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Extrapolation of Convex Functions

M. Sababheh?

?Department of basic sciences, Princess Sumaya University for Technology, Amman 11941 Jordan

Abstract. The idea of the well known Jensen inequality is to interpolate convex functions, by finding an
upper bound of the function at a point in the convex hull of predefined points. In this article, we present
a counterpart of this inequality by giving a lower bound of the function outside this convex hull. This
inequality is then refined by finding as many refining positive terms as we wish. Some applications treating
means, integrals and eigenvalues are given in the end.

Moreover, we present a MATLAB code that helps generate the parameters appearing in our results.

1. Introduction

The celebrated Jensen inequality states that

f[zn: pixi] < Zn: pif(xi), 1)
i=1 i=1

for the convex function f : I — R and the convex sequence {p;}, where {x;} C I; the interval of convexity of

Research related to this inequality includes obtaining new inequalities and refining existing ones. For
example, (1) was refined and reversed in [6] as follows

Lemma 1.1. Let f : T — R be convex, {x1,--- ,x,} C Land {p1,--- ,pn} C (0,1) be such that ¥,/_, p; = 1. Then

NPmin (% i fea) = f % i xi]]
i=1 i=1

< Z‘ pif(xi)—f [Z Pixi]
< NP [% 3" ) - f{% y xz-D,

i=1

where pmin = min{py, - -+, pu} and pmax = maxip,--- , pu}.
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In the recent paper [8], a refinement and reverse of Jensen’s inequality were proved, with as many refining
terms as we wish.

Notice that when {p;} is a convex sequence and {x;} C I, we have )\, pix; € [x;]; the convex hull of the set
{xi}. Thus, Jensen’s inequality can be thought of as an inequality that gives an upper bound of the convex
function on the convex hull of predefined points.

For the rest of the paper, we adopt the following notations. We use the notation {;} > 0 to mean a; > 0
for all i. By convention, our finite sets will have n elements, for some n € IN. We cite the following result
from [10], which gives a reversed version of Jensen’s inequality. A simple proof is given for completeness.

Theorem 1.2. Let f : IR — R be convex, a € Rand {a;} > 0. If {b;} C R then
(1 +p)f@ - Y aif(b) < f[(l +pa-y aibi}, @
i=1 i=1

n
where B =Y, a;.
i=1

Proof. Notice first that for t > 0, one has

t 1
a= t-}-_lb + t—l-_l((l + t)a - tb)
Convexity of f implies f(a) < ﬁ f)+ % f((1 + t)a — tb), which implies
1+ 8)f(a) = f((1 + t)a—tb) < tf(b). (3)

Now, applying (3), we have

f[(l +p)a— i aibi]

i=1

1+p)f@)

(1+p)f(a) - f[(l +Pa-p)’ %bi]
i=1

ﬁf(i %bi]

i=1

IA

n

Y aif),

i=1

IA

by Jensen’s inequality. This completes the proof. [

But then, if Jensen’s inequality can be refined as in Lemma 1.1 and as in [8], it is fair to ask whether we have
a refinement of (2). This will be our main target of this paper; to find as many refining terms of (2) as we
wish! The main theorem in this direction will be

Theorem 1.3. Let f : R — R be convex, a € R, {al@ :1<i<n}c(0,0),and {bgl) :1<i<n} cR Then, for
N elN,
n
1+ D) f@) - Y ol f (b7)

i=1

N ’1 b(k) n (.k)
o[BI oz
k=1

min n+1 n+1

<f [(1 +pW)a - Z aﬁ”bE”J, (4)

i=1
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®  pe

min’ “i

where B0 = Y1y o'V and for certain a

See (7) and (8) for the exact definition of the parameters appearing in this theorem and see Theorem 2.3 for
the details and the proof of this result.

The above result implies and generalizes our recent main result in [7].

The organization of the paper will be as follows. In the first section we prove some negative Jensen-
type inequalities leading to the main refinement (4). In the end, we present some applications of these
refinements. Furthermore, we present a MATLAB code that generates the parameters appearing in our
main result.

2. Main Results

In this part of the paper, we present our main results about convex functions. First, we have the following
simple consequence of Theorem 1.2; an odd behavior of convex funtions.

Corollary 2.1. Let f : R — R be convex and {a;} > 0 be such that Y\, a; = p. Then

(1 + ﬁ)f(O) — Z Oé,'f(bi) < f [— Z (Xibi] .
i=1

i=1
In particular, if f(0) = 0, then

i (lif(bj) > —f [— i (lib,'] .

i=1 i=1

In the following result, we present a one-term refinement of Theorem 1.2, which will be used then to prove
the general refinement.

Lemma 2.2. Let f: R — R be convex, a € R and {a;} > 0. If {b;} C R, then

f@) + XLy fb) f(a +EL b ))

n+1 n+1

A+pf@-Y aifb) + (+ 1>amm(
i=1

< f[(l +ﬁ)u—ia1’bi],

where B = Y.I_; a; and dmin = min{a;}.

