A Numerical Algorithm for Zero Counting.
I: Complexity and Accuracy
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Abstract. We describe an algorithm to count the number of distinct real zeros of
a polynomial (square) system f. The algorithm performs O(log(nDx(f))) iterations
(grid refinements) where n is the number of polynomials (as well as the dimension of
the ambient space), D is a bound on the polynomials’ degree, and x(f) is a condition
number for the system. Each iteration uses an exponential number of operations. The
algorithm uses finite-precision arithmetic and a major feature in our results is a bound
for the precision required to ensure the returned output is correct which is polynomial
in n and D and logarithmic in &(f). The algorithm parallelizes well in the sense that
each iteration can be computed in parallel time polynomial in n, logD and log(k(f)).

1 Introduction

In recent years considerable attention was put on the complexity of counting problems over
the reals. The counting complexity class #P was introduced [20] and completeness results
for #P; were established [3] for natural geometric problems notably, for the computation
of the Euler characteristic of semialgebraic sets. As one could expect, the “basic” #B;-
complete problem consists of counting the real zeros of a system of polynomial equations.
Algorithms for counting real zeros have existed since long. One such algorithm follows
from the work of Tarski [25] on quantifier elimination for the theory of the reals. Its complex-
ity is hyperexponential. Algorithms with improved complexity (doubly exponential) were
devised in the 70s by Collins [5] and Wiitrich [27]. A breakthrough was reached a decade
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later with the introduction of the critical points method by Grigoriev and Vorobjov [13, 12]
which uses exponential time. Algorithms counting connected components (and hence, in
the zero-dimensional case, solutions) based on this method can be found in [14, 16], and in
the straight-line program model of computation in [1]. These algorithms parallelise well in
the sense that one can devise versions of them working in parallel polynomial time when
an exponential number of processors is available. The #Pg-completeness of the problem
strongly indicates that this is the best we can hope for.

All the algorithms mentioned above are “symbolic algorithms.” They have been devised
upon the premise that no perturbation or round-off error is present. Were this not the
case, it is not difficult to see that errors would accumulate quite badly. Roughly speaking,
these algorithms construct some object of exponential size on which some basic computation
(e.g., linear algebra) is eventually performed. A question is posed, can one devise “numerical
algorithms” (maybe iterative, which need not terminate for ill-posed inputs) with a better
behavior viz the accumulation of round-off errors? For the problem of deciding the existence
of (or computing) a zero of a polynomial system such algorithms were given in [8, 6, 18].
The goal of this article is to describe and analyze a numerical algorithm for zero counting.
We will do so by developping appropriate versions of the tools used in [8, 6].

Let dy,...,d, € Nand d = (dy,...,d,). We will denote by Hq the space of polynomial
systems f = (f1,..., fn) with f; € R[X),..., X,] homogeneous of degree d;.

Zero rays of polynomial systems f € Hq are associated to pairs of zeros (—(, () of the
restriction f|gn» of f to the n-dimensional unit sphere S™ C R"*1. Thus, it will be convenient
to consider a system f € Hq as a (central symmetric, analytic) mapping of S™ into R™. If
we denote by Z(f) ={¢ € S™: f(¢) = 0} the zero-set of f in S™ then the number #g(f) of
zero rays of the system f is half the cardinality of Z(f).

In this paper we describe a finite-precision algorithm computing #gr(f), given f € Hq.
To analyze its complexity and accuracy, besides the number n of polynomials, we will rely on
two more additional parameters. One is D = max;<, d;. The other is a condition measure
k(f) for the system f. We will describe this measure in detail in Section 2 below. We
will also let S = max S; where S; is the number of non-zero coefficients of f;. Note that
S is bounded by a simple expression in terms of n and D, namely, S = ("ED). Yet, we
will express dependancy on S since this may be relevant for the case of sparse systems of
polynomials. Our main result is the following.

Theorem 1.1. There exists an iterative algorithm which, with input f € Haq,

(1) Returns #gr(f).

(2) Performs O(log(nDx(f))) iterations and has a total cost (number of arithmetic opera-
tions) of

2[{ 2\ 2n
0 <10g(nDF»(f))(n+ )2 <2<n+ DD?() ) ) |

Qe
where o, ~ 0.0384629388 . .. is a universal constant.
(3) Can be well-parallelized in the sense that it admits a parallel version running in time

O(n* In(nDx(f))(In(nDr(f))?* +In(a)?))

with a number of processors exponential in this quantity.



(4) Can be implemented with finite precision (both versions, sequential and parallel). The
running time remains the same (with o, replaced by e =~ 0.028268---) and the re-
turned value is #r(f) as long as the machine precision (i.e., the round-off unit) u

satisfies
1

(D2n/2k(f)3(log S 4+ n®/2D2k(f)?))

<
“=0

(5) It can be modified to return, in addition and for each real zero € S™ of f, an approz-
imate zero x of f in the sense that Newton’s iteration, starting at x, converges to C
quadratically fast.

Remark 1.2. (i) A system f for which arbitrarily small perturbations may change
the value #g(f) is considered ill-posed in our context since for arbitrarily small machine
precisions finite precision algorithms may return an incorrect value. Consequently, the
condition number £(f) is infinite in these cases (and only then). This happens when f has
multiple real zeros and, in particular, when f has infinitely many real zeros. In these cases
the algorithm of Theorem 1.1 may not halt.

(ii)  Numerical algorithms compute functions ¢ on real data. Error analysis for algorithms
computing (vectors of ) real numbers —i.e. for which the image of ¢ has non-empty interior—
are usually expressed in terms of bounds for the relative error of the computed quantities.
That is, for data d, bounds in

l[o(d) — £1((d)]|

()]

where £1(p(d)) is the vector actually computed with finite precision. This relative error
varies continuously with d and depends on the condition of d and on the precision w. Such a
form of analysis, however, becomes meaningless when computing quantities taking a finite
number of values. Indeed, if R, denotes the set of input data d for which ¢(d) = a the
following happens. When d is in the interior of R, we have that the relative error above
is 0 for sufficiently small u. In contrast, when d is on the boundary of R,, that error may
remain constant for all u > 0. Because of this, error analysis for this kind of discrete-valued
problems has a different form, as in Theorem 1.1. One bounds how small u needs to be to
guarantee a correct answer. Such a bound, needless to say, also depends on the condition
of the data d. Examples of this type of analysis can be found in [4, 6, 7, 8]. In each of these
references a condition number for the problem at hand occurs in the error analysis. We note
that the one in [6] is essentially our x(f).

The rest of the paper is organized as follows. In Section 2 we describe the basic objects we
will deal with as well as fixing the notation. In Sections 3 and 4 we prove the two technical
results our algorithm relies on. In Sectionb we describe the algorithm under the assumption
of infinite precision and we prove parts (1), (2), and (3) of Theorem 1.1. The geometric
ideas making the algorithm work are best seen in this context. Section 6 then describes the
necessary modifications to make the algorithm work as well under finite precision. These
modifications are simple and can be summarized by saying that we relax a bit the inequalities
tested in the algorithms to make room for the finite-precision errors to fit in.

2 Preliminaries

Denote by Hg the subspace of R[ Xy, ..., X,] of homogeneous polynomials of degree d. Then,
HdZHdl X XHdn.



