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Abstract

We derive upper and lower bounds on the determinant of an expo-
nential matrix. They can be transformed into corresponding bounds
for the determinant of a univariate Gaussian matrix.
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1 Introduction

Consider the n× n matrix

A := [exiyj ]i,j=1,...,n =

e
x1y1 · · · ex1yn

...
...

exny1 · · · exnyn

 , (1)

for real x1 < x2 < · · · < xn and y1 < y2 < · · · < yn. It includes the Van-
dermonde and generalized Vandermonde matrices as special cases, see, for
example, Pinkus [23, Section 4.2]. In this paper, we study upper and lower
bounds on the determinant of A. The motivation comes from Schumaker’s
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conjecture about partial interpolation by multivariate Bernstein polynomi-
als [2], [19], [11]. The conjecture can be recast as the non-singularity of
Hadamard (element-wise) products of matrices in the form of A, and the
hope is that bounds on the determinant of A, or the technique used to find
them, may help in the future towards a solution to the conjecture. Bounds
on the determinant A have also been applied, either directly or indirectly, to
the error analysis of interpolation by exponential functions by Yarotsky [27]
and to finding optimal points for interpolation by exponentials and Gaussian
radial basis functions by Bos and de Marchi [4].

Let us recall some basic facts about A. The determinant of A is posi-
tive, which was shown by Pólya in 1920 using a form of Descartes’ Rule of
Signs, see Pólya and Szegő [24, Part Five, Problem 76] and Gantmacher and
Krein [13]. Since all square submatrices of A have the same form as A it-
self, they too have positive determinant, and thus A is totally positive in the
sense that all its minors are positive. Every totally positive matrix satisfies
the Hadamard inequality: its determinant is bounded above by the product
of its diagonal elements (this follows from Sylvester’s determinant identity;
see [13, Théorème 1], [23, Section 1.4], and [8, Chapter 6]), and so

det(A) ≤ ex1y1+···+xnyn .

Another consequence of total positivity is the spectral theory of Gantmacher
and Krein [13] (which builds on Perron-Frobenius theory and properties of
compound matrices). So the eigenvalues of A are real, positive, and distinct,
and the eigenvectors satisfy sign-change properties; see [23, Theorem 5.3].

We can also express the determinant of A using the remarkable Harish-
Chandra-Itzykson-Zuber formula [16, 18, 14], which involves an integral over
unitary matrices (see Section 2), and is connected to Schur functions [21, 7, 1].
While this formula is far from elementary to derive, it was observed by Bos
and de Marchi [4] that the integrand can be bounded above and below using
the trace inequality of Coope and Renaud [5], and this leads to corresponding
bounds on det(A), which are as follows. Let x := (x1, x2, . . . , xn) and y :=
(y1, y2, . . . , yn) and denote by V (x) the Vandermonde determinant

V (x) = V (x1, x2, . . . , xn) :=
∏

1≤i<j≤n

(xj − xi)
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(the determinant of the matrix [xj−1
i ]i,j=1,...,n). Let cn be the ‘superfactorial’

cn :=
n∏

i=1

i!.

Then the bounds are

Theorem 1

ex1yn+x2yn−1+···+xny1 ≤ cn−1 det(A)

V (x)V (y)
≤ ex1y1+x2y2+···+xnyn .

On the other hand, it would be preferable to have a more elementary proof
of Theorem 1. This turns out to be the case, due to the fact that we can
alternatively express det(A) recursively, as an integral over a rectangle in
Rn−1 in which the integrand is itself an exponential determinant, but of
order n− 1 (Lemma 1). In this way we obtain Theorem 1 by proving it first
in the case n = 2, and using induction on n for n ≥ 3. But not only that,
using this recursive approach, we obtain better bounds, which are as follows.
Define the sum,

s(x) := x1 + x2 + · · ·+ xn,

and denote the permanent of A by per(A).

Theorem 2

1

cn−1

es(x)s(y)/n ≤ det(A)

V (x)V (y)
≤ 1

cn
per(A).

To see that this is an improvement, let Sn be the symmetric group of per-
mutations of (1, 2, . . . , n), and for each permutation σ ∈ Sn, let

ϕσ :=
n∑

i=1

xiyσ(i). (2)

Then the rearrangement inequality [15, Thm 368] bounds ϕσ:

n∑
i=1

xiyn+1−i ≤ ϕσ ≤
n∑

i=1

xiyi. (3)
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Let ma and mg be the arithmetic and geometric means of the exponentials
eϕσ , σ ∈ Sn,

ma :=
1

n!

