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PREFACE

Many people learn about polynomials in middle school and high school. Quadratic polynomials
are investigated in various depths, depending on mathematical maturity. When I was in middle
school, I had not payed mathematics any attention. I vividly remember being asked to find the
roots of the polynomial x? — 3x + 2 via factorization, where I could not answer.

It was not until almost a year afterwards when I found my passion in mathematics and began
seriously studying it. At the time, [ was particularly attracted to abstract algebra, notably groups,
rings, and algebras. While writing my high school’s expository essay, I encountered the non-
solvability of the quintic polynomial (and more generally, the Abel-Ruffini theorem) and algebraic
numbers. It wouldn’t be until this year, when I learned Galois theory, that I would come to fully
understand why.

In my third year at New York University, Chee introduced me to range functions and their
applications in real-root isolation (which will be discussed later). I was immediately drawn in.
As an undergraduate student, I am very delighted to have contributed new methods that aid in
finding roots of polynomials, a topic that has piqued my interest from the beginning.

It is also slightly comical that I began my journey unable to factor a quadratic to find its
roots, to now having played a role in developing a theoretical framework that approximates any
polynomial (including those with degree greater than or equal to 5) to any arbitrary precision. I
hope you enjoy reading this as much as I enjoyed working on this.

Note: this thesis will contain a lot novel material found in a recent preprint that Professor
Kai Hormann, Professor Chee Yap, and I worked on. As such, this thesis can be viewed as a
self-contained and motivating expository of the paper.
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ABSTRACT

We address the fundamental problem of computing range functions 00 f for a real function f :
R — R. In our previous work in ISSAC 2021, we introduced a family of recursive interpolation
range functions based on the Cornelius-Lohner (CL) framework of decomposing f as f = g+
R. The CL framework requires computing g(I) “exactly” for an interval I. This requirement is
impossible to fulfil in practice and limits the order of convergence to 6.

We generalize the CL framework by allowing g(I) to be approximated by strong range func-
tions 0g(I;¢), where ¢ > 0 is a user-specified bound on the error. This new framework allows,
for the first time, the design of interval forms for f with any desired order of convergence. To
achieve our strong range functions, we generalize Neumaier’s theory of constructing range func-
tions from expressions over a Lipschitz class Q of primitive functions. We show that the class Q
is very extensive and includes all common hypergeometric functions.

Traditional complexity analysis of range functions is based on individual evaluation on an
interval. Such analysis cannot differentiate between our novel recursive range functions and
classical Taylor-type range functions. Empirically, our recursive functions are superior in the
“holistic” context of the root isolation algorithm EvAL. We now formalize this holistic approach by
defining the amortized complexity of range functions over a subdivision tree. Our theoretical
model agrees remarkably well with the empirical results.

Among our previous novel range functions, we identified a Lagrange-type range function
0L f as the overall winner. In this paper, we introduce a Hermite-type range function 0¥ f that
is even better.
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1 INTRODUCTION

Suppose we are given a function f : X — Y, where X, Y are sets, as well as a subset X € X. We
are interested in an algorithm that, given any such f and X, will output the image of X under f,
i.e. we wish to compute Y := f(X) = {y € Y | Ix € X, f(x) = y}. If X is a finite set, then this
problem becomes trivial. If X is at least countably infinite, then this problem becomes intractable.
In this thesis, we focus on a tractable and applicable relaxation of the problem.

In particular, let X = R" for some n > 1, Y = R and suppose that f : R — R is smooth, i.e.
f € C*(R";R), where C*(R™;R) is the class of functions with domain R" and codomain R and
has continuous derivatives of any order. Though this is a stronger-than-needed assumption, it
will simplify our analysis later on significantly. Furthermore, assume the subsets X € R" belong
to the set of boxes in R" denoted as OR" = {[ay,b1] X ... X [an,by] | a; < b; e R, 1 < i < n}.
Moreover, for any connected subset D C R", we can denote the set of all intervals (or interval
boxes) over D as 0P. Even now, we can still come up with functions that, under arbitrary
interval inputs, have images that are intractable for modern computers to compute exactly. For
example, take f(x) = e* sinx and X = [V2, 7V2].

Now, we change the objective of the problem from computing the exact range Y = f(X) to
finding a tight approximation Y 2 Y, preferably with an error bound that we can specify a priori.
This notion of an error bound will be defined in 1.2.

Finally, we wish to compute the approximation such that it is ‘exact’ (or ‘certified’), where the
output of our algorithm must contain the ground truth up to rounding and computational errors.
This is because modern computer architectures represent real numbers as either a floating point
representation or a rational representation. In either case, it is infeasible to represent numbers
such as V2 exactly. Consider f(x) = sinx and X = [0, 1], while we can reason abstractly that
f(X) = [0,sin1], computing sin 1 and storing it in a computer exactly is not feasible. Most
computers would approximate the value using, for example, a Taylor approximation for sin x.
However, the truncated Taylor series for sin x may be an underestimate if we use an even number
of terms, and the resulting output from the computer will not contain the true range.

Out of the many popular methods that remedies these issues that lie in the heart of numerical
computing, a popular candidate is to extend our notion of arithmetic to intervals.



1.1 MOTIVATING INTERVAL ARITHMETIC

To sufficiently motivate our discussion for 1.2.1, let us consider a specific problem. We wish to
compute a person’s body mass index (BMI) under uncertainty about the person’s body weight
and determine whether their body mass index falls under the category of normal, underweight,
or overweight, represented by (18.5,25), (—o0, 18.5], and [25, o), respectively. Here, f(m, h) =
m/h?.

If a person who is 1.80m tall steps on the scale with known uncertainty +0.5kg and the scale
reads 80kg, it indicates the person has a true weight in the interval [79.5, 80.5]. It is, of course,
implausible that this person weighs exactly 80kg. Hence, if we carry out the BMI calculation and
get 24.69, we cannot be certain of this number. Alternatively, we can carry out the calculation
using the uncertainty interval and get [24.54, 24.85]. Now, taking in all of the uncertainties into
account, we can ‘certify’ this person is of normal weight.

This is a simple example, so we want to consider appropriate generalizations of this motivat-
ing idea. In the following section, we will build upon this idea and introduce primitive tools in
the field of interval arithmetic and range functions. Afterwards in 2, we will explore frameworks
and contemporary papers that we will either build upon or rely on for derivations of important
properties.

1.2 PRELIMINARIES

I will first introduce basic arithmetic operations on intervals and some of their idiosyncrasies.
Afterwards, we will consider extending functions of the form f : R — Rto 0f : OR" — OR.
We will encounter some problems that will eventually need us to define the notion of range
functions and box forms.

1.2.1 INTERVAL ARITHMETIC

Suppose that we are given two intervals [a, b], [, f] € OR and a scalar A € R, then we have the
following definitions for interval arithmetic in OR, which can easily be extended to boxes in OR"
via component-wise operations (i.e. viewing OR" as an n-dimensional vector over OR):

« Magnitude:

|[a, b]| = max{a, b} (1.1)
- Width:
w([a,b]) =b-a (1.2)
- Radius:
r([a,b]) = (b-a)/2 (1.3)



« Midpoint:

m([a,b]) = (a+b)/2 (1.4)
- Hausdorff Distance:
du([a,b], [, f]) = max{|a — al,[b - pl} (1.5)
« Scalar Addition:
A+[ab]=[a+Ab+A1] (1.6)
- Addition:
[a,b] + [ B] = [a+a,b+ f] (1.7)
« Subtraction:
[a,b] - [a, fl = [a - p,b - a] (1.8)

« Scalar Multiplication:

bl ifA>0
Alab] = | AeAP] A2 (1.9)
[Ab,Aa] ifA <0
« Multiplication:
[a,b] X [a, f] = [min S, max S|, S = {aa, af, ba, bB} (1.10)
+ (Multiplicative) Inversion:
[%, %] if 0 ¢ [a,b]
1 :oo, 1] U [, +c0) %fo € [a,b] 1.11)
[a, b] [5,+0) ifa=0
(=00, %] ifb=0

Above, the Hausdorff distance will be our notion of an ‘error bound’” when discussing intervals,
which also forms a complete metric topology over OR" *.

A useful representation for intervals is that they can be decomposed into a centered interval
(about 0) with an additive component.

For a more detailed and mathematical development of the interval system with applications to other problems
such as deriving global error bounds for differential equations, computer-assisted proofs, and more, please refer to
[Moore et al. 2009], [Moore 1979], [Alefeld et al. 2012].



Lemma 1.1. ForanyI = [a,b] € OR, I =m(I) + %W(I)[—l, 1].

By inspection, we see that addition and multiplication are commutative. However, there are
peculiarities with interval arithmetic that leads to information loss under multiplication and in-
version that we want to mitigate. The most notable example is that interval multiplication is not
distributive over addition.

Lemma 1.2 (‘Sub-distributivity’ of Interval Multiplication over Addition). Forall a,b,c € OR,
a-(b+c)Ca-b+a-c
This is best illustrated by the following example.
Example 1.3. Suppose we wish to compute [1,2] - ([1,2] — [1,2]), then

[1,2]-([12] = [L2]) = [1,2] - [-1,1] = [~2, 2], but
[1,2]-[12] - [12] - [1,2] = [L,4] - [1,4] = [~3, 3]

This implies that we must be careful about our order of operations in order to minimize in-
formation lost. With these primitive tools, we are already able to compute exact ranges for affine
functions, say f(x) = a - x + b. In fact, we are able to find the ranges of any monotonic function
by simply outputting the values of the function at the endpoints of the interval.

Example 1.4. We can naturally extend the exponential function to intervals.

exp ([a,b]) == [exp a, exp b]

Furthermore, we can calculate the range for functions that can be decomposed into piece-wise
monotonic functions by also taking the ‘critical points’ into consideration.

Example 1.5. Let f(x) = sinx, and suppose we wish to compute sin [0, z]. On this interval,
sin x can be decomposed into two piece-wise monotonic functions, one defined on [0, 7/2] and
the other defined on (7/2,7]. In addition to computing sinx at its endpoints, we must also
consider the critical point x = /2.

sin [0, 7] = [min S, max S], S = {sin 0, sin 7/2,sinx} = {0, 1}
~osin [0, 7] = [0, 1]

Lemma 1.6. Let f : R™ — R be a piece-wise monotonic function, then f(I) can be theoretically
computed exactly VI € OR".

Proof. Let I = [a, b]. We can generalize the procedure in Example 1.5: For each ‘critical point’ of
the function in I (i.e. when the function changes direction), evaluate the function at that point,
then evaluate f(a) and f(b). Then the minima and maxima of this set will be exactly f(I). O

We can now combine this knowledge with our prior knowledge of interval arithmetic to com-
pute approximate ranges of a wider class of functions. We must accept that our range will be a
superset of the true range due to the sub-distributivity of interval multiplication. Let us first
define the notion of ‘expressions’.



Definition 1.7. A partial function f : X — Y is a function from some subset of X C X to Y,
i.e. some elements in the domain are undefined.

If S = X, then f is a function. A common example of a partial function is division over the
real numbers. = : R? — R, +(a,b) = a + b is defined for all 2-tuples except for the subset
{(a,0) | a € R}.

Definition 1.8. An expression class Q is a set of algebraic operations such that each v € Q is an
n-ary operation defined by a partial function f, : Z" — C.

