remainder and unique and thus well-defined in general.
But we also can identify the source of this ambiguity. If in some step of Algorithm 2.3.1 there
are several f € F such that §(g) € U (8(f)), then different choices lead to different values of g
with which the algorithm proceeds and may come to different results. This is something that
cannot happen in a principal ideal ring.

Of course, we could make the algorithm unique and the results well-defined by numbering
the elements of F as fi,..., f; and always choose the first f from the list whose leading term
divides the leading term of g. While this is possible and indeed leads to a well-defined be-
havior of the algorithm, it is not satisfactory at all as now the algorithm depends on the order
of F which is usually irrelevant and totally arbitrary.

What is so important about unique representation and, in particular, unique remainders.
One reason is that unique remainders help us to solve a fundamental problem in computa-
tional ideal theory.

Definition 2.3.18. The IDEAL MEMBERSHIP PROBLEM consist of determining for given g € I1
and F c Il whether g € (F)

Indeed, whenever a G-representation ends up with r = 0, then g can be represented with re-
spect to F and therefore belongs to (F). And if we had a unique remainder, the r = 0 would be
the only possible remainder for any ideal element and the ideal membership is solved by sim-
ply computing a division with remainder. The good news is that there are bases which have
this property and that we already know them by hearsay from (2.3.13) in Definition 2.3.11.
The following result will not be proved now, as it will follow from a slight more general one
that we will state and prove a little bit later.

Theorem 2.3.19. If G is a Grébner basis for (G) in f € I1 admits the G-representations

f= ngg+r=2fg’g+r’,

geG geG
thenr=r'.
Based on Theorem 2.3.19, we can introduce another fundamental notion.

Definition 2.3.20. Let F c II and G a Grobner basis for (F). Then the unique remainder r
from Algorithm 2.3.1, starting from some # € I1 is called the NORMAL FORM of & with respect
to G, in short vg (h).
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Remark 2.3.21. The normal form depends, strictly speaking, not only on s and G, but also
on the grading. Since term orders always use I' = N, the chosen term order becomes relevant
and indeed the normal form is usually (but not always) strongly dependent on the term order.
Therefore, speaking of a Grobner basis always includes the assumption that the parameters
of the grading have been fixed appropriately.

Corollary 2.3.22. IfG is a Grobner basis’? then
fe(G) < ve(f) =0.

Since v (f) can be computed, the ideal membership problem is decidable.

2.3.4 Division with remainder: a naive only algorithm

Our next goal is to extend the division algorithm 2.3.1 to arbitrary gradings of IT and to define
the respective generalization of Grobner bases. This is indeed straightforward since we only
have to plugin different notions of degree.

Definition 2.3.23 (I'-basis). A finite?® set G c ITis called a I'-BAsISs for the ideal .# with respect
to the grading I if

fed = f=3 fz8 O6r()=6r(fz8, 8€G. (2.3.20)
geG

In the case of a term order, we also call it a GROBNER BASIS, for the homogeneous grading by
total degree an H-BASIS.

Remark 2.3.24. Recently, also the name MACAULAY BASIS for an H-basis has become pop-
ular in the literature since theses bases were introduced by MACAULAY in [Macaulay, 1916]
even long before the invention of Gréobner bases in [Buchberger, 1965], cf. [Buchberger, 1985,
Buchberger, 1998] for some historical myths and legends on Grobner bases. But since the
name “H-basis” which comes from a concept of homogenization and dehomogeneization,
cf. [Grobner, 1970, Moller and Sauer, 2000a], was good enough for Macaulay and Grobner,
there seems no real reason or justification for a different terminology.

Unfortunately, Algorithm 2.3.1 cannot be extended directly since it relies fundamentally on
properties of monomials:

1. monomials either divide each other or not, and in the latter case they are significantly
different. Divisibility is a clear, simple and well-defined property. Classical homoge-
neous polynomials, almost never divide each other and on the other hand are almost
never totally different. As an example consider the (homogeneous) form x? + y? and
the form x® + y3. No divisibility at all, but still quite a bit in common.

2. For any monomial x%, 0 # a € Nj there always exists at least one other monomial xP,
dividing this one, any nonzero multiindex is contained in several upper sets. Therefore,
there is always a chance to eliminate monomials if the divisor set is appropriate. Also
this property is lost for homogeneous polynomials where, for example x? + y? is no
more divisible by linear forms.

22Which always means “a Grébner basis for the ideal it generates”.

ZFiniteness is not really needed, we add it for convenience since the Basissatz tells us anyway that
bases can be chosen finite and in fact we will find out that starting with a finite basis will end with
a finite I'-basis.
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The solution to this problem given in [Sauer, 2001] is to introduce a gradual notion of divis-
ibility for homogeneous elements of an arbitrary grading that does not simply distinguish
between “divisible” and “not divisible” but considers a concept of “more or less divisible”. If,
in addition, one aims for numerical stability, for example when the coefficients are only given
as FLOATING POINT numbers, then orthogonality is almost self-suggesting.

To be able to handle inner products appropriately, we suppose that the underlying field K
is embedded in C which essentially means K = @, some algebraic extension of @, K = R or
K =C. An INNER PRODUCT is then a nondegenerate sesquilinear form

(f+r.8) = (£.8)+(fs) (Af.8) = A(f.g)
(f.g+8) = (£.8)+(f.g), (f,18) = A(f.8)
(f.8) = (g/) (f.f) # o

To obtain a reasonable Hilbert space we have to require (f, f) > 0, which we usually will en-
sure, but for our purposes it would actually suffice if the inner product were DEFINITE as then

Wcll = WnWwt={, wh={fell:(f,w)=0}. (2.3.21)

Recall also the inner products we already mentioned in (2.1.6) or (2.1.7). Once we have an
inner product, hence orthogonality, we can build a relationship between the inner product
and the grading to obtain a generalized concept of divisibility.

Definition 2.3.25. Let I’ be a GRADING?? and (,-) : IT x [T — K and inner product of polyno-
mials.

1. For afinite set F c IT and y € I" we denote by

Vy(F) := { Y grA(f) i gre€ Hy_g(f)} cII, (2.3.22)
feF

the homogeneous subspace generated by the leading parts of A(F) in I1, and hence
also in I1.

2. In (2.3.22) we use the convention that Iy, = {0} if y —n is undefined in T, that is, if
ngy+rI.

3. Fory € I" we denote by
Wy (F) := VYL(F) =Il,e V,(F)={gell, : (g V,(F)) =0}
the ORTHOGONAL COMPLEMENT of Vy (F) in I1, and write

VIE)=PVy(F), WE) =PW,(F
yer yel

belong to the V) (F), y €T, or to their orthogonal components.

4. We say that F c II DIVIDES g € I1 with REMAINDER r € I1, if

g=> grf+r,  reW(p). (2.3.23)
feF

24That is, a grading monoid equipped with a well ordering.
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Remark 2.3.26 (Orthogonality & grading).

1. Vy(F) is a K vector space since any grading must satisfy X < Il and therefore g €
Iy _s(p) implies that K - g STy _5p).

2. In the case of a term order the concepts from Definition 2.3.25 do not give anything
new. Since for § € N}

Mg, Be U (6(H+Ng),

feF

{0}, e U (6(H)+Ng),
feF

Vp(F) =

see Fig. 2.3.2, we have r € W(F) if and only if no term from A(F) divides any term r,
hence, suppr < I\I(S) \ U (6 (F)) as before.

V(F)

Figure 2.3.2: A finite part of the sets V(F) and W (F) for F consisting of the three monomials
xy*, x3y3 and x*.

3. While for term orders the inner product plays no role, this is not true for general grad-
ings. It turns out that, not as a big surprise, good choices are the inner products from
(2.1.6) and (2.1.7).

Example 2.3.27. With the H-grading by homogeneous forms we can provide a more inter-
esting example for this concept. Considering, for example, F = {x2 + yz}, the inner product
product (f, f') = f(D)f'(0) and g = x* + y3, then the first relevant V3(F) has the form

V3(F) = span {x* + xy?, x>y + y°},
and the basis elements elements are even orthogonal. This implies
W3(F) = spany {x* —3xy%,3x*y - y*}

and the decomposition is

=|-x+- +y )+ |- —=x"y—=xy"+-y°|.
§) (4x 4y) (x y ) 4x 4x y 4xy 4_V

. J O\ v

Vs(F) W3 (F)
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2.3 Division with remainder: making the impossible possible

Now we have all tools available to give a more general version of Algorithm 2.3.1 for arbitrary
gradings in Algorithm 2.3.2 and then also to advance the theory.

Algorithm 2.3.2 DIVISION WITH REMAINDER; g € I1, F cII, grading I’
1. r <0, gr—0, feF.
2: while g #0 do
33 y—0(g), h—A(g)
4: Homogeneous orthogonal projection: find hy € Ily_s(p), f € F, such that

Vy(F) Lr':=h=)_ hA(f) (2.3.24)
feF

5: Set

g—g-Y hyf-r, rer+r, gregrthy, feF (2325

feF
6: end while
7: Result:
g= Z grf+rm 6(8)=6(grf),0(n), r e W(F). (2.3.26)
feF

For formalism, we extend the concept of a G-representation, which was attached exclusively
to a term order, to more general gradings.

Definition 2.3.28 (I'- and H-representations). A I'-REPRESENTATION of g € with respect to a
finite set F is an expression of the form

g=Y grf+r  6r(g) =or(grf)or(r). (2.3.27)
feF

In the case of the HOMOGENEOUS GRADING by total degree, we also call (2.3.27) a H-REPRESENTATION

Proposition 2.3.29. Algorithm 2.3.2 terminates after finitely many steps and determines a T -
representation (2.3.26) with the additional property that r € W (F).

Proof: The proof closely resembles that of Proposition 2.3.16 and like there we denote by g;
the value of g in the jth step of the algorithm, initialized with gy = g. Since the homogeneous
factors hy are chosen such that § (ks f) =6 (hy f'), f, f' € F, we have that

A(Z hff—fj)= > he M) =A(r) = hj=A(g)),

feF feF

and the degree reduces in each step, thatis § (gj+1) <6(gj)-
Correctness, i.e., the validity of (2.3.26) again follows from the invariance

g=gi+ g f+r  j=0,12,.,
feF
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2 Constructive ideal theory

which trivially holds for j = 0 by setup and which can be proved inductively by noticing that

giv = g~ hif-ri=g- ngf—r—zhff—f]
feF feF
= 8- (gr+hy)f —f”j
feF~—~— W:’
=g =7
where gr and 7 stand for the updated values after performing (2.3.25). U

Of course, we cannot expect some general uniqueness of the I'-representation or the remain-
der for more general gradings if this already fails for any term order. However, things are
different for a I'-basis. So we now give the generalized version of Theorem 2.3.19, this time
even with a proof.

Theorem 2.3.30. For al-basis G and any two I -representations

f=2 feg+r=) feg+1', nr'ew(G),
geG geG

of the same function f one hasr =r'.

Proof: Suppose r # r'. Since the polynomial

0#qg:=r—r'=) (fé—fg)g

geG

belongs to the ideal .# = (G), it has a I'-representation

q=Y ds8 6(qg8)<d(q (2.3.28)
geG

with respect to the I'-basis G. Considering the leading parts in (2.3.28), we find that

0£AG =), Agg) M8 E Vs (G), G ={geG:A(q8) =A@} #0.
geqG’

In particular, A(q) € V(G). On the other hand the remainders have the property that r,r’" €
W(G), hence g = r — r’' € W(G) and therefore A(g) € W(G). This yields

Mg) e W(G) nV(G) ={0},

contradicting g # 0. U

To close the section we finally give, in generalization of Definition 2.3.20, the concept of a
normal form for arbitrary gradings.

Definition 2.3.31. Let G be a'-Basis of .#. Then the NORMAL FORM of f € IT with respect to G
or .7, written as vg(f) or v ¢ (f), is defined as the remainder of the division in Algorithm 2.3.2.

To show that the notion v » makes sense and really depends on the ideal .# only, we have to
show that any two potentially different I'-bases lead to the same remainder. So let us do that.

Lemma 2.3.32. IfG,G' are both aT -basis for the ideal .% = (G) = (G'), then vg(f) = v (f),
fell
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2.4 Computing good bases

Proof: For g’ € G' < (G) let

8= Zchg'vgg' 8(hgg8)=5(g"),
gE

be the I'-representation of g with respect to the I'-basis G, and let

= feg+vel), b(feg)<dn),

g/EG!

be the I'-representation of f with respect to G'. Then

fo= X feg+veN=Y fg’(z hg',gg)wg(f)
g'eG g'eCG geG
= X ( )y fg’hg’,g) g+va(f)
geG \g'eG’
[ ——

:;fg

is also a I'-representation since

5(feg) = 5(8)“‘5( > fg’hg’:g) 55(8)"‘?6(;, (6 (hg,g) +6 (f))

g/EG/
< max(0(9)+0 (lhg.c) +8(fy)) =max(6(s) +0 (/) =8(6),
and Theorem 2.3.30 allows us to conclude that vg(f) = vg (f). [l

Remark 2.3.33. To be precise, the normal form depends on the ideal and on the grading
parameters, in particular the inner product used in Algorithm 2.3.2. And indeed, different
inner products can lead to different remainders. Since we never vary the inner product “on
the fly” and always consider it fixed, this is not a problem, however.

Once we have a unique normal form, we can talk about quotient spaces.

Definition 2.3.34. For an ideal .# < II, we define the associated QUOTIENT SPACE II/.¥ as
v_ ¢ (IT) with the operations

f+fl=vs(f+f), f-fl=vasf-fh, ffells. (2.3.29)

Remark 2.3.35. Defining the addition in (2.3.29) is notational overkill since I1/.# is always a
K vector space due to the linearity of the division process. But it is also not wrong.

Exercise 2.3.1 Show thatv s (f+ f)=v, () +vs(f), f, f €Il O

2.4 Computing good bases

In the preceding chapter we have seen that I'-bases would be an extremely useful tool be-
cause they would allow us to extend the concept of division with remainder to multivariate
polynomials, thus making the non-euclidean ring some sort of unique. This leads to two
fundamental questions:
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2 Constructive ideal theory

1. Forwhich ideals .# < ITand for which gradings does there exist a I'-basis? Do they exist
at all?

2. If they exist, can we efficiently construct such a basis, for example from another given
basis, i.e., given F can we find a I'-basis G such that (F) = (G).

Fortunately the answer to both questions is “yes”, so let us also try to convince ourselves by
proving that fact.

2.4.1 Good bases and division

The fundamental tool used in the construction of I'-bases is the following characterization by
means of the division algorithm 2.3.2.

Proposition 2.4.1. A finite set G Il is aT -basis if and only for any g = (qg : g€ G) € 11 such
that

5(q-G) ::6(2 qgg) <max6 (gq 8) (2.4.1)
geG geG

the division algorithm 2.3.2 gives the remainder
r=vg(q-G)=0. (2.4.2)

Proof: If G is a I'-basis then the polynomial f := g -G € (G) has, by Definition 2.3.23 a I'-
representation with respect to G and remainder 0, which, by Theorem 2.3.30 implies that
vg(g-G) =0.

For the direction “<” we use an approach that was given in [Méller, 1988] for the construc-
tion of a Grébner basis. Denoting by rg(f), f € I1, the remainder obtained in Algorithm 2.3.2,
we thus assume that r¢ (¢ - G) = 0 whenever 6 (¢-G) < maxé8 (gg g), g € I1°. Any f € (G) has,
by definition, a representation

f=Y fz8 fgell, geG. (2.4.3)
geG

which need not be a I'-representation and our goal will be to transform it into

f=Y fie 6(fag)=s(n. gea,

geG

as that would prove that G is a I'-basis. Supposing that (2.4.3) is no I'-representation, we set
y:=r§1€aé(6(fgg)>5(f) and J:={geG:6(f:8)=7},
so that the specific choice of g as

fg)r g€]7

A
q= (qg 1 g€ G) mit qdg = { (0 ed] geaq, (2.4.4)

has the property
6(q-G) <y =maxd(qgg).

By the division algorithm and our assumptions on G we thus get a I'-representation
q9-G=Y dpg+16(a-G)= ¥ dpg.  O(agg)<r.
geG " geG
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2.4 Computing good bases

Thus,

f= 2 f:8= X fgg+Z](fg-ﬂ(fg))g+Zﬂ(fg)g

8eG geG\J geJ
—
:qg:q/g
= ) feg+ ) (fe-Af)) g+ X ags (2.4.5)
geG\J geJ geG
= ) fe8
geG

and since all representations in (2.4.5) have degree < vy, we can conclude that
s(h=6(fig)<r. geG

We proceed in the same way, set y; := maxg 6 (fg} g) and if still y; > 6(f), we use the same

argument to obtain y, < y; with associated coefficients fgz, g € G, and so on. Since a grading
is always based on a well ordering by definition, this process must terminate after finitely
many, say N, steps, where Y = 8(f) as otherwise we could reduce the degree even further.
But then fé = féV , & € G, yields a I'-representation for f which proves that G is a I-basis. [J

Remark 2.4.2. Itis worthwhile to note that Proposition 2.4.1 is only a property of degrees and
grading. That we used orthogonal projections when needed, makes the algorithm work but
does not affect this result in any way:.

The proof of Proposition 2.4.1 shows us that we can even get a stronger statement: in the
crucial step (2.4.4) we even chose the vector g in such a way that all its entries were homo-
geneous polynomials, i.e., we not only had g € I1° but even g € (HO)G. The requirement
5 (q- G) <y then means that

qg-AG) =) ggA(g) =0. (2.4.6)
geJ

Such tuples have a cute name and a story of their own which will be told in the next subsec-
tion.

2.4.2 Syzygies

Syzygies play a fundamental in the study of polynomial ideals and related problems. So let us
define what this is.

Definition 2.4.3. Let F c II be finite.
1. sellfiscalled a syzyGy s-F =0.

2. A module over a ring R is a set that is closed under addition and multiplication with
elements of R.

3. The sYzyGy MODULE of a set F c I1 will be denoted by

S(F):{seﬂF :0=s-Fi= ) sff}.

feF
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2 Constructive ideal theory

Remark 2.4.4. The name syzygy is composed from the Greek words “ocv¢” = “together” and
“Cvyov” = “yoke” and originally means something bound together like two oxen pulling a
cart. The word was already used in Greek astrononomy, its Latin translation is “coniunctio”
which lives on in “conjunction”. The word “syzygy” has one more meaning that is pointed out
in [Eisenbud, 1994].

Remark 2.4.5 (Simple module properties).
1. S(F) is amodule over I, as for s, s’ € S(F) and g, g’ € [T we have that
0=g(s-F+g (s F)=(gs+gs"F
hence gs+g's’ € S(F).
2. Anyideal is a module, tuples of polynomials form modules.

3. Intuitively modules can be interpreted as some sort of “vector spaces over rings”. This
is why we use the dot notation for syzygies that reminds of an inner product.

4. Vector spaces are modules over fields.

5. The module S(F) is FINITELY GENERATED, see [Grobner, 1970]. This means that there
exists a finite set S ¢ S(F) such that

S(F):{qus : qsel'[}. (2.4.7)

seS

Definition 2.4.6. A set S such that (2.4.7) holds is called a BASIS for the syzygy module S(F).

The next lemma characterizes I'-bases in terms of syzygies. It looks innocent, but is the key
tool for their construction by division with remainder. In Grober basis terms it says that “every
syzygy of leading terms must reduce to zero”.

Lemma 2.4.7. Let G cI1 be finite and S € S (A(G)) be a basis for the syzygy module of leading
terms of G. Then G is al'-basis if and only if rg (s-G) =0, s€ S.

Proof: According to Proposition 2.4.1, G is a I'-basis if and only if rg(s-G) = 0 for all s €
S (A(G)). So all we have to show is that is suffices to consider a basis of the syzygy module.

If already 7 (s G) # 0 for some s € S, then rg (s-G) =0, s € S(A(F)), is trivially impossible.
If conversely

SAEN>t=) qss, gs€ll,

seS

is an arbitrary syzygy of leading parts, then the assumption that any element of S reduces to

zero leads to
1-G=) tg8=). ) dsSg€=.qs ). 5g8= qs(s-G)

g€G geGseS se€S  geG €S
and
r6(t-G) =) 16(qs(s-8)=0) qsrc(s-8) =0,
s€S S€S
since the division algorithm factorized of multiples. g
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2.4 Computing good bases

2.4.3 Buchberger’s algorithm

Lemma 2.4.7 already hints how to construct a I'-basis by successively enlarging or completing
a given basis of the ideal until all syzygies of leading terms reduce to zero:

1. Determine a finite basis S of S (A(F)).
2. Ifrp(s-F)=0forall s€ S, then, by Lemma 2.4.7, the set F is a I'-basis and we are done.

3. Ifnot, there must be an s* € S such that

0# f :=rp(s"-F)=s"-F-)Y grf €(F).
(F) feF

e(F)

4. By this observation the enlarged basis still maintains (F U {f*}) = (F), but also has the
property that
TrOLf) (s*-F)=0,
and therefore now reduces the bad syzygy to zero. In other words: enlarging the basis
makes is more I'ish.

5. Repeat the process with F U {f*} instead of F.

In principle this is already the I'-version of Buchberger’s algorithm which was developed by
in 1965 by Bruno Buchberger, [Buchberger, 1965] in a PhD thesis supervised by Grébner.

Algorithm 2.4.1 BUCHBERGER’S ALGORITHM: F c II finite basis of .#.
1: repeat

2 Determine finite basis S of S (A(F)).

3 G—{rp(s-F):seS}\{0}.

4: F—FuG.

5

6

:until G = @.
: Result: I'-basis F for .#.

And yes, it works.

Theorem 2.4.8. Algorithm 2.4.1 terminates after finitely many steps and yields a I -basis for
the ideal.

Remark 2.4.9. Algorithm 2.4.1 relies on the construction of a finite basis for the syzygies of
leading terms. We will see very soon that this is easy and can be done explicitly whenever
one considers only a term order. This is the reason why Grébner bases are by far the most
popular computational ideal bases, in particular as different term orders provide quite some
flexibility. Moreover, once a Grobner basis has been computed for an ideal, it is possible to
compute a basis of the module of syzygies, see [Buchberger, 1985]. Conceptionally, however,
this is not satisfactory.

Lemma 2.4.10. Let F c I1 be finitely and T a term order. The the syzygy module S (A(F)) of the
leading terms of F is generated by the S-POLYNOMIALS s(f, f'), f, f € F, f # f', whose nonzero
components are defined as

Af A
s, =2 s, = 2L acmingan s () @as)

where the minimum in (2.4.8) has to be understood in a componentwise sense.
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()

o 3(f)

-

Figure 2.4.3: The geometric interpretation of & in (2.4.8) as maximal multiindex that gener-
ates a cone or upper set a + N(S) which contains §(f) as well as 6(f’). In this
sense, x* can be understood as ged (A (f), A (f7))-

S-polynomials are the simplest form of syzygies imaginable as they are syzygies among two
polynomials that can easily be computed by hand. That they nevertheless generate all other
syzygies is a lucky accident but very special for the case of a term order.

Proof of Lemma 2.4.10: Since any syzygy can be decomposed into its homogeneous compo-
nents?®, i.e., into terms, we can assume that s € S(F) isa HOMOGENEOUS SYZYGY, that is, there
exists § € Njj such that

Sfl(f)EH'B, also Sf/l(f)zcjxﬁ’ fEE

If s € S(F) is a nontrivial syzygy where two nonzero terms sum to zero, then there exist at least
two polynomials f, f’ € F as indices such that s £ 8sp#0.In particular,

Be(5()+Ng) A (6() +Ng)  a+N.
There exists a term g’ € Ig_s( ) with

sPAN =g A(f)=dxP,  deK,
which allows us to conclude that

S AE)= Y spMB) +spAN) -8 A(f) +8' A(f) =2 8" AP + (g s7,p) - MF),
heF\{f} ~- g
:gsf,f'

and consequently s’ = s — g s s € S(F) has one less nonzero entry than s. Iterating this pro-
cedure, we eventually obtain the decomposition into S-polynomials. O

To prove termination of Buchberger’s algorithm we need one more characterization of I'-
bases, based on the concept of a HOMOGENEOUS IDEAL which is an ideal .77 such that f € 77
implies that all homogeneous components of f belong to the ideal again:

H3f=) [y = fyest, yel. (2.4.9)
vel

25A polynomial is the zero polynomial if and only if all its homogeneous components are zero.
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This concept has been defined in [Grébner, 1970] for the classical homogeneous grading by
total degree, in the context of a term order it is nothing but a monomial ideal. Indeed, if .77
has a basis F c I1° of I'-FORMS?®, the J# obviously is a homogeneous ideal. If, conversely, 7
is a homogeneous ideal and F a basis for ¢ = (F), then the set

F':={f,: feEyel}cnl’

of homogeneous parts appearing in F belongs to # as well, generates®’ F < (F®) and there-
fore
H = (Fy < (F).