∑
σ∈Sn

eϕσ , mg :=
( ∏

σ∈Sn

eϕσ

)1/n!

.

Then,

ma =
1

n!
per(A),

and since ∑
σ∈Sn

ϕσ =
n∑

i=1

xi

∑
σ∈Sn

yσ(i) = (n− 1)!s(x)s(y),

we find
mg = es(x)s(y)/n,

and so Theorem 2 can be rewritten as

mg ≤
cn−1 det(A)

V (x)V (y)
≤ ma.

and by (3),

ex1yn+x2yn−1+···+xny1 < mg < ma < ex1y1+x2y2+···+xnyn .

While the recursive proofs of Theorems 1 and 2 are elementary, they are
not simple either. When we apply the induction step, the difficult task is to
compute the resulting integral, and the integrand is either a Vandermonde
determinant or the product of a Vandermonde determinant and a function
of the sum of the variables. It turns out that there is an identity relating
this kind of integral to divided differences, which is derived in [12]. For the
lower bound of Theorem 2, we also need an estimate on a divided difference
from below, and for this we use an error formula from [10]. For a survey of
divided differences, see de Boor [6], and for some basic theory, see Isaacson
and Keller [17, Section 6.1] and Steffensen [26]. For the upper bound of
Theorem 2, we need an auxiliary result concerning the maximization of a
function that is both convex and symmetric.

The bounds of Theorem 2 can be transformed into corresponding bounds
for the determinant of a univariate Gaussian matrix, and an application of
the lower bound is a simple method for selecting the shape parameter. We
treat this in Section 10.
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2 The unitary matrix integral

The unitary matrix integral formula ((3.15) of Gross and Richards [14]) is

cn−1 det(A)

V (x)V (y)
=

∫
U(n)

etr(XUY U∗) dU, (4)

where the integration is over the group of n × n unitary matrices U with
respect to the normalized Haar measure. Here, X = diag(x1, x2, . . . , xn),
Y = diag(y1, y2, . . . , yn), U

∗ is the conjugate transpose of U , and tr denotes
the trace. Multiplying out the matrices in the integrand, and taking the
trace gives

tr(XUY U∗) = xT (U ◦ U)y,

with x and y treated as column vectors, and where ◦ denotes the Hadamard
product. It follows that if U = [uij], then

tr(XUY U∗) = xTV y,

where V = [vij] is the real matrix with elements vij = |uij|2. Since U is
unitary, V is doubly stochastic: vij ≥ 0, and

n∑
j=1

vij = 1, i = 1, . . . , n;
n∑

i=1

vij = 1, j = 1, . . . , n.

So by the Birkhoff-von Neumann theorem [3, p. 63], we can express V as a
convex combination of the permutation matrices Pσ = [pij] defined by

pij =

{
1 if j = σ(i);

0 otherwise.

So there are weights λσ ≥ 0 with
∑

σ∈Sn
λσ = 1 such that

V =
∑
σ∈Sn

λσPσ.

Therefore,

xTV y =
∑
σ∈Sn

λσx
TPσy =

∑
σ∈Sn

λσϕσ,
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with ϕσ as in (2), and so by (3),

n∑
i=1

xiyn+1−i ≤ xTV y ≤
n∑

i=1

xiyi.

Applying this to the integrand of (4), and since dU is normalized to give
volume 1, we deduce Theorem 1.

3 The case n = 2

Next we give an elementary proof of both Theorems 1 and 2 when n = 2. In
this case,

det(A) = eb − ea,

where a := x1y2 + x2y1 and b := x1y1 + x2y2, and

V (x)V (y) = (x2 − x1)(y2 − y1) = b− a,

and so
det(A)

V (x)V (y)
=

eb − ea

b− a
,

a first order divided difference of the exponential function. By the mean
value theorem, there is some ξ ∈ (a, b) such that

eb − ea

b− a
= eξ,

and so

ea ≤ eb − ea

b− a
≤ eb,

and

ex1y2+x2y1 ≤ det(A)

V (x)V (y)
≤ ex1y1+x2y2 ,

which is Theorem 1 when n = 2. However, we can improve on these bounds
by expressing the difference eb − ea in terms of the hyperbolic sine,

eb − ea = 2e(a+b)/2 sinh
(
(b− a)/2

)
.

Using the well known estimates

t ≤ sinh(t) ≤ t cosh(t), t ≥ 0,
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we then find that

e(a+b)/2 ≤ eb − ea

b− a
≤ ea + eb

2
,

and so

e(x1+x2)(y1+y2)/2 ≤ det(A)

V (x)V (y)
≤ 1

2
per(A),

which is Theorem 2 when n = 2.