Some of the most common expression classes are:

o Qo= {i: X};
e Q ={£,X,+}
o Qy ={£, %+ <}

« Q3 = {+,%,+ <, Root(-)}

Where Root(:) : Z" — C takes in a sequence of integers that represents the coefficients of the
polynomial in Z[x] and outputs the largest root of the polynomial [Li and Yap 2001]. In the case
where we have conjugate complex roots of the same norm, we choose the root with the positive
imaginary component.

Definition 1.9. An expression over Q (also known as a Q-expression) is a tree such that each
non-leaf node is labeled with some n-ary operation w € Q and has n incoming child nodes. The
leaf nodes are labeled with integers.

Figure 1.1: Example of an Qq-expression

Given any Q;-expression, we can extend the expression tree to take in intervals in the leaf
nodes. This is called the natural interval extension of an expression.

Furthermore, we can also allow piece-wise monotonic functions to be included as nodes, i.e.
these functions can act as n-ary operations. Using this and a composition of piece-wise monotonic
functions, we can compute a larger class of functions.



1.2.2 RANGE FUNCTIONS

We first introduce the two properties that any range function must have.

Definition 1.10. A function f : OR" — [OR is an interval extension of f : R* — R if for any
x = (x1,...,x,) € R" and its corresponding degenerate interval X = ([x1,x1],..., [xn, x,]), We
have f(X) = f(x).

Definition 1.11. A function f : OR" — OR is inclusion isotonic if VI C J € OR", f(I) C f(J).

Now, a range function for a function is simply a function over OR" X OR that is both an
interval extension and is inclusion isotonic.

Definition 1.12. Let f : R — Rbe any function, a range function for f is a function 0f : OR" —
OR such that forall I € OR, f(I) = {f(x) | x e I} € Of(I). f 0f(I) = f(I) for all I € OR, then
0f is an exact range function.

Fixing the function f, we can also define a partial ordering on the class of range functions for
f [Hormann et al. 2021].

Definition 1.13. Let 0;f, O2f be two ranges functions for f. Then 0O;f < O.f if VI € OR,
O0:f(I) € O2f(I). Thatis, O1f is as tight as O, f.

Finally, we can define the natural interval extension of a function defined by an expression,
which is a very important concept that we will be utilizing.

Definition 1.14. Let f : R” — R be a function that can be represented by an expression, then
the natural interval extension f : DR" — [R is defined by that expression, by replacing inputs
{x1,...,x,} and arithmetic operations by intervals {I,...,I,} and interval operations, respec-
tively.

An important subclass of functions that have exact natural interval extensions are those
whose variables only appear once in the expression.

Theorem 1.15. Let f : R" — R be a function that can be represented by an expression, if the

variables {x,...,x,} only appear once in the expression, then its natural interval extension f is
exact. i.e. £(I) = f(I), VI € OR".

Proof. Of course, we have f(I) € f(I) by the fact that natural interval extensions are range
functions. For the other inclusion, we argue inductively over the tree expression, starting from
the leaf nodes, using the exactness (or sub-distributivity) of interval arithmetic. m|

We can extend this class if we recall our ability to find exact ranges for piece-wise monotonic
functions.

Lemma 1.16. Let Q = Q; U PM(R";R), where PM(R™;R) is the set of all piece-wise monotonic
functions f : R™ — R. Then the set of all functions that can be presented by a subset of Q-expressions
on each input has a range function.



Proof. Let f be a function as described above and let I € OR be an input. View f(I) as an expres-
sion tree. For each inner node, if the label is a piece-wise monotonic function, use Lemma 1.6,
otherwise use interval arithmetic. Evaluating bottom-up, we arrive at an interval that surely
contains f(I). O

Example 1.17. Approximate the range of f([0, 7]), where f(x) =5 - (x + sinx).
We know that sin [0, 7] = [0, 1], and now we can extend our expression tree to approximate the
range.

f([0,z]) € [0,5+ 57]

f(x) is non-decreasing, so we can find that the precise range is [0, 57] C [0,5 + 57].

Figure 1.2: Natural Interval Extension Tree of Example 1.17

X
T
5 +
N
sin(-) [0,1]
[0,‘ 1]

However, in practice, we do not know how a general function will decompose into mono-
tonic pieces. This is problematic as our algorithm does not know a priori which function it needs
to compute. Additionally, if interval division is needed at any point in the expression, then we
may encounter intervals involving infinity, which destroys our approximation to the true range.
Finally, computational errors arise in real-world computations, meaning that exact ranges of the
above functions may not be exact when computing them using floating point or rational arith-
metic.

With these limitations in mind, we want to forego the idea of computing intervals exactly,
but still wish to compute approximate ranges for functions that are ‘good enough’ to use in
applications where a guaranteed range is crucial.

1.2.3 Box Forms

Let us first develop definitions that express what we desire in range functions.

Definition 1.18. Let f : R" — R be any real-valued function and 0f : OR"” — OR be a range
function for f. Then O f has order k convergence with respect to an interval box 7 € OR" if there
exists C € R such that for all I C T, we have dy(0f(I), f(I)) < Cw(I)F. If k > 1, then Of is
convergent on 1.

From here on in, we assume that when we say [f is convergent, it means that the range
function is convergent on the entire domain of f. Below is an important property of convergent
range functions.



Lemma 1.19. Let f be a real-valued function and let [ f be a convergent range function for f. Then
for any sequence of intervals (I;);>1 that converges monotonically to a fixed point p € I, we have

lim 0f(T) = f(p)

Proof. Since Of is convergent, we must have dy(0f(I), f(I)) < Cw(I) for any I. Viewing p as
an interval I = [p, p], we have

dp(0f (), f(1)) = du(lim Df (L), f(p)) < Cw(l) =0

Hence
| lim 0F(1) - f(p)l =0 = lim O£ (1) = £(p)
O

Definition 1.20. Let f : R” — R be a real-valued function, a range function 0f : OR" — OR is
a box form of f ifit is

(1) Conservative: O0f(I) 2 f(I) for all I.
(2) Convergent: 0f is convergent.

For any function that is k times differentiable, it can exhibit a Taylor interval extension that
is also a box form for f via the use of Taylor’s theorem followed by a natural extension of the
Taylor form.

Lemma 1.21. Let f : R" — R be k times differentiable in a boxI € OR", where k > 1,then f has a
range function.

Proof. Using Taylor’s theorem, we have for every x € I

k-1
f) = G0 - (=3 + D (O (-
247 i

for any x € I, say m(I), and some & € I. We now replace the above Taylor expression with its
natural interval extension, i.e. x «— I, & « I. O

This idea of a Taylor interval extension will be very important for our later discussion and
results. We now have developed sufficient material in order to review contemporary literature in
this topic.



2 REVIEW OF LITERATURE

In this section, we aim to first explore important or contemporary literature that has contributed
significantly to deriving frameworks and algorithms that provide accurate and fast-converging
box forms for a wide class of functions. For simplicity, let us assume that we are working exclu-
sively with functions of the form f : R — R.

In Ramon E. Moore’s foundational textbook [Moore et al. 2009], we see important first-order
and second-order range functions for real-valued functions satisfying Lipschitz and/or differen-
tiable assumptions.

Definition 2.1. A function f : R — R is said to be L-Lipschitz, where L > 0, if

Vx.y e R |f(x) = f(y)l < L-[x -yl

Definition 2.2. An interval extension f : R — OR for f : R — R is said to be L-Lipschitz over
an interval 7 € OR if
w(f(I)) <L-w(I),VICT

We can now begin with some theorems about box forms with linear or quadratic convergence
as discussed in [Moore et al. 2009].

Theorem 2.3. If f : R — R is L-Lipschitz, then its natural interval extension is a box form with
convergence order > 1.

Proof. Refer to [Moore et al. 2009]. O

Theorem 2.4. If f : R — R is differentiable such that its derivative f’ is L-Lipschitz in the interval
I € OR, then the mean value form

f(Ix) = fG)+ D) -I-%)
foranyx € I and1 C I converges with order 2.

Proof. Refer to [Moore et al. 2009]. O

Up until [Cornelius and Lohner 1984], many articles were published that described range
functions with quadratic convergence, most used some specific instance of centered form expres-
sions

£(I) = (%) + HILX) - (I - %) (2.1)



where H is L-Lipschitz in its first argument. Of course, the mean value form in Theorem 2.4 is a
special case of this generalized center form expression.

One might wonder, we had discussed Taylor interval extensions in the previous chapter. Is
it feasible to use higher order Taylor terms in a generalized ‘centered form’ to achieve not only
higher than quadratic, but box forms of any order of convergence (up to differentiability)?

Although they appear to exhibit higher order convergence, Neumaier’s paper [Neumaier
2003] provides a counterexample.

Example 2.5. Consider the function f(x) = —x? over the interval [0.1k, 1.1h] for some h > 0.
Then for a Taylor centered form of any order > 1, the linear term will bound convergence and
lead to a range overestimate of order O (h?).

2.1 CORNELIUS & LOHNER FOrRM

In [Cornelius and Lohner 1984], H. Cornelius and R. Lohner introduced a framework that would
allow for higher than quadratic orders of convergence.
Suppose f : R — R can be represented in the form

f(x) =g(x) +r(x), g,r continuous. (2.2)
Also suppose that for any 7 € OR, there exists a range function OR : 07 — 0OR such that
r(I) C OR(I), VI € OT.

The function g(x) can be interpreted as an approximation of f(x) such that g(x) is exactly com-
putable by a Turing machine (or any modern computer). The function r(x) is often regarded as
the remainder term, and therefore the range function OR(I) is a range estimation of this remain-
der term.

Now, with the above assumptions, we can compose a range function for f(x)

0f() = g(I) + OR(I) (2.3)

We can intuitively see how this range function of f(-) has an accuracy that can be bounded by
the remainder term alone.

Theorem 2.6. Let f : R — R be continuous and let 0f : OR — OR be a range function as
described in 2.3. Then we have for allI € OR,

(@) f(I) < O0f()
(b) du(f(D),0f(I)) < w(OR(I))

Proof. (a) is easily shown using our assumptions on g, r, OR.

To prove (b), we notice that since f(-) is continuous on R, it is also continuous on the compact
interval I. Hence, f(-) attains a minimum and maximum on this compact interval, denoted x, x €
I. This, of course, implies that f(I) = [x, x].
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Since g() is also continuous on I, it must also attain a minimum and maximum y, y € 1. Hence
g(I) = [x,x].
Now suppose R(I) = [r,7], and we have
du(f(1), 0f (D) =du([f (x), f()], [9(v). 9] + [1.7])
= max{|f(x) —g(y) - rl. [f(*) —g(v) - 71}

In the first argument of max{-}, we have

If () —g(y) —rl=f(x)—g(y) —r
<f-9y-r
<(9(y)+r)-g(y) -r
=7 -r=w(0R())

In the second argument, we have

1) —9(@) -7 =9(@) +7 - f(x)
<g(@+7-f(©)
<g(@+7-(9(y) +r)
=7 —r=w(0R())

O

Since we require the range of ¢g(-) to be exactly computable, we are restricted to functions
that have expressions in Q. A practical restriction, however, is that we also want the range of
g(+) to be efficiently computable.

Another consideration is that the remainder form 0R must also be efficiently computable, and
since we can rewrite 2.3 as

r(x) = F(x) - g(x),
we can choose g(x) such that r(x) can be written in a ‘nice’ form relative to its range function.
With exactness and efficiency requirements, we have incentive to choose g to be a Hermite in-
terpolant of f (of which both Lagrange interpolation and Taylor expansions fall as a special case
of Hermite interpolation). Of course, this would also require f(x) being differentiable enough
times such that g(x) can be constructed and r(x) is in a sufficiently ‘nice’ form.