If g € Hy we write
9(X) =Y gsXx’
J

where J = (Jo, ..., J,) is assumed to range over all multi-indices such that |J| = >~} Ji =
d, X' = Xj° X" ... X" and g; € R. Multinomial coefficients are defined by:

A
J) " I

The space Hq is endowed with the inner product

(g, h) = Z nghJ
e (9)

which gives rise to the norm ||g|| = \/{g, g). These norms, for ds,...,d,, induce a norm in
Ha by taking for f = (f1,..., fn) € Ha:

0= 01 F)ll = s 15
Let O(n + 1) be the orthogonal group. The inner product above is known to be O(n + 1)-
invariant: for all @ € O(n 4 1) and all g, h € Hy,

{(go@Q,hoQ) = (g,h).

(This is a direct consequence of [26, III-7] or [2, Theorem 1 p. 218], by considering O(n+1)
as subgroup of U(n + 1)). The associated norm | f| on Hq is therefore also O(n + 1)-
invariant. We will use this norm on Hq all along this paper. For x = (z1,...,2,) € R" we
recall that ||z]s = (22 + - +22)/2 and ||2]|c = max{|z1|,...,|2,|}. We will often denote
lzll> simply by [|z]|

For f € Hq and = € S™ define

-
d
fnorm(F,2) = |FIVE | D@7 o S @

Vi,

where D f(z)|7,s» is the restriction to the tangent space of z at S™ of the derivative of f at
x and the norm is the spectral norm, i.e. the operator norm with respect to || [|2. We now
define the condition number x(f) of f € Haq:

_ . £ }
) = mggmin {2, T}
Remark 2.1. The quantity x(f) is closely related to other condition numbers for similar
problems.
A version of the quantity pinorm(f,¢) was introduced in [21, 22, 23] (see also [2, Chap-
ter 12]) for a complex polynomial system f and a zero ¢ of f in the complex unit sphere
S C C™*1. The normalized condition number of such a system f was then defined to be

,Unorm(f) = Cesgll?()é)zo ,Unorm(fa C) (2)



Actually, the version of finorm(f,¢) introduced in [21, 22, 23] differs from (1) in the fact
that || f|| is defined as (3 || f:]|>)*/? (and there is no y/n factor). It is bounded above by the
expression in (1).

Over the reals, the right-hand side in (2) may not be well-defined since the zero set
of f may be empty. In [8] real systems were considered (as in the present paper) and
an algorithm deciding feasibility of f (i.e., whether f has a real zero) was proposed. Its
complexity was analyzed in terms of a condition number which, using our notation and
modulo minor details, is defined as follows

min norm ([ if f is feasible
cesiRL K (f.Q) i f

o
s 17Ol

Note the use of min (instead of max) in the first line above. This is due to the fact that the
time needed for the algorithm in [8] to detect the existence of a zero depends on the best
conditioned zero of f. The existence of other, poorly conditioned (or even singular), zeros
of f is irrelevant.

Shortly after, the algorithm in [8] was extended to an algorithm which would, in addition
and if f is feasible, return a zero of f [6]. The complexity of this extension was studied
in terms of a condition number (denoted o(f) in [6]) which, essentially, coincides with our

k()
Proposition 2.2. For dall f € Ha, «(f) > 1.

if f is infeasible.

PRroOOF. Let z € S™. Because of orthogonal invariance, we may assume without loss of
generality that x = ep := (1,0,...,0).

It is then immediate that || f(z)|lcc < || f]|. This shows that the second expression in the
definition of  is at least 1.

For the first expression, i.e., tinorm (f, ), define g = (g1, ..., 9n) € Ha by ¢:(X) = fi(X)—
fileo) X, Then g(eo) = 0 and [2, Corollary 3 p. 234], finorm (g, €0) > 1 (this is shown for
the version of fiporm with the 2-norm for || f||, which is bounded above by the expression (1)).
Since Df(eg) = Dg(eo) and ||g|| < ||f|l, we can conclude pinorm(f;€0) > fnorm(g;€0) > 1.

o

3 The exclusion Lemma

In this article, d( , ) denotes the Riemannian (angular) distance in S™ (which satisfies
0 <d(z,y) <m, Vz,y € S") and for x € S",r > 0, we set B(x,r) :={y € S" 1 d(y,x) <r}
and B(z,r) :={y € S" : d(y,z) <r}.

The following result can be used to support an exclusion test.

Lemma 3.1. Let f € Hq and let 2,y € S™ such that d(z,y) < /2. Then,

1) = F@)llse < IFIVD d(,y)
In particular, if f(x) # 0, there is no zero of f in B(z, min{|| f(2)|leo/ (|| f|[VD), V2}).



Proor. An immediate consequence of the definition of the O(n + 1)-invariant inner
product is that Hg endowed with this inner product is a reproducing kernel Hilbert space [9,
Prop. 2.21]. This implies that, for all g € Hg and z € R" 1

g(x) = (g(X), (z" X)I&9). (3)

Because of orthogonal invariance, we can assume that x = eg and y = egcosf + e; sinf,
where 6 = d(z,y). Equation (3) implies that

file) = fily) = (fu(X), @ X)) — (fi(X), (y" X)%) = (fu( X), (=" X)% — (y" X)%)
= <fi(X),X{}i — (Xocosf + X sinﬁ)di>.

Hence, Cauchy-Schwarz-Bunyakowsky implies:

|fi(x) = fiw)] < IFill11X5" — (Xo cos b + Xy sin)%]].

Since
d;
X¢ — (Xgcosf+ Xy sin0)% = X1 (1 — (cos0)%) + < ) (cos )4 F (sin @)k X i~k xk,
k=1
we have:
d;
| X$ — (Xgcosf + X;sin@)%]2 = (1 — (cosf)? 2—1—2( ) (cos 0)%(4:=F) (sin 9)2

k=1
(1 — (cos0)¥ )2 +1 — (cos )%
2(1 — (cos §)%)

92

< 2(1—( —g)di) (4)
< 2(1—(1—di%)) (5)
< 46,

where the inequality in line (4) is obtained from Taylor expanding cosé around 0, and the
inequality in line (5) is due to the fact that (1 —a)? > 1 — da for a < 1.

We conclude that
Ifi(z) = fily)l < |If:ll 9\/d—i

1 (@) = fW)llee < [I£116 | /maxd;.

For the second assertion, we have

fWllee = 1F(@)llcc = 1 () = F(W)lloo
> |If @)l — If1VDd(z,y)  since d(z,y) < V2
0

1f @)oo = IFIVD | f(@)lloe/(IfIVD) =

and hence

V



4 The proximity Theorem

4.1 Newton and Smale
Newton iteration on the sphere S™ is defined by
Nf N
v Ny(@) =exp, (~Df@) 6. (@)

where exp, is the exponential map at z,

exp, h = cos(||h|)x + %h.

Furthermore, the standard invariants of a-theory, introduced by Smale in [24], can be
defined as:

Bif.2) = |DF@7enf(@)

)

DF(@) 7k gu D* £ (@) e |/
V(fvx) = Ssup A 5
E>2 :
af,2) = Bfan(f.).

Remark 4.1.
(i) It is easy to see that B(f,z) = d(z, Ny(x)).

(ii) We will not use Newton’s method in our algorithm. We are instead interested in its
alpha theory which guarantees existence of zeros near points x with «a(f,z) small
enough.

(iii) The Newton iteration presented above is not the iteration known as ‘projective New-
ton’. There is an alpha theory for that method, available in [19].