4 A multiple integral

To prove Theorems 1 and 2 for n ≥ 3 we express det(A) as a multiple integral
whose integrand is the determinant of an exponential matrix of order n− 1.
Let R(x) ⊂ Rn−1 denote the ‘sequential’ rectangle

R(x) := [x1, x2]× [x2, x3]× · · · × [xn−1, xn], (5)

and for a continuous function f : R(x) → R, denote its integral in R(x) as∫
R(x)

f(t) dt :=

∫ xn

xn−1

· · ·
∫ x3

x2

∫ x2

x1

f(t1, t2, . . . , tn−1) dt1 dt2 · · · dtn−1,

where t := (t1, t2, . . . , tn−1) ∈ R(x). Consider again A in (1) with n ≥ 3.
Choose any column index k ∈ {1, 2, . . . , n} and define

uj :=

{
yj − yk, j = 1, . . . , k − 1;

yj+1 − yk j = k, . . . , n− 1,
(6)

and
ωk := (−1)k−1u1 · · ·un−1 (7)

Then
u1 < · · · < uk−1 < 0 < uk < · · · < un−1, and ωk > 0.

Lemma 1

det(A) = es(x)ykωk

∫
R(x)

det(Bk(t)) dt,

where

Bk(t) :=

 et1u1 · · · et1un−1

...
...

etn−1u1 · · · etn−1un−1

 .

7



Proof. For i = 1, . . . , n, we divide the i-th row of A by exiyk so that

det(A) = ex1yk · · · exnyk det(A′) = es(x)yk det(A′),

where

A′ :=

e
x1u1 · · · ex1uk−1 1 ex1uk · · · ex1un−1

...
...

...
...

...
exnu1 · · · exnuk−1 1 exnuk · · · exnun−1

 .

Next we subtract row n− 1 of A′ from row n which does not change det(A′),
and write the differences as

exnuj − exn−1uj = uj

∫ xn

xn−1

etuj dt, j = 1, . . . , n− 1.

Then, with
∫
=

∫ xn

xn−1
dt, we can replace row n by[

u1

∫
etu1 , . . . , uk−1

∫
etuk−1 , 0, uk

∫
etuk , . . . , un−1

∫
etun−1

]
. (8)

Next we subtract row n − 2 from row n − 1, and then we can replace row
n− 1 by (8) but now with

∫
=

∫ xn−1

xn−2
dt. We continue like this until we have

modified the second row of A′ to (8) with
∫
=

∫ x2

x1
dt. Now det(A′) reduces

to a determinant of order n − 1, which can be written as the product of ωk

and the stated multiple integral of det(Bk(t)). 2

5 The bounds of Theorem 1

We now prove Theorem 1 in general and suppose that n ≥ 3. We can choose
any k ∈ {1, . . . , n} and apply Lemma 1, and since t1 < t2 < · · · < tn−1

and u1 < u2 < · · · < un−1 in the matrix Bk(t), we can apply the induction
hypothesis to deduce that

et1un−1+···+tn−1u1 ≤ cn−2 det(Bk(t))

V (t)V (u)
≤ et1u1+···+tn−1un−1 .

Since V (u) = V (y1, . . . , yk−1, yk+1, . . . , yn) and

ωk = (yk − y1) · · · (yk − yk−1)(yk+1 − yk) · · · (yn − yk),
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we find
ωkV (u) = V (y), (9)

and so∫
R(x)

V (t)et1un−1+···+tn−1u1 dt ≤ cn−2 det(A)

V (y)es(x)yk
≤

∫
R(x)

V (t)et1u1+···+tn−1un−1 dt.

Since u1, . . . , uk−1 are negative and uk, . . . , un−1 are positive,

t1un−1 + · · ·+ tn−kuk ≥ x1un−1 + · · ·+ xn−kuk,

tn+1−kuk−1 + · · ·+ tn−1u1 ≥ xn+2−kuk−1 + · · ·+ xnu1,

and so
s(x)yk + t1un−1 + · · ·+ tn−1u1 ≥ x1yn + · · ·+ xny1.

Similarly,

t1u1 + · · ·+ tk−1uk−1 ≤ x1u1 + · · ·+ xk−1uk−1,

tkuk + · · ·+ tn−1un−1 ≤ xk+1uk + · · ·+ xnun−1,

and so
s(x)yk + t1u1 + · · ·+ tn−1un−1 ≤ x1y1 + · · ·+ xnyn.