That is, fixing I € OR, suppose that f(x) is k-times continuously differentiable. Then, for any
Xo, - - -, X € I distinct and p, ..., p, € Z" such that Zf:o pi = k, we define g(x) to be the unique
Hermite interpolant of f(x) with degree k — 1 where

gV (x) = f9x), j=0,....pi—1,i=0,....¢ (2.4)

we can express the remainder function as
1 ¢
— — (k) PR 2:
)= VO [ (25)

11



for some & € I. This form suggests the natural interval extension

{
OR(I) = % O Ta-xr (2.6)
: i=0

We see that this remainder form has order k since f(x) is decomposed into the Cornelius-
Lohner form and we have

w(OR(I)) < 2|0R(I)|

(k)
< (2%) w(D¥, |I = x| < w(l).

Furthermore, we can construct a new Cornelius-Lohner form by defining
y
§(x) = g + 5 | [ —xPy e O,
" i=0
which induces a remainder form of
1 ¢
. —— (k) — — ¥ )Pi
ORy(D = g (O VD =) | |a =" (27)

If, in addition, f *) g L-Lipschitz, then we have an extra order of convergence as

1R -yl < w(ofP )
< C'w(I).

The difference between g(x) and §(x) is that g'*) = 0 while §*) = y. Although § has a higher
degree compared to g, which may lead to computational inefficiencies, there is one trick that will
be exploited in our discussion of [Hormann et al. 2021] that leads to an overall more efficient
algorithm.

2.1.1 EXTENSIONS TO R"

In [Cornelius and Lohner 1984], they also discuss extensions to when f(x) is a real function with
vector inputs, i.e. f : R — R. The theorems do generalize to such functions, provided we use
the multivariate versions of Taylor’s theorem, Lipschitz continuity, and others.

However, taking practical computations into consideration, it is difficult to find a function g
that is interpolating and is easy to compute the exact range over. The study of practical Hermite
interpolation methods in dimensions > 2 is still an active field of research today. While possible
in principle, the practical computation is extremely inefficient.

12



2.2 K. HorMmANN, L. KaNia, AND C. YAP 2021

Whereas [Cornelius and Lohner 1984] focused more on finding appropriate exact functions g(x),
[Hormann et al. 2021] focuses more on the remainder term r(x) and its box forms. In theory,
the width of the box form O f is strictly controlled by the box form OR. It also happens that our
choice of remainder term relative to its levels of recursion in the various forms that we will discuss
shortly are of significance for practical computing.

There are two main theoretical ideas that will be applied to the remainder term, along with
a number of algorithmic realizations that outperformed state-of-the-art box forms in the context
of real root isolation.

1. Expressing the remainder term in 2.5 in centered form, and

2. Approximating the f*)(I) term in 2.6 by rewriting it in Cornelius-Lohner form and repeat-
ing recursively.

2.2.1 CrassicAL TAYLOR FOrMS

The classical (and, at the time, state-of-the-art) approach is to set £ = 0 and py, = k = 2 for the
Hermite interpolant 2.4 and set the interpolating data xo := m = m(I). If we end up using the
ideas presented in [Cornelius and Lohner 1984], we end up with the minimal Taylor form

;£ (D) := g(I) + ORy(D), (2.8)

where

g(1) = m) + £/(m)(1 = m), ORy(T) = 20D (D) (T = m)?

and 0f® (I) is the natural interval extension of £ (x).

The above expression converges, under certain assumptions about f(-), with quadratic order.
In [Hormann et al. 2021], however, the authors argue that the remainder can be further expanded,
given that we have an n-times differentiable function f(x), allowing us to further expand the

remainder part as
n—1

> m = m) O (- )"

i=2
for some & = &, € I. For the last term, we can replace " (&) with its natural interval extension

|f™ (I)| in order to properly enclose the range as we do not have information on what & will be.
This, in turn, gives us the classical Taylor form

05.f(D) = g(I) + ORy(D), (2.9)

where

n—1

g(D) = Fm) + /() (1= m), ORy(D) = > O (m) (T = m)!+ [0 f (DI = m)".

i=2
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One might ask, this Taylor form compared to the previous minimal Taylor form 2.8 both have
quadratic convergence, in addition to having more terms in the remainder to compute. Notably,
the coefficients in 2.9 requires O(n log n) arithmetic operations to compute while 2.8 only requires
O(n) arithmetic operations, so what do we gain?

It turns out that the higher order terms in the remainder of 2.8 converge with a higher ‘order’
(which we will revisit in 3 and aptly call it recursion levels), and will empirically result in a smaller
subdivision tree and a faster runtime in the context of real root isolation.

2.2.2 TayLoR ForMs wiTH HIGHER ORDERS OF CONVERGENCE

As mentioned in [Cornelius and Lohner 1984], we need not be restrained by a linear Taylor
approximation for the exact part g(x). We can use higher order polynomials (whose range can
be computed exactly) for the exact part in order to achieve higher-than-quadratic convergence.
That is, to achieve an order k convergent Taylor form, we can replace the exact part by an (k—1)
Taylor polynomial for f about m:

k-1

9x) = 3, = FOm) (x =)'

i=0

Again, if we simply follow the method outlined in [Cornelius and Lohner 1984], we would
choose the remainder function to be

1
SO -m)

which, via a natural interval extension, becomes

1
0P DI = m)*.
This leads to a minimal higher order Taylor form

fr (D) = g(I) + DR (D),

where
k—1

90) = > < f V) e = m)', DRy(D) = D f P DI - m)

i=

~

Of course, if we use the same methods as detailed in 2.2.1 and assume existence of sufficiently
many derivatives of f(x), we can continue the Taylor expansion of the remainder term up to
n — 1. This gives us the generalized Taylor form of convergence order k and recursion level n:

O, (1) == g(I) + ORy(D), (2.10)

where
k-1

gex) = 3 < O = m)'

i=0

14



and -
ORy(D) = 3 = f O = m)t+ |0 DT = )"
2.7 |

If n = k, we get the minimal recursion level higher order Taylor form, and if n = oo, then we
get the maximal level recursion form. Achieving maximal level requires more strict constraints
on f(x), i.e. it must be analytic and r(I) must be sufficiently small to allow the power series to
converge. [Hormann et al. 2021] only deals with the minimal and maximal level cases. In our
novel approach in 3, however, we will also consider non-maximal levels of recursion in empirical
computation.

Additionally, in practice, we would want our exact part to be of degree < 4 due to both the un-
solvability of quintic and higher order polynomials over the radicals as well as the computational
drawbacks of precisely computing the range of g(I). Indeed, while k = 3 (g(x) is quadratic) only
needs marginally more computational power to compute the exact range, the case when k = 4
(g(x) is cubic) requires significantly more computational power which results in a trade-off be-
tween a theoretically higher order of convergence versus an empirical lower time of computation.

To compute the exact range of a quadratic polynomial over an interval I = [a, b], we only need
to consider three points: the endpoints of the interval a, b, and the critical point. If the critical
point does not lie in the interval, then we only need to compute the endpoints. Otherwise, we
compute the range by taking the extremum (or minimum) into account.

However, to compute the exact range of a cubic polynomial over the same interval, we would
require a significantly more sophisticated approach that would also take much longer to run.
Refer to Algorithm 1.

2.2.3 RECURSIVE INTERPOLATION FORMS

Another way to formulate efficient range functions is to recursively use the Cornelius and Lohner
form. Suppose that hy(x) is a Hermite interpolant of f(x) with interpolation nodes {x;}o<i<, and
multiplicities {p; }o<i<¢ such that the degree of hy(x) is k — 1 (i.e. Zfzo pi = k), matching the form
in 2.4. We can then write the remainder in the form

t

Riy(3) = 0 [P, 060 = [ [or-x

i=0

for some & = & € I. We also have that
1
IRy (D] < 5 QIF P D

Now, we can apply the same idea again, but to the remainder f®)(-). We can define another
Hermite interpolant h;(x) for f®)(x) with the same interpolating nodes and multiplicities to
attain a remainder R, that is one recursive lever deeper. We use the same bound above (|Rp, (I)| <
QIf*(D)]) to get

FODI < ]+ QD).
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Algorithm 1 Computing g(I) = [A, B] for the cubic polynomial g(x) = Z?:o ci(x —m).
1: A :=min{g(a),g(b)}
2: B :=max{g(a),g(b)}
3: A= cg — 3¢5
4: if A > 0 then

5: L = sgn(c3)(c; + 3c3r?)

6: R :=2|cy|r

7: if L > R then

8: if |cs| < 3|cs|r then

9: x"=m—(c; — VA)/(3c3)
10: xti=m— (cy + VA)/(3c3)
11: A :=min{A,g(x7)}

12: B := max{B,g(x*)}

13: else if L > —R then

14: if ¢, > 0 then

15: x~ :=m— (¢ — VA)/(3c3)
16: A:=g(x7)

17: else if ¢; < 0 then

18: xt i =m— (cy + VA)/(3c3)
19: B = g(x+)

20: return [A, B]

We can repeat this procedure for up to any n (assuming that f(x) is nk-times differentiable) to
obtain Hermite interpolants h;(x), 1 < i < n. This gives us the bound

n-1
Ry (D] < D B (DIQT + Q"0 f "™ (1)].
j=1

Finally, combining this remainder bound with our exact Hermite interpolant hy(x) for f(x), we
get the recursive remainder form of order k and recursion level n:

n—1
0 f (D) = ho(D) + (O 1 (DIQ7 + QO f "™ (1)) (2.11)

Jj=1

With the same reasoning as in 2.9. Although the number of terms we must calculate for the
remainder term increases, the higher order terms in the remainder gives us faster convergence
in practice. In the same light, we can also define a minimal and maximal variant, equivalent to
setting n = 1 and n = oo, respectively.

2.2.4 REecCURSIVE LAGRANGE ForMS wiTH CUBIC CONVERGENCE

An instantiation of 2.2.3 is to use Lagrange interpolant. We can set p; = 1Vi, choose the interpo-
lation nodes to be {a, m, b}, where I = [a, b] and m = m(I), and let £ = 2. This gives us a quadratic
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Lagrange interpolant for f(x) with cubic (k = 3) convergence.
At eachrecursionlevel j = 0, 1, ..., we have the following centered form Lagrange interpolant

hj(x) = dj,O + dj,l(x - m) + dj,z(x - m)z,
where,
djo = f(gj)(m)
£ () = £ (a)
M= 2r
_ 9 (b) = 2P (m) + £ (a)
B 2r2 ’

Following, we can also compute the exact range of w(x) = (x — a)(x — m)(x — b) over the

interval I to be
2V3 , V3,

j,2 r = )"(I)

N="F[-11 = Q=—r.
o) = 2P [-11] >,
With this instantiation, we get the recursive cubic Lagrange form with recursion level n:

05, (1) = ho(1) + [=1,1] Ty, (2.12)
where

n—1

Tin = ) Ih(1Q7+Q"0f D] e 0().
j=1

2.2.5 A CHEAPER VARIANT OF THE RECURSIVE LAGRANGE FORM

In the previous section, our cubic Lagrange form achieves its cubic convergence solely through
the exact term hy(-), hence, we are motivated to balance the remainder term. The major trade-off
for the remainder term T3, is speed of computation versus tightness of box form.

In this section, we argue that we can forgo some tightness in the recursive Lagrange form
in order to speed up computations. We observe that the terms in the remainder {|h;(I)|} > are
quadratic interpolating polynomials that are computed exactly. Without disturbing the order of
convergence, we can replace the exact evaluation of these terms with a centered form evaluation
that is cheaper:

|hij(D)] — (djo +rld;1] +r’ld;al).