We can summarize this as follows.

Lemma 2.4.11. Anideal 7¢ 11 is a homogeneous ideal if and only if it has a basis consisting
of homogeneous polynomials.

Remark 2.4.12. A monomial ideal is exactly a homogeneous ideal if the underlying grading is
by term order. Otherwise it is an ideal generated by (I'-)forms which explains the old German
name FORMENIDEAL used for such ideals in [Grébner, 1970].

Remark 2.4.13. There is a different approach to homogeneous ideals as ideals where multi-
plication is allowed only for homogeneous polynomials and addition only for homogeneous
polynomials of the same degree.

The last observation is once more very easy to prove but fundamental for the termination of
Buchberger’s algorithm.

Lemma 2.4.14. For any ideal . = (G) c Il one has:
1. theideals (A(G)) and (A(.¥)) are each a homogeneous ideal.
2. GisaTl-basis for 7 if and only if (A()) = (A(G)).

Proof: 1): both ideal are generated by homogeneous polynomials and thus are homoge-
neous ideals by Lemma 2.4.11. For 2) we assume that G is a I'-basis, so that f € .# has a
I'-representation

f= fz8
geG
which implies that
A(f) = > Afg) Mg €(AG)).
{g:0(fs8)=0(N}
If, conversely, f € .# and A(f) = h- A(G), then f — h- G also belongs to .# but has a strictly
smaller degree. Proceeding with the leading part of this polynomial, we iteratively get all
homogeneous components of a I'-representation of f. O

Proof of Theorem 2.4.8: Proposition 2.4.1 states that termination of Algorithm 2.4.1, which
means that all syzygies of leading parts reduce to zero, indeed classifies F as a I'-basis.

It remains to prove termination. To that end, we note that 0 # g := rr (s- F) means that®8
A(g) € Ws(g) (F), hence g € (F), but A(g) ¢ (A(F)). Replacing F by F' = F u {g} it follows that

26As generalized homogeneous parts.
27The inclusion even holds true in terms of vector spaces.
28Now we again use our particular form of the reduction algorithm 2.3.2.
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(F') = (F) but (A (F)) is a proper subset of (1 (F’)). Since polynomials are a Noetherian ring,
such a strictly ascending chain of ideal has to be finite, hence after finitely many steps there
cannot be any more s € S(F) such that rg (s- F) # 0, as otherwise we could increase the homo-
geneous ideal even further. g

Remark 2.4.15. Of course, the Buchbergerl.0 that we defined in Algorithm 2.4.1 is not really
efficient and far from being optimal. How to handle syzygies, which to ignore and which to
really compute and how to this in the best possible way, has been an issue ever since the
introduction of Grébner bases in 1965 and there exist a vast literature on this.

2.4.4 The Basissatz

The efforts of the preceding chapter, in particular the construction of Grobner bases allows
us to give a proof of Hilbert’s Basissatz that we quoted in Theorem 2.1.29. The method is a
follows.

Proof of Theorem 2.1.29: Let .# be an arbitrary ideal and let I' = Nj stand for the grading by
an arbitrary term order. Then the ideal

MI):=(Mf):feF)

generated by all leading terms in .# is a monomial ideal. By Corollary 2.3.10 this ideal is
finitely generated, hence there exists a finite set H c II of monomials such that A(.%) = (Gy).
Since any & € Gy is of the form h = A(f) for some f € .#, we can write Gy = A(G) for some
finite set G < .#, hence (G) < .# and since

AUG)) =(Go) = MH),

Lemma 2.4.14 yields that G is even a Grobner basis for .#. Hence, the ideal is finitely gener-
ated. O

Since any ideal has a finite basis?® and since we have Buchberger’s algorithms and its gen-
eralizations to transform this basis into a I" basis, we can state the following fundamental
result.

Theorem 2.4.16 (I" bases). For any gradingT, any ideal has a finite T -basis.

2.4.5 The homogeneous way

For the homogeneous grading the computation of a basis of the module of syzygies is non-
trivial. There is a method in [Buchberger, 1985] that computes a basis for the syzygy module
for any finite set of polynomials, but to use Grobner basis especially in a situation where one
wants to avoid term orders is contraintuitive. For the homogeneous grading there is an illus-
trative way to compute syzygies by means of linear algebra which also leads to an efficient
way of doing reduction.

Definition 2.4.17. Let f € IL. By f; := (fa:lal=k) € K™, rp:= 1) = (k;rle) we denote the
COEFFICIENT BLOCK of the homogeneous component of degree k.

29And we have no way to handle ideals other than working on bases.
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Any polynomial f of degree 7 is then represented by the coefficient blocks f;, k =0,...,n,
and with the MONOMIAL BLOCKS x¥ = (x%: |a| = k), we get the convenient notation

n
fQ=Y Fixt, AP = fl 2", (2.4.10)
k=0

which has a quite univariate flavor. To that end, we identify f with the block vector

fo
f=f= . (2.4.11)
fdegf

Next, we represent multiplication by monomials.

Definition 2.4.18. The HOMOGENEOUS LIFTING MATRIX L, ;. € K™*"*, k < n, is defined as

Lyx=(Lax:lal=n—k), Lgr:= Y e,ﬁﬁeg, aeNs. (2.4.12)
1BI=k

The function of the lifting matrix is easily seen when considering, for a homogeneous poly-
nomial f € 1o,

T
(Lot )" 5" = (| mz_kea+ﬁe£fk) ¥z % o= T =t (L) ean

is is simply the multiplication of the homogeneous polynomial by (-)*. In the same way,
L, . f generates a matrix whose columns are the coefficient vectors of all multiplications
of the homogeneous polynomial f ,{xk with all monomials of degree n — k.

Remark 2.4.19. The computation of V ,,(F) is numerically cheap and without roundoff errors
since it only consists of redistributing the coefficient vectors.

Definition 2.4.20. Given a finite set F c I1 of polynomials, we define the matrix

Vo (F) = (Ln,deg Faer:f€ F) ek™N  neNy, N= fz Fn—deg /> (2.4.14)
eF

and call it the GENERATING MATRIX for V,(F) c H(,)l. We use the convention that L,  is an
empty matrix if n < k and r; =0 for k <0.

Remark 2.4.21. Note that V,(F) is a somewhat complicated object. It is first indexed by f,
yielding the matrices

(Vn(F))f = Ln,degffdegf
which are in turn indexed by « to yield the well defined column vector

((V”(F))f)a = (Ln,degffdegf)a = La,degffdegf.

This means that any such matrix can be multiplied from the right hand side with block vectors
h indexed as hf , where

Vn(F)h = Z Z hf,a La,degffdegf eC’™.
feF|al=n—degf
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2 Constructive ideal theory
The whole intention of this construction is that the range of V ,,(F) consists of the coefficient
vectors of the polynomials that span V,,(F).
Lemma 2.4.22. For n €Ny and g € 11, we have that
gEVF) o g, eV, (PK" (2.4.15)

Proof: g € V,,(F) if and only if there exist homogeneous polynomials hy =3 hf ()%, f € F,

such that
g=Y hef=% X hpaOf

feF feF|al=n—degf

which is, by (2.4.13), equivalent to

g = Y hia Y Lodesffaegr= 2 hra Y (EndessSaess),
feF la|=n—deg f feF |a|=n—deg f
= ) Lndegrfaegrtr=Vn(F)h,  h=(hs:feF),
feF
in the sense that h is a concatenation of column vectors. O

Now we can use a standard concept of numerical linear algebra to efficiently perform the
reduction step. We embed everything into the most general case K = C.

Theorem 2.4.23 (SVD). For any matrix A € C"*" there exist unitary matrices U € C"™*™ and
V e C"" and a diagonal matrix £ € R™*"" with nonnegative diagonal elements such that

A=UzVH, (2.4.16)

Definition 2.4.24 (SVD). The decomposition in (2.4.16) is called SINGULAR VALUE DECOM-
POSITION of A or SVD, for short. Each column of U is called a left SINGULAR VECTORS, the
columns of V are the right singular vectors. Any diagonal element o is called SINGULAR
VALUE, the number of nonzero singular values coincides with the rank r of the matrix. Often
one uses the THIN SVD

0 7
H
0) [V(l:r) V(r+1:n)] ) Zpi= )

Or
(2.4.17)

z

r
A= Z O'kUkV,Z = [U(lzr) U(r+1:m)] ( Or
k=1

where o = --- = 0, >0, hence X, is nonsingular.
Remark 2.4.25 (SVD).

1. The SVD can be computed efficiently and is one of the most important tools in numer-
ical linear algebra. For some computational details see [Golub and van Loan, 1996].

2. One important application for the SVD is the computation of the KERNEL of A, ker A :=
{x: Ax = 0}. In fact, it follows directly from (2.4.17) that the columns of V(,;1.,) are an
orthonormal basis for the kernel. The SVD is a RANK REVEALING FACTORIZATION.

3. In the same fashion we can also determine the range of A: the columns of U(;.;) form
an orthonormal basis for the range and the columns of U,+1.,) an orthonormal basis
for the orthogonal complement of the range in C™.
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2.4 Computing good bases

4. Numerically, the rank of a matrix is determined by computing its SVD and thresholding
the singular values; depending on how aggressive this thresholding is performed, the
rank may be over- or underestimated.

The observation 3) already shows us how to compute the coefficient vectors for V;,(F) and
W, (f) — an immediate consequence of Remark 2.4.25 and Lemma 2.4.22.

Lemma 2.4.26. Let
Vo(F) = [V, WaZ[R,, Syl (2.4.18)

be a thin SVD of V ,(F), then the columns of V, are the coefficient vectors of an orthonormal
basis of V;,(F) and the columns of W, are an orthonormal basis of Wy, (F).

This allows us to give an efficient reduction algorithm for the single reduction step in the
division with remainder algorithm. To that end, we note that to approximate g, by V,(F) we
have to find k such that

0=V (g,-V,(F)h) (2.4.19)
that is,
H H H a(Zr 0 H % 0 H

RH
(Z,,0] ( ,’;) h=%,Rn,
Si’l

hence, choosing h as one solution of the underdetermined system
H -1y H
R n h= z"r Vn 8w

for example
h=R,z;'Vig, (2.4.20)

does the job since RZ'R,, = I, is an r x r identity matrix. The vector k can be decomposed
into

h=[hs:feF|, hpeC e/,
where

hy(x) = h;xn_degf = Y hpex”
|al=n—deg f

is the corresponding polynomial. The coefficients of /¢ f are then obtained, again by means
of (2.4.13) as

degf degf
(heP®= Y hpax® Y fixF=Y Y x“fix"hpa
k=0

|a|=n—deg f k=0 |a|=n—deg f

degf degf T
S RRCAPSTRS o D A

k=0 |a|=n-deg f k=0 \|a|=n—degf

deg f deg f T
= kgo (Vn—degf+k({fk}) hf)Txn—degf+k = kZ:‘b (Vn_k ({fdegf—k}) hf) xn—k

n T n T
Bl ) = ) )
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2 Constructive ideal theory

hence

Y 09 = 3 (Ve({Facgronoi: F ) 1) 55

feF k=0

and we can compute the reduction of g explicitly as

go) (Vol{faessonifer}]
o : R,z 'vig . (2.4.21)

g, Vo ({ fdeg.f :fer})

The according procedure is given in Algorithm 2.4.2.

Algorithm 2.4.2 ORTHOGONAL REDUCTION: F c I finite set, g € I1.
1: n—degg
2: Compute V,(F) and the SVD (2.4.18)
3: Replace

8o 8o Vo({fdegf_”:fEF})
A : R.X'V,g,

&) \&n) | Va({fugsire))

Remark 2.4.27. Even if the expression in (2.4.21) looks scary, the computational effort is
mostly due to the SVD. The V. matrices are all generated by only shuffling the coefficients
of the homogeneous parts and the computation of & is done by means of simple matrix mul-
tiplications.

In addition to projection and reduction, we can also find the syzygies of a certain degree in
the SVD of the matrix V,,(F).

Definition 2.4.28. s € S(A(F)) is called a SYZYGY OF DEGREE n if SfE H?l_degf.

Lemma 2.4.29. The columns of the matrix S, from (2.4.18), seen as s¢,q, f € F, lal = n—deg f,
define a basis of all syzygies of degree n in the sense that

Y. sfax*:feF ent, (sfa:lal=n—degf,feF)esS, (2.4.22)
|a|=n—deg f

are a basis for all syzygies of degree n.

Proof: A vector s = (sf,w :lal = n—degf, f € F) defines a syzygy as in (2.4.22) if and only
V ,(F) s = 0 which in turn holds true if and only if s = §,, a for some vector a. O

Lemma 2.4.29 can be used to determine syzygies of leading terms and thus perform Buch-
berger’s algorithm: compute the kernels of V,,(F) and reduce any nonzero element in these
kernels. The main question, however, is when to stop. This is easy for zero dimensional ide-
als, cf. [Moéller and Sauer, 2000b], but unclear for higher dimensions.
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2.5 Elimination ideals and intersections

2.5 Elimination ideals and intersections

To finish this chapter, we give a very special type of ideals and complete our method for ideal
intersection and therefore also for the computation of quotient ideals.

2.5.1 Elimination ideals

The idea of elimination ideals is much older than Grober or even H-bases and dates back to
Kronecker. It relies on the “natural” to solve for a simple variable, then eliminate this variable
by substituting the solution and thus reducing the number of variables by one. Repeating
this, one would end up with all solutions of a system of equations. We will see that lex Grobner
bases play a crucial role here, which was one of the original applications of Grébner bases and
recovered them after almost being forgotten. Indeed, it was a paper by Trinks [Trinks, 1978]
that renewed and even triggered the interest in Grobner bases by focusing on the lex Grobner
basis and its connection to elimination ideals.

Definition 2.5.1. For an ideal .# <11, the set
I i=InKIx1,..., XKl k=1,...,s, 2.5.1)
is called the kth ELIMINATION IDEAL of .#.

Elimination ideals allow us to solve a system of polynomial equations in quite an old-fashioned
way:

1. The ideal .# is generated by univariate polynomials in x; only, hence is a principal
ideal. We “only” have to compute the gcd of these generators and find the generator
for 7.

2. The zeros of this generator are the x;-components of all common zeros of ..

3. We substitute each of these finitely many zeros for x; and consider .#,. Since x; is
fixed, this is again a principal ideal, generated by a single polynomial whose zeros we
can determine.

4. Proceeding this way, we finally arrive at .# = ., and computed all solutions.

So all we need is a basis for the elimination ideals and here the lex term order is exactly the
answer.

Theorem 2.5.2. If . c 1l is an ideal and G a Grobner basis of ¢ with respect to the lex term
order with x1 < x3 < --- < Xy, then

e =(GNK[x1,..., X)) inK[xg,...,x;l.
Proof: We set Gy, = GNK [x1,...,x;] andfixk € 1,..., n. Any f € . € .# has a G-representation
f=2 fe8  O8(fe8)=06(f). (2.5.2)

geG

If g € G\ G, then g contains at least one of the variables x.1,..., x; which implies that 6(g) >
6(f) and the respective coefficient fj, in the G-representation (2.5.2) has to be zero. Therefore,

f:ngg»

8€Gy

and by the same argument & ( fg) < 6(f) allows us to conclude that fg € K [x1,..., x¢]. Hence
f has a G-representation in K [x1, ..., x;] by means of Gy as claimed. g

73



2 Constructive ideal theory

Remark 2.5.3. Unfortunately, the convincingidea of elimination ideals has some severe draw-
backs:

1. the lex Grobner basis is usually the most difficult one to compute and the effort grows
exponentially in the degree of the polynomials in F.

2. The univariate polynomial that generates the principal ideal .#; and forms the starting
point for the computation of the zeros will usually have a very large degree, namely the
total number of all common zeros of .#. This makes it impossible to explicitly find the
zeros of this polynomial and makes numerical computations fairly ill-conditioned.

3. And to make it even worse, the substitution of inaccurate components of the zeros can
make the successive computation of other components even worse, and this is in no
way a purely theoretical phenomenon.

4. Actually it is a well-known fact, cf. [Farouki and Rajan, 1987, Wilkinson, 1984] that the
zeros of a polynomial are very sensitive to changes in the coefficients.

In other words: Forget it!

2.5.2 Ildeal intersection

We still have to finalize the INTERSECTION of two ideals .# and .#’, given by bases F and F'.
By means of (2.1.25) from Lemma 2.1.32 and a proper grading this is now very easy. Indeed,
we first compute a basis of r.# + (1 — £).#’, namely

{tf+Q-0f:feEf eF}=F, (2.5.3)

and then find in H the polynomials that are independent of . To that end, we use a term
order with x < ¢, for example

/
(6, 0%F < (x, 2"k { ek

k=k,a<d,

and compute a Gréber basis G < K[x, f] of (F) with respect to this term order, and look for
all elements in this bases that do not contain ¢, i.e., we consider the elimination ideal

(Fr) nK[x].

By Theorem 2.5.2 a basis for this ideal is GNIK[x], hence this is also a basis for the intersection.
The simple algorithm is summarized in Algorithm 2.5.1.

Algorithm 2.5.1 IDEAL INTERSECTION: F, G c I1T'-bases.
1. H—{tf(x)+(1-0gx): feFgeG}ekKlx,1l.
2: Compute a I'-basis H with x < t from H
3: Result: I'-basis H nK[x] for (F) n(G).
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Polynomial zeros 3

Any damn fool, he maintained, could think of questions; it was answers that
separated the men from the boys. If you couldn’t answer your own questions
it was either because you hadn't worked on them hard enough or because
they weren’t real questions.

(D. Lodge, The Campus Trilogy)

Finally, we get to the situation of finding zeros of polynomials. Indeed, we will look at
common zeros of a finite set of polynomials, or, which is the same, the common zeros of the
associated ideal.

3.1 Solving equations

Definition 3.1.1. Given a finite set F, solving the polynomial system of equations F(X) = 0
corresponds to finding the zero set

Z(F)={xeK’:F(x)=0}:={xeK®: f(x) =0, f € F}. (3.1.1)
Since for x € K’ we almost trivially have that

Fx)=0 o ) g0f)=0, hpell o (Fx)=0
feF

the set Z(F) = Z ({(F)) depends on the IDEAL (F) and not on the specific BASIS F.

Remark 3.1.2. From an abstract point of view, many algebraic techniques to solve polyno-
mial systems of equations correspond to a CHANGE OF BASIS from which the solutions can be
read off more easily. The most prominent case for that is the elimination ideal and the change
to alex Grébner basis.

3.1.1 Zero dimensional ideals and the quotient space

Now we can start to give a formal definition of zero dimensional ideals which will be the only
ideals we are interested in in the following. The first concept, based on the preceding chapter
is that of the quotient space.

Definition 3.1.3. Given an ideal .7, a grading I and an inner product (-,-) on I x I1, the NOR-
MAL FORM SPACE or QUOTIENT SPACE or INVERSE SYSTEM I1/.# is defined as

/.7 =v,M) ={vs(f): fell}, (3.1.2)

where the NORMAL FORM vV ¢ (f) is the remainder of division by the division with remainder
of Algorithm 2.3.2 with respect to a I'-basis of .#.
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3 Polynomial zeros

Remark 3.1.4 (Quotient spaces).

1. By 2.3.30 the normal form v is independent of the I'-basis, hence I1/.# is indeed
well-defined and depends on .# only.

2. The linearity of the reduction process implies that

vo(f+8)=vs(f)+vs(g), vaelc=cvys(), f,gell, cek,
hence I1/.7 is a K-vector space.

3. The normal form is an IDEAL PROJECTION:

vy (Ve (D) =vs () (3.1.3)

and
vs(f)=0 o  feZ. (3.1.4)

4. The name “inverse system” is due to Macaulay and has been followed up by Grébner in
[Grobner, 1937]. In the world of Grobner bases, the name has almost been forgotten,
however.

Example 3.1.5. On standard example for the homogeneous grading is that .# = (F) where
F cII, and H(,)l =span A(F). Then

{0, k<n,
H(])C, k=n,

0
IT,, k<n,

ke Np.
{0}, k=n,

Vi (F) ={ Wi (F) ={

Then I/ .¥ = W(F) = I1,_ gives the total degree analogy of the univariate case. Note that
under the condition that I1% = span A(F) the quotient space depends only the total degree n.

Example 3.1.6. As a more concrete and very simple situation we consider the following three
bases in C[x, y], namely

F={x(x-1,xy,y(y-D}, F2={x(x—1),xy,y2}, F3={x2,xy,y2}. (3.1.5)

In all three cases A(F;) = (x%,xy, %, /(.#;) =1, .9 := (F}), while is can be easily seen that
the zero sets Z; := Z(.%)) satisfy

Z1=10,0),(1,0),0,1}, £ ={0,0),(1,0}  Z3={(0,0)}, (3.1.6)

In other words, the quotient space alone does not give information about the underlying
ideal.

Definition 3.1.7. The ideal .# is called ZERO DIMENSIONAL if dimIl/.# < co.

Next we will show that any zero dimensional ideal has only finitely many common zeros by
extending the multiplication operators from (1.1.22) in an almost straightforward way. How-
ever, we will have to slightly vary the notation.

Definition 3.1.8. For g € IT the MULTIPLICATION OPERATOR My : I1/.% — I1/.7 is defined as

Myf:=Mlqlf:=vs(qf), felll.#. (3.1.7)
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3.1 Solving equations

Lemma 3.1.9. The multiplication operators are linear and commute, i.e., for f,f € 11/.7,
¢c,c' €K and q,q' € 11 we have

My(cf+c' fy=cMgf+c" Myf', MMy f=Mgq(f)=MgyM,f. (3.1.8)
Proof: The first property follows from the linearity of normal forms,
My(cf+c' fy=vs(qcf+c'f)=cva(af)+cvs(af),

for the second one we write ¢'f =v_+(q'f) + g, g € ., and note that

Magf = ve(qd' f)=vs(a(vsdN+8)=vs(qvs(d'f)+qg)
Vo (qvs (g f))+vs(q8)=MgMyf,

since gg € .# implies that v s (g g) = 0. O

Remark 3.1.10. Note that the proof of the commuting property only uses the fact that the
normal form is a linear operator whose kernel is an ideal.

Next, we again choose a basis P for the finite dimensional vector space I1/.# and represent
the multiplication operator in terms of P,

M, = Mlq) = (mZyp,:p,p'EP)E[KPXP, Mgp=Y m! p. (3.1.9)
p'eP

By Lemma 3.1.9, any matrices M, and M, q, q' € Il commute.

Definition 3.1.11. The matrix M, from (3.1.9) is called to MULTIPLICATION TABLE for multi-
plication by g with respect to the basis P.

Remark 3.1.12. From now on, we use M, to denote the operator and its matrix represen-
tation with respect to a basis P. To keep notation simple, we will not specify the basis P
explicitly, even if it can significantly affect the matrices as shown in Example 1.1.22 for the
univariate case. Usually, we will always start with an ideal that defines a quotient space and
then assume that a basis for this quotient space has been fixed.

Example 3.1.13. Let us compute the multiplication tables My and M), for the three ideals.