Therefore,

ex1yn+···+xny1

∫
R(x)

V (t) dt ≤ cn−2 det(A)

V (y)
≤ ex1y1+···+xnyn

∫
R(x)

V (t) dt.

By Corollary 1 of [12], ∫
R(x)

V (t) dt =
1

(n− 1)!
V (x), (10)

and observing that cn−2(n− 1)! = cn−1 completes the proof.

6 Divided difference error formula

For proving the lower bound of Theorem 2, we use a formula for the error
incurred when approximating a divided difference by a normalized derivative.
Let v1, v2, . . . , vn ∈ R, let v be their mean

v :=
v1 + v2 + · · ·+ vn

n
,
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and let

S =
n∑

i=0

(vi − v)2.

Lemma 2 If f is Cn+1 in the smallest interval containing v1, . . . , vn then
there exists ξ in that interval such that

[v1, v2, . . . , vn]f =
f (n−1)(v)

(n− 1)!
+

S

2

f (n+1)(ξ)

(n+ 1)!
.

Proof. This was shown in Theorem 2 and Lemma 3 of [10]. 2

7 The lower bound of Theorem 2

To prove the lower bound of Theorem 2, we suppose n ≥ 3. We can apply
Lemma 1 with any k ∈ {1, . . . , n}, and by the induction hypothesis,

det(Bk(t)) ≥
1

cn−2

V (t)V (u)es(t)s(u)/(n−1).

and recalling (9),

det(A) ≥ 1

cn−2

V (y)es(x)yk
∫
R(x)

V (t)es(t)s(u)/(n−1) dt. (11)

If s(u) = 0, then, by (10), the integral in (11) becomes V (x)/(n−1)!, and the
lower bound follows from the fact that yk = s(y)/n. Otherwise, s(u) ̸= 0,
and we can write the integral in (11) as∫

R(x)

V (t)f (n−1)(s(t)) dt,

where

f(α) :=
euα

un−1 and u :=
s(u)

n− 1
̸= 0.

Then by Theorem 1 of [12],∫
R(x)

V (t)f (n−1)(s(t)) dt = V (x)[p1, p2, . . . , pn]f,
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where

pi := x1 + · · ·+ xn−i + xn+2−i + · · ·+ xn =
( n∑

j=1

xj

)
− xn+1−i. (12)

Since f (n+1)(α) = u2euα ≥ 0 for all α ∈ R, Lemma 2 implies

[p1, p2, . . . , pn]f ≥ 1

(n− 1)!
f (n−1)

(p1 + · · ·+ pn
n

)
=

1

(n− 1)!
eu(p1+···+pn)/n.

From (12),

p1 + · · ·+ pn = n
( n∑

j=1

xj

)
−

n∑
i=1

xn+1−i = (n− 1)
n∑

j=1

xj,

and so ∫
R(x)

V (t)f (n−1)(s(t)) dt ≥ 1

(n− 1)!
V (x)es(u)s(x)/n,

and

det(A) ≥ 1

cn−1

V (x)V (y)es(x)(yk+s(u)/n).

Since

yk +
s(u)

n
=

1

n

(
nyk +

n∑
j=1

(yj − yk)
)
=

s(y)

n
,

the proof is complete.

8 Maximization on R(x)

In order to prove the upper bound of Theorem 2, we will make use of the
following auxiliary result. Observe that the sequential rectangle R(x) in (5)
is contained in the (n− 1)-dimensional cube [x1, xn]

n−1.

Lemma 3 For a convex function f : [x1, xn]
n−1 → R that is symmetric in

its variables,
max
t∈R(x)

f(t) = max
i=1,...,n

f(vi),

where
vi := (x1, . . . , xi−1, xi+1, . . . , xn), i = 1, . . . , n. (13)
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So f attains its maximum in R(x) at one of n of the 2n−1 vertices of R(x).

Proof. Since f is convex on R(x), it attains its maximum at a vertex of R(x).
Let t = (t1, . . . , tn−1) be a vertex of R(x). Then

tj ∈ {xj, xj+1}, j = 1, . . . , n− 1.