This gives us the cheap recursive cubic Lagrange form with recursion level n:
D5 f (D) = ho(D) + [~1.1]T5,, (2.13)

where

n—1
D (djo + rldjal +r¥1d;2) Q7 + QO FE (D] € O(r)

Jj=1

’
I, :

The efficiency of this cheaper variant will be shown in empirical testing using real-root iso-
lation as the sample problem.
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2.2.6 RECURSIVE LAGRANGE FORMS WITH QUARTIC CONVERGENCE

Let us consider applying the trick introduced by Cornelius and Lohner in (2.7) to the generalized
Taylor and Hermite forms above to achieve a ‘free’ higher order of convergence.

If we wish to apply this trick to the generalized Taylor forms in (2.9), we would modify the
exact part of Dzn f(I) so that

f®(m)

o (x — m)~.

g(x) — glx) +
However, we notice that this is simply the exact part for the generalized Taylor form of one higher
order: Dzﬂ S
While the trick does not work for (2.9), we can effectively apply this to our recursive Lagrange
forms in 2.2.4 and 2.2.5 to achieve quartic convergence. Consider

[P (m) o).

ho(x) 1= ho(x) + <

We can view this alternate form as a combination of a Lagrange interpolating polynomial that
also satisfies h(()3) (m) = f® (m). In its center form, the coefficients of the even-powered terms do
not change, while the odd-powered terms are modified, i.e.

flo(x) =dyp + 620,1(36 —m) +doa(x - m)2 + 620,3(?( - m)g,

where

f(3)(m)r2 d . f(3)(m)
6 > 103 6

Following the idea of the trick, we can now define a new h;(x)

doy =do1 —

hi(x) = hi(x) = FO(m) = (dy + diz(x — m))(x — m).
We can see the remainder terms are still bounded:
IR;, (D] < QIfP(D) = £ (m))|
IR, (D] < QIO (D)]
= |fO1) - FOm)| < |l D]+ QFO ).

If we continue recursively splitting the remainder terms into the Cornelius and Lohner form,
we arrive at the recursive quartic Lagrange form with recursion level n:

05, f (1) = ho(D) + [-1,1] T, (2.14)
where )
Tin = [h(DIQ+ ) 1A (DIQ7 +Q"If (D] € O,
j=2
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Of course, we can also use the cheaper evaluations by replacing the exact evaluations of |1 (D)]
and {|h;(I)|}j>2 with their centered form evaluations. This yields a faster but less tight box form:

0 F(D) = ho(I) + [-1,1]T4, (2.15)

where
/
T

,n

= T3,,n - |d1,0|Q € O(l’4).

Remark. In many numerical computing applications, we encounter continuous real-valued func-
tions that we can only query (i.e. we do not have access to the information on its expression, and only
know values of f(-) at specific input values by querying). We can query the function that different
points and use an infinite basis (e.g. polynomial basis {x"},>o, Fourier basis {€"*},cz) which can
be chosen such that it is dense in the continuous real-valued functions using the Stone-Weierstrass
theorem [Rudin 1976].

This motivates us to begin considering f as a polynomial that was constructed as an ap-
proximation to some real-valued function belonging to the class of continuous (or continuous
almost-everywhere) functions.

If f has degree d, then we know the maximal recursive form for, say, the cubic Lagrange
polynomials will only depend on the terms { f37) (a), f37 (b), FCD (b) }o< j<|d/3]- The polynomials
becomes identically zero after d + 1 derivatives and so for all recursion levels j > |d/3], the
method becomes identical to the maximal recursive form.

We are now ready to move onto the novel methods that we have developed over the past year
as a follow-up to [Hormann et al. 2021].
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3 RESULTS

To motivate our generalizations and results, we make the argument that the Cornelius and Lohner
form in (2.2) cannot be realized in practical settings. That is, the so-called ‘exact range’ of g(I)
cannot be precisely computed for any standard model of arithmetic in modern computer archi-
tectures, whether it be floating-point models, rational arithmetic models, or other families of
models.

Regardless of the model of arithmetic, elements of R are represented by elements from the
dyadic number system Z[%] = {m2" | m,n € Z}, which is a dense subset of R (this can easily be
showed first by showing density of Z[1] in Q, then showing density of Q in R and combining
the results in an epsilon argument). Suppose we wish to represent the number V3 exactly in our
computer, this is already impossible to do since V3 ¢ Z[%]

This problem can be circumvented using computer algebra systems and software such as
Maple or Mathematica, giving us exact access to all algebraic numbers (which is still a strict
subset of R). However, the performance issues of, say, representing a real number that has a high
degree (e.g. > 100) minimal polynomial over Z[%] makes these symbolic algebraic systems not
applicable in practical computational scenarios.

3.1 OVERVIEW

As a result, we introduce a generalization of the Cornelius and Lohner form using new ideas for
box forms that can provide a priori precision guarantees. We also introduce faster recursive range
functions that exceed the performance of previous box forms discussed in 2.2 in the application of
real-root isolation. We also develop an ‘amortized’ method of holistically evaluating the complex-
ity of range functions and apply it to a general class of range functions. Finally, we explore the
performance capabilities of non-maximal variants of the best performing range functions seen in
2.2.

3.2 GENERALIZING THE CORNELIUS & LOHNER FRAMEWORK

Motivated by our discussion above, we replace the exact part g(I) in the traditional Cornelius-
Lohner form by a range function for g:

0f(I) = 0g(I) + DR, (1) (3.1)
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Now, we generalize the bound of Theorem 2.6 so that we can bound the accuracy of the range
function 0f(-) by its remainder alone.

Theorem 3.1. Given 0f(-) as defined in (3.1), we have

da (f(D), 0f(D) < du(g(I), 0g(D)) +w(OR,(I))

Proof. First denote the endpoints of the intervals as follows:

fD = 1fx), f®)]. 9(I) = [9(y). 9()], ORy(I) = [a, ]

Which is allowed by our assumption that f, g are continuous on the compact interval I, giving
rise to minima and maxima X, x, y, y to f and g, respectively.

By the fact that Og is a range function for g, there must exist some interval ¢ = [¢, €], where
e < 0ande¢ > 0, such that Og(I) = g(I) +¢.

Therefore we have

dr(g(I), 0g(I)) = max{-¢, €}
f() < 0f(D) =0g(I) + ORy(I)
= du(f(), 0f(I)) = max{f(x) - (g(y) +£+a),(9(y) +e+b) - f(%)}

For the first term f(x) — (g(g) + £+ a), we have

f(x)-(g(y) +e+a) < f(y) - (9(y) +£+a)
=(9(y) +Ry(y)) — (9(y) +e+a)
=Ry(y) —e—a
< —¢e+(b-a).

For the second term (g(y) + €+ b) — f(x), we have

(9(m) +e+b) - f(x) < (9(y) +e+b) - f()
=(g9(y) +e+b) — (9(v) + Ry(y))
=e+b—Ry(y)
<e+(b—-a).

Hence
du(f(D), 0f(I)) = max{f(x) — (g(y) +e+a), (g(y) +€+b) - f(X)}
<max{-e+(b—a),e+(b—a)}

= max{—¢ ¢} + w(ORy(I))
=dp(9(I), 0g(I)) + w(ORy(I)).
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However, in order to apply Theorem 3.1, we must have a stronger notion of range functions
that encapsulate this idea of specifying the error (¢ = [¢, €] in the proof) a priori for us to instan-
tiate reasonable range functions based on this theorem.

To do so, we introduce the notion of precision-bounded range functions or a strong box form
for a function g(x), denoted 0g(I;¢), € > 0. In addition to the usual properties that comes with
being a range function, we also require, for all ¢ > 0, that

di(g(I), 0g9(L;¢)) < e.

Now, using precision-bounded range functions, we are able to use our generalized Cornelius
and Lohner framework to construct useful box forms. We can define the framework for a box
form (that is precision-bounded) for f(x):

Dpbf (1) = 0g(I;€) + ORy(])

Of course, it is then obvious to see that box functions of the form O}, f converge on the same order
as OR, by application of Theorem 3.1. Finally, if we set g(x) to be some Hermite interpolant with
degree k-1, then OR,(I) will have convergence order k. In conjunction with a precision-bounded
box form for g(x), we can achieve box forms of arbitrary order of convergence.

3.3 PRrEcIsiIoN-BoUNDED Box FOrRMS

In this section, we will explore the details in constructing these strong box forms.

3.3.1 LipscHITZ EXPRESSIONS

For f : R — R, we can express f(-) for all elements in its proper domain (i.e. a subset of R” such
that the range of this subset under f is properly contained in R) using some expression Er. As
discussed in Chapter 1, we can also input interval vectors into the expression Ef.

The expression Ef is Lipschitz in 8 € OR" if we have the following inductive property:

(a) The root of Ef is labeled by a variable or constant.
(b) Writing Ef as a function of sub-expressions, i.e. Ef = ¢(Ey, ..., Ep).

(i) E;is Lipschitzin B foralll <i < m.

(ii) @(E1(B),...,En(B)) is defined, and there exists some ¢ > 0 such that ¢ is L-Lipschitz
in B.(E1(8B),...,En(B)), where B.(x) := {y € R" | ||x — y||;2 < ¢} is the open ball of
radius ¢ around (E;{(B), ..., E,(B)) (i.e. ¢ is L-Lipschitz in some open neighbourhood
around B).

If this is satisfied, then we can use the following result from [Neumaier 1990]:
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Theorem 3.2. If E is a Lipschitz expression over 8 € [OR", then there exists a vector of { =
(#1,...,%,) € R" such that for all B,B’ C B,

dy(E(B),E(B’)) < {t,dy(B,B’)), dy(B,B’) = (duy(L1,I7), ..., du(I,, 1)),
where (-, -) denotes the inner product over OR".

We can extend this result to box forms by replacing E(B’) with OE(B) to show that OE(B)
encloses E(B).

Now, we wish to develop an abstract representation, or model, of computing. We first assume
that f(8B) and 0;f(B) are computable in our model, which leads us to computing 0f(8) and
00;f (8), which is finally realized in Turing computability using the density of Z[%] in R.

Let Q be an expression class. We say that Q is a Lipschitz" class if all Q-expressions that in-
duces a function f that is Lipschitz* (i.e. f has continuous almost-everywhere partial derivatives
and both fand Vf = (a1f, ..., d,f) are locally L-Lipschitz).

Suppose we are given a Q-expression E(-) for the function f, where Q is Lipschitz*, then
we can define the gradient of the expressions VE = (0;E,...,d,E). Each 9;E can be defined
recursively as follows:

0 if E a constant,
OE = {d;j if E a placeholder variable,
") (Er,. . En) - OE; ifE=f(Ey,... En),

s |1 ifi=]
Yo otherwise,
is Kronecker’s delta function.

Now we can begin characterizing the function class for which there exists strong box forms

for. First, given a function f : R" — R, a strong approximation function is a function f : R" X
R.¢ — R such that for all tuples (x, ¢) € R* X R, we have

F(x;e) — F(x)] < e.

An additional concept that we will see being used for the proof of Theorem 3.5 below is notion
of e-fineness.

where

Definition 3.3. Given an interval box 8 € OR", a subdivision of B is a finite set of disjoint
subsets D = {By, ..., B;} such that

Bi:B.