Proof. Notice that

n L f(b ?: b;
[ = (1+p)f@)- ; a; f(bi) + (1 + 1)amin (f(a) +n2+1,11 fby) f(a +n>i 11 ))
= (1+ B+ amin) f(a) — ;(sz‘ = amin) f(0i) = (1 + D)atmin f (%) ' ©

Let v,41 = (n + 1)amin and for 1 <i < n, let y; = aj — Amin. Further, denote f + amin by A. Then

Zyi+7/n+1 :ﬁ"'amin:/\-

i=1
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Therefore, we may apply Theorem 1.2 on (5) to obtain

f[(l + B + Amin)a — Z(a, = Omin)b; — (n + 1)ammﬁ

i=1

f((1 +Ba-) aibi] - (6)
i=1

This completes the proof. [

~
IA

The following notations will be adopted for the following and other results in the paper. For a given k € IN,
let {a;k)} > 0 and {bi(,k)} C R be given. Denote min {aﬁk)} by ag?m and let [ := {i : al(,k) = ag?in} have cardinality

|Jk|- Then define the new sets {a§k+1)} and {bgkﬂ)} inductively as follows:

(k) (k) . (k) (k)
k) _ ) % " Amin s # i 7
a; = (n+1)a® a® = @)

o G min

and
ey _ [0 el e g
e R N SN ( N ®
n+1 CT = M

Now we are ready to present the main result in the paper.

Theorem 2.3. Let f : IR — R be convex, a € R, {afl)} > 0, and {bgl)} CIR. Then, for N € N,

n

1+ BMf@ - ) ol f ()

i=1

" [f(a)JrZ?:lf(bEk)) - [M]]

+ (+D @ n+1 n+1
k=1

<f [(1 + D) — Z a§1>b§1>], (9)

i=1

min

where O = YL, agl).
Proof. We prove this by induction on N. When N = 1, the result has been shown in Lemma 2.2. Now
assume the inequality is valid for a certain N € IN. We prove the statement for N + 1. Notice that

n

L= @+ p0)f@) - ) ol fof)

i=1

o (f@+ZL e V+Z%¢j]

+(n+1)a (10)

min n+1 n+1

n+1

- a+ Y, b
= @+ +al)f@ =Y @ - al) ") - (o + Dal), f[—z‘ =17% ]
i=1

n

= 1+ f@- ) aPfe?), 1)

i=1
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where @ = g + agl)in and {aﬁz)} and {bgz)} are as in (7) and (8), respectively. Now notice that

Y - iw-ang—‘” e
i=1 i=1 i€y
(1)

min

= Y -—nall) +(n+1)a
_ 1) (1>
- ﬁ + amin

= p2. (12)

Now apply the inductive step on (11). For convenience, we denote af.z) by 7/5.1) and bgz) by cgl). Then (11)
becomes

1+ 5(2)) f(a) - Z ygl) f (cgl)) (apply the inductive step now)

i=1

4a+wm Zh/“j

f@) + L £(d) V+z”de

_(n+1)Z g?m[ 1

—
|

IA

n+1
(13)
where {)/( )} and { ) are generated from {)/(1 } and {cgl)} according to (7) and (8) respectively.
Now notice that
n
2 .1
(1+p ))a—Zyi ¢
i=1
L a+ Yy b
= (1+p0 +ala=Y (@ —al) b - (1 + Dagy, ——
i=1
= (1+ D) Z a0, 1)
Moreover, it is clear that y a®Y and cl(.k) = bgkﬂ) by definition. This fact together with (14) implemented

in (13) and recalling the defmltl(l)n of Iin (10), (13) becomes

a+#Ww—i4%@%

i=1

- [f(a) BRSO { AL )]

min n+1 n+1

+(n+ 1o

< f[(l -y afl)bf.l)]
i=1

(k+1) n o 1.(k+1)
-(n+1) i 24D f@) + L £ (5) (eIl
— min n+1 n+1 !
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which is equivalent to saying
n
1+ V) fl@) - ) o fE)
i=1
T

0+ 1) min n+1 n+1
k=1

< f[(l + pMya — Z af”bjl)] .
i=1

This completes the proof. [J

This entails the following log-convex version. Recall that a function f : R — R" is said to be log-convex if
the function g = log f is convex.

Corollary 2.4. Let f : IR — R* be log-convex, a € R, {agl)} > 0,N € N and {bgl)} C R. Then

(n+1)

min

Ja ﬁ (F@ T £ (07)™ ”
I £ f” ()

< f((l -y agnbgn].
i=1

3. Applications
3.1. Thecasen =1and N — oo
When 1 = 1, the above parameters become easy, and we obtain the following.
Corollary 3.1. Let f : R — R be convex and let v > 0. Then for a,b € R and N € IN, the following holds

(o) + f (P B
(1+vf(a)—vf(b)+22] {f f(2 2 )_f((2] 21j)£l+b)

< f((l +v)a—vb). (15)

This is the main inequality of [7]. However, the applications of this inequality are given in details in this
reference.