Here we use slight modifications of the quantities «, 3 and 7, more adapted to our
purposes. We set,

B(fv T) = fnom(f, x)%
3/2
7(f7 LC) = DTﬂnorm(fa LC)

a(f,x) = Bf,2)3(f, ).
The definition of 7 is motivated by the estimate of  [2, Theorem 2 p. 267].
V(f,2) <A(f, ).
which yields the lower bound

X —3/2 .
K(f) > leg(l?):O?D v(f,¢) (6)



We also observe that J(f,z) > %/2 since fnorm(f,z) > 1 and that B(f,z) < B(f, )
since

1/ (@)

8(f,2) = | PF @) 5o S @) < VAL @)oo [DF @ g0 | < Hnorm (o) H 0

Therefore a(f, z) < a(f,x).

4.2 Proximity and unicity from data at a point
Definition 4.2. We say that € S™ is an approzimate zero for f if and only if the Newton

sequence {zy }ren, where g := z and x4 := N¢(z1), is defined for all k and moreover

1

2k_1
d(xg, Tp1) < <§> d(xo,21).

The limit point ( = limy_,» x is a fixed point for Newton iteration and a zero of f. It is
called the associated zero to x.

In what follows we denote o := Zkzo 2-2"+1 — 1.632843018.. .. and we set

By(z) = {y € 8" | d(z,y) < oB(f,2)}.
The main technical tool in our algorithm is provided by the following result.

Theorem 4.3. There exists an universal constant o, := 0.0384629388 ... such that for all
x e S, if a(f,z) < ax, then

(i) z is an approximate zero of f.

(ii) If ¢ denotes its associated zero then ¢ € By(x).

(iii) Furthermore, for each point z in Ef(x) the Newton sequence starting at z converges
to (.

4.3 Background material

Theorem 4.3 is a consequence of the following two results, which are restatements of results
proved in [10]. While [10] deals with Newton iteration on arbitrary complete real analytic
Riemannian manifolds, here we reword them in terms of Newton iteration on the unit
sphere S™ (Example 1 in [10]). The 4-Theorem for mappings [10, Theorem 1.3] becomes
the following.

Theorem 4.4. Let f : S™ — R" be analytic. Suppose that f(¢) = 0 and Df({) is an

isomorphism. Let
3 -7
R(f,¢) := min {ﬂ', Wf\/g)} )

If d(z,¢) < (f C) then the Newton sequence xj = NJ’?(J:) is defined for all k > 0 and

Q)
d(zg, ¢) < (%) a . In particular, {x} converges to (.



Now let cg := 0.130716944 . . . denote the smallest positive root of the polynomial ¢ (u)%—

2u, and
1
Sp = =0.103621842...

(1—0agp)?
o+ P > (]‘ + 1— Uag)

(oao)

We state the a-Theorem for mappings [10, Theorem 1.4] for the sphere S™.

Theorem 4.5. Let f : S™ — R™ be analytic. Let x € S™ be such that B(f,z) < som and
a(f,z) < ag. Then the Newton sequence xj, = NJ’? (z) is defined for all k > 0 and converges
to a zero ¢ of f. Moreover,

1 2k _1
d(zp, Tpr1) < <§> B(f, )
and
d(zr,¢) < oB(f,x).

Finally we introduce 9 (u) := 1—4u+2u?, which is positive and decreasing for 0 < u < 1—\/75 ,

and state [10, Lemma 4.3]:

Lemma 4.6. Let x,y € S™ with d(x,y) < 7. Suppose that D f(x) is nonsingular and

vimdiapn(sa) <122
Then (f.2)
W,z
v(fy) < W

4.4 Proof of Theorem 4.3
Set v, := 0.0628039411 ... for the only real root of the polynomial

U(u) = (3= V7)(1 - u)ib(u) — 4u,
and o, := 2= = 0.0384629388.. ... Note that . < min{ag, so7}.

Since 7(f, the hypothesis of Theorem 4.5 hold from o(f,z) < a(f,z) < as <

z) > B
a0 and A(f.2) < B(f.2) < B < B3 < som.
Using Remark 4.1(i) it follows that x is an approximate zero of f, and that the associated
zero ( satisfies:

() < of(f.x) < oB(f,x).

d(z,
and (ii) of Theorem 4.3.
of(f,x) <osom <,

This already proves Parts (i) a
We show (iii). Since d(z, () <

v= d(x’ C)A’/(f’ {E) S GB(f’ .’E)"/(f, {E) S Ga(fv LC) S OO0y = Vx < ]- - ?7
and we can apply Lemma 4.6. Therefore
16B(f,2)(£.0) < 40B(f.0)(fo2) o < Avy =37,

(I=v)pv) = (L= w)p(vs)



because (1—u)t(u) decreases for 0 < v < 1— g, and v, is a zero of (3—+/7)(1—u)t(u) —4u.
This shows, since 206(f,z) < 7, that

208(f,z) < R(f,¢) = min{ﬂ', %} :

We conclude applying Theorem 4.4 to z € By(z), since
d(z,¢) < d(z,2) +d(z,¢) < 20B(f,x) < R(f,().

It follows that the Newton sequence {zx}ren starting at z converges to (.

Remark 4.7. The hypothesis on the radius of injectivity in [10] was recently found to be
redundant.

5 Infinite precision

5.1 Grids and Graphs

Our algorithm works on a grid on S™. We easily construct one by projecting onto S™ a
grid on the cube C" = {y | ||y/lec = 1}. We make use of the (easy to compute) bijections
¢:C" — S™and ¢~ : S — O™ given by ¢(y) = ”—z” and ¢~ 1(x) = ="

Given 1 := 27 for some k > 1, we consider the uniform grid ¢4, of mesh n on C™. This is
the set of points in C™ whose coordinates are of the form i27* fori € {2~ —2F 41 ... 2k},
with at least one coordinate equal to 1 or —1. We denote by G, its image by ¢ in S™. Note

that, for y1,y2 € C™,
™ iy
d(o(y1), d(y2)) < sllyr — 2l < SVt Lyr — y2lloo- (7)

Given 71 as above we associate to it a graph G, as follows. We set A(f) := {x € 5" |
@(f,z) < a.}. The vertices of the graph are the points in G, N A(f). Two vertices z,y € G,
are joined by an edge if and only if By (z) N By (y) # 0.

Note that as a simple consequence of Theorem 4.3 we obtain the following lemma.

Lemma 5.1.

(i) For each x € A(f) there exists (; € Z(f) such that ¢, € By(z). Moreover for each point
z in By(x), the Newton sequence starting at z converges to (.

(ii) Let z,y € A(f). Then (, = (, < By(x) N Bs(y) #0. O

We define Z(Gp) := U,eq, By(z) C S"™ where x € G, has to be understood as  running
over all the vertices of G,,. Similarly, for a connected component U of G, we define

Z(U) = | By(a).
zelU
Lemma 5.2.

(i) For each component U of Gy, there is a unique zero (u € Z(f) such that (v € Z(U).
Moreover, (y € NyevBy(z).

10



(i) If U and V are different components of Gy, then (y # (v.

PROOF. (i) Let x € U. Since x € A(f), by Lemma 5.1 (i) there exists a zero ¢, of f
in Bf(z) C Z(U). This shows the existence. For the second assertion and the uniqueness,
assume that there exist ¢ and ¢ zeros of f in Z(U). Let @,y € U be such that ¢ € By(z),
and £ € By(y). Since U is connected, there exist zg = x,21,...,Tx—1, 2 =y in A(f) such
that (z;, ;1) is an edge of G,, for i = 0,...,k—1, that is, Ff(xi)ﬁﬁf(xiﬂ) # . If ; and
Ci+1 are the associated zeros of z; and x;41 in Z(f) respectively, then by Lemma 5.1(ii) we
have ¢; = (;+1, and thus ¢ = £ € By(x) N By(y).