1. With respect to .#; we get the multiplications

00
Xx-1l=x—x, X-x=x*— X, x-y=xy—0 => My,=|1 1 0],
0 0
and analogously
0 00
y-l=y—y  yx=xy—0, yy=y—-y = My=[(0 0 0
1 01

Here rows and columns are indexed by means of the basis elements (1, x, y) of IT;.
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3 Polynomial zeros

2. In the same way, we obtain for .%; that

0 0O
x-l=x—x, x-x=x*-x, x-y=xy—0 = My=|1 1 0],

0 0O

and analogously

0 0O
yl=y—y, y-x=xy—0, yy=y’—0 = M,=|0 0 0

1 00

3. The simplest case, however, is .73 where we have that

0 00
X-l=x—x, x-x=x>—0, xXx-y=xy—0 => M,=|1 0 O],

0 00

and analogously

o
(=)

00O
y.l:y—»y, ynx:xy—>0, y.y:y2—>0 = My: 0 A
1

Now the companion matrix idea extends to the multivariate case using multiplication tables.

Theorem 3.1.14. For z € Z(.¥) and q € 11, the number q(z) is a eigenvalue of My and the
associated eigenvector is independent of q if .7 is radical.

Lemma 3.1.15. A zero dimensional ideal has only finitely many zeros, more precisely
#Z(F)<dimIl/.#. (3.1.10)

Proof: Let Z < Z(.#) be any finite set of common zeros of .# and let, forgiven z € Z, v, € K?,
z' € Z\{z} be vectors such that UZT 2 (&= z") #0, Z' € Z\ {z}. We define the polynomials

vgz’ ('_Zl)
l,:=vy ]‘[T'— €ell/.¥, zelZ. (3.1.11)
Zez V, 4 (22
Since ’
!
v, (--72)

=] ==—+¢
Jez U;:Z, (z—2")

for some g € .#, it follows that

0.(Z)=6,7, z,7 €Z.

and in particular the polynomials ¢, z € Z, are linearly independent which implies that #Z <
dimTI/.#. Since Z was an arbitrary finite subset of Z(.#), this yields (3.1.10). O

This already gives a first view in the direction of interpolation.
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3.1 Solving equations

Corollary 3.1.16. If.7 is zero dimensional, the spacel/ . always allows for interpolation at
Z(.#) by means of

Lf:= ) [t (3.1.12)
zeZ(5)

which satisfies L,, f (2) = f(z), z€ Z(.¥).

Proof of Theorem 3.1.14: By Lemma 3.1.15, the set Z(.#) is finite and we can again use the
finitely many polynomials ¢, z€ Z(.#), defined in (3.1.11). Then, for z € Z(.¥)

Mgl,=vys(ql)=ql+8= ) q2)l(2V0+8.+8=q2)l,+8.+§ (3.1.13)

ZeZ
forsomege .7, g, € V.7 . If .# isradical, then indeed Myl , = q(z)¢., otherwise the subspace
Lt={fen/7:Lf=0}
is nontrivial and we have the decomposition
/.7 =L/ %)+ L*".
For g € L* we have that

Mug=vs(qg) =) qz)gV,+g =g € Lt
ZeZ
hence L* is invariant under M for any g. Assuming that LE\{0} > g, := Mgl,—-q(2)l,, as
otherwise ¢ is an eigenvector, we consider the KRYLOV SPACES

Kn::span{(Mq—q(z)l)kgzzk=0,...,n—1}, k=1,

and note that! dimK,, = max{n, ng} for some ny = 1. Hence, there exists some sequence

ai,..., &y, such that
I

g=Y ar(My-q@I)*g..

k=1
Setting
* L k-1
8z = Z Oék(Mq—q(z)I) 8z
k=1
we then get that
L)
(Mg —q@1)(¢:~82) = g:~(My=aq@1)| ). ar(Mg-q@1)" " g
k=1
ny k
= 8- ) ax(Mg—4q(2I)" g-=0,
k=1
hence ¢, — g is an eigenvector for the eigenvalue g(z) as claimed. g

Indeed, if K;+1 = K, that is, (Mg - q(z) 1)" g; € K;,, we can conclude that

n-1

(Mg-q@1)"g.= Y ar(Mg-q@1)"g.
k=0
hence,
n—1
(Mg —q@D)"™ g, = (My—q@1)| Y ar(My—q21)" g; | € Kns1 = Kn,
k=0

so that the dimension either increases by one or stays constant forever. This is a standard argument
from numerical linear algebra and useful, for example, in the context of CONJUGATE GRADIENTS.
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Remark 3.1.17. If the zero dimensional ideal .# is a radical ideal then dimIl/.¥ = #Z(.%)
and therefore the polynomials ¢, z € Z(.#) form a basis of the quotient space. Therefore,
Lt = {0} is trivial and the ¢, as defined in (3.1.11) are the unique elements of the quotient
space with £,(z') =6, 2,2 € Z(.#). Otherwise ¢ is only defined up to an element from L™,
ie., ¢/, =0,+g; g, € L+ also have the same interpolation properties, and this ambiguity is
reflected in the fact that we do not get eigenvectors but only principal vectors. And it is not
surprise that the above proof was using concepts of the proof of the Jordan normal form in
[Fischer, 1984].

Example 3.1.18. We can determine the eigenstructure, more precisely the JORDAN NORMAL
FORM of the multiplication tables in each of our three examples. The normal form and the
generalized eigenvalues are computed by the symbolic toolbox of octave. The call looks, for
example, as follows?

>> pkg load symbolic;

>A=sym( [010;010; 0001 );
>> [gevs,JnF] = jordan( A)

gevs = (sym 3x3 matrix)

1 0

JoF = (sym 3x3 matrix)

o O O
O O O
= O O

and gives a matrix of generalized eigenvalues and the Jordan normal form of the matrix. The
Jordan normal forms are now as follows:

0
jl MxN

]2 Mx""

= elleBol=NelNe)
(=l e = =R e ]
S O O o o o oo

j3 ]\4x~

O O = O O O O O O
OO = OO~ O OO
O OO0 OO~ OO

=}

0

(=}
=)

This shows the difference in the multiplication tables: in the radical ideal .#; both multiplica-
tion tables are diagonalizable as predicted by Theorem 3.1.14, for .#> one multiplication table
is diagonalizable, the other one, M), has a nontrivial Jordan block and #3 has Jordan blocks
in both multiplication tables.

Already the simple Example 3.1.18 shows that we have to be a bit more careful with the eigen-
structure of the multiplication tables that seems to tell us a lot about the underlying structure.

2After installing the package from the Sourceforge page and calling pgk install from Octave.
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3.1.2 Making ideals radical

Theorem 3.1.14 shows that the situation is favorable if the underlying .# is a radical ideal.
This corresponds to the univariate case where we assumed the zeros to be simple. In one
variable it is easy to get rid of multiplicities by simply considering f/gcd(f, f') which has the
same zeros as f but without multiplicities and is easy to compute. In several variables this
will also be possible and give us a tool to compute the radical of a given ideal. And it will be
based on multiplication tables again.

Remark 3.1.19. Even in a single variable, multiple zeros are troublemakers, be it for algo-
rithms like Newton’s method [Gautschi, 1997] or for eigenvalue methods. Therefore, remov-
ing multiplicities is always worthwhile if one is interested only in finding the variety Z(.%).

In terms of computational algebra our goal is, given a basis F for the ideal (F) to determine
the a basis G for the radical

(G) = /(Fy := {ge : gke(F), k= ko}

whose zeros can then be determined by the eigenvalue method — even if this will need some
more effort. To that end we use the so-called TRACE METHOD from [Gonzdalez-Vega et al., 1999].
Again, we shift the focus from the ideal to the computationally accessible basis of the basis.

To achieve the goal of computing the radical, we need a refined version of Theorem 3.1.14
in the form of a generalized eigenspaces decomposition based on a replacement of the func-
tions ¢ . For this approach that is a modification of the one in [Cohen et al., 1999, Chapter 2]
we need an algebraically closed field now.

Proposition 3.1.20. Let .# c C[x] be a zero dimensional ideal. Then there exist polynomials
my, z€ Z(.%), such that

miz mg, mz(zl) :52,2’, mzmgy :0, Z,ZIEZ(]), (3.1.14)
and
Y m.=l. (3.1.15)
zeZ(I)

Remark 3.1.21. The properties (3.1.14) and (3.1.14) are satisfied by the ¢, from the preceding
chapter if .# is a radical ideal, in general we can only ensure that

1-Y 0, 05-0,, 0,0, €L"
Z

which would be too weak for what follows.

Proof: We nevertheless begin with the ¢, and note that (¢,¢,) (Z(.#)) = 0 yields, by means
of the Nullstellensatz, Theorem 2.1.16, that (¢;¢,)" € .# for some m = 1, hence, p;:=¢J' €
I1/.7 satisfies® Pz Pz = 0. Moreover,

pz(2) = [Z(z)m =1"=1

Therefore, the polynomials in .# and {p; : z € Z(.#)} have no common zeros in the alge-
braically closed field C, so that

(FUlpizeZ(NH})=11 > 1=g+ Y q.p, forsomege.?, q,€ll,
2€Z(5)

3Since we work modulo .# here.
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and the polynomials m; :=v s (q.pz), z € Z(.¥), satisfy (3.1.15). In addition,
my(2) = q.(2) 0, ()" =0, 2 #z

yields, together with (3.1.15), that m(z) = 1, while m(z') = 0, z’ # z, follows from the fact
that m, is a multiple of ¢,. Finally,

mz=m21:mz( Z mz):mi-kZmzmzr:mg
zeZ(J) Z'#z
completes the last claim in (3.1.14). O

Remark 3.1.22. It has to be emphasized that all multiplications in the above proof are per-
formed in the quotient space I1/.#, hence modulo .#. Note however, that this is not an inte-
gral ring, there are lots of zerodivisors.

The polynomials m, help us to decompose I1/.# into principal subspaces with good proper-
ties.

Proposition 3.1.23. The subspaces
My=my-(1.I)={v s(m,f): felll.#}, ze Z(9), (3.1.16)

form a direct sum decomposition of 11/ .% and are invariant under any multiplication operator
with eigenvalue q(z).

Proof: Again, linearity of the remainder* implies that any ./, is a linear subspace of I1/.7.
That any f € I1/.# can be represented as a sum follows from

zeZ(F) zeZ(S)
while uniqueness is a consequence of
2
0=") f.m; = 0=mz( Y fzrmzr)zfzmzzfzmz,
zeZ(S) Z'eZ(.5)

hence all components of the representation must be zero. Invariance under multiplication
follows directly from the definition of .#. Finally, we consider, for g € I1

qgmz=(q—q2)m;+q(2)m;

and note that since (q — q(z)) m, vanishes at Z(.¥), there exists some n = 1 such that 0 =
(g - q(2))" m,. Hence, by the first property of (3.1.14)

0= (M, - q(2) "'m; = (My - q(2) D)"m! = (M, - q(2) Dmy)"

implies that (M — q(z) I)m. is a nilpotent element in ./, and therefore g(z) is the unique
eigenvalue associated to this space; the eigenvector can be constructed by from m by the
Krylov space method used in the proof of Theorem 3.1.14. U

“Just recall that this follows from the uniqueness of remainder when dividing by a I'-basis as then
bothv #(f) +v #(g) and v« (f + g) are candidates for the same remainder, hence must coincide.
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3.1 Solving equations

Definition 3.1.24. Let P be a basis I1/(F), (F) zero dimensional.

1. For z€ Z(.¥) denote by u(z) the MULTIPLICITY of the zero, defined as

1(z) =dim.Z,. (3.1.17)

2. For g € 1 we define the TRACE MATRIX T, € KP*P as

T, = (trace M [qpp'] : p,p' € P). (3.1.18)

Remark 3.1.25. Defining multiplicity of a zero as in (3.1.17), that is, as a number, is insuffi-
cient and ignores structural concepts. We will give a more appropriate and powerful defini-
tion soon.

Example 3.1.26. That counting is insufficient, can already be seen by the following simple
example: A simple common zero z means that f(z) = 0, a double zero that f(z) = 0 and that
some DIRECTIONAL DERIVATIVE q(D) f(z) = 0, g € I1?, but a TRIPLE ZERO could either involve a
second, linearly independent, directional derivative g’ (D) f(z) =0, ¢’ € I1°, or a second order
derivative, in that case g*(D) f(z) = 0, with the g from the double zero.

Exercise 3.1.1 Show: If #F = 1, then any zero has multiplicity at least s. O

Example 3.1.27. To derive the trace matrices for ., .% and .3, we have to compute M; =1,
My, My and Myy, M,2 and M,.. To compute M, we note that for .#; we get

xy-1=xy—0, xy-x=x*y—0, xy-y=xy*—0 = My, =0,

but since we only used the common basis element xy for reduction, the same holds true for
the other two ideals as well.

1. For .#, the remaining two multiplication tables compute as

00

¥ 1-x, ox—xt-x xz-y—»o = M:=]1 1 0f,

0 0O

and

0 0O
Y¥ol—=y  yx—0, yhy—)y*—=y = Mp=(0 0 0],

1 01

2. for %> we get
0

¥ 1—-x, ?ox—-xt-x xz-y—>0 => Me:=]1 1 0},

0 0

as well as
y*1-0, y*x—0, y*y—0 = Mp=0
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3 Polynomial zeros

3. while .#; gives

x*1-0, X x—0 xz-y—>0 => Me2=0

and
yZ.l_,(), yz,x_>0’ yzy_>0 = M.>=0.

Thus, the symmetric trace matrices

trace My traceM,> trace My,

trace M; traceMy traceM,,
T = T1 .
trace M, trace My, traceM,.

take the form
3 1 1 310 3 00
n(/)=11 1 0f, N(A)=|1 1 0f, T(A)=[0 0 0f,
1 01 0 0 O 0 0 0
and the kernels are trivial or spanned by the third or the second and the third unit vector,

respectively.

The symmetric trace matrix is very useful. To see why, we consider a coefficient vector v =
(vp : peP) € CP and the associated polynomial f = v-P € Il/.#. Since the trace of a ma-
trix is the sum of its eigenvalues and since the eigenvalues of M, are q(z), z € Z(.¥) with
multiplicity u(z), we obtain for v = (v, : p € P) € CP that

v Tgv="3 (Ty),,Tpvpy= ) (traceM[qpp'])Tpvy

p,p'eP p,p'eP
= traceM Z q~v_pp~vprp’ =traceM[q~|f|2], f=v-P=vap€P,
p:p'eP peP
= Y w249 |fe)%
Z€Z(5)
hence
viT,v="Y p@q@lw P (2F. (3.1.19)
zeZ(F)

This already suffices to prove a statement that characterizes the polynomials in I1/.# which
vanish on Z(.#), that is, the polynomials that prevent .# from being radical.

Theorem 3.1.28. For a polynomial f = v-P €ll/.%, ve C?, we have that
fZI)=0 < Tiv=0. (3.1.20)

Proof: “=": for w € C" we define g := w- P and get that

w'Tiv="Y w2g@ fz)=0,
——

zeZ(9) >0

and since w was arbitrary, this implies that T; v = 0.
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3.1 Solving equations

Algorithm 3.1.1 RADICAL COMPUTATION: F < IT such that (F) is zero dimensional.
1: Compute a I'-basis G of (F) and the quotient space [1/(G) = vg(II).
2: Compute a basis P of I1/(G).
3: Compute the multiplication tables M,,,y, p, p’ € P and the trace matrix

Ty — (trace M, : p,p' € P)
4: Determine by SVD a basis V of

ker Ty :={veKk'": Tyv=0}.

o

: Compute a I'-basis R of (FUV - P)
. Result: T-basis R such that V.7 = (R).

2]

For “<” assume that T3 v = 0 and let v, € C” be the linear independent vectors such that
m;=1v,-P, ze Z(.¥), with the m, from (3.1.14). Then we get that
o=vio=vIimv= Yo u(d)m. () f(2) = f(a), z€e Z(.9),
Z€Z(.5) S

:5z,z’

from which we conclude that f (Z(.#)) =0. 0

This eventually allows us to design an algorithm that removes multiplicities of zeros or, in
other words, computes the radical of an ideal.

Example 3.1.29. We can now give the radicals of our examples, namely /.#; = %

VI ={(x(x=1),xy,y%y)=(x(x-1),y), VI3=(Fx3y"xy)=(xy),

which are exactly the ideals of all polynomials vanishing at (0,0) and (1,0) or (0,0), respec-
tively.

3.1.3 Finding the zeros

Now we only have to put together the tools we built so far to get an algorithm for finding the
common zeros of a zero dimensional ideal. After passing to the radical, the multiplication
tables are diagonalizable and have only Jordan blocks of size 1 x 1 and since the respective
eigenvectors are the £, ze€ Z (\/? ), we can use them to connect the solution. Especially the
eigenvalues of the coordinate multiplications M, j = 1,..., s, are the coordinate projections
z;j of the zeros.

Remark 3.1.30. In principle, Algorithm 3.1.2 works well, but it runs into problems if there
are z,z' € Z(#) and j € {1,..., s} such that z; = z} as then the eigenvalue of M), becomes a
double one and the eigenvectors cannot be determined any more — any linear combination
of the two eigenvectors is an eigenvector again.

To overcome the problem of multiple eigenvalues in the multiplication tables one could switch
to different coordinate projections as any set of multiplication tables M vT0) with linearly in-
dependent v; € C* would do the job; however, predicting the proper v; is difficult again,
though they are “bad” only on a set of measure zero. We will use a different approach that di-
rectly computes the joint eigenvalues of commuting matrices, thus making use of the struc-
ture of the multiplication tables. This approach will be derived in Section 3.1.4.
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3 Polynomial zeros

Algorithm 3.1.2 COMMON ZEROS: F < I1 such that (F) is zero dimensional.

1: Compute a I'-basis G of /(F) by Algorithm 3.1.1.
2: In I1/(G) compute the multiplication tables M(.)j.

3: Compute the eigenvalues Aj; and eigenvectors and vjr of My, k =
L,...,dimII/{G).

4: for dok=1,...,dimII/{G)

5: V—UVik

6: zk<—(/ljk/:vjk/:v,jzl,...,s)

7: end for

8: Result: Common zeros z¥, k=1,...,dimII/(G)

3.1.4 Common eigenvectors of commuting families of matrices

Before we define the algorithm for computing the common eigenvectors, we first give some
special ones among them a special name.

Definition 3.1.31. The jth COMPANION MATRIX M is defined as the multiplication table M, ,
j=1,...,s.

Remark 3.1.32. According to Theorem 3.1.9, the companion matrices form a commuting
family of matrices and these matrices are DIAGONALIZABLE if the ideal .# is a radical ideal as in
this case the polynomial ¢, z € Z(.#), form an eigenvector basis of I1/.#. Writing £, = v - P,
v, € CP, for some basis P of the quotient space, and setting V = [v, : z€ Z(.#)] € CP*4() it
follows that

M;V=Vdiag(zj:2€ Z(¥)) o  VM;V=diag(zj:z€2(¥)), j=1,...,5
(3.1.21)
hence the companion matrices for a radical ideal are JOINTLY DIAGONALIZABLE by means of
V.

Example 3.1.33. The case .#; of Example 3.1.6 shows which problem can nevertheless occur.
If we use eigenvalue computations of M, and M, be means of octave, we get

>> [1,E] =eig( L0000 ;110;0001)

1 =
0.00000 0.70711 0.00000
1.00000 -0.70711  0.00000
0.00000 0.00000 1.00000
E =

Diagonal Matrix

1 0 O
0O O
0O 0 O
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and
>> [1,E] =eig( [00O0 ;000 ; 10117])
1 —
0.00000 0.70711 0.00000
0.00000 0.00000 1.00000
1.00000 -0.70711  0.00000
E =
Diagonal Matrix
1 0 O
0O 0
0O 0 O
0 0
which allows us to identify the zeros (1,0) and (0, 1) by means of the eigenvectors | 0 | and | 1 |.
1 0
1
The third common eigenvector, | —1 | is not found by the eig command, but can obtained by
1

properly combining the last two eigenvectors of the two matrices - for multiple eigenvectors
only one basis of the eigenspace can be computed, and this basis is not unique.

Remark 3.1.34. The problem of not finding proper joint eigenvectors has been recognized
and solved in [Moller and Tenberg, 2001]; here we give a more symmetric modification of
their algorithm from [Sauer, 2018a]. Note, however, that the algorithm by Moéller and Tenberg
can even be extended to zero finding for non-radical ideals.

The idea of the algorithm that computes and relates the common eigenvectors of the com-
muting family of companion matrices for a radical zero dimensional ideal .#, we make use
of the convenient approach to identify a matrix A € C"*" with the at most m-dimensional
subspace AC™ of C" spanned by the columns of the matrix. Since an element in intersection
of the subspaces An B must be of the form

Av=Bw o Av-Bw=0 o (Al—B)(;}})

the intersection can be determined as the kernel of the COMPOUND MATRIX (AI - B), where
good old SVD comes in handy again and immediately gives Algorithm 3.1.3. Some more in-
formation about adapting the threshold in this method can be found in [Sauer, 2018a].

Next, a little bit of convenient notation.

Definition 3.1.35. For a diagonalizable matrix A € C"*#* we denote by A(A) = (A, E), A € C",
E =[ey,...,e;] the EIGENSTRUCTURE of A, that is,

Aejz/ljej, j=1,...,n.
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3 Polynomial zeros

Algorithm 3.1.3 SUBSPACE INTERSECTION: A € C"™*%, Be C**?, threshold 7 > 0.
1: Compute SVD UXV* — (A| - B)
2: Compute numerical rank r — max{k: oy > 7}
3: Set

+b—
C— E (Avlza,r+1:a+b + BVa+1:a+b,r+1:a+b) eCc" d

4: Result: C = AnB.

We write the eigenvalues with multiplicities as (A, u) € C™ x N™ for some m < n which means
that A is a permutation of

A1y A, e Ay e A)
—— ———
H1 ﬂm

and)ALj;é/Alk,j;ék.

Remark 3.1.36. The eigenstructure A(A) is what matlab or octave computes with the eig
command.

The method to compute the joint eigenspace and thus the zeros is given in Algorithm 3.1.4.

Algorithm 3.1.4 EIGENSPACE INTERSECTION: M;C"*" jointly diagonalizable.

1 (A, ), E) := (A, E) — A(M))
2: Partition

V=W1l...1Vy) — EP, P permutation,

such that
Mij:/lka, k=1,....m
3: —m
4: for j=2,...,sdo
55 (ALE)—A(VIM;V)
6:  Partitionas E=(E1|...|En)
7: Vi — (ViknVEL|...IVknVEp), k=1,...,¢
8:
1
0 — Z #{t:dim(V;, "nVE;) =1} (3.1.22)
k=1
9: end for

10: Result: C = AnB.

Remark 3.1.37 (Eigenspace intersection method).

1. The partitioning requested in Step 2 of Algorithm 3.1.4 comes for free when using the
function eig in matlab or octave as it orders the eigenvalues according to some cri-
terion.

2. The variable ¢ encodes the number of blocks in the actual partition.
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3.1 Solving equations

3. The PREDIAGONALIZATION by means of V in Step 5 is not necessary, but improves the
computational performance: whenever a column of V is already an eigenvalue of M;
for an eigenvalue A, we get that

* * 0 = *
* ...o0ox 0 % .. =%
viIiMjv={0o ... 0 A 0 ... 0f,
0
* ...ox 0 0% .. %

which significantly eases the work of the eig function.

4. The operation in (3.1.22) counts the new number of pieces in the partition of V. If
VikNVE; = {0} would be trivial, it can be represented by an empty matrix and thus even
omitted.

Theorem 3.1.38. If M;, j = 1,...,s, are companion matrices of a zero dimensional radical
ideal, then Algorithm 3.1.4 computes a matrix V that simultaneously diagonalizes the matrices
M.

] .