So x1 and xn occur at most once in t but for 2 ≤ j ≤ n − 1, xj may occur
twice, in which case

tj−1 = xj = tj. (14)

Let m(t) denote the number of repeated xj in t, i.e., the number of indices
j ∈ {2, . . . , n− 1} such that (14) holds. We will show that if m(t) > 0, then
there are vertices t′ and t′′ of R(x) with m(t′) = m(t′′) = m(t)− 1 such that

f(t) ≤ max{f(t′), f(t′′)}. (15)

By repeating this argument, this will imply that the maximum of f over the
vertices of R(x) is attained at a vertex t with m(t) = 0, in which case t is
one of the vi in (13).

To prove (15), choose some j ∈ {2, . . . , n − 1} such that (14) holds.
Then there must be at least one index i ∈ {1, . . . , j − 1} such that xi /∈
{t1, . . . , tj−2}. Let i be the largest such index. Similarly, there must be at
least one index k ∈ {j + 1, . . . , n} such that xk /∈ {tj+1, . . . , tn−1}. Let k be
the smallest such index. We now have

tr =

{
xr+1, r = i, . . . , j − 1,

xr, r = j, . . . , k − 1.

Since tj = xj and xi < xj < xk, we can express t as

t = (1− λ)a+ λb,

where

λ :=
xj − xi

xk − xi

,

and
a := (t1, . . . , tj−1, xi, tj+1, . . . , tn−1),

b := (t1, . . . , tj−1, xk, tj+1, . . . , tn−1),
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and by the convexity of f in [x1, xn]
n−1,

f(t) ≤ max{f(a), f(b)}.

However,
a = (t1, . . . , ti−1, xi+1, . . . , xj, xi, tj+1, . . . , tn−1),

and its elements are not non-decreasing, and so a is not a vertex of R(x).
But we can re-order the elements to be non-decreasing, defining

a′ := (t1, . . . , ti−1, xi, xi+1, . . . , xj, tj+1, . . . , tn−1).

Then, by the choice of i and j, a′ is a vertex of R(x) and m(a′) = m(t)− 1,
and f(a′) = f(a) by the symmetry of f .

The point b may or may not be a vertex of R(x), and there are two cases.
If k = j + 1 then b is a vertex with m(b) = m(t)− 1. Otherwise, k ≥ j + 2
and then

b = (t1, . . . , tj−1, xk, xj+1, . . . , xk−1, tk, . . . , tn−1),

which is not a vertex. Reordering the elements gives

b′ := (t1, . . . , tj−1, xj+1, . . . , xk−1, xk, tk, . . . , tn−1),

and then b′ is a vertex with m(b′) = m(t) − 1 and f(b′) = f(b). Thus we
have proved (15). 2

9 The upper bound of Theorem 2

For the upper bound of Theorem 2, let n ≥ 3. For any k ∈ {1, . . . , n}, we
can apply Lemma 1, and by the induction hypothesis applied to Bk(t), and
recalling (9),

det(A) ≤ 1

cn−1

es(x)ykV (y)

∫
R(x)

V (t)per(Bk(t)) dt.

Taking the average of this over k = 1, . . . , n implies

det(A) ≤ 1

ncn−1

V (y)

∫
R(x)

V (t)f(t) dt,
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where

f(t) :=
n∑

k=1

es(x)ykper(Bk(t)).

Then

det(A) ≤ 1

ncn−1

∫
R(x)

V (t) dt max
t∈R(x)

f(t),

and by (10),

det(A) ≤ 1

cn
V (x)V (y) max

t∈R(x)
f(t).

Next, observe that swapping rows of Bk(t) does not change its permanent,
and so per(Bk(t)) is symmetric in t1, . . . , tn−1, and therefore so is f(t). Fur-
ther, for any real vector λ = [λ1, . . . , λn−1]

T , the function

g(t) := eλ1t1+λ2t2+···+λn−1tn−1 ,

is convex because the Hessian of g is H(g) = gλλT , and so for any v ∈ Rn−1,

vTH(g)v = (vTλ)2g ≥ 0.

Therefore, per(Bk(t)), being the sum of functions g(t), is also convex, and
so f(t) is convex as well. Therefore, by Lemma 3, f attains its maximum in
R(x) at one of the vertices vi in (13). Now observe that

Bk(vi) =



ex1u1 · · · ex1un−1

...
...

exi−1u1 · · · exi−1un−1

exi+1u1 · · · exi+1un−1

...
...

exn−1u1 · · · exn−1un−1


.

Multiplying its rows by the factors

ex1yk , . . . , exi−1yk , exi+1yk , . . . , exnyk ,

respectively, we deduce that

es(x)ykper(Bk(vi)) = exiykper(Aik),
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where Aik is the submatrix of A formed by deleting row i and column k.
Therefore, by the Laplace expansion of per(A) by its i-th row we find

f(vi) =
n∑

k=1

exiykper(Aik) = per(A), for all i = 1, . . . , n.