(ii) Assume (y = (v € By(x) N B¢(y) C Z(U)N Z(V), then z and y are joined by an edge
and belong to the same connected component. O

5.2 The infinite precision algorithm

Count_Roots_1(f)

let n := W\Q/%
(1) let Ui,...,U, be the connected components of Gy,
if

(for1<i<ji<r
for all z; € U; and all z; € Uj, d(xs, ;) > 7nv/n+ 1
and

(if) for all z € Gy \ A(f), [/ (@)llec > 511/ (n + 1)D| f]]
then HALT and return r/2

else n:=n/2
go to (1)

5.3 Proof of Theorem 1.1(1-3)

Proof of Part (1) This proof requires some arguments of convexity. We can natu-
rally define spherical convex hulls for sets of points in H™, an open half-sphere in S™. If
21,...,2q € H" we define

SCH(z1,...,x4) := Cone(z1,...,24) NS™

where Cone(z1, . ..,z4) is the smallest convex cone with vertex at the origin and containing
the points x1,...,z4. Alternatively, we have,

)\1{E1+---+)\q{£q
SCH(z1,. .., x,) = Moo A 20,5 N =10,
(1, 20) {|A1m1+---+Aqan'1 0203

We will use the following fact.

L(;mrga 5.3. Let x1,...,xg € H" C R"". If N, B(z;,m:) # 0, then SCH(z1,...,2,) C
L B(zi,ri).
i=1 XA

Proor.  Letz € SCH(z1,...,z,) andy € ), B(z;,r;). We will prove that z € B(z;,r;)
for some 1.

If x = y, this is obvious.

If z # y, let H be the half-space

H:={zeR"": (z,y—2) <0}.

11



Since ||z|| = |ly|| = 1, we have (x + y,y — z) = 0, and we note that in this case, x + y
determines the mid-line between x and y. Moreover, since x # y, we have © € H since
(r,y —x) = (x,9) — ||z||* < ||z]| |ly|| = ||z]|> = 0. Therefore the half-space H is the set of
points z in R"*! such that the Euclidean distance ||z — x| < ||z — y]|.

On the other hand, H must contain at least one point of the set {z1,...,24} since if
this were not the case, the convex set Cone(CH(z1,...,2,)) would be contained in {z :
(z,y — x) > 0}, contradicting z € SCH(z1,...,2,). Let, therefore, x; € H. It follows that

lz — il <lly —

which implies
d(z,z;) < d(y,z;) <. O

We can now proceed. Assume the algorithm halts, we want to show that if r equals

the number of connected components of G, then #r(f) = #Z(f)/2 = r/2. We already
know by Lemma 5.2 that each connected component U of G, determines uniquely a zero
Cu € Z(f). Thus it is enough to prove that Z(f) C Z(Gy).
Assume that there is a zero ¢ of f in S™ such that ¢ is not in Z(G,). Let Boo(¢71(¢),n) :=
{yely | ly = (Olloo <0} ={y1,-..,yq} the set of all neighbors of $~1(¢) in U,, and
let z; = ¢(y;), i =1,...,q. Clearly, ¢~ (¢) is in the cone spanned by {y1,...,y,} and hence
¢ € SCH(z1, ..., zq).

We claim that there exists j < ¢ such that z; ¢ A(f). Indeed, assume this is not the
case. We consider two cases.

(a) All the z; belong to the same connected component U of G,. By Lemma 5.2 there
exists a unique zero (y € S™ of f in Z(U) and ¢y € N;By(x;). We may apply Lemma 5.3
to deduce that

SCH(x1, ..., 24) C | JBy(@i).

It follows that, for some i € {1,...,q}, ¢ € B¢(x;) C Z(U), contradicting that ¢ & Z(G,).

(b) There exist £ # s and 1 <4 < j < r such that z; € U; and z, € U;. Since condition
(i) in the algorithm is satisfied, d(z¢, zs) > mny/n + 1. But, by (7),

dwr,as) < SV Tgeyslloo < 5V (e =67 (Qlloo + [671(C) = willoo) < 7nv/n T 1.

a contradiction.

We have thus proved the claim. Let then 1 < j < ¢ be such that z; ¢ A(f). Since
condition (ii) in the algorithm is satisfied || f(z;)l|oc > §7+/(n + 1)DJ|f]|. It follows from
the inequality d(z;,{) < §+/n + 11 and Lemma 3.1 that || f({)||c > 0, a contradiction.

Proof of Part (2) We need a few lemmas.

Lemma 5.4. If (; # (2 € Z(f) then

2(3 — V7)D~3/2

d(C1,62) > )
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Proor.  For i = 1,2, using (6) and Proposition 2.2,

R(f,¢;) = min {ﬂ-, M} > min {ﬂ’ (3 —+/7T)D~3/2 } _ (3 - \/7)[)—3/2.

2v(f,G) w(f) K(f)

Now suppose that d(¢1,¢2) < R(f, (1) + R(f,¢2) and choose x € S™ such that d(x, (1) <
R(f,¢1) and d(z,(2) < R(f,¢2). Then Theorem 4.4 implies that (; = (2, a contradiction.
O

Lemma 5.5. Let z1,22 € G, with associated zeros (1 # (2. Ifn < % then

d(x1,x2) > mv/n + 1.

PROOF. Assume d(x1,72) < mpv/n+ 1. Since 2 € By(x1), d(z1,72) > oB(f,1).
Consequently,

d(z1,¢1) <oB(f,21) < d(,22) < TnVn+1
and, similarly, d(zs, (2) < mv/n + 1. But then,

_ -3/
d(Cl,CQ) < d((l,xl) + d(l‘l,ﬂ}Q) + d(xg,@) < 37T7]\/TL +1< 2(3;/(——;))]:)32

contradicting Lemma 5.4. O

Lemma 5.6. Let x € S" such that x & A(f). If 1 < Goppeme then 1f (@)oo >
5mv (n+1)D|f].

PRrROOF.  Since z € A(f) we have a(f,x) > a.. We divide the proof in two cases.

; A1l _ £l
Case I. min {Mnorm(fa lC)a 7 (@) } ~ 7 @)=

In this case

)< o axllf ()3
T (n+1)D%s(f)? T (n+ 1)D?[f|?
which implies, since n < % < ;‘2—2*,

@)l > P2 2 G TB .

Case II. min {,unorm(f, x), ||f‘(g)”Hoo} = tnorm (f, )

In this case
Oy Qs

<
(n+1)D?k(f)* = (n+ 1)D?timorm (f, 2)*
which implies a. > n(n 4+ 1)D?pinorm (f, 2)?. Also,

n<

0 < (f.2) = 5B 2o . VDY2 < it 2V DY @)

13



Putting both inequalities together we obtain
1

1+ DD o, 2)" < grpinorm(£,2) D12 o
or yet, .
7@l > 20(n+ DDY2 | > T/l t DD, o

We can now conclude the proof of Part (2). Assume n < DDz Lhen the

hypotheses of Lemmas 5.5 and 5.6 hold. The first of these lemmas ensures that condition (i)

in the algorithm is satisfied. The second, that condition (ii) is so. Therefore, the algorithm

halts as soon as M‘W <n< (nﬂ)%w. This gives a bound of O(In(nDk(f)))

for the number of iterations. Since the number of grid points considered at this iteration
2 2\ "

(n = GrryBEecpe) 18 at most 2(n+1) (W) , the bound for the total complexity

follows.