Proof: We first prove by induction that after j steps the blocks V1,...,V, of V are exactly the
nontrivial intersections of eigenspaces of Mj,..., M; and for j = s this proves our theorem
since these intersections must be one-dimensional and consist of the ¢, z€ Z(.#). For j =1,
the statement is exactly the setup in Step 2 of the algorithm and to advance the induction
hypothesis, we note that, by definition of E in step j + 1, we have

MinVE,=VV MjVE =AVE, t=1,..,m,

hence any such intersection Vi n VE; is a joint eigenspace of M1 and, by induction, also
one of My, ..., Mj, which completes the induction.
Moreover, E and V are nonsingular, hence C"* = VE; & --- @ V E;, and therefore

m

m
Vi=VinC" = an( VEt) =@P(VinVEy),

t=1 =1
which yields C" = V] & - -- ® V at each step j and proves that V contains all intersections. [

Example 3.1.39. We continue Example 3.1.33 and start with the decomposition

1\ (0 V2 0 0] v2 0
M.~{l0],[1 -v2 o0 = V=|1|-v2 0
0 0 0 1 0 0 1
With the direct decomposition®
1\ (0 V2 0 ol v2 0
My~ 01],]10 0 1 => [VE1|VE)]=1| O 0 1
o/ \1 -v2 o0 1/-v2 0

SWithout the prediagonalization step.
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3 Polynomial zeros

We compute the intersections

0 0 V2
VinVE; ={0}, ViNnVE,=span | 1], VonVE; =span (0|, VoNVE; =span -2
0 1 -2

0\ (0 1
and found the three normalized eigenvectors | 1 |, (0 L (—1 and
1

" V3

0 -1
V3
V=]1 0 —-v3
01 -v3

has the property that
1 0
VM V= 0 ., Vimv= 1 )
0 0

from which we can read off the zeros (1,0), (0,1) and (0, 0).

3.2 Zeros and their multiplicity

We now come to one of the fundamental chapters in this lecture, namely a precise description
of multiple zeros of polynomials. To my knowledge, this is due to Grobner [Grébner, 1939],
see also [Grobner, 1970].

3.2.1 Invariances and dualities

We begin with some fundamental concepts.

Definition 3.2.1 (Invariances). A set & Il =K][x] is called

1. SHIFT INVARIANT if
feZ = fl+ye?, yek’ (3.2.1)

2. D-INVARIANT or DIFFERENTIATION INVARIANT if

fe& => gD fe?, qell 3.2.2)

3. By1,, ye K’ we denote the SHIFT OPERATOR, T, := f(-+ ).
YTy, Y y y

Remark 3.2.2. Specifying y = 0 or g = 1, we immediately see that the direction “<” is also
valid in (3.2.1) and (3.2.2), respectively.

It is worthwhile to note that the two invariance concepts are in fact the same one.

Proposition 3.2.3. A subspace & < 11 is shift invariant if and only it is D-invariant.
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3.2 Zeros and their multiplicity

Proof: If & is shift invariant, then all the polynomials %(T ny—D f, he R, belong to the finite
dimensional closed space & n Hgeg -1 by means of (3.2.3). Therefore, the limit Dy f, the
DIRECTIONAL DERIVATIVE with respect to y of f, also belongs to &. Conversely, the TAYLOR
FORMULA

immediately implies that 7, f is a finite linear combination of derivatives of f, hence shift
invariance follows from D-invariance. g

Exercise 3.2.1 Prove the formula

fx+y= ) faZ(a)xﬁy“‘ﬁ, x,yeK’. (3.2.3)
lal<sdegf p=a p

Lemma 3.2.4. If & c Il is a nontrivial D-invariant space, then 1€ .

Proof: Choose 0 # f € &, then f(D)f is a nonzero constant that belongs to & since the
space is D-invariant. ]

Next, we extend “our” inner product.
Definition 3.2.5. By (-,);, z € K%, we denote the bilinear form
(f,8)z:=(f(D)g) (&) =(f71.8). (3.2.4)
Since
(f,8)z=(f,7:8) = .8 ) = (1D f)0) = (7.)(D)1_.f) (2) = (128, T-2f)
the bilinear form is not symmetric for z # 0. But still it has the fundamental property that
(fg,8)-=(f(D)g(D)g)(2) = (f,q(D)g), . (3.2.5)
Proposition 3.2.6. For z € K* let %,% <11 be related by
F=ker(,9);:={fell:(f,9) =0}, “:=ker(#,);:={gell:(#,8)=0}. (3.2.6)
Then % is an ideal if and only if9 is D-invariant.

Proof: .% and ¢ are both closed under addition since the form is bilinear. Let .% be an ideal
and g € I1. Then, for any g € ¢

0=(qf.8):=(f,qD)g),  feZF,
hence ¢ is D-invariant. For the converse, we note that for f € .% we have that

0=(f,q(D)8):=(qf,8)z  8€Y,
hence g f €.%# and thus .# is an ideal. O

Definition 3.2.7. A pair .%,% < II for which (3.2.6) holds is called a DUAL PAIR of subspaces.
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3.2.2 Multiple zeros

First a small bit of terminology.

Definition 3.2.8. The POINT EVALUATION FUNCTIONAL §,: 1 — K, z € K® is defined as § . f =

f(2).

Now we are in position to characterize zero dimensional ideals in terms of zeros and their
multiplicities.

Theorem 3.2.9. Let K be an algebraically closed field®. An ideal % <11 is zero dimensional if
and only if there exist a finite set Z(.9) c K® and finite dimensional D-invariant spaces 2,
z€ Z(#), such that

F= ] kerd,02,(D)={fell:q(D)f(z)=0,g€ 2;,z€ Z(9)} 3.2.7)
zeZ(S)

Proof: Suppose the .7 is zero dimensional. Since for any z € K* the set ¥+ (z) = ker (.%,-), is
a D-invariant subset of I1. By Lemma 3.2.4 it is either trivial or contains 1 and since the latter
implies that .7 (z) = 0, we can conclude that

= M Z )
G+ (2) { 0, 2g 2(7) (3.2.8)
210y, zeZ(¥).
Set 2, =%+ (z). Then, again by Proposition 3.2.6
= [ ker(,2,), (3.2.9)

zeZ(F)

is an intersection of ideals, hence an ideal, and since (%, 2;), =0, it follows that .¥ < _# and
Z(SI)=Z(_ 7). Therefore,
ker( 7,),cker(S,), =2,

and a strict inclusion .# < _¢ would imply a strict inclusion above. But this is impossible
since (3.2.9) implies that (_¢#, 2;), =0, hence ker(_¢,-), 2 Z,.

For the converse, we first note that each .7, := ker (6, 0 £,(D)) is a primary ideal with vari-
ety {z}. Since 2, is finite dimensional, it follows that

deg 2, = maxdegq < oo
qe2;

and therefore (q(D)7_.f)(z) = 0 for any f € H% for k > deg.2,, so that Vi(.%,) = l'[?C for
k> deg 2, and I1/.7, € W(.%;) S llgeg 2, is finite dimensional. This carries over to the in-
tersections. O

Exercise 3.2.2 Prove that the intersection of two zero dimensional ideals is zero dimensional
again, in particular
dimIl/(S n _¢) <dimIl/.¥ +dimIl/ ¢ .

6Alternatively one could request Z c K, the ALGEBRAIC CLOSURE of IK.

92



3.2 Zeros and their multiplicity

Definition 3.2.10. The space Z; is called the (structural) MULTIPLICITY of the zero at z €
Z(#). The SCALAR MULTIPLICITY is p(z) := dim 2,. Moreover, we use the notation

I, =ker6,02,(D)={fell: (q(D)f)(2)=0,qg€ 2,} (3.2.10)
for the local primary components.

For more information on the dimensionality of the associated quotient spaces, it pays off to
use a slight extension of Theorem 2.1.8.

Corollary 3.2.11. For f,q €1l and z € K* we have that

(aD)f) (@) =(f,qez), e;:= ) Z—|(-)“=ezT“. 3.2.11)

N
aeNy

Proof: By (2.1.11),
(qD)f)(=2) = (q(D)f,ez) = (f qez)-

0

Proposition 3.2.12 (Dimensions). For any zero dimensional ideal .7 in a algebraically closed
field K we have that

dimIl/.%, = dim 2, (3.2.12)
and
dimIl/.# = ) dim2,. (3.2.13)
zeZ(S)

Proof: Let P, be a basis of IT1/.7, and Q, a basis of .2, and consider the matrix

peP,

G:= , :
(p,qez) geQ,

If the rank of this matrix is smaller than #Q, then there exists v € K9 such that Gv = 0, hence
0=(I1/27,(v- Qzey)
and since any f € I1 can be written as v ¢ (f) + f', f' € #, =ker(-, 2,e,), it follows that

(f,(w-Qez) = (vs(N),(v-Qoez) +(f,(v-Qrez) =0,

from which we conclude that v- Q. = 0 and thus v = 0. Hence, rank G = #Q, = dim 2, which
proves (3.2.12). The same argument, now taking into account the linear independence of all
qez q € Qg z€ Z(.¥), also verifies (3.2.13). O

Example 3.2.13. Let us consider triple zeros at (0,0). One choice is that .2, = IT; which leads
to
I ={txy,yh), L= (3.2.14)

or we can choose Qg = {1, p, g} where p is an affine polynomial of the form’ p = ax + by and
q = ux?+vxy+wy?+cx+dy. To ensure D-invariance, we have to consider

0 0
£=2ux+vy+c, £=vx+2wy+d

"We can drop the constant part as it is covered by the constant in the basis.
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and choose the parameters in such a way that both derivatives are contained in span {1, p},
yielding®

a b
2

’

hence, if we write v = aab, we get u = $a” and w = 5

b
b?, yielding

a2 2 22 a 2 a 2
q(x,y)zz(a x“+2abxy+b°y )+cx+dy:§(ax+by) +cx+dy:§p(x,y) +cx+dy,

so the general case is
9y =span{l,p,p*+ 10}, éEH?.

If g € 19 is such that (g, p) = 0, i.e., (x,y) = bx— ay, then
I ={q,p*), I1/.# =span{l, p, p*},
with the special cases
S = <x3,y>, I1/.7 =span/{l, x, x*} and .= (x,y3>, I/.7 =span{l,y,y*}

of pure partial derivatives.

8The special cases that either a = 0 and b = 0 have to be considered separately, but they are simpler
as theylead to .# = (x,y°) and .¥ = (x3, y), respectively.
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Interpolation 4

Il est manifeste que l'interpolation des fonctions de plusiers variables ne de-
mande aucun principe nouveau, car dans tout ce qui précede le fait que la
variable indépendante était unique n'a souvent joué aucun role.

Itis clear that the interpolation of functions of several variables does not de-
mand any new principles because in the above exposition the fact that the
variable was unique has not played frequently any role.

(H. Andoyer in [Andoyer, 1906])

INTERPOLATION can be seen as a RECOVERY PROBLEM:

Given SITES & cK®, #2 <oo,and y € KZ find f €Il such that

f(Z)=y, ie, f)=yx, xeZ. (4.0.1)

The task in (4.0.1) is to reconstruct or recover a function f in a structured way from finite
information on the function, in this case from the value at certain points.

Multivariate interpolation is a fairly recent topic, especially compared to the fact that the
univariate case is already covered in [Newton, 1687] and that, according to [Bauschinger, 1900]
the name has been coined by J. Wallis as early as even 1655.

The oldest work on multivariate interpolation can be found in [Jacobi, 1835, Kronecker, 1866],
for details see [Gasca and Sauer, 2000b]. Systematic studies began around 1900 in the context
of algebraic geometry, numerically it was considered in [Radon, 1948]. In all what follows,
we only consider the case of finitely many interpolation conditions, avoiding concepts like
TRANSFINITE INTERPOLATION or interpolation along curves.

4.1 Basic aspects

We begin by collecting some very elementary facts about polynomial interpolation and mainly
giving a series of definitions and very straightforward results.

4.1.1 Terminology

The simplest type of interpolation problem is the one defined in (4.0.1) that depends only on
point evaluations.

Definition 4.1.1. An interpolation problem is called a LAGRANGE INTERPOLATION problem if
the result depends on function values only, i.e., if it is of the form (4.0.1).

Lemma 4.1.2. The Lagrange interpolation problem is always solvable.
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Proof: Use o ,
(x=x)"(-x"
f=Y wll ——7—

(4.1.1)
xeZ  X#x ”x_x,”§
]

In general, we can start with a finiteset 0 : I1 — K of linear functionals defined on the polyno-
mials; linear independence means that

0=) cb(f)=0, fell < ¢=0, HeO.
0cO

Definition 4.1.3. Let ® c I/, #0 < co. The GENERALIZED INTERPOLATION PROBLEM consist of
finding, for any y € K© a polynomial f € IT such that

o=y ie, O0(f)=ys, 0O€0O. (4.1.2)
The functionals in IT' can be easily embedded into the formal power series since

0(()") 4

0(f)=(frep), eglx):= ) x%, (4.1.3)

S
aeNy

see the proof of Theorem 2.1.8.
Now we can classify generalized schemes in various ways, originally due to Birkhoff [Birkhoff, 1979].

Definition 4.1.4 (Ideal interpolation). A generalized interpolation problem is called an IDEAL
INTERPOLATION problem if its kernel

ker®:={feIl:0(f) =0}
is an ideal.

Remark 4.1.5. Lagrange interpolation is ideal interpolation since {f € IT: f(:2") =0} is an
ideal.

By Theorem 3.2.9 any zero dimensional ideal Z(.#) can be written as the kernel of D-invariant
spaces of differential conditions evaluated at Z(.#). Hence any ideal interpolation problem
can be interpreted as a Hermite interpolation problem where consecutive derivatives have to
be interpolated.

Definition 4.1.6. A HERMITE INTERPOLATION problem consists of the conditions
(q(D) ) (X) = yq,x» qe€Qu, xe X, (4.1.4)

where Q, is a basis of the D-invariant subspace 2, c I1. A generalized interpolation problem
that is not ideal is called a HERMITE-BIRKHOFF INTERPOLATION problem.

Remark 4.1.7. D-invariance takes care of the derivatives being consecutive.

Example 4.1.8. A simple Hermite-Birkhoff interpolation problem is to interpolate 0 f/dx at
some point, but not the function value.

Definition 4.1.9. A linear subspace & < I1 is called an INTERPOLATION SPACE for the gener-
alized interpolation problem with respect to © c IT if for any y € K® there exists p € & such
that ©(p) = y. Itis called a UNIQUE INTERPOLATION SPACE if the INTERPOLANT p is unique.
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4.1.2 Linear algebra and the difference to the univariate case

As long as linear functionals are involved, we can use obvious linear algebra to describe the
solvability of interpolation problems. The following concept is fundamental for that purpose.

Definition 4.1.10. For P cI1 and ® c IT/, the associated VANDERMONDE MATRIX is defined as

(4.1.5)

V(P,e)::(e(p): 90 )

peP

and describes interpolation with respect to ® on Z. In the case of Lagrange interpolation
problems we simply write V (P, Z") and in the case of Hermite interpolation we use V (B, (£, Q))
where Q = (Qy : x € 27) is a vector of bases for the D-invariant spaces 2.

With the Vandermonde matrix we can write the interpolation problem as
y=V(O), vek?, (4.1.6)
as then ©(v- P) = y. Standard linear algebra gives us the following observation.

Theorem 4.1.11. Let P be a basis for & <11 and © c I1' be a finite set of linearly independent
functionals. Then

1. & is an interpolation space for © if and only ifrank V (P, ©) = #0O,
2. < is an unique interpolation space for © if and only if V (P,©) is invertible.

Even if this theorem is almost trivial as it is only a reformulation of the problem, it gives
us some insight into the differences between the univariate and the multivariate case. In
the univariate case, as shown in Theorem 1.2.1, any n + 1 pairwise distinct points could be
uniquely interpolated by I1,,. This makes II, a so-called HAAR SPACE where interpolation is a
matter of counting and dimension only. This is lost in higher dimensions and it is not even a
matter of polynomials.

Example 4.1.12. If X c R? contains an open set or a branch, then there exists no Haar space
for functions defined on X.

Proof: Given 2" with #2 = 2, we choose x,x' € 2, x # x', and two continuous functions
u,v:[0,1] — X such that

u0) =v() =x, u(l) = v(0) =x, u(t) #v(t), tel0,1],

and u(r), v(t) € 2 \{x,x'}. In other words: u and v switch x and x’ continuously without
violating the fact that the points are different. Now let ® with #® = #.2" an arbitrary linearly
independent set of functions X — R.

ped

Do) =det|¢(y): yelu@,vtu (2 \ x,x) )’

t€l0,1],

is continuous in t and satisfies D(0) = —D(1), due to which there must exist t* € [0,1] such
that D (¢*) = 0, so that interpolation at {u(¢*), v(r*)} U (2" \ {x,x'}), v (*), X3, ..., X, is impos-
sible. This procedure is shown graphically in Fig. 4.1.1 g

In fact, it turns out that Haar spaces exist in the univariate case only:
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Figure 4.1.1: Switching the points x = x; and x’ = x,, somewhere in between interpolation

has to fail. On the right hand side the procedure for a branch, cf. [Lorentz, 1966,
S. 25]), which works like shuffling trains on a railroad track.

Theorem 4.1.13 (MAIRHUBER’S THEOREM, [Mairhuber, 1956]). For a compact metric space X
there exist nontrivial’ Haar spaces if and only if X is homeomorphic to a compact subset of the
TORUS T.

Example 4.1.12 has some important consequences that we list next.

Remark 4.1.14 (Multivariate interpolation).

1. For each subspace & c I of polynomials with basis P there exist configurations 2~ of

sites such that det V(B Z") = 0, hence interpolation is not solvable in general on this
set. Interpolation is not a matter of counting but of geometry.

. Each nontrivial subspace & with basis P has a dual set of points 2", #2 = #P, for

which det V(B Z") # 0. This is easily proved by induction on #P, where #P = 1 is simply
the fact that a basis element is by definition not identically zero. For the induction step,
we pick some p € P, find a point x where p(x) # 0 and apply the induction hypothesis
to

"(x)
P’:{ P e py }
p () p:p ip}
to obtain a set? .2’ such that det V(P', 2"") # 0. Then, with 2" = {x}u 2",
detV(R2) =+p(x) det(V(P', Z")A) #0,

where A is the nonsingular matrix that switches between the bases P and {p} U P'.

. f#P =#2 such thatdet V(B Z") =0, we know that det V(B -) is a nonzero polynomial

in the components of the sites and thus only vanishes on a set of measure zero. In
other words: polynomials are an almost Haar space.

. Nevertheless it is the set of measure zero that causes trouble and can make polynomial

interpolation problems arbitrarily ill-conditioned even if the points are well-separated.

1® = {0} and ® = C are Haar spaces but not interesting.
2Since P'(x) = 0 we cannot have x€ 2.
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In the univariate case any Hermite interpolation problem can be expressed as the limit of La-
grange interpolation problems with COALESCING POINTS which means that in the limit some
of the interpolation points collapse into a single one and the direction of collapsing® deter-
mines the directional derivative. This does no more in such a straightforward way in the
multivariate case.

Example 4.1.15. For any & > 0, the Lagrange interpolation problem at
21 :=1(0,0), (h,0),(0,h),(1,1), A+ h,1),(1,1 + h)}

has a unique solution in Iy, as can be easily seen from considering the Vandermonde matrix

1 0 0 0 0 0
1 h 0 h? 0 0
1 0 h 0 0 h?
VR 2=, ) . . N P=11,x,yx* xy,y*).
1 1+h 1 @(+h? 1+h 1
1 1 1+h 1 1+h (1+h)?

whose determinant is —44°. The limit problem, on the other hand, would be a Hermite in-
terpolation with
2 ={0,0),(1,1)}, Loon=2aqyn=II

which is not solvable in I, as it defines 4 conditions on the line connecting the two interpo-
lation points.

4.2 Interpolation constructions

In view of the examples of the preceding section it becomes clear that in several variables
even the question when an interpolation problem is (uniquely) solvable depends on the
space & and the set of functionals © or, in the simpler case of Lagrange interpolation prob-
lems, the set 2" of sites. There are essentially two directions of research, namely

1. given a space & determine 2" or even O such that the associated interpolation prob-
lem is (uniquely) solvable,

2. given a set O of functionals or 2~ of sites, find a space & that allows for (unique) in-
terpolation.

There are even examples of constructions that do both at the same time, cf. [Gasca and Sauer, 2000a],
but mostly the above two approaches persist as can be seen in surveys about multivariate
polynomial interpolation like [Gasca and Sauer, 2000c, Gasca and Sauer, 2000b, Lorentz, 2000,
Sauer, 2006].

4.2.1 Constructing point sets

Since historically people started by constructing interpolation sets, we will follow the chronol-
ogy here and start with two classical constructions due to Radon? [Radon, 1948] and Chung
and Yao and comment on some of their connections. Both constructions are based on hyper-
planes and both give sites 2~ that allow for unique interpolation in the total degree space I1,,
for some n = 0.

3Yes, this is more complex in the multivariate situation.
*Yes, the guy with the famous transform in computerized tomography.

99



4 Interpolation

Definition 4.2.1. A HYPERPLANE H c K is the zero set of an affine function h(x) = v7x +c,
that is
H={xeK’: h(x)=0}. 4.2.1)

We make the convention that the NORMAL VECTOR v of the hyperplane is NORMALIZED such
that ||vll, = 1. This defines it up to sign.

Remark 4.2.2. Since we aim for unique interpolation in IT,,, the associated set 2}, of sites
must satisfy #.2, = dimIl,, = ("{°).

Radon’s construction is inductive on n and s, taking into account that the case n = 0 is really
simple: nonzero constant function interpolate nicely at a single point. Univariate interpola-
tion on which the recurrence by s is based is also simple as the points only have to be distinct.

Now suppose that a set 27, for I1,, has been constructed, then one chooses a hyperplane H
suchthat Hh 2, =@ andrg = (?fls ) points 2 r?+1 on this hyperplane that allow for interpola-
tion by I1,,4; in s — 1 variables. Setting 2+ := 25, U %,,?H, we obtain the set we are looking
for.

Theorem 4.2.3. The set 2,1 constructed above admits unique interpolation for .

Proof: We construct the LAGRANGE FUNDAMENTAL POLYNOMIALS ¢, € 1,1 with £,(x") =
Oxx» X, x' € 2,41, which also proves the existence of a unique interpolant for any values
to be interpolated.

For x € Z,, we use the fact that /(x) # 0 by definition of H and the fundamental polynomi-
als ¢, € T1,, with respect to 2y to define

Oy :=——0, x€ %,
X h(x) X n
with the requested properties.
For x e %n0+1 we write the points as 3{,?“ := y* + V%1, where the columns of V € [K$*$~!

complete v to an orthonormal basis of IK*. The polynomials

=00V (-y),  BeKin,ysl, xeZ

n+1»

then satisfy ¢/ (x') = 6, v, x,x' € 22, and can be easily transformed into the Lagrange fun-
damental polynomials

fx:ZZ;— Z g;(xl)[x’ennﬂ, xeZ

n+1’
xX'eZy
which completes the fundamental basis and the proof. O

Remark 4.2.4. The original construction given by Radon in [Radon, 1948] only considered
the case s = 2 and distinct points on added lines.

The other construction by Chung and Yao [Chung and Yao, 1977] is, in some way, an almost
straightforward formulation of simple factorizable fundamental polynomials.

Definition 4.2.5. Aset 2 c K* is said to satisfy the GEOMETRIC CHARACTERIZATION of degree

nif forany x € 2" there exist hyperplanes Hy j, j = 1,..., n, such that

x¢ | Hy,j, 2 \{x} e | Hyj. (4.2.2)
j=1 j=1

Z is called a GC SET of degree n if it satisfies the geometric characterization of degree 7.

100



4.2 Interpolation constructions

Theorem 4.2.6. Any set 2 that satisfies the geometric characterization of degree n admits
unique interpolation inI1,.

Proof: By
e,

My

the Lagrange fundamental polynomials are given explicitly. U

x](x)

Definition 4.2.7. A collection ¢, := {Hj,..., H,} of hyperplanes is said to be IN GENERAL
POSITION if any s of them intersect in a single point:

() H={xx}, %E(%):z{%ﬂgjﬁ:#f%ﬂzs}.
Hest S

The intersection points points x -, # € (” ‘(”“)

are called a NATURAL LATTICE of degree n.
Proposition 4.2.8. Any natural lattice of degree n is a GC set.