¢

i=1
Definition 3.4. A subdivision D of an interval box 8 € OR" is e-fine with respect to a function
f:R" = Rif

A(f,B) = %Zwi(B) Jaf(B) < 5, VB e D.
i=1
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Algorithm 2 Fine Subdivision Algorithm

Input: (f,8B,¢)

Output: An e-fine subdivision D of 8.
1: Let Q, D be queues of boxes, initialized as D « @ and Q « {B}.
2: while Q # @ do
3: B « Q.pop()

£ Ui ) — Vf(B)

5 AGAB) — 20 Uil wi(B)

6: if A(f,B) < ¢/4 then

7: D .push(B)

8: else

9: i* « argmax,_; ,|Ji| - wi(B)
10: Q.push(bisect(B, i*)) > Bisect dimension i*
11: Output D

For any f, 8B, and ¢, Algorithm 2 allows us to find an e-fine subdivision of B with respect to

f.
Now we can state a lemma that provides sufficient conditions for there to exist a strong box
function.

Lemma 3.5. Let f : R"™ — R be a Lipschitz" function in 8 € OR" and has a strong approximation
function f, then there exists a strong box function for f.

Proof. Let us first compute an e-fine subdivision D for 8B using Algorithm 2. Now for each B € D,
by the mean value theorem, we have for all b € B

|f(b) — f(m(B))| < A(f, B).
Then we can define, for each B € D, the interval
~ £ £ ~ € €
B) = B);=) — = B);S) +-].
J(B) = [Fm(B); ) - 2, Flm(B): ) + 7]
Of course, by an epsilon argument, we have for all B € D
« f(B) € J(B),

« du(J. f(B)) <e.
Let J(D) := Ugep J(B), then by the same argument, we have

- f(B) € J(D),
« du(f(B),J(D)) <e.
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This strong box function is also computable in our abstract model if we also have a Lipschitz*
expression for it over some interval. This is our main theorem as it gives the necessary conditions
for functions that allow us to abstractly compute range functions using Theorem 3.1.

Theorem 3.6. Let Q be a Lipschitz" class where each f € Q has a strong approximation function.
IfE(-) is a Lipschitz* expression for f over B8 € OR", then the strong box function characterized by
E(B;e) is abstractly computable.

Proof. Using induction, we see the base case is trivial. Otherwise, the expression is re-writable as
E= f(gl, .. .,~Em), then we know [; := E;(B; ¢;) is abstractly computable for i = 1,..., m. Setting
B = (L,...,I,), we can use Lemma 3.5 and its proof to compute f(B;e¢). O

Remark. One of the most extensive classes of functions that satisfy the requirements above is the
class of Hypergeometric functions. i.e.

oFi(a,b,c;z) = Z (@)n(b)y 2"

(©)n n!’

where
(x) 1 if n=0,
X =
" x-(x+1)-...-(x+n—-1) ifn>0,
is the Pochhammer symbol. This is primarily due to the fact that Hypergeometric functions are closed
under differentiation with respect to z, i.e. the derivative of a Hypergeometric function is another
Hypergeometric function with different parameters.

For further discussion on the exact computation of Hypergeometric functions, please see [Du et al.
2002] and [Du and Yap 2006].

3.4 QUARTIC RANGE FUNCTIONS USING HERMITE INTERPOLATION

We now shift our focus to practical range functions that can be used to compute ranges of real-
valued functions, and present a new range function based on Hermite interpolation that can
achieve better performance (in the context of real-root isolation) than those in [Hormann et al.
2021].

Let hy be a cubic Hermite interpolant for f such that

ho(a) = f(a), hy(a) = f'(a), ho(b) = f(b), hy(b) = f7(b),
where [a, b] = I. We can write out this Hermite interpolant explicitly as

ho(x) = co0 + co1(x —m) +coa(x — m)z +co3(x — m)g, m = m(I),
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where

Coo = f(b) +f(a) 3 f’(b) _f/(a)r

’ 2 1 )

_JB-fl@ f)+f(a)
c1=3

5

4r 4
_f(®) - f(a)
Co2 = —4r )
(b ! b) —
o= L )44;2f (@ _ f( )4r3f(a)’ R

Now, the remainder can be written as

w(x)

T, () = (x- 9 (x-b)?

Ry, (x) =
for some & = & € I. This provides us an upper bound for Ry, (I):

o] _

4! 24°

IRy, (D] < QY (D), @ =

Of course, we apply the same technique as in Section 2.2.4 in order to further bound |f® (I)].
This leads to the set of cubic Hermite interpolants {h;}i<;j<¢, where ¢ is the recursion level:

ho(x) =cjo+cji1(x —m)+cja(x - m)2 +cj3(x - m)3,
with
F®) + (@) fUI ) - F9 (@)
= — 7,

Cj0

2 4
- 3JC(‘U)(b) - f%)(a) _ FE(b) + £+ (q)
i 4r 4 ’
_ fE(b) - FH ()
72 = 4r ’
S FEAD(b) + £ (q) B F4)(b) — f4)(a)
»3 = 4r2 4r3 ’

If we set Ry, = FA) - hj, then we have

IF4 (D] < [hi(D)] + Ry, ()]
< |hi(D)] + QIfF 7+ (1))

= |fYD] < [h(D)]+Q(h(D] + QL2 (D))

IAIA

< ) I + o 1),

t
|
j=1
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This gives us the recursive remainder bound

t
[Riy (D] < Sty S¢ = Y [y (1)]Q7 + Q0 f4 (1)),
J=1

This gives us the recursive Hermite form of order 4 and recursion level £ > 0:

02 F(D) = ho(D) + [~1,1]S, (3.2)

which depends on the values
f* ), f @), fH ), f B, 0< <8

Again, we can define the maximal recursion level Hermite form Df () = wa f()if fis
analytic and r sufficiently small. Further, if f is a polynomial of degree d — 1, then

d
OLf) = 0 f(D, €211

Of course, we can then introduce a cheap variant Df' f that forgoes some tightness of the
range function for computing performance. This is the same argument as in previous sections.
We end up having ,

04 f () = ho(I) + [-1,1]S}, (3.3)

where

t
St = > (leol +rlepal + rlejal +7°lej5)) Q7 + QI F 4+ (1)),
j=1

3.5 CoMPLEXITY ANALYSIS OF PRACTICAL RANGE FUNCTIONS

We provide a template for the amortized holistic complexity analysis for range functions 0 f (1),
where f is a high degree polynomial, which is analysing its cost over a subdivision tree, not just
on a single interval. The motivation for this is due to the fact that if we utilize the range functions
in an algorithm that uses subdivision (like in the case of real-root isolation), then we may have
already computed some of the data required for the construction of the range function in the
subsequent subdivision intervals.

We begin by analysing the complexity of Dé‘l f from (2.13) in [Hormann et al. 2021] which
had previously performed the best in our experiments, then move on to our newly defined 0¥ f.
Finally, with the motivation of the above two sections, we generalize our analysis to all Hermite
interpolating schemes with equally spaced nodes with equal multiplicities.

Remark. Note that the analysis of the cheap variant also applied for the non-cheap variant (and
vice-versa) since the two variants do not change how the interval is subdivided and at which points
the values need to be computed.
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Suppose we are given a polynomial function f whose degree d > 2 and an interval 7. We
wish to construct a range function 0 f(7) based on the information of the values of f, f,..., f9
in7.

Definition 3.7. A subdivision tree is a finite tree whose nodes are intervals such that
« The root of the tree is 7,

« For any non-leaf node representing the interval [a, b], its left and right children will repre-
sent the intervals [a, m| and [m, b] respectively.

Now we are ready to begin providing theoretical accounts for the empirical speedups that we
will observe in Chapter 4.

’
3.5.1 AMORTIZED COMPLEXITY OF D% f

Further assume that 3 | d. In the case 0f(Z) = Dgf(f), we have
), f(m), f0), 02 j=d/3-1.

Then the cost for computing Dg f(I)isd. Although we can show the cost to compute the maximal
Taylor form of order 2, 0 f(I), is also d, when amortizing the complexity analysis over the entire
subdivision tree, we will distinguish a clear advantage as our cheap cubic Lagrange form can
re-use the information of the derivatives in its sub-intervals.

We wish to bound the cost Cg(T), defined as the total number of values needed to compute
Dg for all I € T. We can define the cost with a different parameters when we know that the tree
T has n leaves.

Now we have the following recurrence relation:

L ) ifn=1,
n) =
3 Ch(ny) +Ch(ng) - 4 ifn>2,
where np, ng are the number of leaves that the left and right subtrees have, respectively, and

n; + ng = n. If we use induction on this recurrence relation, then we find that the amortized
complexity is

d
Ci(n) =12n+1)- 3
If we have a full binary tree, it would have 2n — 1 nodes, hence the average cost per node will be

2n+1 d d

- —_ o~ —

this tells us that the asymptotic cost per node is d/3.
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3.5.2  AMORTIZED COMPLEXITY OF 0¥, f

Let ¢ be given. For simplicity and without loss of generality, assume that d = 4(£+1). For 0¥ f(I)
to be computed, we would require 4(£ + 1) = d evaluations. We then have the recurrence relation

n) =
4 CH(ny) +Cll(ng) —d/2 ifn>2,

This is similar to the analysis of D§ f, except that the midpoint of the interval is never evaluated
and thus will never be shared to its children.
Of course, we can easily solve this recurrence and get that

cim = (ne1) -2

and if we have a full binary tree with 2n — 1 nodes, our average cost per node will be

- —_~ -

which means the asymptotic cost per node is d/4.

3.5.3 AMORTIZED COMPLEXITY FOR GENERAL HERMITE FORMS

In the more general setting, suppose we have a Hermite interpolant h¢(x) of f such that hy
interpolates f at the nodes u = (uy, . . ., up) with multiplicities h = pg = p1 = ... = pup, where the
nodes u are equally distributed in the input interval 7 = [a, b]. That is,

ui:a+i(b—a).
m

Then we know the degree of the Hermite interpolant is at most d := (m + 1)h, which is also the
cost of realizing this Hermite interpolant over an interval. In order to amortize this cost over
the entire subdivision tree T, let us first define N,,(T) to be the number of distinct nodes for all
intervals in T. We clarify distinctness as it is possible that two intervals [, J in T may share an
interpolating node, in which case we are encouraged to reuse the data and not compute it twice.

Further, we can assume our tree has n leaves, re-define T « T,. Since T, is a binary tree,
the function N,,(T,) is independent of the shape of the tree in our analysis, and we can simplify
notation to Ny, (n).

Therefore, the cost of evaluating the tree T, is

Ch (n) = h- Nn(n).

Since a full binary tree with n leaves has 2n — 1 nodes, we can define the amortized cost per node
for a general Hermite scheme to be
hy
—h ¢, (n)
C/ = lim —4—.
n—o 2n —1

Now, we can state and inductively prove our main theorem for amortized complexity analysis:
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—h
Theorem 3.8. With N,,(n), sz(n), and Cdf as defined above, we have

Np(n) =mn+1,

CI (n) = h(mn + 1),
—hf _ hm

1
cr="22Zd-n).
¢ =5 =5d=h

Proof. Of course, as long as we show N,,,(n) = mn + 1, the other two equations follow trivially.
We claim that N,,(n) satisfies the following recurrence relation:

m+1 ifn=1,

MMMZ{MA@}M%@@—I ifn>1,

This can be shown via induction, the base case is trivial. Consider the tree T, with left sub-tree
T, and right sub-tree T,,,, we see that the two intervals of the children have one common shared
point, the midpoint. And since n = ny + ng, we are done. O

Remark. While this is very useful to finding more optimal range functions, the theory is still prim-
itive. We are also restricted to, given any d, using multiplicities h such that h divides d.
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4 EXPERIMENTS

We have repeatedly mentioned in previous sections on the empirical efficiency of the novel range
functions in the application of real-root isolation. This section will be to explain these concepts,
methodologies, and experimental results.