Proof of Parts (3) and (5) We have already seen that the number of iterations is
bounded by O(In(nDx(f))). At each of these iterations, we need to perform a number of

computations on the (at most) 2(n+1) o grid points to decide whether they

are in A(f). These can be done independently. Then, we need to compute the number of
connected components of G,,. This can be done (see, e.g., [15]) in parallel time O(In(|V,]))?
where |V;| denotes the number of vertices of G, and therefore, in parallel time at most
O(n?(In(nDk(f))? 4+ In(w)?)). Since this is the dominant step in the computation at a
given iteration, it follows that the total parallel time consumed by the algorithm is at most
O(n? In(nDk(f))(In(nDk(f))? + In(aw)?)). This shows part (3). For part (5), just note
that, for ¢ = 1,...,r, any vertex x; of U; is an approximate zero of the only zero of f in
Z(U;). O

6 Finite Precision

6.1 Making room to allow errors

Our finite precision algorithm will be a variation of Algorithm Count Roots_1. But since
finite precision computations will be affected by errors, we need to make room in the infinite
precision algorithm to allow them. For this aim, we state the corresponding version of
Theorem 4.3.

Theorem 6.1. There exist a universal constant ae = 0.028268 - - - such that, for all x € S™,
if a(f,z) < ae, then

(i) z is an approzimate zero of f.
(ii) If ¢ denotes its associated zero then ¢ € By(x).

(iii) Furthermore, for each point z s.t. d(x,z) < 2083(f,z) the Newton sequence starting at
z converges to (.

14



Proor.  Parts (i) and (ii) follow from Theorem 4.3 and the fact that ae < . Part (iii)

is proved by taking v = 0.046158 --- to be the only real root of the polynomial ¥(u) :=

(3 = VT)(1 — w)p(u) — 6u, and g = 2= = 0.028268. Then, one proves as in Theorem 4.3

that 303(f,z) < R(f,¢) from which it follows that, for all z s.t. d(z,2) < 206(f, ),
d(z,¢) < d(z,z) +d(z,¢) < 30B(f,2) < R(f,()

and hence, that the Newton sequence {zj }ren starting at z converges to (. O

The proofs of Lemmas 5.5 and 5.6 yield, mutatis mutandis, the following results.

. . 3—/7)D—3/2
Lemma 6.2. Let z1,22 € G, with associated zeros &1 and &2, &1 # &2. If n < W

then d(z1,x2) > 2mny/n + 1. O

Lemma 6.3. Let x € S™ such that a(f,x) > O‘—g'. Ifn < W then Hf(x)”oo >

my/(n+ 1D f]. .

6.2 Basic facts

We recall the basics of a floating-point arithmetic which idealizes the usual IEEE standard
arithmetic. This system is defined by a set F C R containing 0 (the floating-point numbers),
a transformation r : R — F (the rounding map), and a constant u € R (the round-off unit)
satisfying 0 < w < 1. The properties we require for such a system are the following:

(i) For any z € F, r(x) = z. In particular, r(0) = 0.
(i) For any x € R, r(x) = z(1 + §) with |d] < u.
We also define on F arithmetic operations following the classical scheme
xoy = r(zovy)
for any x,y € F and o € {+, —, x, /}, so that
o:FxF—T.
The following is an immediate consequence of property (ii) above.
Proposition 6.4. For any x,y € F we have
By =(woy)(1+9), |0 <u 0

When combining many operations in floating-point arithmetic, quantities such as
[T, (1 + &;)” naturally appear. Our round-off analysis uses the notations and ideas in
Chapter 3 of [17], from where we quote the following results:

Proposition 6.5. If |§;| < u, p; € {—1,1}, and nu < 1, then

n

[Ja+6)r =1+06s,
i=1

where
nu

1—nu’

15



Proposition 6.6. For any positive integer k such that ku < 1, let 0x,0; be any quantities
satisfying
ku Jju
0] <~;=
1— ku | ]l — Py]

0. < = .
10k] < Yk —

The following relations hold.
1. (14 60k)(1+0;) =1+ 0y, for some [Opij| < Vits-
2.

L+0 [ 146k, ifj<k,
1+6; | 14+6k2; ifj>k.

for some [0r1j| < Vivj or some [Orr25] < Ypta;-
3. If ku, ju < 1/2, then Y7 < Vmin{k.j} -
4. vk < Yik-
9. Ve +u < Vig1-
6. Vi + Y TV < Vrets- 0
From now on, whenever we write an expression containing f; we mean that the same
expression is true for some 6y, with |6x| < .

When computing an arithmetic expression ¢ with a round-off algorithm, errors will
accumulate and we will obtain another quantity which we will denote by £1(g). We write

Error (¢) = [¢ — £1(q)|-
An example of round-off analysis which will be useful in what follows is given in the next
proposition, the proof of which can be found in Section 3.1 of [17].

Proposition 6.7. There is a round-off algorithm which, with input z,y € R™, computes
the dot product of x and y. The computed value £1({z,y)) satisfies

fl(<3§‘,y>) = (m,y) =+ 0[log2n]+1<|m|7 |y|>a

where |z| = (|x1],...,|zn|). In particular, if x = y, the algorithm computes £1(||z|?)
satisfying
£1([[]%) = 2] (1 + Opiog, n1+1)- O

We will also have to deal with square roots and arccosinus. The following result will
help us to do so.

Lemma 6.8. (i) Let 6 € R such that |0] < 1/2. Then, v1—0=1—60" with |¢'| <|6].
(ii) Let 0 < a <1 and ¢ € R such that 0 < a+¢ < 1. Then, arccos(a + €) = arccos(a) +
B < lel.
U\/m with |v| < |e|

PrROOF.  Assume 6 > 0 (if # < 0 it is done similarly). By the intermediate value theorem
we have that 1 — /1 — 60 = (/) with £ € (1 —6,1). But

- L

‘ -

2

5
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the last since £ > 1/2. This proves (i).
Part (ii) is shown similarly. Again, assume for simplicity that € > 0. Then, for some
§ € (a,a+e),

1 v

Ve Vi@

arccos(a + ¢) — arccos(a) = € arccos’ (£) -

We assume that, besides the four basic arithmetic operations, we are allowed to compute
square roots and arccosinus with finite precision. That is, if op denotes any of these two
operators, we compute op such that

5p(x) = op()(1 +4), |3 <u.

From Lemma 6.8(i) it follows that, for all a > 0,

Val+0) = Va(l + 0p11).

Remark 6.9. Our choice of the precision u in Theorem 1.1(4) guarantees that ku < 1/2
holds whenever we encounter 65 in what follows, and consequently, |0x| < v, < 2ku. This
implies that in all what follows we have v, = O(ug) for all the expressions g we will
encounter.

According to the previous remark we will introduce a further notation that will consid-
erably simplify our exposition. For all expression g, we will write

lg] := O(ug).

This notation will avoid we burden ourselves with the consideration of multiplicative con-
stants.