Proof: Fixing 77 € (y 5’“) we only have to note that for any x_» € 2 \ {x,,} there exists a
hyperplane H' € 74, s\ 7 with x_ € H', which is exactly the geometric characterization. (]

©(0) (o)

Figure 4.2.2: Natural lattices with star-shaped intersections, showing the hyperplanes (left)
and the points (right) for degree 4 and degree 6.

If one tries to construct natural lattices, it turns out that they easily become quite large and
“flat”. It is, however, possible to construct such lattices in two variables by means of regu-
lar polyhedra, yielding point configurations that can be given explicitly and are located on
concentric circles, cf. [Sauer and Xu, 1996]. This triggered quite a few constructions, most
remarkably the so-called PADUA POINTS® [Bos et al., 2007, Caliari et al., 2006] in 2D that pro-
vide very good numerical conditioning in the sense that their Lebesgue constant grows very
moderately.

In addition, there is a famous conjecture in bivariate polynomial interpolation due to Gasca
and Maeztu [Gasca and Maeztu, 1982].

Conjecture 4.2.9. In 2D any GC set can be obtained by the Radon construction, that is, if 2 is
a GC set of degree n then there exist lines containingn, n—1,..., 1 points.

The case n = 1 of Conjecture 4.2.9 is trivial, the case n = 2 is a simple counting argument given
in [Gasca and Maeztu, 1982]. n = 3 has been proved by Bush [Busch, 1990] and so far® it is
known to hold true up to n = 5 with a very complicated and tricky proof [Hakopian et al., 2009,
Hakopian et al., 2014]. Indeed it has turned out that this problem has some very interesting
deep connections to algebraic geometry [Fieldsteel and Schenck, 2017] and relies strongly on
ideals and syzygies, cf. [Carnicer and Sauer, 2018].

SThey even have a Wikipedia page.
%June 2019.
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4.2.2 Constructing spaces

The opposite approach is to consider the set of sites, 2Z°, or, more generally, the set © of
functionals as given and to construct an appropriate unique interpolation space &. The
spaces are conveniently described by their behavior on polynomials itself, i.e., by the action
of the interpolation operator L:I1 — &.

The question of existence of such spaces is easily solved as long as the interpolation prob-
lem is an ideal one.

Theorem 4.2.10. For each ideal interpolation problem there exists at least one unique inter-
polation space.

Proof: Since the problem is ideal, .# = ker® is an ideal and, due to the general assumption
that dim® < oo, Proposition 3.2.12 implies that I1/.7 is finite dimensional. For an any grading
I there exists a I basis G for .# and the normal form space & := v 4 (1) is well defined and
has dimension #0. Let P denote any basis of Z. Since any v € K such that

0=V(RO)v=(0(v-P):0€0) = v-Pe(l/F)n.7 =0},

must satisfy v = 0, the Vandermonde matrix V(P,®) is nonsingular and therefore &7 is a
unique interpolation space. O

Definition 4.2.11. The CANONICAL INTERPOLATION SPACE for an ideal interpolation problem
with respect to © c IT' is v 4 (I1), where .# := ker®. The FUNDAMENTAL POLYNOMIAL #g is
defined as

lo:=vy-P:=(V(PO) 'ey)-P  HeO. (4.2.3)

Remark 4.2.12. The existence of the fundamental polynomials follows from the proof of The-
orem 4.2.10 where the nonsingularity of the Vandermonde matrix has been shown. The fun-
damental polynomials satisfy

0'(9) =0"(vg- P) = ey Vpoup = e Ve V(P.O) 'ep = ej,e9 = 500 (4.2.4)
as expected.

Definition 4.2.13. The DEGREE of a subspace & c II with respect to a given grading I is
defined as
6(L) =sup{d(p): pe &} (4.2.5)

If &7 is finite dimensional, the “sup” in (4.2.5) can be replaced by “max”.

Definition 4.2.14 (Minimal degree & degree reducing). A unique interpolation space & cI1
with respect to © c IT' is called

1. of MINIMAL DEGREE if any unique interpolation space 2 c I1 satisfies 6§ (2) = §(£).

2. DEGREE REDUCING if
5(Lef)<é6(f), fel, (4.2.6)

where Lg : IT — & denotes the INTERPOLATION OPERATOR defined by

0(Lof)=0(f), 0Oeo. (4.2.7)

Proposition 4.2.15. Any degree reducing interpolation space is of minimal degree.
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Proof: Let & be a degree reducing space, Lg : [1 — & the associated interpolation operator
and assume that 2 is a unique interpolation space of smaller degree, §(2) < §(). Let % €
2, 0 € ©, be the fundamental polynomials, then, since & is degree reducing,

5(lg) =06 (Loly) <6(0y) <deg 2 <deg(??), 0€0,

which means that any f € & satisfies

5(f) :5(2 0(f) 49) < maxé(fg) < deg & (4.2.8)
T 0e®

which is a contradiction. g
From (4.2.8) we get the following conclusion.

Corollary 4.2.16. For any unique interpolation space we have that max{d(£g) : 0 € ©} = § ().
Exercise 4.2.1 Show that if &2 = II,, is a unique interpolation space for the sites .2 then
degl =n,xe 2. ¢
Theorem 4.2.17. The canonical interpolation space is degree reducing.

Proof: The fact that for any I basis G
f= Z feg&+vs(f)

geG
is a I'-representation implies that 6 (v_» (f)) < 6(f), hence interpolation is degree reducing. [J

Remark 4.2.18. The canonical interpolation space v » (IT) and its basis ¢y are a template for
any other unique interpolation space. Indeed let % be the fundamental polynomials of an-
other unique interpolation space, then £y—¢4 € .. In other words: any unique interpolations-
pace & can be written as

P =span {lyg+ fy: foge 7, 0€06} (4.2.9)

where ¢y are the fundamental polynomials of the canonical interpolation space. Not, how-
ever, that in most cases the space in (4.2.9) will not be degree reducing any more, this will be
elaborated in Section 4.3.1.

In the case of a monomial grading, that is, a Grobner basis, the canonical interpolation space
is particularly simple.

Example 4.2.19. If T is a monomial grading, then the monomial ideal A(.#) is of the form
A(F) =span {xY} for some upper set U < I\I(S). Hence, the canonical interpolation space takes
the form

v_¢(II) = span {xA}, A= I\IfJ \U. (4.2.10)

In other words, canonical interpolation spaces with respect to monomial gradings always
correspond to lower sets.

Definition 4.2.20. For A cNj, we denote by

I14:=span {x"} = { Y fa():facE K} (4.2.11)

acA

the monomial space generated by the exponents from the set A.
We can express the observations from Example 4.2.19 in the following way.

Corollary 4.2.21. For any ideal interpolation problem based on © c I1' there exists a lower set
AcNj such that11, is a unique interpolation space with respect to ©.
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4.3 lIdeal interpolation constructions

We now take a closer look at properties of canonical interpolation spaces.

4.3.1 Newton bases and ideals from points

Newton bases are a useful way of describing Lagrange interpolation problems and provide a
nice equivalence between the existence of such a basis and degree reduction that also allows
us to create “ideals from points”.

Definition 4.3.1. A subspace 2 <11 is called HOMOGENEOUSLY GENERATED if

2= (2nn,). 4.3.1)

yer
Proposition 4.3.2. Any canonical interpolation space &? < 11 is homogeneously generated and
Wy (F) := W, (G), S =(G), (4.3.2)
depends only on .#, not on the particular T -basis.

Proof: If f =}, f, € &, then f, € W) (G), for a T basis G of .# = ker®. If we apply reduction
to one of these components f then its projection on Vy(G) is zero and therefore v » ( fy) =fy
hence f, € v, (I) = £. In other words,

Wy (G) =v.» (Wy(G))

for any two I'-bases G, G’ of .#, hence depends only on .#. O

If & is a homogeneously generated space, the we can order the set of all relevant homoge-
neous spaces
Ty ={yel: 2nll, #{0}},

by size and write it as
To={y’...y"}, m=#p-1 (4.3.3)

For k=0,..., m this defines natural subspaces
k
P=Pnlly, A=, PlcPcP (4.3.4)
j=0

of Z. This allows us to extend the basic concept of the NEWTON APPROACH to several vari-
ables, namely interpolation by increasing degree with polynomials that vanish at “earlier”
points.

Definition 4.3.3 (Newton basis). A subset

m
N:UN]C' Nkcyk»
k=0

of & is called a NEWTON BASIS provided that

1. there exists a decomposition 2" = ZyU---U Z;, such that

Ne(Zj)=0, 0<sj<k=m, Ni(ZW=I1 k=0,..,m, (4.3.5)

104



4.3 Ideal interpolation constructions

2. and
I, = AN NI, e A (S (X)), yel. (4.3.6)

Remark 4.3.4. Condition (4.3.5) generalizes the main idea of the Newton approach, namely
that

(-=x0) -+ (- = Xk-1)

vanishes at the “earlier” points Xy, ..., Xx—1, we only normalized the polynomial differently to
make it 1 and x; instead of monic. Condition (4.3.6), on the other hand, does not exist in the
univariate case, it is a (necessary) ideal theoretic extension.

Lemma 4.3.5. If < is a canonical interpolation space, then
Tp={yel: W, (¥) #{0}}.

Proof: For each y € T' » there exist a polynomial 0 # p € I1, N & since, by Proposition 4.3.2 &
is homogeneously generated. Since p = v s (p) € W) (#) and therefore

{0} #{ptcT s :={y el : Wy (F) # {0}},

we conclude that I';» =T ». Conversely, if y € I s, there exists 0 # f € W, (.#) whose normal
formis f=vs(f) € &, hencey el », thatisT s €T 5. O

We can now give a construction of a Newton basis that is actually a generalization or applica-
tion of the Gram-Schmidt orthogonalization process.
To that end, we recall (4.3.3), begin with &y = & n I,0, choose a basis Py of & and form
the matrix
Py(2) = (px) : pe Py, xe Z) e P ?

If there exists v € K*0 such that
0=v"Po(Z) = (X pep, Vp P(X) : x€X) = (v P)(Z),

then v-Py € Zn.#,hence v = 0. This the rows of rank Py(.2") = #P; and’ there exists .2y < 2,
#2o = dim %, such that Py(2p) is nonsingular. The rows of the inverse® P, (Zo)7Y, are
coefficient vectors for polynomials, giving

No:= Py (27! Py (4.3.7)
as a vector of polynomials with
No(Z0) = Po(20)™" Po(Z0) = I.

This introduces a 1—1 relationship between Ny and 2 and allows us to index Ny = (1, : x € Zp)
or 2o =[x, : n€ Ny, whichever we find more convenient.

The next step consists in setting 2} = 2"\ 2 as the set of “free” points, to choose a basis
P{ of 1. =n IT,: to make this basis vanish at Zo by

P =P{-N; P} (%), ie, p:=p - pxn., pepr.
xeZo

“Since dim %, < dim & = #X the matrix has fewer rows than columns.
8Note that the inverse of a matrix in K”*# belongs to K% *Po.
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Indeed,
Py (Z0) = P (Z0o) — No (Z0) Py (20) = P1 (Z0) — P1(Z0) =0
=1
hence P, € &y + &) < & satisfies the annihilation part of (4.3.5). With the same argument
as above we again obtain thatrank Py (2}) = #P; = dim 2, as v’ P, () = 0yields that v- P,
vanishes at 27 but also at £ by construction of Py, hence v- P, € .# and therefore v = 0.
Thus, there are points 27 € 27, such that Py (27) is invertible, yielding

Ny :=P; (X)) ! Py. (4.3.8)

The general step with index k works in exactly the same way: we set

, k-1
=0

choose a basis PI’c of P :=Fn H),k and ensure, since the block matrix appearing in (4.3.9)
has identity matrices on the diagonal,

No(Zo) ... No(Zk-1) No
Py =P — (P (20)... P, (Zi-1)) : : (4.3.9)
Ni—1 (Zg-1)) \ N1

that
P(Zj)=0, j=0,..,k-1

Since, by the meanwhile well-known argument, rank Py (£%) = #Py = dim ;. there exists
Zr € Z} € 2, such that Py () is nonsingular, giving

N :=Prp (27! Py (4.3.10)

Remark 4.3.6. This procedure can be seen as a Gram-Schmidt process, but also as a block-
wise GAUSSIAN ELIMINATION applied to the Vandermonde matrix? P(X) where P is a graded
basis of &2, cf. [Boor, 1994]. In terms of numerical linear algebra, (4.3.9) could also be inter-
preted as a BACK SUBSTITUTION.

Remark 4.3.7. The choice of 2%, k =0,...,m, is not unique in general, quite the contrary,
the generic case is that any subset of 2 k/ of proper cardinality can be chosen as Z%. The
strategy to choose these points can be seen as a PIVOTING STRATEGY, yet another concept
from numerical linear algebra.

The following statement just summarized the construction, there is nothing left to prove.

Theorem 4.3.8. The polynomials N = [Ny : k=0,...,m] constructed above form a Newton
basis of .

But this is only half of the truth. In fact, the existence of a Newton basis even characterizes
degree reducing interpolation spaces, at least as soon as the are homogeneously generated.

Theorem 4.3.9. A homogeneously generated subspace &? 11 is a degree reducing interpola-
tion space with respect to 2" < K" if and only if it has a Newton basis.

9To be precise: the transpose of the Vandermonde matrix.
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4.3 Ideal interpolation constructions

Proof: The trick in the proof is to connect everything to the canonical interpolation space
ZP* .= v _#(I) and its Newton basis, which we denote by N*.

“=": Weset N:= Ly (N*)and since N(Z') = N* (%), the property (4.3.5) is already satisfied.
Writing fellas f=g+v.s(f), g€ ¥ =I(Z), we get

Lof=Ly(g+vs(N)=Larg+Lav.s(f)=Lav.s(f)
=0

and since L » and the normal form operation are degree reducing, it follows that

§(Laf)=06(Lavrn(N)<8(vron(N)=0(vox(Llaf)) <6 (Lof),

hence 6 (L» f) = 6 (v.(f)) =: y. Both leading terms therefore have the same degree y = yi
and
Gx:=A(ny) —A(ny) € Vy (), xe %2

This implies that
I, = span{A(ny): xe Zi}+Vy(S)
span {A (ny) — qx : x€ i} + Vy ()
span {A (ny) : x€ Zi}+span {q. : x€ Zi} +Vy ()

(]

gv;r(,ﬂ)
= (A(N) N HY) +Vy (A c Iy,
hence
I, = (AN) N1IL) + Vy (F),

which is (4.3.6).
“<": Since & =span N is an interpolation space and the matrix

N(Z) = Nl('a%) N1 (27) : =9 I :
. '.- Nm-l(r%‘m) . ..~ ..- k
N, (Z0) Ny (Zm-1) Ny (2 0o ... 0 1

is nonsingular and upper triangular, we can write the interpolant to f € IT as

No
Lof=(f(20)...f (Zm) N2 T
Nm
To verify degree reduction, we use (4.3.6) and set N* = v 4 (N). The normal forms share the
interpolation properties of N, hence form a Newton basis and satisfy N*(Z") = N(Z'), so

that the coefficient of L» f and L »+ with respect to the Newton bases are the same, namely
N(Z)HF(X) = (N(Z)*) L F(Z). Now (4.3.6) tells us together with

’I(N;)_A(NY)EVy(J(X)), Felyp,

that
y:5(N*)=5(N*), yeT»=T%,
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4 Interpolation

and since the normal form is degree reducing, & must be a degree reducing interpolation
space. O

The final step is the construction of a I'-basis for .# = .# (%) from the set 2 of sites. This
will repeat the construction of the Newton basis, but without knowing I"  — instead, we will
determine it from the sites as well. The next result is fairly obvious from the definition of a
well-ordering, nevertheless we will give a quick proof for the sake of completeness.

Lemma 4.3.10. Each subsetT' T of a well-ordered monoid has a smallest element.

Proof: For y* € " we consider Ty = {y e I : y <y°}. If T = @, then y° is minimal, otherwise
we choose y! e I, satisfying y! <y, and so on, yielding a strictly descending chain y° > y! >
¥? > --- end which has to be finite and yields the minimal element. O

We start the construction with y = minTI’, which has to exist according to Lemma 4.3.10. To
be honest, this in not necessary in the initial step since Lemma 2.2.8 tells us that y = 0 is
the choice. The we choose a basis!? P of I1, and consider the matrix P(Z), whose rank is
between 0 and #X. Even if the basis P is infinite, this rank is always finite. This allows us
to find in P(X) a square and nonsingular11 of maximal rank. Associated to this matrix are
subsets Py € P and 27 < %, such that P, (2y) is a maximal nonsingular submatrix of P(2")
and after reordering P and 2~ we have, setting P_y := P\ Py and = 2\ 2y the block
representation

P(2)= Pr(7) Pria))

Py (2y) Pyl 2y P_“Y(%Y)PY(%VY1 I 0 s

I 0) (py (2;,) Py (%)) .

The “*” part in the matrix on the right hand side must be zero as otherwise the rank of the
matrix would exceed Py (5&”,,), hence also P(2") and therefore

Py (27) PY(%)):( _ I 0
0 0 =Py (23) Py (25)7" 1

— - (4.3.11)
)

Therefore,
— = -1
Qy:=Py—Py(2)) Py (Zy) Py

satisfies Qy (Z) =0, hence Qyc # . The construction can be summarized as follows:
1. Pyand %, admit unique interpolation: det Py (.Zy) # 0.
2. Subsets Q, with Q,(:2") = 0, hence Qy c .#.

3. Together, these subsets generate I1y:

My, =P, & Q, (4.3.12)

Thus, the decomposition from (4.3.12) is a very useful one: the subset Py can be transformed
into a part of a Newton basis N by,

-1
Ny:=Py (X)) " Py,

10This can be infinite, so a little bit of care is necessary here.
Ugora nonsingular matrix, square is redundant.
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4.3 Ideal interpolation constructions

the other subset, Qy, is part of an ideal basis Q; we add Ny to N, Qy to Q and replace 2" by
X =2\ %}, just as in the previous construction for the Newton basis for the canonical
interpolation space.

The set Q consists of polynomials that vanish at 2" so that .# = . (X) < (Q), in particular,
we do not have to search for interpolation polynomials any more in the spaces V;,(Q), n >,
as those are leading parts of polynomials in the ideal. The next degree to check is therefore

Yy :=min{n =y : W;(Q) # {0},

which exists by Lemma 4.3.10. We choose P as a basis of W,/(Q) and by subtracting inter-
polants with respect to the our Newton basis built so far, we can again ensure that P (X,) =0,
71 < v, without changing the degree of any element of P as the homogeneous terms we started
with have degree y’ > y. The next step is to decompose the P (X’) by means of kernel and
range into ideal and interpolation polynomials. In such a step it may well happen that either
Py = 2y = ¢ or Qy = @, the cases being mutually exclusive since Py and Q, generate the
nontrivial vector space W)/ (Q). After the update step

1

N = NUPy(Zy) Py (4.3.13)
Q = QuUQy (4.3.19)
2 = ANZy (4.3.15)

we continue with the iteration with the effect that in each step either 2" is strictly reduced
or (A(Q)), is strictly enlarged, maybe even both. Since this can be done only finitely many
times, the procedure terminates with as final y € T" such that

Hn:Vn(Q)r n=v,

By construction we also have that

AN

D,

nsy

cP vy,

nsy

since each polynomial from the ideal whose leading part does not belong to V,(Q) for some
Y € T has been explicitly added to the ideal. Together with Q c .# (X) and taking into account
that (1(Q)),, = @yer Vy(Q) as well as Lemma 2.4.14, we can conclude that

AI (X)) €V (Q cA(I (X)),
which proves our final result.

Theorem 4.3.11. The set Q c .7 (X) is sT-basis for the ideal ¥ = .9 ().

4.3.2 Least interpolation

There is an almost explicit way to give the interpolation space for ideal interpolation prob-
lems due to Carl de Boor and Amos Ron [Boor and Ron, 1990, Boor and Ron, 1992] which was
originally motivated by ideas from box spline theory [Boor and Ron, 1991]. For that purpose,
we need some more notation and one assumption.

109



4 Interpolation

Definition 4.3.12 (Least part). Let

K[[x]]::{f(x): Y fax“:fae[K} (4.3.16)

aeNg
denote the ring of all FORMAL POWER SERIES. Given a grading I" and f € K(x), with homoge-
neous decomposition f =3} f,, we denote by
51(f):=max{y: fa=0,a <y} (4.3.17)
the LEAST DEGREE of f and by
AL () = fo,p
the MINIMAL FORM or LEAST PART of f. Given a subspace .# < [K(x), we denote by

MF) ={A(f): feF}c (4.3.18)
the subspace of all least parts in .%.

Remark 4.3.13. Since formal power series usually have no maximal or leading part, the only
chance is to look at the origin in order to get a finite quantity.

Definition 4.3.14. The grading I' is said to be COMPATIBLE with the inner product (f, g) =
(g(D) ))(0) if (T1,,ITy) =0 fory #y".

Examples for compatible gradings are all monomial gradings as well as the standard homo-
geneous grading. In fact, the approach from [Boor and Ron, 1992] is only considering the
homogeneous grading the simplest nontrivial case where these ideas become relevant. The
extension to compatible gradings is straightforward.

The following result, due to de Boor and Ron, [Boor and Ron, 1990], is based on the duality
between polynomials and exponential polynomials defining the functionals of an ideal inter-
polation problem, according to 3.2.9.

Theorem 4.3.15 (Least interpolation). Let an ideal interpolation problem be given by sites
2 cK*® and D-invariant multiplicity spaces 2, with bases Qx, x € 2. Then

A (F), F=span{qey:qe€Qy, xe 2} (4.3.19)
is a degree reducing unique interpolation space.

Proof: We first recall that .# = ker(-,.%) as used in the proof of Theorem 3.2.9. For y € T we
define
9} =) (F) NnIL,

and note that for g € .#, 5(g) <y, and f € % with A, (f) € .#, we have, by the assumption that
the grading is compatible, that

(MA@, A,(N), 68 =7,
0 = ( ) ) = /) ! = ( ) ) =
&f (nggy ngfy) &rdy {0* o(g) <.

Therefore,
Fye (ML) =11,

and
rank ((Zy, gex): q € Qy, x € 27) =rank (%, %) = dim.%,,

which is exactly the decomposition of (4.3.12), so that the nontrivial spaces .7, even deter-
mine the homogeneous parts for a Newton basis. g

110



4.3 Ideal interpolation constructions

4.3.3 Interpolation on grids

The simplest, but not oldest way'? to construct multivariate interpolation problems is to con-
sider the tensor product case as many, but not all, things have a very univariate flavor then.

Definition 4.3.16 (Grid). For finite sets 2 = {x;:0<k<#2j} cK, j=1,...,s and alower
set Ac N}, the GRID 24 is defined as

XA = {xq = (X1,0y)0 ) Xsa,) s @ € A} (4.3.20)

Remark 4.3.17. Since the univariate point sets are finite, the lower set A must also be finite
which is the standing assumption whenever we speak of a grid.

Example 4.3.18 (Rectangular and triangular grids). The two most prominent examples of
grids, considered already in [Isaacson and Keller, 1966] are the following:

1. The RECTANGULAR GRID uses the hypercube
A=[0,#21) x - x #2):={a€Z2°:0sa;<#2;,j=1,...,s} (4.3.21)
as index set.

2. The TRIANGULAR GRID of order n uses

A={aeN;:lal <n}, nsjg}lns#,%”] (4.3.22)
A A
O—0O O O—0O O O—0O
Oo—=o0O O O—0O O Oo—=o0O O O

Figure 4.3.3: A rectangular (left) and a triangular (right) grid extracted from the same univari-
ate distribution of points. Not that along the diagonals the points of the triangu-
lar grid to not have to lie on a straight line. Configurations of the type are the
so-called PRINCIPAL LATTICES introduced in [Lee and Phillips, 1988]; they also
belong to the context of the geometric characterization from Definition 4.2.5.