Thus the maximum of f in R(x) is per(A), which proves the upper bound of
Theorem 2.

10 Gaussian matrices

A matrix related to A is the univariate Gaussian matrix

B := [e−λ(tj−ti)
2/2]i,j=1,...,n, (16)

where t1, . . . , tn ∈ R are distinct and λ > 0 is a parameter. This is the matrix
that arises when we interpolate data at t1, . . . , tn with a linear combination
of the Gaussian radial basis functions

ϕj(t) := e−λ(t−tj)
2/2, j = 1, . . . , n, (17)

see Micchelli [22], Fasshauer [9]. We obtain bounds on det(B) from the
bounds of Theorem 2. Let

t :=
1

n

n∑
i=1

ti, S :=
n∑

i=1

(ti − t)2, N :=

(
n

2

)
.

Corollary 1 For B in (16),

e−λS

cn−1

≤ det(B)

λNV (t)2
≤ 1

cn
per(B). (18)

Proof. We may assume that t1 < · · · < tn. We multiply both row i and
column i of B by eλt

2
i /2, and then

det(B) = e−λ(t21+···+t2n) det(B′),

where
B′ := [eλtitj ]ij=1,...,n.
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With the substitutions xi :=
√
λti and yj :=

√
λtj, the matrix B′ becomes A

in (1). So the upper bound of Theorem 2 implies

det(B′) ≤ 1

cn
λNV (t)2per(B′),

and thus the upper bound for det(B) follows.
The lower bound of Theorem 2 implies

det(B′) ≥ 1

cn−1

λNV (t)2eλs(t)
2/n,

and so

det(B) ≥ 1

cn−1

λNV (t)2e−λ((t21+···+t2n)−s(t)2/n).

As is well known,
n∑

i=1

t2i −
1

n

( n∑
i=1

ti

)2

= S

(by replacing ti by (ti − t) + t in the first sum) and thus we obtain the lower
bound of (18). 2

Various methods have been proposed for optimizing the shape parameter
in radial basis interpolation; see [25], [9, Section 5.2], [20]. As a general
rule, for the Gaussians (17), it is usual to choose λ at least to be inversely
proportional to the squares of the distances among the ti. We can use the
lower bound of Corollary 1 to make a choice of λ that agrees with that general
rule. We can write the lower bound as

det(B) ≥ 1

cn−1

V (t)2F (λ),

where
F (λ) := λNe−λS.

The function F (λ) approaches zero both as λ → 0 and as λ → ∞, and this
suggests choosing the parameter λ to maximize F . The maximum is attained
when F ′(λ) = 0, i.e., when

λ = λ∗ :=
N

S
=

n(n− 1)

2

/ n∑
i=1

(ti − t)2.
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λ Error, f1 Error, f2
0.01× λ∗ 2.8× 10−6 0.47
0.1× λ∗ 5.8× 10−8 0.030

λ∗ 5.4× 10−8 0.020
10× λ∗ 0.013 0.044
100× λ∗ 0.13 0.10

Table 1: Effect of choice of λ

The following numerical examples were used to test various values of λ.
We took n = 101 and ti = (i− 1)/100, i = 1, 2, . . . , 101, and

f1(x) := x cos(3πx), f2(x) := 2x
√
1− x, 0 ≤ x ≤ 1.

We computed the interpolant for λ = 10kλ∗, with k = −2,−1, 0, 1, 2. The
max errors in [0, 1] for f1 and f2 are shown in Table 1, and we see that k = 0
gives the smallest error for both f1 and f2, suggesting that λ∗ seems to offer
a good choice of shape parameter. Figure 1 shows the Gauss interpolant to
f1 with λ = λ∗.

0 0.25 0.5 0.75 1

-1

-0.5

0

0.5

1

Figure 1: Gauss interpolant to f1 with λ = λ∗.
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[24] G. Pólya and G. Szegő, Problems and theorems in analysis II, Springer-
Verlag, New York, 1976.

[25] S. Rippa, An algorithm for selecting a good value for the parameter c in
radial basis function interpolation, Adv. Comp. Math. 11 (1999), 193–
210.

19



[26] J. F. Steffensen, Interpolation, Williams and Wilkins, Baltimore, 1927.

[27] D. Yarotsky, Univariate interpolation by exponential functions and
Gaussian RBFs for generic sets of nodes, J. Approx. Theory 166 (2013),
163–175.

20