6.3 The finite precision algorithm

Our finite precision algorithm is a variation of Algorithm Count Roots_1 in Section 5.3.
Given = € S™ we define below £1(A'(f)) and fl(E}(x)), which are convenient floating
versions of the sets A'(f) = {z € S |a(f,z) < 1aa} and E}(y) ={z € 8" | d(z,y) <

308(f,x)} respectively.
Given f € Hq and z € S™, we let M € R™ "™ be a matrix representing

1
Vdy

do

1
Vdn

and we set opmin(M) = ||[M || =1, Therefore

tmorm(£,2) = [FIVAIMY = 171V Gmin (M),
B(f.x) = umrmu,m% V1 Omin (M) () o
_ D3/2 D3/2
&) = Bl norm . 2) D = 171 O ()2 £ () o
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This implies that

d(z,y) < 308(f,2) <= omn(M)d(z,y) < Sovn|f ()]s,
alf,z) <5 = IflInllf(@)]D*? < tre0rmin(M)*.

= E}(x) =
xeA(f) —
These statements are equivalent under infinite precision, but the expressions at the right-
hand side are more convenient to handle when working with finite precision. This motivates
our definitions of

—/

(B} @) = {se S | o (M)dle.) < AGoVAl )]}

£1(A'(f))

We also define accordingly the graph fl(G%) whose vertices are the points in G, N

£1(A'(f)), and with two vertices x, y joined by an edge if and only if fl(EIf(a:))ﬂfl(E/f (z)) #
(). Tts connected components are denoted by £1(U).

{o€ 5™ L1 n ] £(@)]D¥2) < £1(auomin(M)?) }

Our algorithm is the following:

Count_Roots_2(f)

let n = —W\Q/%
(1) let £1(U1),...,£1(U,) be the connected components of £1(Gy)
if

(for1<i<ji<r
for all @; € £1(U;) and all x; € £1(U;), £1(d(zi,x;)) > £1(2mny/n+1)
and
(ii) for all @ € G, \ £1(A'(f)), £1(If (@)]|) > £1(*Z7ny/(n+ 1)D| f]])
then HALT and return r/2
else n:=n/2
go to (1)

In the rest of the section we will see that, when the precision u satisfies u

1 . . . }
OB n7 2w ([) (log Sr7 PD2A(1)D)) this algorithm is correct and halts as soon as 7

INIA

IOt ()2

6.4 Bounding errors for elementary computations

The goal of this subsection is to exhibit bounds for the accumulated error in the main
computations of Count _Roots_2. We will rely on the basic notations and results described
in §6.2.

To simplify notation, and without loss of generality, in all what follows we assume that
[I7]l = 1. We denote by S(Ha) the sphere of such systems. Also, we do not discuss in what
follows the accumulated error in the computation of ¢ : C™ — S™. This is a minor detail
which can be taken care of using Lemma 6.8(i).

Proposition 6.10. Given f € S(Ha) and x € S™, we can compute ||f(x)|c with finite

precision u such that
Error (|| f(z)lle) = [D + log 5]

where S is a bound on the number of coefficients of each f;.

18



PROOF. Let f = (f1,..., fn). Fori < n write f; = >_c;X” and let S be the number
of coefficients of f;. To compute f(z) one computes each monomial ¢z’ with £1(cja’) =
cjx’ (1 +60p). Then, one computes f;(x) to get

£1(fi(x) = £10>_fl(csa’))

£10) " esa’ (1+65)))

S esa? (14 05)) + bogs S lesa’|(1+65))
= file) Y s 0 1 00gs Y lesa?|(1+63))

where in the third line we reasoned as in the proof of Proposition 6.7. Therefore

Error (|f(#)le) < |3 esn?08) + bhogs 3 lesa’|(1+ 05)
< Z el 127 [(YD + Yog s + YD Mo0g )
< TD+log S
where we used that for any = € S™, | |es|a’| < [| X |eslz?|| = Ifill < [|f]] = 1 and
Proposition 6.6 (6). The conclusion follows from Remark 6.9. O

Proposition 6.11. Given f € S(Ha) and x € S™, let M € R™*™ be a matriz representing

1
Vdi

da
vz Df(x)r,sn

1
Vdn

in some orthonormal basis of T,S™. Then ||M|| < \/n. In addition, we can compute such a
matriz M with finite precision u such that

|[Exror (M)||r = [n(log S + D + logn)].

PrOOF. Step 1: Let y = Hr_% The Householder symmetry

z—ent1l”
Hy = dpt1 — 2yyt

swaps vectors e, 11 and z, and fixes yL. The first n columns of H,, are therefore an orthonor-
mal basis of T,.S™, while the last column is x. Let H € R(+DX7 denote the submatrix
obtained from the first n columns of H,. With that notation, we set

1
Vdy

1
Vda

Df(z)H.

1
Vdn

Step 2: We claim that P; , : Hq, — R", f; — ﬁDfi(x)\Tms” is an orthogonal projection,
in the sense that for any fixed =, the map (P; +)|ker(p, )+ is an isometry.
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We use an orthogonal invariance argument. The special orthogonal group SO(n + 1)
acts on Hg, and on R"*1 isometrically as follows: to a given @ € SO(n + 1), we associate
respectively the following isometries:

= Qr , fir fioQ"

We set y = Qx and g; = f; o Q'. Differentiating the equality g;(Qx) = f;(z), we obtain:
Dgi(y)Q = Dfi(x).

When z is fixed, we can set @ conveniently so that y = e, 41. Therefore

Dgi(en+1)Q 1,57 = D fi(x)|1, 57

Since Q(T,5™) = T.,,,S™ we obtain

€n+41
Dgi(en+1)ir, 57 = Dfi(@)1, 5

This means that P, (fio Q") = P, »(fi). Thus, in order to prove our claim, it is enough
to show that P;.,,, is an orthogonal projection.

Since for g = >, g, X7, 88—)%(en+1) = G(e;+(d—1)ens,) and since T, S™ = (e1,...,en),
we have that for any g; € Hq,,

1
Pie,1(9:) = NG (GiCer+(di-Densa)s -+ ilent(di—Dentn)) -

3

Hence, for any g; € ker(P.,,,)", i.e. such that g;; = 0 for all J # e; + (d; — 1)ept1,

1 <7 <n, we have
2

9
lgall® =D~ 735 = I Picnia (9013

7 (%)

We conclude that P; , is an orthogonal projection.

Step 3: From the previous step, for any f; € Hg,, using the orthogonal decomposition
fi=f?+ fi+ with f? € ker P, and f;* € ker Pf’-m, we have

1P;a(F)l3 = N1 Pec (FO)IIE = N 12 < ILFall>.

It is now immediate from Step 1 and from the definition of ||f|| = max; ||f;]| that the
Frobenius norm || M|| ¢ of the matrix M satisfies

IM% =Y 1P (fl3 < Y Ifill* < nllfIIP =n
=1 =1

and hence its spectral norm || M || satisfies | M|| < ||M||r < y/n. This bound is independent
of the choice of the basis for the space T,5™.
Step 4: We next present the algorithm to compute M, given f and x. This is a non-
optimal algorithm, and can be significantly improved if more is known on the structure of
the polynomial system f.

We can compute each entry m;; of the matrix M as the scalar product of ﬁD fi(x)

and the ]th column H; := (hkj)lgkgn—i-l of H.
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Proceeding as in the proof of Proposition 6.10, we can compute ﬁ g}é; (x) with

1 0f; B
Error <ﬁl X, (x)) = [D + log 5].