It is not hard to guess an interpolation space for grids. The result itself is a consequence of
Theorem 4.3.23 that even shows that I1 is the canonical interpolation space for 2" 4.

Corollary 4.3.19. For any grid 2" the spaceTl  is a unique interpolation space.

More fascinating is the fact from [Sauer, 2004] which can even be seen as a sort of converse to
Corollary 4.3.19, namely that any canonical interpolation space even must be I14 under quite
mild assumptions. Let us recall their definition.

12This is [Jacobi, 1835, Borchardt, 1860, Kronecker, 1866], dealing with so-called COMPLETE INTERSEC-
TION.
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4 Interpolation

Definition 4.3.20. A gradingT is called a MONOMIAL GRADING if I is spanned by monomials
as a K-vector space and it is called a STRICT GRADING if §(f) = 0 implies that f is a constant
polynomial, see also Definition 2.2.13.

Remark 4.3.21. Any strict monomial grading can be refined to a term order by
O <P e 5(09)<6(0%) or (O =8(0), <" (4.3.23)

where <* is an arbitrary term order, for example the lexicographic one. This is indeed the
procedure that refines the homogeneous grading into gradlex.

Definition 4.3.22 (Universal basis). A finite set G c .# is called a UNIVERSAL I'-BASIS or UNI-
VERSAL BASIS, for short, if it is a [-basis for each strict monomial grading.

In other words, the existence of a universal basis tells us that the grading is in fact irrelevant
for the basis. This carries over to some interpolation problems.

Theorem 4.3.23. If T is a strict monomial grading and A < N a lower set, then I1, is the
canonical interpolation space of 2.

To prove Theorem 4.3.23, we consider the upper set U = Nj\ A and its minimal generating set
G(U) from (2.3.9). The crucial observation is as follows.

Proposition 4.3.24. The polynomials
s ij—l
fe=11 I (Oj-xjk), acGW), (4.3.24)
j=1 k=0

are a universal T -basis for & = 9 (Z).

Proof: We first note that f, = (-)*+ g where all powers of monomials in g belong to L(a) \{a} c
A, hence
Ja €+, aeGU). (4.3.25)

To see that f, € ., we choose any f € A, hence 8 ¢ U(a) so that there must exist at least one
index j with §; < a; and thus

aj—1 aj—-1
[T (xp)j—xjk)= [T (xj6—xjk) =0. (4.3.26)
k=0 k=0

Hence (fy:a e GU))c ¥

Next, we refine the grading I into a term order I'* as pointed out in Remark 4.3.21 and
continue with I'*, showing that the f;, form a Grobner basis with respect to the term order I'*.
Since the grading still is strict, we have A ((-); — xjx) = (-); and thus A(fa) = ()*. For a,a’ €
G(U) set n:= max(a,a), ie, U(@) nU(a’) = Un). With arbitrary values' x;x, k = #2],
j=1,...,s, we define

ga:=[] [1 (Oj-xx),  ga:=T] I (O;-2xx), (4.3.27)

j=1lk=a; j=lk=a’

<

13We are simply adding sites that are irrelevant for .24, hence change nothing with the interpolation
problem.
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4.3 Ideal interpolation constructions

and note that A(ga) = (.)TI_“ as well as A(ga’) — (_)1]—0(’ and

s MNj

8a fa=8u fo = H H ((')j —xj,k)-

j=1k=0

Consequently, we can write the S-polynomials for a, a’ as

$(far far) = T fou= O fur
= ((_)n—a - ga) fa— ((_)n—a’ - goc’) fa= (A(ga) - ga) fa— (A(ga') = ga/) fars

and since 6 (A(ga) — 8a) < 6(ga) =6 (%) and the same for a’, any S-polynomial for two poly-
nomials reduces to zero by means of these two polynomials. By Lemma 2.4.7, this means that
F={fy:aeGU)}is a Grobner basis with respect to the grading I'* regardless of the original
I' and the refinement, hence a UNIVERSAL GROBNER BASIS.

By (4.3.25), I/{fy : @ € G(U)) = T4 and since { fo: @ € G(U)) < .Z, this yields that [1/.¥ <
14 and dimIl/.¥ = #2 4 = #A = dimI1 4 finally implies that the two quotient spaces and thus
also the ideals coincide. U

Proof of Theorem 4.3.23: Any canonical interpolation space is of the form v (I1) for some I'-
basis of .#. But since {f, : @ € G(U)} is such a I'-basis and the quotient space does not depend
on the concrete choice of the basis by Theorem 2.3.30, it can only be IT4 = vy, (IT). O

Corollary 4.3.25. For therectangular grids the only canonical interpolation space is the related
space of tensor product polynomials.

4.3.4 Universal interpolation

We close the chapter on interpolation by giving a partial answer to the following question:

Given a number N, what is the dimension of a space & c Il such that & is an
interpolation space for any 2" cK*, #2 = N.

To my knowledge'* this problem is still unsolved. Nevertheless, these magic spaces deserve
to be named.

Definition 4.3.26. %2 c Il is called a UNIVERSAL INTERPOLATION SPACE of order N if it is an
interpolation space for any 2" cII, #2 = N.

Remark 4.3.27 (Universal interpolation).

1. By Theorem 4.1.13 any universal interpolation space in s = 2 variables must satisfy
dim & > N, hence there exists no universal unique interpolation space as that would
be a Haar space.

2. IIy-; is a universal interpolation space of order N as it contains the fundamental poly-
nomials from (4.1.1).

The dimension of the ITy_; is (N :S) ~ N* and thus grows polynomially in N but exponentially

in s. There exists, however, a smaller universal interpolation space.

14As in June 2019
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4 Interpolation
Definition 4.3.28. The HYPERBOLIC CROSS Y,  Z° of degree n is defined as
S
Y,={aeZ:[[(1+lajl)sny, neNp. (4.3.28)
j=1
For its POSITIVE OCTANT we write Y}, := Y, NN,

The positive octant va of the hyperbolic cross is significantly smaller than {a: |a| < N -1} 2
Y, since
#Y; <n(logn)", (4.3.29)

cf. [Lubich, 2008]. Despite of that it is sufficient for interpolation.
Theorem 4.3.29. Ily: is a degree reducing universal interpolation space of order N.

The proof of Theorem 4.3.29 consists of two simple observations that are of some indepen-
dent interest.

Definition 4.3.30. Denote by .’ the set of all lower sets in Nj and by

Ln={Ac L #A=n}, neN, (4.3.30)
the set of all lower sets of cardinality .
In what follows we consider degree reduction with respect to the total degree.

Lemma 4.3.31. The spacell,,, is a degree reducing universal interpolation space for as ideal
interpolation problems with respect © € I, #0 < N, where

N
Av=J U 4 (4.3.31)
J=1AeZ;

is the union of all lower sets of cardinality < N.

Proof: Let .# = ker®, choose a Griobner basis with respect to an arbitrary term order, then
the associated degree reducing canonical interpolation space is of the form v _#(IT) = I14 for
some A € Zse. The union of all such sets is then defines a universal interpolation space. [

Lemma 4.3.32. The set Ay from (4.3.31) is the positive octant of the hyperbolic cross, i.e.,
N
U U A=Yn, N € Np. (4.3.32)
j=l1AeZ;
Proof: Any a € Ay belongs to some lower set A2 L(a), hence

I+ap)-Q+as)=#L(a) <#A=<N,

so that Ay € Yn. Conversely, if a € Yy, then there exists, by the same argument, L(a) is
a lower set of cardinality < N that contains a, hence a € Ay and, consequently, Yy S Ap.
Together, these two inclusion yield the claim. U

Theorem 4.3.29 can be improved in the sense that the hyperbolic cross is even the minimal
universal interpolation space. More precisely, we can state the following result.
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Theorem 4.3.33. If A< N defines a degree reducing universal interpolation spaceTl 4 of order
N, then Y3, € A. Hence the hyperbolic cross is the unique minimal degree reducing universal
interpolation space spanned by monomials.

Again, the proof is based on two intermediate results that make explicit use of the homoge-
neous grading.

Lemma 4.3.34. If Ac Nj induces a degree reducing interpolation space I1 5 with respect to a
set 2" < K® with interpolation operator L: 11 — 114, then

H:={ha=()*-L(")*:a €A} (4.3.33)
is an H-basis of % := I (Z).

Proof: If we write g, := ()% — L(-)%, @ € Nj, then g, = 0, @ € A, since A is an interpolation
space and deg g, < || since a is degree reducing. Moreover, x and Q = {g, : @ ¢ A} form a
basis of I1. Hence, any f has a H-representation

f:Lf"‘(f_Lf):Lf"'ZfaQa’ fa €K,

agA

with respect to the infinite H-basis Q. Moreover, Q41 := QN Il,1;, n:= deglly, is a finite
H-basis for .7 asT1° . € A(Q,,+1). Now we fix & € NS, jedl,..., s}, write

n+1

LO*= Y ()P

BeA
and note that
Ga+e; (x)— qua(x) = x®TCi— L()%TCi (x) — x*TE +X; L) (%)
= X LO 0 -LO(x) = Y cpxPre - L) (x)
BeA
= ) Cpe; xP + Y Cpe; *P — L()*Fei ()
pedA PeAVGA
= Y cpe ap0+ Y cpe, LOP+ Y cpe, X —La() I (x)
BedA pedA PeEAVGA
= ) e dp0+px),  pelly,

PedA

Since Ga+e; and () jq, belong to .#, hence vanish at 2, it follows that

P(Z) = qase;(2) = (()jqa) (2= Y cpe; qp(2) =0,
PedA

hence p € # NI, and thus p =0, so that, replacing a by a —¢;,
Ga € ()jqa—e; + (qo:aedA) (4.3.34)

aslong as a —¢; is defined, a e N\ 4, i.e., a ¢ G(Ng \ A), cf. Theorem 2.3.7. Any such g, can
such be reduced until @ € 0 A. O

An inspection of the proof shows that we can replace 0 A even by G (l\lg \ A).
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Corollary 4.3.35. Under the assumptions of Lemma 4.3.34,
H:={hy=(%-LO":ae G(NS\ A)} (4.3.35)
is a nonredundant H-basis of & := ¥ (Z).

The second result shows that any I14 can be seen as a normal form interpolation space as
soon as it is degree reducing.

Lemma 4.3.36. If A = Nj induces a degree reducing interpolation space, then there exists an
inner product (-,-) o : K — K such that 114 = v_#(I1) with respect to a reduction algorithm based
on (-,-) A

Proof: We construct the inner product by setting (IT,,, IT,y) 4 = 0, n # n’ and also

<mi ca e NS\ A}
(0%07),=(0%0"),  1a=1p=n, {Z>$$“'“ o\ 4

In the remaining cases use the basis H of Theorem 4.3.33, and note that
9 = (V, (HY) +span {x®"},  B,:={BeNj\A:|Bl=n}

Let H, denote any basis of V,, ((H)), arrange this basis with x5 into a basis Q, of I1% and
compute the Gramian G = (Qy, Q,ﬁl ) which is a hermitian and positive definite matrix, hence
can be written as G = Y Y. We define

(f@a=(Y"'f,Y g,  figel,
by means of the coefficient vectors of f and g. Then
Qn QM a=1Q, Q0 Y =Y 1Qu QY F=v Gy =y (YY) v =1,

and in particular (Vn ((HY), (~)B") =0, hence W}, ((H)) = span {xBn} and therefore IT4 = v_» (II).
O

Proof of Theorem 4.3.33: Let B < Njj be any lower set with #B = N and consider B as an
interpolation grid. By assumption on A there exists B’ € A such that I1p is a degree reducing
unique interpolation space for 2" = B. By Lemma 4.3.34, the polynomials (P-L(P, BeDB,
form a Grobner basis for .# (B) and I = v (IT) with respect to the coefficient inner product.
On the other hand, there exists an inner product such that I1g is normal form interpolation
space with respect to this product and since normal form spaces for for grid interpolation are
unique by Theorem 4.3.23, it follows that B’ = B, hence B < A for any lower set B such that
#B = N. Il
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Signal Processing 5

There are things that are facts, in a statistical sense, on paper, on a tape
recorder, in evidence. And there are things that are facts because they have
to be facts, because nothing makes any sense otherwise.

(R. Chandler, Playback)

Now we get to the application of ideals in signal processing. Especially, we will re-use some
of the concepts of interpolation, but in particular the concept of a zero and its multiples will
help us in understanding properties of filters.

5.1 Signal spaces and filters

Definition 5.1.1 (Signal spaces). A SIGNAL c is a function from Z° — R and the vector space
of all doubly infinite signals is denoted by ¢(Z°). Moreover,

1. by ¢,(Z%), 0 < p < oo, we denote the vector spaces of all signals for which the p-NORM

1/p
”C”p::(z ICalp) ) O<p<oo (5.1.1)
aeZ’
is finite, with the extension
licllo :=#supp (c) :=#{a: c(a) # 0}, Iclloo := sup lcql - (5.1.2)
ae”Z’

2. the PULSE SIGNAL or simply PULSE 6 € ¢(Z°) is defined as 6 (a) = 64 g.

3. the jth PARTIAL SHIFT OPERATOR T, j = 1,...,s, is defined as 7;c := ¢(- + €;), and its
J i J i
powersas 7% = 77" ---7¢*, thatis, 7% = c(-+ @), a € Z°.

4. the ONE-SIDED SIGNAL SPACE is defined as ((Ng) ={c: Ng — R} with the canonical ex-
tensions to ¢ p(l\lg).

5. the PARTIAL DIFFERENCE OPERATOR A% has the form A% = (r — )® and for g € II the
DIFFERENCE OPERATOR ¢(7) is defined as

g0 =Y qut%  qG= ). qa (O (5.1.3)

S S
aeNy aeNy

Exercise 5.1.1 Prove the formula

A% = (_1)|a’| Z (_1)|ﬁ|(a) Tﬁ» ae NS, (5.1.4)
B=<a ,3
where (i) := (5!) -+ (5') and f< @ means that f; < aj, j=1,...,s. &
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Remark 5.1.2. For 0 < p <1 the expression | c||, is nof a norm any more since it is not convex
and violates the triangle inequality, which makes optimization quite difficult. Nevertheless,
they have some importance and one speaks of a QUASI NORM is such cases. Here we will only
use | - lp and also that for formal convenience only.

Remark 5.1.3. The more natural extension of (D) would be a difference operator g(A) but
since

a

gu) = Y GeA"= Y gu(-DY (—1)'ﬁ'( )rﬁ

lal<degqg |al<degq B=a ,3

a - ~
= Y ey (—1)'“'( )qa = Y dpr’=qm,

|al<degq azf ,3 |al<degq
any such operator can be expressed in terms of g (7).
Exercise 5.1.2 Can every difference operator of the form g(t) also be written as §(A)? O

Definition 5.1.4 (Filter).

1. A FILTER, more precisely an LTI FILTER (Linear Time Invariant), F is a linear operator
F:¢(Z°%) — ¢(Z°) that commutes with translation:

T*F =F1“, acZ’. (5.1.5)

2. The IMPULSE RESPONSE f of a filter F is defined as f := F§ € £(Z°).

3. An FIR FILTER (Finite Impulse Response) is a filter with finitely supported impulse re-
sponse, i.e., FO € €o(Z°).

Definition 5.1.5 (z-transform & Convolution).

1. Given a signal ¢ € ¢(Z%), its z-TRANSFORM and SYMBOL are the (formal) power series

@)=Y cwz® =Y c@z” (5.1.6)

ae”Zs ae”Z’
respectively, defined on C$. If ¢ € £((Z°) then c” cteA.

2. The CONVOLUTION of two signals c, d € ¢(Z°) is defined as

cxd:= Z ct-—a)d(a) = Z da)t % =d’(1)c, (5.1.7)

aeZ’s ae”Z’

and their CORRELATION as

cxd:= ) ct+ad@= Y dar*c=d (1) (5.1.8)

aeZ’ aeZ’

Remark 5.1.6.

1. The z-transform of infinitely supported functions has to be taken with care as then the
radius of convergence of the underlying series has to be considered.
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5.1 Signal spaces and filters

2. Convolution and correlation are only defined if the infinite sums involved converge.
This is the case if, for example ¢, d € €,(Z°) or d € £4(Z*). In the latter case convolution
and correlations are the same as a difference operator.

3. Convolution is commutative, correlation is not.

4. Since
lexdly = Y |Y cla-pdP|< Y 1dB) Y. lc@-Ppl=Y 1dB)I Y. lc@)l
a€e”Zs [3522 ﬁeZZ ae”Z’ [3522 ae”Z’
= el lidlh,

the correlation of two ¢, signals is ¢, again and convolution introduces a commutative
MULTIPLICATION on ¢, (Z°) with neutral element §. This way, £, (Z?%) can be turned into
the so-called CONVOLUTION ALGEBRA!.

Exercise 5.1.3 Show that ¢, d € ¢,(Z°) implies that ¢ x d € ¢1(Z°). O

The next two results are classical and extend trivially? from the univariate case.
Proposition 5.1.7 (Filters & transforms).
1. Forc,d € ¢(Z°) one has
cxd’=d’,  (cxd’=d (V) =d, (5.1.9)

as well as
cxdf=c'd, (cxdi@=cd' () =cd. (5.1.10)

2. Alinear operator F: ¢(Z) — ¢(Z) is a filter ifand only if Fc = f * ¢, c € £(Z°).

Proof: For 1) we only prove (5.1.9) by considering

c*d’@=Y Y cla-PdPz=Y dpz"F Y ca-pz"P=c(2)d )

a€’Z’ fezs pezs ae”Z’
and, in the same way

c*xd’@=Y Y cla+BdPz= Y dpz Y cla+pz*F

acZs Bezs Bezs aezs

C)d (2.

(c*d)(2)

For 2), “=”, we use the trivial reformulation

c= ) cl@r %

ae”Z’

and the commutativity property (5.1.5) to find that

Fc=F

> c(a)r‘“é‘) =) c@F17% =) c@t *F6=) c@t *f=fxc

ae”Z’ ae”Z’ ae”Z’s aczZ’

! An ALGEBRA is a vector space, here even a normed one, with compatible multiplication.
20nly by formal extension.

119
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while the converse, “<”, follows from the fact that
T(f*c)= (T“ fb(r)) c= (fb(r)ra) = (1) (%) = f* %),
due to the commutativity of polynomial multiplication. O

Exercise 5.1.4 Prove (5.1.10) without being surprised that the proof is extremely similar to
that of (5.1.9). &

In the sequel we will be interested in FIR filters only, so we record the following consequence
of Proposition 5.1.7 for further convenience.

Corollary 5.1.8. Any FIR filter F can be written as Fc = f = ¢, f € £o(Z°) or as
Fc=f"(1)c, cel(Z°. (5.1.11)

Proof: By (5.1.7) we have
f*c:c*f:fb(r)c,

(5.1.11) follows immediately. O

5.2 Difference equations and their homogeneous solutions
A difference equation is an expression of the form
qmu=mu, qgell, u,velZ. (5.2.1)

More precisely, it is a linear difference equation with CONSTANT coefficients but since we nei-
ther consider nonlinear equations nor variable coefficients®, we will keep the above shorter
definition.

As usual with linear operators, we are interested in the KERNEL of the operator, i.e., the
solutions of the homogeneous equation

q@)u=0.
Some of those can be determined quite easily.
Definition 5.2.1. For 0 € C3,, we define the signal cg € ¢(Z°) as
cg=0"=(a—0%:ae2, (5.2.2)
We call ¢y an EXPONENTIAL SIGNAL.
Remark 5.2.2 (Exponential signals).

1. We require 6; # 0 since then we do not have the problem to explain what 0° means;
moreover, we will soon see that 8 will correspond to a (forbidden) zero of a Laurent
polynomial.

2. With w :=log6 := (logf;: j =1,...,s) we can also write ¢y = e, = ¢ ) and have yet
another reason to request 0 € C3.

3 Anyway, this is more common in the context of partial differential equations.
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5.2 Difference equations and their homogeneous solutions

Now we make a simple and elementary computation that will turn out to be fundamental for
all that follows in this section. For 6 € C3 we consider

q(t)cy = Z anae(') = Z Qae(%a:g(') Z qe0% =q(0)co,

ae”Z’ ae”Z’ acZs

which we can summarize as follows.

Proposition 5.2.3 (Difference operators & exponential signals). The exponential signal cg is
an eigenvector of any difference operator ¢ — q(t)c, q € 11, with eigenvalue q(0). In particular,

q(T)cyg=0 = qo) =0. (5.2.3)
Despite its simple proof, Proposition 5.2.3 is of fundamental importance for what follows.
Remark 5.2.4.

1. The kernel of the difference operator is obviously related to the zeros of the polynomial
q.

2. Since, by (5.1.11), any FIR filter is equivalent to a difference equation defined by the
z-transform of its impulse response, the two concepts are mainly equivalent.

3. Any difference operator or filter that is not not the identity, i.e., g =1 or f = §, has
a z-transform that vanishes on a whole variety and therefore the kernel is an infinite
dimensional subspace. This is not the case for s = 1.

4. Indeed, the case s = 1is very classic and investigated for quite some time, cf.[Goldberg, 1958,

Jordan, 1965]

5.2.1 Systems of difference equations

Obviously, a single difference equation will never have a finite dimensional kernel as single
polynomial can have no simple zeros. To that end, the multivariate case requires us to con-
sider several equations simultaneously.

Definition 5.2.5. A SYSTEM OF DIFFERENCE EQUATIONS is given as a finite set Q < II of poly-
nomials and v € £(Z%)? and consists of finding u € £(Z*) such that

Qn)u=v, ie., qlu=vg, qeqQ. (5.2.4)
A system of HOMOGENEOUS DIFFERENCE EQUATIONS is the case when v = 0.
Remark 5.2.6. Homogeneous difference equations depend on (Q), not on the specific choice
Q. Indeed, since trivially p(7)0 = 0, any solution of Q(z) u = 0 satisfies
0=g4(m0=g,(1)q(1)0=(gqq)(1)=0 = (Z gqg) Mu=0, gz€ell, qeqQ,
qeQ

that is,
QTn)u=0 & (QY(Mu=0. (5.2.5)

We will be interested in homogeneous difference equations whose solution space is finite
dimensional. To that end, we use a straightforward generalization of Proposition 5.2.3.
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Proposition 5.2.7. For any finite Q c Il and 6 € C}, we have that
Q)cg=0 o  0eZ(QY). (5.2.6)
Proof: From Proposition 5.2.3 we know that q(7)cy = 0 iff g(0) = 0, hence
Q=0 o  q)=0, geQ, < QO=0 < QO =0,

which gives (5.2.6). O

This already allows us to characterize kernels of partial difference equations in a simple? sit-
uation.

Definition 5.2.8. A subspace .# c ¢(Z°) is called SHIFT INVARIANT if 1%.% < .%, a € Z°. Given
F c £(Z%), the shift invariant space generated by F is

S(F):=span {t*f:a€Z’ feF}.

If #F =1, i.e., F = {f}, then the resulting shift invariant space S(f) spanned by a single signal
is sometimes also called a PRINCIPAL SHIFT INVARIANT SPACE®.

Example 5.2.9. The simplest example of a principal shift invariant space is again the signal
cg from (5.2.2). Since
7% =094 =9%¢y,

is follows that dim S(cy) = 1 for any 8 € C$. But also the converse is true. If dim S(f) =1 for
some f, then there exist 6; € C such that

Oif=19f=f(+¢j),
yielding % f = 0% f, a € Z°, and thus, evaluating at 0,
fl@)=(t7f)(0) =6 f(0)
from which is follows that f = 8 and that 6 € C$, as otherwise f = 0 and dim S(f) = 0.
Corollary 5.2.10. For f € ¢£(Z°) one has that
dimS(f)=1 <o  f=cy, OeC:. (5.2.7)

But there is also a connection between solutions of systems of homogeneous difference equa-
tions and shift invariance that we will explore next. Let us begin with a simple observation.

Lemma 5.2.11. The spaceker Q(7) is shift invariant.
Proof: For f € ker Q(r) = ker(Q)(r) and a € Njj we have that
Q@ (rf) = (O*Q)mf=0
since (1)*Q < (Q) and due to (5.2.5). O
Lemma 5.2.12. If0 # f € £o(Z°) then dim S(f) = co.