We first begin by understanding the problem of real-root isolation, and how the EvaL algo-
rithm is able to solve this problem. We then turn to a theoretical limitation for using our pre-
viously constructed range functions for the EvaL algorithm, as well as how previous results in
numerical analysis literature circumvent this issue. Finally, we discuss the experimental method-
ology and settings for the experiment, and provide detailed tables and figures that capture the
trends of the data.

We will see that the data does confirm our theoretical amortized complexity developed in
Section 3.5.

4.1 REeAL-RoOOT ISOLATION AND THE EVAL ALGORITHM

Consider the function f : R — R, the zeros of the function on a subset of the domain S € R
forms the set Z¢(S) = {x € S | f(x) = 0}. An isolator for f is an interval I € OR such that
|Zs(I)| = 1, i.e. I isolates the unique zero of f. We then formulate the root isolation problem for
real-valued functions.

Problem 4.1 (Real-Root Isolation). Given f : R — R and an interval 7 € OR, compute a set of
intervals Z = {Iy,...,I,} C 01 suchthat [Z¢(;)| =1V1<i<n.

We pose the addition restriction that this computation must be certified, i.e. the output of any
algorithm that solves this problem must be robust to all precision errors.

This makes the problem intractable in general. However, if we impose additional restrictions
on f, namely that f is continuously differentiable and all roots of f in 7 have multiplicity 1, we are
able to use the EvaL algorithm to efficiently solve this problem with certification of correctness.

In terms of required numerical computation that EvaL needs to do, we must have access to
the range functions 0f(-) and Of”(-). EVAL uses two queue data structures to store intervals: Q
for intervals yet to be processed, and Z for intervals that are isolators for f under 7. For a given
interval in Q, it can

« Contain no roots, in which it is discarded.
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« Contain a single root, in which it is added to Z.

+ Contain more than one root, in which it is bisected about the midpoint and the two sub-
intervals are added to the back of Q.

As seen in Algorithm 3, if the range functions 00 f and O f” are convergent on 7, then the algorithm
will terminate and return the isolating set.

Algorithm 3 Real root isolation with range functions
Input: f:R - Rand 7 € OR
Output: Z containing isolators for each { € Z¢(1)

1: procedure EvaL(f, )

2: initialize Q := {li} and Z := @

3: while Q is non-empty do

4: I := Q.pop(), where I = [a, b]

5: if 0 € 0f(I) then > I is implicitly discarded if 0 ¢ O f (1)
6: if 0 € 0f'(I) then

7: Q.push([a, m], [m, b]), where m = m(I)

8: else > f is strictly monotonic
9: if f(a)f(b) < 0 then >0 € f(I)
10: Z.push(I)
11: return Z

In Algorithm 3, the algorithm will push an interval into the solution Z < f(a)f(b) < 0. The
intermediate value theorem guarantees correctness. Furthermore, the interval [a, b] is guranteed
to be strictly monotonic from the if condition that 0 ¢ 0f"([a, b]).

Additionally, if f € Q[x] and our computation model uses rational arithmetic, the inequality
in line 9 of Algorithm 3 is strict and we can further test f((a+ b)/2) = 0 to see if the midpoint is
a root since we will have exact rational representations in the computer.

4.2 ESTIMATING THE RANGE OF THE DERIVATIVE

EvAL not only needs to construct a range function for f, but also for f’. Let us walk through the
theoretical derivations for finding a range function for f” given that we have already computed
a range function for f.

4.2.1 GENERALIZED TAYLOR FORMS

This issue resolves nicely if our choice of range function is a generalized Taylor form with recur-
sion level n — 1 for f” has form

Ofpoif (D = g (D) + [-1,1]7*S], .,
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where

P Zk [T R sVl 0)]

e (-t NCEEV

i=k+1
and g, (I) is the derivative of the k-th order Taylor polynomial for f about m. Hence, we can
easily see that the convergence order of the range function for both f and f” are the same (i.e.
order k), and that the construction of these two range functions are also reliant on the same data.

4.2.2 CuBic LAGRANGE ForMs

Let us first consider D]in f'(I). Here, we have more complications since the construction of this
range function would require the evaluation of f3*1({a, m, b}) for all j. If we compute this range
function naively, this would double the computational cost and make the application of this range
function in the context of real-root isolation useless.

However, we recall a result from [Shadrin 1995]:

Theorem 4.2 (Shadrin’s Theorem). Let f : R — R be a real function and h : R — R be its
Lagrange interpolating polynomial that interpolates f at x, ...,x; € I. Then

(£+1) I
(k) (k) wmd )

su x) - hV(x)| £ oW (D)|—=, 0<k < ¢,
x€?|f (x) ()| < 0™ (D) T+

where ,
w(x) = [ [ec-x).
i=0

In the context of 0% , we have

3,n°

f“)(l)l

sup [f"(x) = hy (x)] < |’ (D)]

x€l

Both of these terms are easily bounded:
o'(D) = -1 QfP (D] < Ty
Therefore, we can easily estimate f”(I) using the following form,

Ogaf" (1) = (1) + 3\/— [-1,1]T5,

where T;, is as defined in (2.12), which depends on the same data as Dén f(I), albeit with only
quadratic convergence. Note that this also applies to the cheap variant of the cubic Lagrange
form (2.13). )

However, this does not apply to Din since hy is no longer a Lagrange interpolant.
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4.2.3 QuArTIC HERMITE FORMS

This case is also complicated as we do not want to double our computation time by separately
constructing 04 of ’(I ). Let us first consider some Lagrange interpolant L(x) for f, interpolating
the four nodes X, ...,x3 € I. We can use Theorem 4.2 and get

sup () - /() < 120

x€l

FOml, mm—ﬂu xi).

We use an important remark in [Waldron 1997], that this supremum bound is continuous with
respect to {x;}. Hence, if we consider the limit as xo, x; — a and x3,x3 — b, our interpolant
approaches (uniformly) hy, which is our Hermite interpolant for 0¥,

()

sup | f*(x) — hy(x)] < If(4)(I)|

x€l

Since we have ’'(I) = %\/§r3[—1, 1], we can use the same recursive remainder bound that we
have used prior to construct the remainder bound

mawﬁﬁﬁﬂMM§£&

where S, is as defined in (3.2).
As a result, we have the following recursive Hermite form for f”:

D5 f" (D) = hy(D) + iSz

While these only have cubic convergence, they depend on the same data as 0%,f(I), so we save
computation time in practice. Note that this also work for the cheap variant by replacmg S¢ with
S,

¢

4.3 METHODOLOGY AND SETTINGS

In practice, we implemented a version of EvAL in C++ under the Core Library (see Core Library),
which contains and implements various paradigms in exact computation. We also implemented
all of the range functions mentioned in [Hormann et al. 2021] and in Chapter 3. In particular, the
two box forms 0% 5, and 0, and their associated cheap variants also had non-maximal recursion
level forms 1mplemented as Well

We ran the various introduced range functions with f belonging to various families of poly-
nomials: dense with all roots real, corresponding to the Chebyshev polynomials T,,, Hermite
polynomials H,, and Wilkinson’s polynomials W,,; dense with only two real roots, corresponding
to the Mignotte cluster My, 1; and sparse without real roots, corresponding to S,. Depending on
the family of polynomials chosen, we provide different starting intervals I to the EvaL algorithm.
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Holistically, we wish to measure the two components that best approximate the idea of ‘per-
formance’ for the range functions: (1) size of the subdivision tree and (2) running time on (a) 1024-
bit floating point arithmetic and (b) multi-precision rational arithmetic. Our experiments were ran
on a Windows 10 laptop with a 1.8 GHz Intel Core i7-8550U processor with 16GB of RAM. For the
multi-precision rational arithmetic case in particular, as the only non-rational number we have to
explicitly compute is V3, it is replaced by the slightly larger number 17320508075688773 x 1071,
Our implementation, including code and data, may be downloaded from the Core Library web
page here.

In total, we tested eleven different range functions. Our first three range functions were the
state-of-the-art performers in [Hormann et al. 2021]: Dg, Dé, Dg. We then tested three non-
maximal variants of Dg{,, ¢ € {10,15,20}. The next two, Df and Dip, are based on the quartic
Hermite functions as well as the cheaper variant. Finally, the last three are the non-maximal

cheap quartic Hermite range functions Df[, ¢ € {10, 15, 20}.

4.4 RESULTS

Table 4.1 reports the sizes of the EvaL subdivision trees, which serve as a measure of the tightness
of the underlying range functions. In each row, the smallest tree size is underlined. As expected,
the methods based on range functions with quartic convergence order outperform the others and
in general the tree size decreases as the recursion level increases, except for sparse polynomials.

We further observe that the differences between the tree sizes for Ef;’ and Ef " are small, indi-
cating that the tightness of a range function is determined mainly by the convergence order, but
much less by the type of local interpolant (Lagrange or Hermite). However, as already pointed
out in [Hormann et al. 2021], a smaller tree size does not necessarily correspond to a faster run-
ning time. In fact, Eé’ was found to usually be almost as fast as EX’, even though the subdivision
trees of Eg‘ are consistently bigger than those of Ei'.

In Figure 4.2, we do a direct comparison of the EvAL version based on our new range function
Ef " with the previous leader Eg: for the test polynomials in our suite, the new function is faster
for polynomials of degree greater than 25, with the speedup approaching and even exceeding the
theoretical value of 1.33 of Section 4.2. In terms of tree size they are similar (differing by less than
5%, Table 4.1). Hence, E¥f " emerges as the new winner among the practical range functions from
our collection. even though it is possible to further decrease the runtime by taking advantage of
range functions with non-maximal recursion levels.

44.1 NoON-MAXIMAL RECURSION LEVELS

High order of convergence is important for applications such as numerical differential equations.
But a sole focus on convergence order may be misleading as noted in [Hormann et al. 2021]: for
any convergence order k > 1, a subsidiary measure may be critical in practice. For Taylor forms,
this is the refinement level n > k and for our recursive range functions, it is the recursion level
¢ > 0. In [Hormann et al. 2021] we focused on maximal levels (for polynomials) after showing that

the A[Tg (the minimal level Taylor form of order 2) is practically worthless for the EvaL algorithm.
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Table 4.1: Size of the Evar Subdivision Tree

f r(IO)‘ Eg ‘ Eé" Ei, EI§,,10 EI§,,15 Eé,/zo E? Ef, Eﬁo EZI’S Eféo
T 319 | 243 231 243 243 243 | 239 239 239 239 239
Tyo 663 | 479 463 479 479 479 | 471 479 479 479 479
Tgo 10 1379|1007 955 1023 1007 1007 | 967 991 991 991 991
Ti60 2147 | 1427 1347 1543 1451 1427|1351 1359 | 1439 1363 1359
T390 - 12679 2575 3023 2699 2679 | 2591 2591 | 2803 2603 2591
Hy, 283 | 215 207 215 215 215| 199 207 207 207 207
Hy 539 | 423 415 423 423 423 | 415 419 419 419 419
Hgy, 40 891 | 679 655 711 679 679 | 659 683 695 683 683
Higo 1435| 955 923 1083 959 955 | 923 927 | 1023 927 927
Hsyp - 12459 2415 | 45287 10423 4419 | 2455 2499 | 15967 5195 3119
M, 169 | 113 109 113 113 113| 105 105 105 105 105
My, 1 339 215 213 215 215 215| 219 223 223 223 223
Mg, 683 | 445 423 507 445 445| 427 431 443 431 431
Mig1 -1 905 857 7245 1755 1047 | 861 861 | 2663 1079 905
Wao 485| 353 331 353 353 353 | 331 335 335 335 335
Wi 1000 901| 633 613 633 633 633| 615 617 617 617 617
Wao 1583 | 1133 1083 2597 1133 1133|1097 1117 | 1485 1117 1117
Wieo - 12005 1935 |293509 5073 2005 | 1959 1993 | 42413 5289 2817
S100 973 | 633 609 611 621 625| 613 613 595 609 613
Sa00 10 | 1941 | 1281 1221 1211 1227 1237 | 1231 1231 | 1165 1187 1201
S400 -| 2555 2435 2379 2399 2413 | 2467 2467 | 2289 2319 2339
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Figure 4.1: Speedup o (¢) ongl (left) and Ef{, (right) against their maximal level counterparts with respect
to £ for polynomials of degree 125 (top) and 250 (bottom) from different families.

