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1. Introduction

This paper is concerned with polynomial regression using least squares approach. As one of the most used methods in
practice for approximating unknown functions, the performance of polynomial least squares regression depends on sample
points, where data of the unknown function are collected. The choices of the samples typically follow two distinct ap-
proaches: random samples and deterministic samples. In random sampling, i.e., Monte Carlo (MC) method, one draws the
samples from a probability measure, which is often defined by the underlying problem, whereas in deterministic sampling
the samples follow certain fixed and deterministic rules to fill up the space systematically. For example, quasi Monte Carlo
methods (QMC), lattice rules, orthogonal arrays, etc. Studies have been devoted to determine an “optimal” set, which aims
to produce the best possible least squares solution with minimal number of points. Different design criteria have been
proposed, resulting in a collection of optimality designs, e.g., A-optimality, D-optimality, V-optimality, etc. The study of
these generally falls into the topic of design of experiments (DOE), see, for example, [1,2,7,11-13,19,21], and the references
therein. In a recent work of [20], a design criterion is derived by directly minimizing the difference between the finite set
least squares solution and the ideal solution from a dense set. The results in the so-called quasi-optimal set.

The polynomial least squares solution is obtained by solving an over-determined linear system of equations for the
coefficients. Let the size of the system be M x p, where M is the number of samples and p is the number of unknown
coefficients in the polynomial. Ideally, one would prefer M to be as large as possible. However, since collecting sample data
requires resources, small number of samples are preferred from a practical point of view. A well accepted rule-of-thumb is
to use linear over-sampling by letting M = ap, where @ = 1.5 ~ 3. On the other hand, some recent mathematical analysis
revealed that such a linear over-sampling is asymptotically unstable for polynomial least squares using Monte Carlo sampling
and quasi Monte Carlo, cf. [8,16,15,14]. In fact, for asymptotically stable polynomial regression, one should have at least M
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plogp and in many cases M o p2. We remark that these results are for bounded domains, i.e., d-dimensional hypercube. In
a more recent work [17], a method termed Christoffel least squares (CLS) was proposed. Here one computes a weighted least
squares problem, where the weights are derived from the Christoffel function of orthogonal polynomials. Instead of using the
standard MC samples from the measure of the underlying problem, one samples instead from the pluripotential equilibrium
measure. Analysis and extensive numerical tests in both bounded domain and unbounded domains were presented in [17]
and demonstrated much improved stability property.

In this paper, we propose a sampling strategy for polynomial least squares regression by combining the two aforemen-
tioned recent developments from [20] and [17]. We first generate the samples by using the Christoffel least squares (CLS)
method [17]. This means that we re-formulate the problem into the weighted least squares polynomial regression and gen-
erate samples from the equilibrium measure (regardless of the measure defined by the problem). Prior to collecting the
data at the samples, we then apply the subset selection criterion from [20] to determine the quasi-optimal subset, for any
given number of samples specified by users. The data of the target function are then collected at this subset only and the
corresponding weighted polynomial least squares problem is solved for the approximation of the target function. By do-
ing so, the new strategy can produce, for any finite number of samples, the polynomial least squares regression result as
close as possible to the CLS result obtained by an arbitrarily large number of samples, which has the near optimal stability
property. In practice, this allows one to conduct the polynomial least squares regression using any given/affordable number
of samples and obtain near the optimal approximation result. Moreover, the quasi-optimal subset selection from [20] can
be implemented in a greedy manner, resulting in a ranking of the dense background samples from the CLS. This further
allows one to add samples in a nested manner and obtain progressively better (and near optimal) approximation results.
The combination of the quasi-optimal subset selection and the CLS method results in a near optimal sampling strategy for
least squares regression using polynomials. Our numerical results demonstrate the advantage of this strategy. The results
also suggest that the major contribution for the performance improvement stems from the quasi-optimal subset selection.

Upon presenting the basic setup and a brief review of the CLS method [17] and the quasi-optimal subset selection [20]
in Section 2, we present the procedure for the new near optimal sampling strategy in Section 3, along with some of its
theoretical properties. Extensive numerical results are then presented in Section 4 to demonstrate the performance of the
method.

2. Preliminaries

Consider a function f(x), where xe D CRY, d > 1. Let y = (y1,..., ym), where y; = f(x;), i=1,..., M, be the data
vector. We are interested in approximating f(x) using the data y. Here we consider polynomial approximation and let IT
be a polynomial space with dimIT = p. Let ¢;i(x), i=1,---, p, be a set of basis functions for IT and

p
qx:0) =Y cighi(x). 1)

i=1
Requiring q to approximate f results in the following linear system of equations,
Ac=y,
where ¢ = (cq, ..., cp)T is the coefficient vector,
A= (aj), aijj=¢jx), 1<i<M, 1=<j<p,

is the model matrix. Here we focus on the over-determined regression problem with M > p. The standard least squares
method seeks to minimize ||Ac — y||2. Its solution is ¢ = (ATA)~1ATy. Throughout this paper all norms are the vector
2-norm, unless otherwise specified.

One can introduce weights in the least squares formulation. Let W = diag(w1, ..., wy) be a diagonal matrix with posi-
tive entries, a weighted least squares problem can be written as

M
min VW Ac — VW | = min Y " wi(yi — gn(xi; 0))*. (22)
i=1
Its solution is
c=ATwa)1aTwy. (2.3)

This is the formulation we shall consider in this paper.

The polynomial space IT, where the approximant is sought, can be any properly defined polynomial spaces. Typically,
a “degree” is associated with the space. Throughout this paper, we shall use n > 1 to denote such a “degree”. The cardinality
of the polynomial space, p, thus depends on n. For example, for the well known total degree polynomial space

1

Pd =span{x* =xJ"---x}*: |a| <n}, (2.4)
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