Proof: Since Q :=supp f c Z° is a finite set, there exists a € Z* such that 7*Q N Q = @, hence
all the sets 7%¢Q, k € Z, are disjoint and 7% f linearly independent. l

“In a double sense: it is simple since the zeros are simple.
°In obvious analogy to the concept of a principal ideal.
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5.2 Difference equations and their homogeneous solutions

5.2.2 Stirling numbers and Stirling operators
We continue defining some numbers that will be of particular use in what follows.

Definition 5.2.13. The multivariate STIRLING NUMBERS of the second kind KARAMATA’S NO-
TATION, cf. [Graham et al., 1998, p. 257ff] are defined as differences of zero

v o ]' Knv .— ]' K v N
{K}._ A= S (AM0Y) ), K veN, (5.2.8)
The Stirling numbers of the first kind are defined as

1% 1 «
| |=5 0000, (5.2.9)

with the FALLING FACTORIALS or POCHHAMMER SYMBOLS®

s aj—l

Oa=[] [] (Oj-k), aeN; (5.2.10)
j=1 k=0

lal . e . . .
and D% = gx"‘ as abbreviation for the partial derivatives.

Obviously we have that
0:{1}:[12], VEK, (5.2.11)

which allows us to extend Sterling numbers to arbitrary pairs v, x by convention, where nonzero
values only occur for x < v.

Remark 5.2.14. Stirling numbers are a well investigated topic since the play a quite im-
portant role in analysis and analytic number theory. Therefore I refer to a statement from
[Gould, 1971]: “...aber es mag von Interesse sein, dalS mindestestens tausend Abhandlun-
gen in der Literatur existieren, die sich mit den Stirlingschen Zahlen beschéftigen. Es ist also
sehr schwer, etwas Neues iiber die Stirlingschen Zahlen zu entdecken.”

Note that by (5.1.4)
K = (1= D¥()Y = (=) K _lal o gy — (— 1y K _qlal V] v-p, B
AV =@-DO"=CED" Y [T DM Cra) =DM Y T EDM Y e PO
a=k a=x \@ B=v i

and evaluation at 0 leaves only the term § = 0 in the second sum and gives the explicit formula

{V} =y (K)(_l)lkl—laloﬂ, (5.2.12)
K a=k
Moreover, the Leibniz rule for the difference,

A(fgr =Y APfiPAPg,  aeNs, (5.2.13)
B=a

yields that

AK(')V+€j — AK ((')V(_)ej) — AK(')V TK(.)ej +AK_€j (')VTK—(?]' Aej (.)6]‘ — KjAK(')V +AK_€j (.)V
—— ——

:Kj =1

The integer version of (4.3.24).
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and thus the recurrence relation

+ .
Y9 = kg aR oY+ a0 @ = { )+ { v } (5.2.14)

K K K—€j

Exercise 5.2.1 Prove (5.2.13) by using the univariate formula
n
k=0

cf. [Boor, 2005]. &
Next recall the Taylor formula and the Newton formula of interpolation at integers giving

1 4 a«_ 1 \a
=y IOICE Y A O0e  fell,

aeNg * aeNg
and switch the roles of functionals and polynomials between these two.

Definition 5.2.15. The STIRLING OPERATOR of the first kind L; : IT — II and the one of the
second kind, L, : IT — II, are defined as

Lif:=) iD"‘f(O) Qe Lofi=), lA"‘f(O) (<. (5.2.15)
aeng; @ aeng; @t
The name is due to the following observations.
Proposition 5.2.16. The operators Ly, Ly satisfy
Li=L;" (5.2.16)
and
(L1f)e= X g foo [L2fle= ) {ﬁ}fa, f=Y fu%= Y fola (5.217)

BeNg BeN; aeNg aeNy

Proof: For f € IT we have that

1 a 1 a 1 a
Liaf= ) —A f(O)E(Dﬁ(') J O 0= Y A 0a=,
a,feN; ————— aeNg
=aldq,p

which proves (5.2.16). For the explicit expression of the second kind operator we just note
that the definition yields

Lf= ). fal(Aﬁ(-)“)(O) F=Y Y {ﬁ}fa.

apeng” B PeN;  aeNg (&
The expression for L, f is done in the same way. U
Corollary 5.2.17. We have

Y
B

]=5a,ﬁ, a, BENS. (5.2.18)

)
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5.2 Difference equations and their homogeneous solutions

Definition 5.2.18. In the sequel we use L:= L, with L™ l=1,.

Finally an important property for multiplicity spaces: the Stirling operator respects D invari-
ance.

Proposition 5.2.19. 2 c 11 is D-invariant if and only if L2 is D-invariant.

Proof: For “=" we choose f € ITand a € Nj and compute

DULf = Y ~aPf0)D)P = Z Aﬁf( 0)——— ﬁ 56 )p-a
BeNg ,3' ﬁ>a (,5
1
= Y A0 0P = 3 —,Aﬁ (A% £) (0) (1P = LAY,
Bza (ﬁ BeENG ,3
i.e.,
D*L=LA%  aeN;, (5.2.19)
From (5.2.19) we also get that
L'D*=L7'DYLL =L AL = ALY, aeN, (5.2.20)

and (5.2.19) implies that D*Lg = LA®q € L2, q € 2. whenever 2 is D-invariant, hence shift
invariant, see Proposition 3.2.3 since then A%q € 2.
Conversely, “<” follows since for any ¢’ = Lg € L2, q € 2, that

Aq=A°L'Lg=A*L"'g' =171 D% e L7 L2=2
——
eL2
which completes the proof. O
The last concept that we introduce in this section is a variation of the derivative operator that
will turn out to be quite useful in simplifying things.

Definition 5.2.20. The modified partial differential operator is defined as

0 0

—=0)i=—, j=1,..,5 and DY:= , aeNg. 5.2.21
G*xj ( ]ax]- J 0 ( )

This operator is sometimes also called the 8-OPERATOR.
Lemma 5.2.21. The0-operator is well defined, in particular
p?=Y { * } (PDP,  aeN; (5.2.22)
B=a ﬁ

Proof: We use induction on |a|, where the case || = 1 is just the definition in (5.2.21). More-
over, we note that for j = 1,..., s, taking into account that {g} #0only for < a, cf. (5.2.8),

DI = ()j5—Di=0) {“}(-)’Wj: {“} ()P DP + ()P pP¥es
]6 ]ajﬁ;a ,3 ﬁga ﬁ (ﬁ] )
- Zﬁj{ })ﬁDﬁJr 3 { a }(.)ﬁDﬁ
B<a B=a+e; ﬁ—€j
a a a+e;
S A R o e
ﬁS;—Ej( 1B pecj ﬁS;f?j p
which advances the induction hypothesis and completes the proof. O
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Corollary 5.2.22. For q €11 and x € C}, we have that
qD.)f(x)=(LgxD)) f(x),  fell (5.2.23)

Proof: For (5.2.23) we get

a a
qDy) = ) qaD¥= ) qa Z{ }(-)ﬁDﬁ= > (Z{ }qa)(-)ﬁDﬁ
aeNg aeNg B=<a ,3 BeNy \a=p ﬁ
= 3 (Lg);()'DP =LqxD)
BN
by straightforward computation. O

5.2.3 Exponential polynomials and multiplicities

Definition 5.2.23. An EXPONENTIAL POLYNOMIAL is a function of the form
Tx s
x— px)ey(x)=px)e’ *, pell, yeC’. (5.2.24)
The restriction of an exponential polynomial to Z* is an exponential polynomial signal.

The next result gives a fundamental relationship between the exponential polynomial signals
in the kernel of a difference operator and the zeros of the associated polynomial.

Theorem 5.2.24. Let® c C$, #0 < oo, and 2y 11 be finite dimensional D-invariant spaces.
Then, for any f €11,

f(1)(Qgcg) =0, O€O, o (L29(6D)f)0) =0, 6€O. (5.2.25)
Proof: For f,q € I1 and 6 € C* we consider

fO(pe) = ¥ far®(90%)= ¥ fup+aoe

S S
aeNy aeNy

1
= 0V Y fa Y =APEY 9O (@40
aeNy  PeN; ﬁ

1
=09 Y £ Y —'Aﬁ(r(')q)(O)Hﬁ(Dﬁ(-)“)(9)
aeN;  BeN) p!

1
= 0V Yy EAﬁ(T(')CI)(O) OD)P ( 2 fa(-)“) ©)

BeN; aeNg
= 09 (L"q) 0D) f(0),

ie.,

f@(qes) (@ =6%(Lt%g)OD) f0), acZ’. (5.2.26)

Since 1%q € 2y for q € Zy and a € Z°, the direction “<” follows directly from (5.2.26). Con-
versely, to obtain “=", we simply set @ = 0 in (5.2.26) and find that

0= f(1)(qgce)(0)=(Lg)OD)f(6), 0€O,

which is the right hand side of (5.2.25). O

The 0-operator now allows us to formulate Theorem 5.2.24 in a shorter and more elegant way.
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Corollary 5.2.25. Let© c C3,, #0 < oo, and 2y < 11 be finite dimensional D-invariant spaces.
Then, for any f €11,

f(1)(QLcp) =0, 0O, <  2yD)fO)=0, 0€O. (5.2.27)

Moreover, this can be extended to systems of difference equations to identify at least some of
the homogeneous solutions.

Definition 5.2.26. For a finite dimensional D-invariant subspace .2 < I and 0 € C3, define
the & MULTIPLICITY SPACE
2*:=11'2(07"). (5.2.28)

so that
2(D)fO) =2 (D.)f0).

Corollary 5.2.27. Let F c Il be such that (F) is a zero dimensional ideal. Then
ker F(t) 2 span {2 ey :0 € Z((F))}, (5.2.29)
where 2 stands for the 8 multiplicity space of the zero 6 € C5,.

Remark 5.2.28. If F has common zeros with a zero component, then these zeros do not con-
tribute to the solution space for the difference equation as the respective exponential se-
quences are not well-defined.

5.2.4 Finite dimensional shift invariant spaces

In Section 5.2.3, especially in Corollary 5.2.27, we saw that all exponential polynomial se-
quences corresponding to the zeros of the ideal and their multiplicities are homogeneous
solutions of the difference equation. We now head for the converse, considering more care-
fully finite dimensional spaces of homogeneous solutions of difference equations.

We start with some simple observations.

Lemma 5.2.29.
1. For any F 11 the spaceker F (1) < ¢(Z°) is shift invariant.
2. If% < €(Z%) is a shift invariant subspace, then
I U):={f: fO)% =0} (5.2.30)
is a Laurent ideal.
Proof: By (5.2.5), ker F(7) = ker (F)(r) and any u € ker (F)(7) satisfies
0=(\*F)@u=F@)(t%u),

hence 7%u € ker F(r) which is 1).
For 2) we note that the shift invariance of % with respect to all’ multiinteger shifts implies
that 1% <%, a € 7%, hence q(1)% < % for q € A, and any f such that f(r)% = 0 satisfies

0=fqrO% =(qrf) D%, grell = (Z qff) (%, dqreA, feF
feF

And not only those with a € N
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so that .# (%) is indeed a Laurent ideal. O

Recall from Section 2.1.6 that in order to determine a basis for a Laurent ideal, we first com-
pute the polynomial part P (.% (%)) = .# (%) n1I of the Laurent ideal and then a basis of that
polynomial ideal.

Definition 5.2.30. For a Laurent ideal .# c A we define the ZERO SET
Z(I)=Z([P(F)) (5.2.31)

and the QUOTIENT SPACE
/.7 :=11/P(.¥). (5.2.32)

Remark 5.2.31 (Laurent ideals).

1. Recall that Remark 2.1.36 describes a constructive way to compute P(.#) for a given
Laurent ideal by saturating quotient ideals, see also [Moller and Sauer, 2004].

2. This way, we can even compute a I'-basis for a Laurent ideal: first we saturate the ideal
basis into a basis of P(.#) and then we compute the I'-basis from this saturated basis.

3. Statement 1) of Proposition 2.1.38 also tells us that Z(.#) c C$, that is, all common
zeros of the Laurent ideal according to (5.2.31) have only nonzero components. There
are No Spurious zeros.

Lemma 5.2.32. If% is finite dimensional, then dimIl/.% (%) = dim% and % = ker F(1) for
any basis F of 9 ().

Proof: Let U c ¢(Z%) be a basis of %/ and P a basis of I1/.# (%) and consider the matrix

B . pEP
P(T)U = (p(r)u. wel ) (5.2.33)

The rank of this matrix is at most dim % and if #P = dimIl/.¥ (%) were > dim %, then there
would exist 0 # y € C” such that

O:yTP(T)U:(Z ypp)(r)u = y-Pe S (U) = y=0,
peP

which would be a contradiction. Hence #P < #U. If, on the other hand, #P < #U, then there
exists 0 # y € €Y such that

0=P@O(y-)=(I (%)@ (y V) = f@y-U)=0, feli

and choosing f = ()¢ yields (y- U)(a) =0, a € Z° yields y- U = 0 which is a contradiction.
Hence, dimIl/.% (%) = dim% . Moreover, the definition in (5.2.30) yields that % < ker F(1)
for any F c .# (%), in particular for a basis of .# (7). But since

dimII/{F) =dimIl/.£ (%) =dim%,

the two spaces have to coincide, yielding % = ker F(1). U

This Lemma enables us to characterize the homogeneous solutions of partial difference equa-
tions.
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Theorem 5.2.33. Ifthe system of difference equations F(t)u = 0 has a finite dimensional space
ker F(t) =: % < ¢(Z°) of homogeneous solution, then

U= ) 2yep, (F)= [ kerdgo2;(D.). (5.2.34)
0eZ((F)) 0e Z(F))

Proof: Corollary 5.2.27 already states that % <}y 2 ep. But Lemma 5.2.32 says that

dim% =dimIl/(F)= ) dim2,
0eZ(F))

hence both spaces have the same dimension and therefore must agree. g

Remark 5.2.34. The operators 2, are well-defined since the polynomial part of the Laurent
ideal ensures that 6 € C$.

Theorem 5.2.35. Let % < ((Z°) be a finite dimensional shift invariant space. Then % is
spanned by exponential polynomials.

Proof: By Lemma 5.2.29 there exists a zero dimensional ideal .¥ := .Z (%) = (F) such that
% = kerF(r). The common zeros Z(.#) and their associated multiplicities 2y define 0-
multiplicities 2, 0 € Z(.¥), hence

U < Z Q; eg,
0eZ(7)

and the same dimension argument as above yields equality of the two spaces. g

5.3 Filterbanks

We will define filterbanks in a very general setting now, using not only scalar decimations but
arbitrary matrices. This will require some definitions and concepts.

5.3.1 Dilation matrices and the Smith factorization

Definition 5.3.1. A matrix =Z € Z°** is called a SCALING MATRIX if it is nonsingular and EXPAN-
SIVE, that is
lim |E7"| =0 (5.3.1)

n—oo

for some matrix norm || - ||.

Remark 5.3.2. Strictly speaking, (5.3.1) means that the inverse =~! is CONTRACTIVE; both

means that all eigenvalues of = are > 1 in modulus with emphasis on the strict inequality.
Definition 5.3.3. A matrix A € Z**% is called UNIMODULAR if |det A| = 1.

Remark 5.3.4. In general, a matrix A € R¥*® over aring R is called unimodular if detR € R™ is
a unit. By Cramer’s rule it can be easily shown that a matrix has an inverse in R**® if and only
if it is unimodular.

The following result is well-known in the theory of matrices over rings, but also under differ-
ent names like “fundamental theorem for finite groups”, cf. [Latour et al., 1998]. A proof can
be found, for example, in [Marcus and Minc, 1969].
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Theorem 5.3.5 (SMITH FACTORIZATION). For any matrix A € Z°*° there exist unimodular ma-
trices Uy, U, € Z°*° and a diagonal matrix £ € Z°*° such that

A=U12U;. (5.3.2)
Remark 5.3.6.
1. In general neither the factors U;, U, nor the diagonal matrix X are unique.

2. There exists a SMITH NORMAL FORM that orders the diagonal elements of X by divisi-
bility and relates them to the minors of A, cf. [Marcus and Minc, 1969].

3. The Smith factorization can be computed efficiently and symbolically by a combina-
tion of Gaussian elimination and euclidean division with remainder of integers.

4. Since
S

S
detA=detU, det=detU,=detZ=[]ojj=]]A4;

Jj=1 Jj=1

where A are the eigenvalues of A, there is no further relationship between the SMITH
VALUES 0 := 0;; of the factorization (5.3.2) and the eigenvalues of A, regardless of
whether one considers the normal form or not.

Lemma 5.3.7. If= € 7Z°*° is an expansive matrix, then

Z° = U (nf + EZS) , E=:=2[0,1)°nZ°~7°IE7°%, (5.3.3)
§eE=

is a decomposition of Z° into #E= = |det E| equivalence classes modulo E.
Proof: We use the Smith factorization (5.3.2) and remark that for a, § € Z° we have
a-BeEZ =UzU,2° o Ujla-U,'fezz’,
N——r’
=75

hence
S

7°122° =7°132° = Q) Z10;Z,
j=1
and the group on the right hand side as [[; |a ]—| = |detE| elements. For a € Z° we choose as a
representer the element

[1]

a+EZ°3¢=a-E|E'a|=E(E'a- |E'a]) €E[0,1)°,

~

€[0,1)*

and the equivalence classes are disjoint since for &,¢' € Z[0,1)° the relationship ¢ — &' = Z
leads to
B=="1(¢-&e=TE-1,D = (-1,)°

and thus to f=0. g

Definition 5.3.8. The DUAL QUOTIENT GROUP of the QUOTIENT GROUP Z5/=7%is Z/ =T 7% with
the representers EL := 27[0,1)".
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5.3.2 Fourier matrices and sampling

The use of the word “dual” in Definition 5.3.8 is purposefully chosen as the next result shows.

Proposition 5.3.9 (Fourier matrices). We have

1

ieT==T ¢!
det =] EZE M= mbpg ek (5.3.4)
E| feE-
and
1 S TeTr
— Y PE o5 feEs, (5.3.5)
that is, the FOURIER MATRIX
s Te==T el EE: 4
Fz=|e2mid'=¢ §,€E7 e cExE (5.3.6)

is unitary up to the factor |detZ|.
Proof: For ¢’ =0, (5.3.4) is obvious, otherwise we note that

0£&e=T0,)°nZ° =U U] Z°nU) 2° = US (Z10,)°nZ°) = USy/, n'eEscZ’,
=75

and, by the same argument, also

€U (20,)°nZ%):=Uin, neEscZ’

Hence,
Z eznié—TE—Té—! _ Z eZT[l'r]TUITE’TUZTr]/
{eE= nexl0,1)*nz*
S T T-Ts=177-T 7T/ Ty,
— Z eZmn Up U 270, Uy _ Z e2mn z n, nlEEZ,
neEs neEs

so that the sum (5.3.4) depends only on X. Since

N
Es=Ey=QZ,;
j=1

we also conclude for ¢’ # 0, hence i’ # 0, that

o1 os—1 ; :
Y e 12 SZ (eznm’l/al)hm(ezning/as)k

fEEE j1:0 js:O
o1—-1 : os—1 ; s 27
_ . 2min| /o yl N 2min /o Is _ 1 e
- Z € o Z € - H 2minlo
j1=0 =0 j=11—ems10s
(S —

=(1-(e2mimeros)™ )1 (1-e2rintos)
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which yields (5.3.4) and the same argument also leads to (5.3.5). The unimodularity of the
Fourier matrix is due to

! !
Hy  _ (,-enietzTe . € €Ez \( opigr=-ty . ¢ € E=
s (e Ceens )\° " n'€EL

o ixT=-Tgl j&T==-"Ty ‘fleEE

_ . _ I _ ol IEE':' — IGEE. —
(Z{EEEe 2mic T T (&—y) . :;’eEZ ): |det =] (55:'777: zleE’_ ): |detE| I,

which completes the proof. O

Definition 5.3.10 (Up- and Downsampling). The DOWNSAMPLING operator is defined as

lzc:=¢c(E) (5.3.7)
the UPSAMPLING operator as
c(E'a), ae€EZ, s
tzcla) = ) aecZ’. (5.3.8)
, otherwise,

Remark 5.3.11. The way how downsampling works, namely by extracting the signal compo-
nents corresponding to the equivalence class ¢ = 0, is clear, while upsampling takes a signal
and “stretches” into this class £Z°%; the other parts of the signal is filled with zero values. These
operators are partial inverses:

l=1==1#1=1z, (5.3.9)
but we still have that
Y tt1zlzti =1, (5.3.10)
(eE=

which is all the mathematics behind the so-called LAzZY FILTERBANK.

Exercise 5.3.1 Verify (5.3.10). &

5.3.3 Filterbanks in symbol calculus

Setting M := |detZ| — 1, we can depict our filterbank as

/ - l= I - ¢ - 1= I N
= z z z o —¢.
N\ - l= I - mM - 1= I /

The simplest way to build a perfect reconstruction filterbank is to index the filters as Fg, Gg,
¢ € E=, and to use the lazy filterbank

Ge=F'=1°, {cks, (5.3.11)

perfect reconstruction then follows readily from (5.3.10). Of course, this concept is not par-
ticularly exciting as it only decomposes a signal according to its parities® modulo = and then
to recombine them. To get an algebraization of filterbanks, we need yet another concept.

8In the simplest case s = 1 and = = 2 this would result in decomposing into odd and even compo-
nents.
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5.3 Filterbanks

Definition 5.3.12 (Matrix monomials). Given I € Z%*¢, written in terms of its column vectors,

I:=(y1,...7s),  Yj€Z’ j=1...,5s

we define the MATRIX MONOMIAL z! := (277 : j = 1,...,s). Moreover, the HADAMARD PRODUCT
of z,z' € C’ is defined as
z7z = (212, , 252;) €C°. (5.3.12)

This terminology allows us to describe the operation of upsampling and downsampling in
symbol calculus.

Lemma 5.3.13 (Up- & downsampling). Forc e ¢y(Z°) we have

(lz0f (@ = (&), (5.3.13)
—_ 1 ==Tx
ot () = i 2mE77S
(= 0 (%) Gom &ZE/EC (e z). (5.3.14)

Proof: (5.3.13) follows immediately from

- a_ - = {+Ea
Y otzc@z®= ) ) tzc(+Ea)z

1z 0% (2)

ez F= acZs

“ tekza =5 c(@)
= Y cl &% =c(z7),

ae”Zs

=()"

while downsampling requires the Fourier duality (5.3.5):

(z0f(F)= X cEmz™= ) 6@ ) cC+EZa)z" ="

aczZ® ¢{eE= aecZ’
1 . == ! =
= Y — ) 2miSTETE > c(E+Zaq)zttEe
EeExs |detZ=| &'eEL aeZ’
=50
= - Z Z Z ezm(Ea)TziT(’U eszTEiTs,C(f+EOé) Z(’t+5a
= —_—
|detZ| feEz ¢'eEL aeZ? _gzmiaTé
1 2mi(+Ea) 2T c+Ea
- - Z Z Ze == S e+ Ea) T
|det:.| feFs EleE/E acZs
1 . ==Tzl cm—T ¢/ a
— — Z Z eZHIQT_ Tf C(a)za = — Z Z C(a) (627”“ Tf Z)
|det.:.| 'EeE,E aeZ’ Idet:| f’eE,E a€e”Z’
1 ==T ¢l
_ n( 27E"T¢ )
= c'le z],
|detZ| E’E%’E
which is (5.3.14). 0

The vectors zg := eZ”E_T‘U, &e E’E, from (5.3.14) deserve a closer inspection.
Example 5.3.14. We consider the simplest case s = 1.
1. For E = 2 we obtain E’E =71/27 =7, =1{0,1} and numbers are e =41,

2. Gettingslightly more general with = = n, then EL = Z,, and the respective values {¢"'*/" : ke Z,}
are just the nth ROOTS OF UNITY.
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Roots of unity are, in principle, nothing else than signs and exactly this is the role even of z;.
If¢jisacolumnofZ, j=1,...,s, we get

(eZniE’Tf’)ff _ eznif}'E"‘f’

and therefore oy
g =eEE I — M o] =,
since ¢’ € Z°. This can be rephrased as follows.