—€ni1
—ent1|

clearly Error (y;) = [log(n)] for all j. Hence, for all coefficients hy; of H,
Error (hg;) = [log(n)].

Applying Proposition 6.7 we conclude

On the other hand, the vector y = Hz can be computed using 2n + 4 operations, and

1
Error (m;;) = [D+logS + logn]| ‘ﬁDfl(x)) H | Hj |l
= [D +logS +logn].
The second equality holds because ||H;|| = 1 since H is unitary, and because, as in the proof
of Step 2,
1 ? 1 !
2 2

HﬁDfi(x) = HﬁDgi(enJrl) = d_iH(gi(e1+(di—1)en+1)7 s Gitdiens )T < lgall” < 1

This implies
|[Exrror (M)||r < [n(D + log S + logn)]. O

Lemma 6.12. Let x € S™ and M be as in Proposition 6.11. We can compute omin(M) =
|M~1| =1 satisfying

Error (Jmin(M)) = [[n(logS + D+ TL3/2)]].
ProOF. Let E' = M — £1(M). By Proposition 6.11,
IlE' || < ||E||lF < [n(logS + D + logn)].

Let M = £1(M). We compute opmin(M) = ||[M~1||~! using a backward stable algorithm
(e.g., QR factorization). Then the computed £1(omin(M)) is the exact omin(M + E”) for a
matrix E” with

IE"|| < en*ul| M|

for some universal constant ¢ (see, e.g., [11, 17]). Thus,
£1(0min(M)) = £1(0min(M)) = Omin(M + E") = 0pin(M + E' + E").
Write E = E' + E”. Then, using ||M| < y/n,
12

IN

1|+ 1E"|| < |E'[| + en®ul M| < | E'|| + en®u(|[M]] + [|E"]))
= [n(logS + D +logn)] + cn?u(v/n + [n(log S + D + logn)])

= [n(ogS + D +logn)] + cn*u(v/n + dun(log S + D + n®/?))
= [n(logS +D +n*?)]

since the hypothesis on u implies ¢'un(log S + D + n®/?) is bounded by a constant term.
Therefore, £1(0min(M)) = omin(M + E) which implies by [11, Corollary 8.3.2]:

Error (omin(M)) < ||E|| < [n(log S + D + n3/2)]]. O
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Proposition 6.13. Let f € S(Ha)). Assumeu < Wﬁ for a small enough constant
and let x € S™. Then

(i) If v ¢ £1(A/(f)) then a(f, z) > 3.
(ii) If x € £1(A/(f)) then @(f,x) < Qe
Proor.  From Proposition 6.10
£1(n]|f(2)[<D*?) = (If(2)lloc + [D +log ST)(nD*?)(1 + 64)
nD*?||f(z)[[oc + [nD**(D + log 5)]
. Also, from Lemma 6.12, using that owin (M) < /n,

IN

2
£1(Aeomin(M)?) = . (amin(M)—f—[[n(logS+D+n3/2)]]) (1+ )

> QeOmin(M)? — 2040 min (M) [n(log S + D + n*/?)]
Z (e Tmin (M)2 - [[n3/2 (log S —+ D + 7’L3/2)]],

Therefore,
nf(@)]|D¥? 4+ [nD**(D +1og S)] > £1(n]f(2)][D*?) > £1(@e0ris)
> eopy, — [0**(log S + D +n?/?)]
or yet,
| f(@)][oD?? — aeoniy > —([nD**(D +log 5)] + [n*/*(log S + D + n*/)])
> —[n*D*?logS].

: 1 _ 1
Case I. min {Mnorm(fa SC); TF @)oo } ~ TF@)

In this case k(f) > o= and, therefore, using the hypothesis on v and the inequality
k(f) =1,
O(n*D>?log 9)
k(f)n?Dlog S
n| f (@) D*?
2

[n°D%%log S] = uOn*D*?logs) < K
< KO()n| f(x)||D** <

: . nllf(2)]|cD*/?
the last by choosing K small enough. Hence, n| f(z)| D2 — aec?,, > — (f),

mi

which implies 2n||f(2)]|ccD?? > qeomin(M)?, ie., a(f,z) > %

Case II. min {unorm(f, x), ||f(r)|\m} = fimorm (f; )

In this case k(f) > ptnorm (f, ) = VA By the hypothesis on u,
M)

G'min(

O(n3D>%?10g 9)

3195/2
[n"D? log 5] k(f)?n?Dlog S

uO(n*D*?log §) < K

IA

oUmin M 2
KO(l)Jmin(M)2D3/2 < %
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the last by choosing K small enough. This implies n||f(2)]cD?? — teGmin(M)?
_oz.om;n(M)2
3

Y

or, equivalently, a(f,z) > L.
This shows part (i). For part (ii), one shows as above that

[ f (@)l D*? — a0, < [n*D?/?log S].

®~ min

Then, one proceeds as well by considering the two cases min {unorm(f, x), ||f(x1)|\ } =

e and min {aor(£,2), T | = Hnomm (). =
Lemma 6.14. Let y1,y2 € Uy, and let ; = ¢(y;), i = 1,2. Then d(z1,z2) > 2\/%
ProoF.  The distance d(z1, z2) is minimized at y; = (1,...,1,1)and y2 = (1,...,1,1—n).
Let N =n+ 1. Then

(y1, y2)?
lyallly=l?
(N —n)?
N(N —2n+n?)
(N —1)n?
N2 —2Nn + N2
,N—1
U

cos(d(x1, xg))2

= 1-—

IN

1—

Hence
N -1
d(x1,29) > arccos ( 1—n? N ) = arcsin (% N — 1) > %

O

Lemma 6.15. Let u < nIfo:’:n for a small enough constant K. For x1,z2 € G, we can

compute d(x1,x2) such that

Error (d(z1, z2)) < HMH .

n
PROOF.  Let y; = ¢~ (x;), i = 1,2, and a = cos(d(x1,x2)), i.e.,

_ <y17y2>

We have, using Proposition 6.7,

£1((y1,92)) = (Y1 ¥2) + Orognllyalllyz]l
and £1(||y1[l|y2) = llyalllly2]| (1 +6iogn). Using now Propositions 6.4, 6.5, and 6.6, it follows
that £1(a) = a + € with € = [logn].

By choosing K sufficiently small, ¢ < 12(”:7&)2 Also, from the proof of Lemma 6.14,

n’n

a = cos(d(z1,x2)) < (n+1)2
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and hence, using that /z +y < /2 + 3y whenever 0 < z,y < 1, we obtain

772n nQn 3772TL 772
<1 < Jio2mm o o 1
ates (n—|—1)2+12(n+1)2\/ An+1)2 = 3(n+1)

Using Lemma 6.8(ii) it follows that,

arccos(a +¢) = arccos(a) +¢ 1
1—(a+¢)?
v/ 1
= arccos(a) + [logn] ’M :
n
Therefore,
1
Error (d(z1,22)) < H@ﬂ O

Lemma 6.16. Let f € S(Ha). Assume that n > BImTRE wnd

with K small enough, and let z,y € G,. Then

K
D?n3/25(f)?(log S+n*/?D?(f)?)
(i) Ify € £1(B}(x)) then d(z,y) < 206(f, ).

(ii) Ify ¢ fl(E}(m’)) then d(z,y) > oB(f, ).