We now experimentally explore the use of non-maximal levels.

Figure 4.1 plots the (potential) level speedup factor o(¢) against level £ > 0. More precisely,
consider the time for EVAL to isolate the roots of a polynomial f in some interval . Let Ok, f be
a family of range functions of order k, but varying levels ¢ > 0. If Ey, (resp., Ex) is the running
time of EvAL using O ¢ f (resp., Uk f), then o(¢) := Ei/Ey,. Of course, it is only a true speedup if
o(f) > 1. These plots support our intuition in [Hormann et al. 2021] that minimal levels are rarely
useful (except at low degrees). Most strikingly, the graph of o(¢) shows a characteristic shape of
rapidly increasing to a unique maxima and then slowly tapering to 1, especially for polynomials
f with high degrees. This suggests that for each polynomial, there is an optimal level to achieve
the greatest speedup. In our tests (see Figure 4.1), we saw that both the optimal level and the
value of the corresponding greatest speedup factor depend on f. Moreover, we observed that the
achievable speedup tends to be bigger for E " than for Eg and that it increases with the degree
of the polynomial f.
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Figure 4.2: Speedup o of Ef' with respect to Eé for different families of polynomials and varying degree:
raw (left) and smoothed with moving average over five points (right).

4.4.2 RUNNING TIMES

In Table 4.2 and Table 4.3 we report the running times of our eleven different EvaL versions for
several families of polynomials. Times are given in seconds and averaged over at least four runs
(and many more for small degree polynomials). Generally, Ei( ‘ (X =T, L, H for Taylor, Lagrange,
Hermite forms) is the running time of EvaL using the appropriate forms of order k and level ¢ (¢
may be omitted when the level is maximal)

The last three columns in both tables report the speedup ratios o(-) of EX, Ef;s, and Egls

with respect to EL’, which was identified as the overall winner in [Hormann et al. 2021].
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Table 4.2: Average Running Time of EvAL with 1024-bit Floating Point Arithmetic in Seconds.

f r(lo) ‘ E; ‘ Eg E{I, Eilm Egls EIS{ZO ‘ Efj Ef, ‘ Efio Eflls Ef;O ‘O_(Ef,) ”(Eff{s) U(Elg,,ls)
T 0.0288 0.0152 0.0153 0.0179 0.0212 0.0243 0.0201 0.0157 0.023 0.0274 0.0316 0.97 0.57 0.72
Tyo 0.19 0.0669 0.0663 0.0723 0.068 0.0726 0.078 0.0637 0.0864 0.0944 0.102 1.05 0.71 0.98
Tso 10 1.35 0.379 0.363 0.366 0.386 0.397 0.398 0.327 0.465 0.494 0.49 1.16 0.77 0.98
Tis0 8.23 1.82 1.71 1.23 1.35 1.45 1.61 1.38 1.56 1.78 2.04 1.31 1.02 1.35
Ts00 - 12.7 12.1 5.11 5.44 6.19 10.4 9.53 6.68 7.84 9.29 1.33 1.62 2.34
Hy 0.0242 0.0127 0.013 0.0149 0.0177 0.0204 0.0159 0.0128 0.0191 0.0226 0.0256 0.99 0.56 0.72
Hyo 0.15 0.0575 0.058 0.0632 0.0601 0.0652 0.0709 0.0547 0.0862 0.092 0.0923 1.05 0.63 0.96
Hgy 40 0.881 0.259 0.255 0.26 0.263 0.266 0.273 0.225 0.324 0.349 0.346 1.15 0.74 0.98
Higo 5.47 1.22 1.16 0.854 0.872 0.953 1.1 0.972 1.1 1.23 1.38 1.26 1.00 1.4
Hiszg - 11.6 11.4 77.4 21.2 10.3 9.88 9.21 38.4 15.7 11.3 1.26 0.74 0.55
My, 0.0223 0.00767 0.00726 0.00826 0.0101 0.0123 0.00881 0.0072 0.0104 0.0125 0.0143 1.07 0.61 0.76
My 1 0.103 0.032 0.0319 0.0349 0.0325 0.035 0.0391 0.0309 0.0417 0.0444 0.0489 1.03 0.72 0.99
Mgy 0.707 0.169 0.159 0.179 0.168 0.173 0.174 0.14 0.203 0.217 0.214 1.21 0.78 1.01
Mie1 - 1.2 1.13 5.96 1.68 1.09 1.05 0.898 2.96 1.53 1.62 1.34 0.79 0.72
Wao 0.0492 | 0.0222 0.0201 0.0212 0.0211 0.0211 0.0261 0.0205 | 0.0256 0.026 0.0256 1.08 0.85 1.05
Wao 1000 0.282 0.0873 0.0874 0.096 0.0918 0.0995 0.114 0.0858 0.111 0.112 0.111 1.02 0.78 0.95
Wso 1.82 0.426 0.416 0.936 0.449 0.439 0.467 0.38 0.706 0.576 0.562 1.12 0.74 0.95
Wieo - 2.74 2.65 257 5.56 2.68 2.52 2.22 49.8 7.52 4.59 1.23 0.37 0.49
S100 1.33 0.351 0.337 0.293 0.331 0.351 0.35 0.286 0.378 0.436 0.461 1.23 0.81 1.06
S200 10 9.55 2.32 2.21 1.2 141 1.59 2.02 1.77 1.6 1.98 2.31 1.31 1.18 1.65
S400 - 16.6 15.9 4.89 5.84 6.66 13.4 12.5 6.46 8.28 9.98 1.34 2.01 2.85

Table 4.3: Average

Running Time of EvaL with Multi-Precision Rational Arithmetic in Seconds.

f r(lo) ‘ Eg ‘ EE E4L/ ‘ Eglo E§,’15 Egzo ‘ E4H Ef/ ‘ Efio Efis Eféo ‘ O'(Ef,) O'(Efis) J(Eli/ls)
Ty 0.0411 0.0223 0.0245 0.0269 0.0325 0.0378 0.0417 0.0233 0.0347 0.0429 0.0505 0.96 0.52 0.69
Tyo 0.261 0.11 0.111 0.121 0.109 0.117 0.146 0.0959 0.126 0.141 0.156 1.15 0.78 1.01
Tso 10 1.76 0.631 0.611 0.62 0.644 0.658 0.824  0.524 0.769 0.805 0.781 1.2 0.78 0.98
Tiso 11.3 3.14 2.87 2.23 2.36 2.62 3.82 241 2.7 2.96 3.36 1.3 1.06 1.33
Ts20 - 31.8 30.8 13.7 14.1 15.9 36.2 21.8 16.6 18.5 21.8 1.46 1.72 2.25
Hy, 0.03 0.0169 0.0182 0.0205 0.025 0.0296 | 0.0239 0.0176 0.0273 0.0338 0.0402 0.96 0.50 0.68
Hy 0.185 0.0858 0.0885 0.0956 0.0927 0.106 0.131 0.0844 0.109 0.123 0.136 1.02 0.70 0.93
Hg, 40 1.1 0.399 0.391 0.41 0.412 0.423 0.541 0.329 0.495 0.523 0.504 1.21 0.76 0.97
Higo 7.51 1.99 1.89 1.5 1.51 1.65 2.55 1.47 1.81 1.87 2.13 1.35 1.06 1.32
Hsyo - 29.5 28.9 303 67 27.7 39.1 20.9 123 40.8 26.2 1.41 0.72 0.44
My, 0.0238 | 0.0115 0.0119 0.013 0.0154 0.0179 | 0.015 0.0106 0.0162 0.0198 0.0233 1.09 0.58 0.75
My 10 0.124 0.0466 0.0478 0.0529 0.0488 0.0537 | 0.07 0.0471 0.066 0.0746 0.0847 0.99 0.63 0.96
Mgy 0.947 0.298 0.278 0.321 0.288 0.293 0.381 0.236 0.346 0.359 0.344 1.27 0.83 1.04
M1 - 2.18 2.03 13.6 3.29 2.08 2.64 1.57 5.89 2.62 2.42 1.39 0.83 0.66
Wao 0.0652 0.0332 0.0346 0.0344 0.0343 0.0346 | 0.0491 0.0352 0.0445 0.0442 0.0452 0.94 0.75 0.97
Wao 1000 0.431 0.18 0.176 0.182 0.163 0.161 0.225 0.143 0.191 0.195 0.191 1.26 0.92 1.1
Wso 2.75 0.846 0.826 1.96 0.877 0.847 1.15 0.708 1.41 1.1 1.09 1.2 0.77 0.97
Wiso - 6.28 6.1 932 14.6 6.21 8.22 4.78 155 19 10.6 1.31 0.33 0.43
S100 1.35 0.474 0.457 0.451 0.483 0.477 0.663 0.419 0.603 0.591 0.57 1.13 0.80 0.98
Sa00 10 12 3.65 3.49 2.28 2.59 2.83 4.79 2.68 2.73 3.13 3.59 1.36 1.17 1.41
Sa00 - 44.8 42.7 16.4 18.9 21.5 51.8 30 19.6 24.2 28.3 1.50 1.85 2.37
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5 CONCLUSION

We have generalized the Cornelius and Lohner framework in order to achieve, for the first time,
range functions that converge with arbitrarily high order. This is done by first developing suffi-
cient theory, then transposing the theory into a realization of new recursive schemes, the con-
struction of which are of importance theoretically, analytically, and practically. We have also
chosen specific range functions such as Df; that outperform other similar range functions, which
we then show is significant for applications in real-root isolation.

Additionally, the amortized complexity model is also applicable in other problems that utilize
subdivision algorithms, perhaps in higher dimensions (i.e compact interval boxes rather than
intervals in the real line). The application of amortized complexity analysis to our current range
functions yield theoretical speedup percentages that are well supported by our computational
experiments.

Finally, the development of strong box functions for the generalized Cornelius and Lohner
framework may also find importance in other applications.

5.1 FuTure WORK

At the moment, there are a few possible extensions of the work presented, whether further in
real-root isolation, range functions, or in entirely different domains. One possible example is
to theoretically explain the ‘uni-modal’ phenomenon of o(¢) captured by Figure 4.1 in order to
develop techniques that allow for a priori estimation of the optimal choice of recursion level ¢
(with respect to minimum run time) for a given class of functions. We suspect that this inherently
is dependent on the ‘roughness’ of the function, and leave the notion of ‘roughness’ to be fit with
various metrics such as Holder conditions, Lipschitz conditions, or others.