Proposition 5.3.15. The vectors zg € C* are Zth roots of unity.

With these tools we can formalize the filterbank. We first index the filters as F;, ¢ € Ez which
fits the philosophy of the most interesting type of filterbanks.

Definition 5.3.16. A filterbank is called CRITICALLY SAMPLED if M = |detZ| — 1. In that case
we index the filters conveniently as

F:,G;, (€E. (5.3.15)

The processing by the analysis filters is then of the form | = F; and has the symbol

Y (ch)ﬁ (eZniE’TE’Z)

'eEL

B 1
" |detZE] .
G

(1= Fec)* (2%)

- 1 > ffu (e‘Z”’EfT‘U z) cf (e_z”isz‘f’z)

detE 57,

= e () e m] [ (=) e,

Vectorizing the resulting cs =| = Fg, the filterbank can be written as a matrix-vector product
(cijr (z%): ¢e EE)

- 1 (

~ |detZ]
Let us recall the names of the objects appearing in (5.3.16).
Definition 5.3.17 (Polyphase & modulation).

1. The POLYPHASE REPRESENTATION or the POLYPHASE VECTOR of a signal ¢ € ¢ (Z°) is de-
fined as

ct;,(z) = (c” (ez”"sz‘Uz) e E’E) (5.3.17)

2. The MODULATION MATRIX of an analysis filterbank F = (F; : ¢ € Ez) is

F(z):

= #( omizTe ). ¢ €E= EzxEL
" |detZ| (ff (e Z) : €A . (5.3.18)

{'e EZ
3. The matrix-vector representation of the analysis filterbank is then

¢ (2%):= (¢} (%) : €€ B=) = Fa) 6} (2). (5.3.19)
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5.3 Filterbanks

Remark 5.3.18. In the univariate case, see (1.2.21), we built the polyphase vectors with re-
spect to the z-transform, here we use symbol calculus. This is really a matter of taste and
does not really make a difference.

The synthesis filterbank is more easily computed since a direct application of (5.3.13) yields

d@=Y (Getzc) (2= Z gi(2) i (%) (5.3.20)
¢eE=

and fortunately the analysis filterbank precisely yields the vector ¢! (zE) needed there. Since
(5.3.19), on the other hand, is based on a polyphase vector, we can write the return value ¢’ in
polyphase form as well and thus get for ¢’ € E_ that

e = (e = B e e

(élem=e2): e o)

that is
c),(2) = |detZ| G(2)" ¢(2) = |detZ| G(2)" F(2) ¢ (2), (5.3.21)

now with the modulation matrix for (gg e EE). The identity (5.3.21) immediately allows us
to describe perfect reconstruction in terms of modulation matrices.

Theorem 5.3.19 (Perfect reconstruction). A filterbank provides perfect reconstruction if and
only if
G'(2)F(2) =

I 5.3.22
|detZ| ( )
Thus a given analysis filterbank or synthesis filterbank can be completed to a perfect recon-
struction filterbank if the given filterbank has an inverse® in AE=xEz or AP=xEz , respectively.
Taking into account that matrices over rings are invertible in the ring if and only if they are
unimodular, we can draw the following conclusion.

Corollary 5.3.20. An analysis filterbank F or a synthesis filterbank G can be completed to a
perfect reconstruction filterbank if and only if F(z) or G(z) are UNIMODULAR, respectively.

In other words: if F(z) € Af=*F= js a unimodular matrlx then the ﬁlterbank can be completed
by G(z) = F ~T(z), which requires symbolic i inversion!® and transp051t10n . But this process
does not directly guarantee that F~ 7 (z) really has the structure of a modulation matrix. This
requires some extra effort.

Proposition 5.3.21 (Inverses of modulation matrices). IfF € A®*® is unimodular, then there
exist Laurent polynomials g¢ € A, ¢ € E=, such that

o\ EEEL)
F—l(z)=(g§ (27274 2) : ‘; G )eAEEXEE' (5.3.23)

9Keep in mind that the inverse of a matrixin RX*Y is a matrix in RY *X.
19Cramer’s rule is a possibility though not very efficient.

'Which is really easy.
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Proof: We define gg(z) := (F7'(2))y ¢ and remark that '?

1 i=m—T !
—— Y gl@fi(*=), ek (5.3.24)

%06 = D F@og = oz 2
=l &

2miE"

Setting ¢’ = 0in (5.3.24) and replacing z by e

1 o T T
= aetz] > gg (ez’”: " z) fg(ez’”: " z) = (GT(z)F(z))n,yn,. (5.3.25)
=1 ¢eE=

T
"'z for some 1’ € EL, we get

The same trick with ¢’ # 0 yields

]' i=—In sm—T (el ’
= det=] ZE’ gii (ezﬂl_ Tn Z) ffﬁ (ean_ T +Tl)z) — (GT(Z)F(Z))nr'gtq_nm
=1 {eEz

(5.3.26)

and since {n' +¢&’ : &' # 0} = EL \ {n'}, atleast modulo Z, we can combine (5.3.25) and (5.3.26)
into
Sy =(GT@F@)g,, ie, G@=F'(2),

and since the inverse of a matrix is unique once it exist, we can conclude that F =T has the
structure of a modulation matrix. O

5.3.4 Matrix completion and interpolatory sequences

Now we get to the interesting question of how much we have to know about a filterbank in
order to be able to complete it to a perfect reconstruction one. We take the point of view that
we start with the synthesis filterbank and want to construct an appropriate analysis filterbank
for it. To that end, we denote by

g =g (e¥= ") ¢’ e L) (5.3.27)
the polyphase vector for the filter Gy, which is also the 0th row of the matrix G(z).

Proposition 5.3.22. Ifthe modulation matrix G(z) is unimodular then gi, iSUNIMODULAR in
the sense that

le <g§,> = <gg (ez’”‘E’Tf'-) e E’E>. (5.3.28)

Proof: Since G is unimodular, there exists for any vector y € A= a vector a = (ag:é€ E'E) €
AP= such that
y(2) = G(z)a(z), namely, a(z) = G_l(z)y(z).

Choosing yp = 1 leads to

1= Z gg (€2niE_T€I~) ag,
{'eEL

which is the representation requested by (5.3.28). O
Remark 5.3.23. Note that (5.3.28), i.e., unimodularity of the polyphase vector, can also be

expressed as the fact that the components of the polyphase vector have no common zeros.
This directly connects to Theorem 1.2.17.

12Concerning the notation: F~'F € CE=*E= s an identity matrix indexed with ¢'.
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The converse of Proposition 5.3.22 could be concluded from the QUILLEN-SUSLIN THEOREM,
cf. [Cox et al., 1998] and [Park, 1995, Park and Woodburn, 1995] for an explicit algorithm.

We will give a different, more elementary proof here which, however, does not yield an
immediate completion algorithm, only after prefiltering. To that end, we first observe that
the representation of (5.3.28) can also be done in a special form.

Lemma 5.3.24. If (5.3.28) holds true then there exists h € A such that

1= % % (ezm'E*Tf'_) gg (eZniE’Tf") -y (h*go)ﬁ(esz’Tf',)_ (5.3.29)

E’EE’E E’EE’E

Proof: In the identity
1=y g(ﬁ) (eZniE*TE,Z) a0 (2

§'eEL

im =T
we replace z by e?"'= "z for somen € EL and note that

1= Z gg (eZ”"EfT(EU””z) ag(eZ”iET”z) = Z gg (627”'345,2) af/_n(ezm'?T"z) (5.3.30)
§'eEL {'eEL

due to the group structure of E_. Averaging (5.3.30) over 7) then yields that

1 T -
L= g L L & e @
|det:1| TIEEL:‘SUEE/E
1 Ty .
- e D) T @
|d3t:|:'eE’E neEL
1 f( 2niz=T¢ 2mi="T(E -n)
= — ) go(e = z) Y an(e'= z)
|det=| {'eEL neEL
- ¥ gg(ezniz-Tg'Z) = Y an(e—zmz-fn,) (ezma-Tf'z)
{'€eEL |det=| neEL
and therefore )
u:: a (e—ZHiE_Tn_).
IdetElné,: Y
satisfies (5.3.29). O

Remark 5.3.25. Note that £ from (5.3.29) also has a unimodular polyphase vector.

The next concept is traditional and useful in subdivision theory when the meaning of the
notion will become clear.

Definition 5.3.26. The SUBSYMBOL of a sequence a € £((Z°) is the LAURENT POLYNOMIAL

ag(z) =Y aEa+d 2%, (5.3.31)

ae”Z’

and a is called INTERPOLATORY with respect to E if a(Z-) = 6.

The SUBSYMBOL REPRESENTATION of a symbol follows readily from the decomposition (5.3.3)
and takes the form

@)=Y amz"= Y Y aEa+Hz="" =Y ZFd (7). (5.3.32)

aezZ’ (eEz a€Z’ ¢eE=

The next result is well-known from subdivision theory and describes interpolatory filters.
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Lemma 5.3.27. A sequence a € ¢o(Z°) is interpolatory if and only if

1 im—Tx!
B[ 2miE70E ) =
|detZ| g,GZE,:“ (e ) 1. (5.3.33)

Proof: Substituting the subsymbol decomposition (5.3.32) into the left hand side of (5.3.33),
we get that

]. s=—T ¢f
Z ﬂ( 2ri= "¢ )
— ale z
|detZ| E'eEL
1 ( 2mi=TE )‘( ﬁ( 2miETE"Te =)
= — Y. > |7 Cz) a|e=E c 2T
|detZl i (e ¢
1 - N - _
= — ) zfag (%) > 2mid =T =d (5)= Y aEa)=1,
Idet:I feE= EeEL aezZ®
. =0qa,0
:65,0|det5|
as claimed. O

Theorem 5.3.28. The polyphase vector ggg from (5.3.27) is unimodular if and only if there exist
h € €o(Z°) such that h = gy is interpolatory.

Proof: The direction “=" is the above construction, while the fact that & * g is interpolatory
yields (5.3.29) and therefore that 1 € < gt;g>, hence “<”. O

The advantage of interpolatory sequences is that they define filters that admit a simple uni-
modular completion, due to the fact that the coefficients for the representation of 1 in (5.3.31)
are particularly simple, namely |detZ|~}.

Theorem 5.3.29. Ifac ¢((Z°) is interpolatory, then the matrix

et &€ E=\ {0}
e 2mET : P ]
G(z):( ( ) § € EL (5.3.34)

\aﬁ (e‘z’”'E_Tf/z) : &' e EL }

is unimodular in A.

Proof: Writing a in its subsymbol decomposition modulo =

a'(z) = ag(z) + ) #d (F)=1+ Y z¢ ag (z5),
ceEn\0) EeE=\{0}

we obtain for {’ € EZ that

a (ezniE-Tg'z) -1+ Y 2= z)fag (ezmst-Tg' ZE)
FeEo\{0)
et A& _
= 1+ Y (ePE z) ag(z:),
Fe o\ [0}
hence
1=a (eZ”ZE_TE/z)— Z e2miE ¢ )g ag (2%), &' e Eg
FeEo\{0}
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and thus
(1.01) = ((-af (%) :¢ e Bz \10}) 1) Geay. (5.3.35)
This leads to
=Tz 4 fEE:\{O}
2nE -fz) . = I 0
Az) := ((e ' {'e EL \lz( b=y )G(z). (5.3.36)
t . : Fer ) —af(z).feEE\{O} 1

The matrix A(z) can further be decomposed as

{€E=

. e Tem—T ¢t
A(z) = diag (2° : { € E=) (62’”" B¢ ¢ EL

) =:D=(z) F&,
where Fz is the Fourier matrix from (5.3.6). Therefore,

I 0\’
Gl2) = —ag (2%): &€ E=\ {0} 1) Dz(a)Fz =

1 0
a:(z%): &€ Ez\ (0} 1)D5(Z)FE (5.3.37)

and

detG(2) = det Fzdet D=(z) = +\/|detZ| [] 2° € A*
CeE=

which proves unimodularity. g

Exercise 5.3.2 Show that

Corollary 5.3.30. The matrices

e_znsrTEfTsr/ . f EIEE \/{0}
¢ ek

-1 =
Dz (2)G(z) detF= kaﬂ (e—zm'E_Tf’ Z) : 'e E/E

and

G(z)Dz'(2) =

{'e EL
detFs= [ (efzm'E*TE’ Z) . EeEL

1 re‘z”fTET‘”z‘f—f’ . ¢cE=\0)

have determinant 1.

Proposition 5.3.31. The polyphase vector and the subsymbol vector are related by
(a(¢2= 7€' 2) 1’ € BL) = FE D= () (@} (%) : ¢ € E=) (5.3.38)

and one of them is unimodular if and only if the other one is unimodular.

Proof: Substituting z = 2= 7 ¢’ € EZ in the subsymbol decomposition (5.3.32) we get
that

4 (eZHiE‘TE’ z) =y eznifTE‘Tf’ZEag (eZHiETE'Tf'ZE) =epFID=(2) (ag (z%):¢€ EE),
{eEx
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5 Signal Processing

which is (5.3.38). Moreover, if h € AE= is such that
1=(hy:& e BL)" (af (7= 2) ' € BL) = (hp &' € BL) FED=(2) (af (%) : € € B,

then
h=D=(2)F=h

obviously is a coefficient vector for the combination of 1. The converse works the same way.
O
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I'-forms, 67

I'-representation, 59-62

0 multiplicity space, 126

0-operator, 125, 126

p-norm, 117

z—transform, 19

z-transform, 118, 121, 134

algebra, 119

algebraic closure, 92
algebraically closed, 11, 37
algebraically closed field, 81
analysis filterbank, 134-136
analysis filters, 20, 134
analysis modulation matrix, 21
annihilating filter, 28

arity, 24

ascending chain condition, 44

Bézout coefficients, 6
Bézout identity, 7

back substitution, 106
backwards difference, 25
Banach algebras, 36

basic limit function, 24
basis, 12, 64, 75, 77, 80
Basissatz, 38, 51, 56
basissatz, 10

Bombieri inner product, 33
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box spline, 109
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Cauchy product, 33

causal filter, 22

change of basis, 75
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closure, 10

coalescing points, 99
coefficient block, 68
coefficient vector, 84
collocation matrix, 17
column vector, 132
common divisor, 5
common zero, 12
Common zeros, 86
companion matrix, 13, 86
compatible, 44, 110
complement, 50

complete intersection, 111
completion, 34
compound matrix, 87
computerized tomography, 99
conjugate gradients, 79
constant, 120

contractive, 24, 129
convergent, 33
convergent subdivision scheme, 24
convolution, 19, 118
convolution algebra, 19, 25, 119
convolution operator, 25
correlation, 29, 118
Cramer’s rule, 22, 129, 135
critically sampled, 21, 134

definite, 57

degree, 4, 43, 46, 47, 102

degree constraint, 52

degree reducing, 102, 103, 106, 114-116
diagonal matrix, 129

diagonalizable, 86

Dickson’s Lemma, 51

difference equation, 120

difference operator, 25, 117, 119, 121
differentiation invariant, 90

direct sum decomposition, 43
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divides, 52, 57
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Division with remainder, 53, 59
division with remainder, 48, 130
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downsampling, 131
downsampling operator, 20
dual pair, 91

dual quotient group, 130

Eigenspace intersection, 88
eigenstructure, 87
eigenvalue, 78

eigenvector, 78, 121
elimination ideal, 39, 73-75
empirical polynomials, 7
euclidean algorithm, 5
euclidean function, 48
euclidean ring, 4, 47, 48
expansive, 129

exponential polynomial, 126
exponential signal, 120, 121
extended euclidean algorithm, 5-7

factorial, 31

falling factorials, 122

field, 3

filter, 19, 118

filterbank, 20, 134, 135
finitely generated, 64

FIR filter, 118, 120, 121

Fisher inner product, 33
floating point, 57

form, 46, 56

formal power series, 33, 110
Formenideal, 67

Fourier duality, 133

Fourier identity, 20

Fourier matrix, 130, 131, 138
Fourier transform, 30
frequencies, 27

Frobenius companion matrix, 13, 28
Function Theory, 11
fundamental polynomial, 102
fundamental polynomials, 103

G-representation, 52, 73
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generalized convolution, 24
generalized eigenvalue problem, 29
generalized eigenvalues, 80
generalized interpolation problem, 96
generated by, 34

generating function, 19

generating matrix, 69

geometric characterization, 100, 101
Groéber basis, 74

Grébner bases, 39

Grobner basis, 52, 55, 56, 62, 65, 73, 112—

114
graded basis, 106
graded lexicographical, 45
graded ring, 4, 43, 44
grading, 45, 56, 57, 59, 102, 110, 112
Grading by monomials, 44
grading monoid, 43
gradlex, 112
Gramian, 116
greatest common divisor, 5
grid, 111

H-basis, 56, 115,116

H-grading, 46

H-representation, 59

Haar space, 97, 113

Hadamard product, 132

Hankel matrix, 29

Hermite interpolation, 16, 96, 97, 99
Hermite-Birkhoff interpolation, 96
hermitian, 116

Hilbert space, 57

Hilbert’s Nullstellensatz, 35
homogeneous, 63

homogeneous difference equations, 121
homogeneous element, 43
homogeneous equation, 120
homogeneous grading, 59, 76
homogeneous ideal, 66, 67
homogeneous lifting matrix, 69
homogeneous polynomial, 46, 69
homogeneous syzygy, 66
homogeneously generated, 104-106
hyperbolic cross, 114

hyperplane, 100



ideal, 11, 34, 73, 75, 91, 96

ideal basis, 109

ideal interpolation, 96, 109

Ideal intersection, 74

ideal intersection, 39

ideal membership problem, 55, 56
ideal projection, 76

ideal projector, 15

identity matrix, 135

impulse response, 19, 20, 118, 121
in general position, 101

infinite sequences, 18

inner product, 32, 57

insertion rule, 23

interpolant, 96

Interpolation, 95

interpolation operator, 15, 102
interpolation space, 96, 97, 106, 113
interpolatory, 23, 137
intersection, 74

inverse system, 75

jointly diagonalizable, 86
Jordan block, 80, 85
Jordan normal form, 80

Karamata’s notation, 122
kernel, 25, 70, 87, 120
Krylov spaces, 79

Lagrange fundamental polynomials, 100, 101
Lagrange interpolation, 95-97, 99, 104
Lasker-Noether Theorem, 37

Laurent ideal, 40-42, 127

Laurent monomial, 31

Laurent polynomial, 3, 32, 120, 137
lazy filterbank, 132

leading coefficient, 4, 7

leading form, 46

leading part, 46

leading term, 4, 46

least degree, 110

least part, 110

Lebesgue constant, 101

Leibniz rule, 123

length, 31, 45

lex term order, 73

lexicographical, 45

linear operator, 118

Index

local ring, 4

long division, 4

lower set, 49, 53, 103, 114
LTI filter, 118

Macaulay, 56

Macaulay basis, 56
Mairhuber’s theorem, 98
mask, 23, 24

matrix monomial, 132
maximal ideal, 36

minimal degree, 102
minimal form, 110
modulation matrix, 134, 135
moment, 30

moment problem, 30
moment sequence, 30

monic, 4, 5,12, 105

monoid, 43, 44

monomial, 31

monomial blocks, 69
monomial grading, 47, 103, 112
monomial ideal, 49, 51, 52, 67
multiindex, 31

multiplication, 119
multiplication operator, 76
multiplication table, 77, 85, 86
multiplicity, 16, 35, 38, 83, 93
multiplier, 25

natural lattice, 101

Newton approach, 104
Newton basis, 104-108, 110
Newton formula, 18, 123
Newton’s method, 25, 81
Noetherian ring, 44, 68
Noetherian rings, 10
nonredundant, 27

norm, 18

normal form, 55, 60, 61, 75, 77
normal form space, 75
normal vector, 100
normalized, 100
Nullstellenindeal, 34
Nullstellensatz, 35, 81
numerical rank, 88

one-sided signal space, 117
order closed ideal, 49
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orthogonal, 58 real algebraic geometry, 11

orthogonal complement, 57 recovery problem, 95

Orthogonal reduction, 72 rectangular grid, 111

orthogonality, 57 recurrence relation, 123
refinable, 24

Padua points, 101 remainder, 4, 15, 48, 52, 57

partial difference operator, 117 replacement rule, 23

partial differential equations, 120 representer, 130

partial differential operator, 32 ring, 3, 129

partial shift operator, 117 roots of unity, 133

peak sequence, 19

perfect reconstruction, 21, 22, 132, 135 S-polynomials, 65, 113

pivoting, 9 scalar multiplicity, 93

pivoting strategy, 106 scaling matrix, 129

Pochhammer symbols, 122 semidiscrete convolution, 25

point evaluation functional, 92 sesquilinear form, 32

polynomial, 3, 31 set difference, 50

polynomial division, 4 shift invariant, 90, 122, 127

polynomial ideal, 37, 41, 42 shift operator, 90

polynomial part, 41, 127 signal, 117

polyphase representation, 134 Signal processing, 18

polyphase vector, 21, 22, 134, 136 singular value, 70

positive octant, 114 singular value decomposition, 70

singular vectors, 70
sites, 14, 95, 99, 108, 110
Smith factorization, 129

power method, 25
prediagonalization, 89

primary decomposition, 37, 42
primary ideal, 36, 92 Smith normal form, 129

prime ideal, 36 Smith values, 130

principal ideal, 10, 74, 122 sparse reconstruction, 27

principal ideal ring, 10, 55 sparsity, 27

principal lattices, 111 spurious zero, 41

principal shift invariant space, 122 spurious zeros, 128

projection operator, 15 Stirling numbers, 122

Prony’s problem, 27 Stirling operator, 123, 124

proper, 34 strict grading, 45, 112

pulse, 117 strictly descending, 44

pulse signal, 117 Strong Nullstellensatz, 36
subband decomposition, 20, 21

quasi norm, 18, 118 subband reconstruction, 20
Quillen-Suslin Theorem, 136 subdivision operator, 23
quotient group, 130 subdivision scheme, 24
quotient ideal, 26, 35, 39 Subspace intersection, 88
quotient space, 12, 61, 75, 76, 80, 82, 85, 86, subsymbol, 137

127 subsymbol decomposition, 138, 139

subsymbol representation, 137

radical, 36, 81 support, 32
Radical computation, 85 SVD, 70, 72, 87
radical ideal, 36, 80, 81, 86 Sylvester matrix, 8
rank revealing factorization, 70 symbol, 19, 118, 134
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synthesis filterbank, 134-136 well ordering, 44, 45, 54, 57, 63
synthesis filters, 20

system of difference equations, 121
system of equations, 34

syzygy, 63, 64

syzygy module, 63-65

syzygy of degree n, 72

zero, 11, 120
zero dimensional, 76
zero dimensional ideal, 37, 127
zero ideal, 34
zero set, 75, 127
zerodivisor, 82
Taylor formula, 91, 123
term, 31, 32, 44, 46, 48, 52
term order, 45-47, 53, 56, 58-60, 65-67, 74,
112
theology, 38
thin SVD, 70, 71
threshold, 88
Toeplitz matrix, 29
torus, 98
total degree, 18, 44, 46, 59, 99
total order, 44, 47
trace matrix, 83, 85
trace method, 81
transfinite interpolation, 95
triangular grid, 111
triple zero, 83
trivial grading, 45
trivial ideal, 34

unimodular, 129, 135, 136

unique interpolation space, 96, 97, 102, 103,
116

unit, 3, 22, 40

unit roots, 20

unitary, 130

units, 31

universal I'-basis, 112

universal basis, 112

universal Grébner basis, 113

universal interpolation space, 113, 115

upper set, 49, 50, 66, 103, 112

upper triangular, 9

upsampling, 131

upsampling operator, 20

Vandermonde matrix, 17, 28, 97, 99, 102,
106

vanishing, 34

variety, 35, 81

vector space, 34, 76

weak Nullstellensatz, 35
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