PrROOF. By Lemmas 6.12 and 6.15 (and using owin(M) < /n and the bound d(z,y) <
5nvn + 1 which follows from (7)),

Error (omin(M)d(z,y)) = O(d(z,y)Error (omin(M)) + omin(M )Error (d(z,y)))

ﬁg\/n—ﬂ[[n(logs +D+nd2)) + \/ﬁ[{@ﬂ

1
G TR R I ]|

IN

[n3/%1og S + D2k (f)?]

the last by the bounds on 7. Also, using Proposition 6.10,

Error @aﬁnf(a:ﬂoo) < [Vai(D +1og S)].

Therefore, for part (i),

e (M), ) ~ 50/ £ (@)

IN

£10uin ()2 9)) — €1 ( 30V @)l ) + 1092108 S+ 1D6(1)] + [VAD + log )]

[2*/*1og S + n*D?k(f)*] + [V(D + log 5)]
= [n*?log S 4+ n*D%k(f)?].

IN
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- 1 _ 1
Case I. min {Mnorm(fa lC)a 7 @) } ~ 7@

In this case (f) > 1 and, therefore, by the hypothesis on u,

e
K
[n**10g S +n°D?w(f)"] = O(**log S +n*D*(f)) e saparryay
i oVl @)l
26(f) 2

the last line by taking K small enough. This implies that omin(M)d(z,y) < 20v/n| f(2)| 0,
i.e., that d(z,y) < 2008(f,x).

Case II. min {,unorm(fv ), ||f(gcl)HOO } = pnorm (f, )

In this case £(f) > pnorm (f, ) = Vv By the hypothesis on u

Omin (M) :

K
D2n5/2k(f)3(log S + n3/2D2k(f)?)

[n%?1og S + n®D2k(£)?] = O®*?logS +n’*Dk(f)?)
< Vo
T 48D2(n + 1)3/2k(f)?
\/577 < \/ﬁd(xay) < Umin(M)d(xay)
8vn+1k(f) = 4s(f) — 4
by taking K small enough and Lemma 6.14. This implies that 3 omin(M)d(z,y) <
Sov/n| f(2) s, ie., that d(z,y) < 208(f, z).

This shows part (i). Part (ii) is shown in a similar way. O

Lemma 6.17. Let u < fggi with K small enough and x1,x2 € G,.

(i) If £1(d(z1,22)) < £1(3anyv/n+ 1) then d(zq,x2) < 2mnv/n + 1.
(if) If £1(d(z1,22)) > £1(Emnyv/n+ 1) then d(z1,32) > mnv/n+ 1.

Proor. By Lemma 6.15 and the hypothesis on u, we obtain

I I Kn?
Error (d(z1, 1)) — HMH <0 (M) Kn”
i i logn = 2

the last by taking K small enough. Also, Error (3mny/n+1) < 2many/n+1 v3. The
statement easily follows from these two bounds. O

KnvnD - n
Lemma 6.18. Let u < Dfiog S+n VD with K small enough, f € S(Hq) and z € S™.

(@) I 211/ (@)llo) < £1(Lrny/Tn + DD) then | f(2)]low < mn/Tn + D).
(i) I £1(| f (@)} o) > £1(Lrny/(n T D) then || £(x)] > Tn/(n + DD.
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Proor.  For part (i), from Proposition 6.10,

1 (@)oo < £1([[f(2)l[c0) + [D + log S].

Also,
\/7§7r77 (n+1)D > fl(?wn (n+1)D) — [nv/(n+ 1)D].

Therefore,

5@l — Lrn/TFID < 21(1f(@) ) — 21 Lm0y @+ DD) + D+ log S + 1y + D
< [D+logS+ny(n+1)D]
_ Kn\/n_D
= O(D+logS+n/(n+ 1)D)D T logS+ /D

V2

< (1= 5/ +1)D.

the last by taking K sufficiently small. It follows that || f(x)||ec < 74/ (n + 1)D and hence,
part (i) of the statement.
Part (ii) is proved similarly. O

6.5 Proof of Theorem 1.1(4): Correctness

We will show that, if u < O(D2n5/2n(f)3(loé ST DR and the algorithm halts with
n > W?W’ then the value r/2 returned by the algorithm is #g(f). This is a
consequence of the floating following versions of Lemmas 5.1 and 5.2.

1
O(D2n5/2k(£)3(log S+n3/2D2k(£)?))

Lemma 6.19. Let f € S(Ha), n > W‘rw and u <
(i) For each x € fl_(/A’(f)) there exists (; € Z(f) such that {, € By(z). Moreover for each
point z € £1(B(x)), the Newton sequence starting at z converges to (.

(ii) Let z,y € £1(A'(f)). Then ¢ = ¢, < £1(By(x)) N£1(B}(y)) # 0.

PROOF. (i) Applying Proposition 6.13(ii), € £1(A’(f)) implies that @(f,z) < aa.
Therefore, by Theorem 6.1, there exists (; € Z(f) such that (, € By(x). Moreover, if
z € fl(E}(x)), by Lemma 6.16(i), d(z, 2) < 203(f, ) and the Newton sequence starting at
z converges to (z. .

(ii) If ¢z = ¢y, then By(z) N By(y) # 0 which implies by Lemma 6.16(ii) that there exists
2 € £1(By(x)) N £1(B}(y)). O

This immediately implies, using that B(z) C fl(E/f (x)) by Lemma 6.16(ii), the follow-
ing corresponding floating version of Lemma 5.2.

Qe 1
Lemma 6.20. Let f € S(Ha), n > DT IR and u < o[ A n(F) (o ST DT (D)

(i) For each component £1(U) of £1(G}), there is a unique zero (u € Z(f) such that
(v € Z(£1(U)). Moreover (u € Nyesi() By ().
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(ii) If£1(U) and £1(V) are different components of £1(G), then (v # (v O

In order to show the correctness of Count_Roots_2, we only need to prove that Z(f) C
Z(£1(G7)). This easily follows adapting the proof of Part (1) in Section 5.3 to this situation,

making use of Lemma 6.20 and the facts that Condition (i), £1(d(z;, z;)) > £f1(3mnvn + 1),
implies that d(z;,z;) > mnyv/n+1 (Lemma 6.17(ii)) and Condition (ii), £1(||f(z)|e) >

£1(¥2mny/(n + 1)D), implies that || f(z)] > Z7v/(n + 1)D (Lemma 6.18(ii)).
6.6 Proof of Theorem 1.1(4): Complexity

We want to show that if n <
means that

BT R then Count_Roots_2(f) halts. Note that this

D20t DR < S 1D 1 Dn(f

and hence, by § 6.5, that it correctly returns #g(f).

Because of the hypothesis on 7, the hypotheses of Lemmas 6.2, and 6.3 are satisfied.
Let £1(U) # £1(V) be different components of £1(G7), and therefore, by Lemma 6.20,
Cu # Cv, and for all x € £1(U), y € £1(V), by Lemma 6.2, d(x,y) > 27nv/n + 1 holds. This
implies, by Lemma 6.17(i), that Condition (i) in Count Roots_2 is satisfied.

Consider now = ¢ £1(A’(f)). By Proposition 6.13(i), @(f,#) > %>. This implies, by
Lemma 6.3, that || f(x)]c > 714/(n + 1)D, which in turn, by Lemma 6.18(i), ensures that

Condition (ii) in Count Roots_2 is satisfied. Hence, the algorithm halts.

Aknowledgement. We are grateful to André Galligo for a helpful discussion.
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