Moreover, we would also like to further understand the idiosyncrasies of the class of sparse
polynomials S, and why the size of the EvAL subdivision tree increases with ¢ (in contrast to the
other polynomial classes, which decrease as ¢ increases).

Another possible extension is to further develop the theory of strong box functions as it is
quite primitive in its current form.
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A APPENDIX

Below is a program synopsis for the EvaL program under the Core Library.
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EVAL Program Synopsis

Introduction

This file provides a high level overview of the purpose and methods of classes used in the EVAL program, the
relationship between these classes are also illustrated. For further details, please consult the README file or refer
to the paper K. Hormann, L. Kania, C. Yap. 2021. Novel Range Functions via Taylor Expansions and
Recursive Lagrange Interpolation with Applications to Real Root Isolation. ISSAC 2021.

Note: Some testing, debugging, timing, and other ‘unessential’ attributes and methods are ignored. All classes
detailed below can be implemented using either rational or bigfloat arithmetic (Which can be initialized by base.h,
baseF.h, and baseR.h).

Main Entry Point

After compilation, the EVAL program can be ran from the terminal by using preset commands from the Makefile
(The Makefile commands provides all the customization needed). There are three EVAL executables: eval.exe
(General Eval), evalF.exe (General Eval with Floating Point Arithmetic), evalR.exe (General Eval with Rational
Arithmetic).

List of Files

e data

chebyshev.int chebyshev020.pol chebyshev040.pol chebyshev080.pol chebyshev160.pol chebyshev320.pol
hermite.int hermite020.pol hermite040.pol hermite080.pol hermitel60.pol hermite320.pol

— sparse.int sparse0100.pol sparse0200.pol sparse0400.pol sparse0800.pol
— wilk.int wilk020.pol wilk040.pol wilk080.pol wilk160.pol wilk320.pol

e base.h baseF.h baseR.h e evalT3.cpp evalT3.h

e eval.cpp eval.h e evalT4.cpp evalT4.h

e evallL3.cpp evallL3.h e evalTaylor.h

e evall.3cheap.cpp evall.3cheap.h e exactRange.h

e evalll4.cpp evall.4.h e interval.cpp interval.h

e evallL4cheap.cpp evallL4cheap.h e mignotte.cpp

e evalLagrange.h e polynomial.cpp polynomial.h
e evalT2.cpp evalT2.h e eval.exe evalR.exe evalF.exe

e evalT2min.cpp evalT2min.h o README Makefile



Supportive Classes

Class: Interval
1: Real a,b; > Left/right endpoints
2: Integer level; > Level of subtree (num. times the interval has been halved)
3: Integer agata, Mdatas Ddata; > Ptr to each point’s list of derivatives: [f(o) (a/m/b),..., f(”)(a7 m, b)]
4:
5: Interval(): a,b,level + 0;
6: Interval(x): a,b < x; level « 0;
7: Interval(z,y,l = 0): a < x; b+ y; level < [; > If x > y switch assignments
8:
9: Methods for interval arithmetic, interval predicate, midpoint, width, and radius are implemented.

Class: Polynomial
1: Integer n; > Degree of polynomial
2: Vector(Real) ¢; > Coefficients
3:

4: Polynomial(): n < —1; ¢+ 0; > Zero Polynomial
5: Polynomial(Integer nn): n < nn; ¢ < (0,...,0) > User fills in coefficients
6: Polynomial(Vector(Real) v): ¢ < v; n + dim(v); > Highest degree coefficient can’t be 0
7
8: Real/Interval Eval(Real/Interval z): Return f(z); > Interval evaluated using Horner’s method
9: Real EvalDiff(Real z, Integer k = 1): Return f*)(z);

10: Real EvalTaylor(Real z, Integer k = 1): Return fu,if”;

11: Polynomial Shift(Real m, Integer t = —1):

12: g(x) + f(x + m); Truncate g at degree t; > If t = —1, do not truncate
13: Return g

14: Polynomial Diff(Integer k = 1): Return f(*;

15:

Class: ExactRange

AN AR

: Interval LinearRange(Real c0,cl,r):

Return exact range of co + ¢1(I —m); > [ =[m —r,m+r], mis the midpoint
. Interval QuadraticRange(Real c0,c1,c2,r):

Return exact range of co + ¢1(I —m) + co(I —m)?;

: Interval CubicRange(Real c0,c1,c2,c3,r):

Return exact range of cg + ¢1(I —m) + co(I —m)? + c3(I — m)3;

Class Relation Tree

EVAL

EvalLagrange EvalTaylor

EvalL3 EvalL3Cheap EvalL4 EvalL4Cheap EvalT2Min EvalT2 EvalT3 EvalT4



Core Classes

Class: Eval
1: Polynomial f; > Input polynomial
2: Interval Iy; > Interval to search
3: Integer m; > Number of roots, if known
4: Vector(Real) z; > Roots of {f, if known
5: Queue(Interval) Q; > Queue of intervals to be checked
6: Vector(Interval) Z; > Intervals that contain a single zero
7. Integer NumliInt; > Total num. of intervals (tree size)
8: String name; > Name of range function method
9:

10: Eval(Vector(Real) v, Interval I):

11: f <polynomial(v);

12: fon <+ dim(v) — 1;

13: m < 0;

14: Iy «+ I

15: Eval():

16: Read c¢;;, and parse into f, f.n,m, Iy;

17:

18: Virtual Interval SplitLeft(Interval I); > To be implemented in EvalLagrange & EvalTaylor
19: Virtual Interval SplitRight(Interval I);

20: Virtual Interval Get(Interval I); > To be implemented in leaf classes from class relation tree

21: Virtual Interval Get; (Interval I);

22:

23: void EVAL(): Runs the EVAL algorithm;

Class: EvalTaylor — Subclass of: Eval

Integer n; > Degree of input polynomial f
Vector(Real) ¢; > Coeflicients of Taylor expansion of f about m

EvalTaylor(Vector(Real) v, Interval I): super(v,I); n < f.n; Resize ¢ into n + 1 dimensional vector;
EvalTaylor(): super(); n < f.n; Resize ¢ into n 4+ 1 dimensional vector;

void ComputeTaylorCoefficients(Real m): Computes & stores Taylor coefficients of f about m in ¢;
Interval SplitLeft(Interval I): [a, m].level < I.level + 1; Return [a, m]; > m is midpoint of I = [a, b]
Interval SplitRight(Interval I): [m,b].level < I.level + 1; Return [m, b];

Class: EvalLagrange — Subclass of: Eval

_.
@

Integer NV; > |d/3|, where d is deree of input polynomial f
Vector( Vector(Real) ) data; > Data values at interval endpoints and midpoint

EvalLagrange(Vector(Real) v, Interval I): super(v,I); N < (f.n)/3;
EvalLagrange(): super(); N < (f.n)/3;

void ComputeDerivatives(Vector(Real) d, Real m):

Compute and store d < [f(m), f&) (m), f©(m),..., fFCN)(m)];
Interval SplitLeft(Interval I): [a, m].level < I.level 4+ 1; Return [a, m]; > m is midpoint of I = [a, b]
Interval SplitRight(Interval I): [m, b].level < I.level + 1; Return [m, b];




Note: Gety should be called after Get; as it uses coefficients of the Hermite interpolant’s coefficients already

computed in Gety.

Class: EvalLL3 — Subclass of: EvalLagrange

Real do 0, do,1,do,2; > Coefficients of hg(z)
Real T > Remainder estimate T3,

EvalL3(Vector(Real) v, Interval I): super(v, I); name < ‘EvalL3’;
EvalL3(): super(); name < ‘EvalL3’;

Interval Gety(Interval I): Estimates range of f over I using Lagrange forms with cubic convergence;
Interval Gety (Interval I): Estimates range of f’ over I using Lagrange forms with cubic convergence;

Class: EvalL3Cheap — Subclass of: EvalLagrange

Real do 0, do,1,do,2; & Coefficients of hg(z)
Real T"; > Cheap remainder estimate T3 ,,

EvalLL3Cheap(Vector{Real) v, Interval I): super(v, I); name < ‘EvalL3Cheap’;
EvalL3Cheap(): super(); name < ‘EvalL3Cheap’;

Interval Get(Interval I): Estimates range of f over I using Lagrange forms with cubic convergence;
Interval Get (Interval I): Estimates range of f’ over I using Lagrange forms with cubic convergence;

Class: EvallL4 — Subclass of: EvalLagrange

._.
=4

11:

Real cfo’o, dAo’l, dAo’z; > Coefficients of ﬁo(x)
Real T} > Remainder estimate T} ,,
Real f®)(m);

Interval Ay (1);

Real Q3;

EvalL4(Vector(Real) v, Interval I): super(v, I); name < ‘Evall4’;
EvalL4(): super(); name < ‘EvallL4’;

Interval Gety(Interval I): Estimates range of f over I using Lagrange forms with quartic convergence;
Interval Get (Interval I): Estimates range of f’ over I using Lagrange forms with quadratic convergence;

Class: EvallL4Cheap — Subclass of: EvalLagrange

_ =
= O

Real cfg,o, Joyl, 3072; > Coeflicients of ﬁo(x)
Real T7; > Cheap remainder estimate 7T} ,,
Real f®)(m);

Interval Ay (1);

Real Qg;

EvalL4Cheap(Vector(Real) v, Interval I): super(v, I); name + ‘EvalL4Cheap’;
EvalL4Cheap(): super(); name + ‘EvalL4Cheap’;

Interval Get(Interval I): Estimates range of f over I using Lagrange forms with quartic convergence;
Interval Gety (Interval I): Estimates range of f’ over I using Lagrange forms with quadratic convergence;




Note: Gets should be called after Gety as it uses coefficients of the Taylor expansions already computed in
Getf.

Classes: EvalT2 — Subclass of: EvalTaylor

: EvalT2(Vector(Real) v, Interval I): super(v, I); name < ‘EvalT2’;
: EvalT2(): super(); name < ‘EvalT2’;

: Interval Get(Interval I): Estimates range of f over I using quadratic Taylor form;

1
2
3
4
5: Interval Get (Interval I): Estimates range of f’ over I using quadratic Taylor form;

Classes: EvalT2Min — Subclass of: EvalTaylor

: EvalT2Min(Vector(Real) v, Interval I): super(v, I); name < ‘EvalT2Min’;
: EvalT2Min(): super(); name < ‘EvalT2Min’;

: Interval Gets(Interval I): Estimates range of f over I using minimal quadratic Taylor form;

1
2
3
4
5: Interval Get (Interval I): Estimates range of f’ over I using minimal quadratic Taylor form;

Classes: EvalT3 — Subclass of: EvalTaylor

: EvalT3(Vector(Real) v, Interval I): super(v, I); name < ‘EvalT3’;
: EvalT3(): super(); name < ‘EvalT3’;

. Interval Gets(Interval I): Estimates range of f over I using cubic Taylor form;

1
2
3
4
5: Interval Get (Interval I): Estimates range of f’ over I using cubic Taylor form;

Classes: EvalT4 — Subclass of: EvalTaylor

: EvalT4(Vector(Real) v, Interval I): super(v, I); name < ‘EvalT4’;
: EvalT4(): super(); name < ‘EvalT4’;

: Interval Gety(Interval I): Estimates range of f over I using quartic Taylor form;

1
2
3
4
5: Interval Get (Interval I): Estimates range of f’ over I using quartic Taylor form:;
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