It is natural to ask about the behavior of our results as N — co. An ambitious claim would be to have
the equality attained in these inequalities. Unfortunately, this is not the case. This can be easily seen by
observing that the left hand side of (15), which is a special case of the main result, is linear in v, while the
right hand side is not.

However, the limiting inequality turns out to be an interesting result. We prove the formula next, then
we comment on its geometric meaning, which will be a known fact about convex functions! First, we
present the following auxiliary lemma, which helps compute the required limit.

Lemma 3.2. Let f : R — R be a given function and let a,b,v € R. Then for N € N,

N[ f(a) + f(Ee - b
<1+v)f(a>—vf(b>+EZJV{ (2 : )—f ((21 21,-)H )
]:

= f(a)+ 2V [f (a) - f(a + —”)] v. (16)
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Proof. We proceed by induction on N. For N = 1, easy computations show the required inequality.
Assuming the truth of (16) for some N € IN, we have

N[ fa) + f (2]’17i)a+b -
(1 +v)f(a)—vf(b)+szV{ (2 2 )_f((Zf 21j)11+b)

= f(a) + 2N [f(a) f(a + _a)] v+
{f(a)+f((2 72 ((2N+1 —1)u+b) ,

+ 2N+1

IN+1

= f(a) + 2N*! [f(a) —f(a + Z;N;j)] v,

where we have used the inductive step together with simple manipulations to obtain the above equations.
This completes the proof. [J

Now letting N — o0, and assuming differentiability of f at a, we have

_ s
%EEOZN[f(w—f(Hb—”)}:nm f@=f(a+@=-a2)

2N N—ooo Z—N
o far =0 - f@
h—0 h
= (- b)f ).

Consequently, Lemma 3.2 implies the following.
Proposition 3.3. Let f : R — IR. Then for a,b,v € R the following holds

(1 +v)fa)—-vf (b)+

+ lim 2]1/
N—-ooo 2
=)

= f(a) + (@)@ =D, (17)

j

f@+f(E520)  @i—Da+b
(5=

provided that the derivative f'(a) exists.
Therefore, taking the limit of Corollary 3.1, we obtain the following inequality for convex functions.
Corollary 3.4. Let f : IR — R be convex and let a,b € R. Then for v > 0,
f@) + f'@@-by < f(A+v)a-vb),
provided that the derivative f’(a) exists.
Notice that the equation y = f(a) + f'(a)(a — b)v is nothing but the tangent line equation of the convex

function y = f ((1 + v)a — vb) . Thus, the above inequality states that the tangent line of a convex function is
below the function; a well known fact about convex functions.
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3.2. The arithmetic-geometric mean inequality
Recall that the arithmetic-geometric mean (AM-GM) inequality states that

n

H ﬂfi/p < % Zn: pidi,
i=1

i=1

for the positive numbers a;, p;, where p = Y.'_, p;. Searching the literature, we find a one-term refinement
and reverse of this inequality. One can see [5] for such treatments. Letting f(x) = —logx in Theorem 1.2 we
obtain the following negative version of the AM-GM inequality

n

a P [Tor > @+ pa=) ab, (18)
i=1

i=1

for the positive numbers a, b;, a; and B = }i_; a;. In particular, when n = 1, this result reduces to (1+v)a—vb <
a*b™,a,b,v > 0; which is the well known negative version of Young’s inequality. This last inequality,
when n = 1, has been treated in details in [2, 7]. Applying the refinement in Theorem 2.3, one can obtain a
general refinements of (18). To avoid complexity, we leave this to the interested reader.

We refer the reader to [9] for inequalities related to (18).

3.3. Corresponding inequalities in vector spaces

An interesting discussion of convex mappings between vector spaces has been presented in some details
in [4]. In this context, let X be a vector spaces. An order < on X is a binary relation on X satisfying the
properties

1. x<xforallx e X.
2. If x; < xp and x; < x3, then x1 < x3, for x1,x,x3 € X.
3. If x1 < xp and xp < x1, then x1 = xy.

Among the most well known orderings on vector spaces is the cone ordering. In this context, let C be a
subset of the vector space X. We say that C is a cone if

C+CcCandaCcCVaeR.
Then an ordering <c on X induced by C can be defined as follows
x<cyey—-xeC
This ordering on X satisfies the two additional properties
X1 <X = x1 +x3 <X+ x3 and x1 <c Xp = ax; <c axy,

for x1,x7,x3 € Xand a > 0.

The notation X¢, will be used to emphasize that the vector space X has an ordering induced by the cone
Cx.
Now given two vector spaces X and Y, we say that f : X — Y, is convex if

f(Q-a)a+ab) <c, 1 —a)f(a) +af(b),a,be X ac[0,1]

Using induction, one can easily show the truth of Jensen’s inequality for such functions. Notice that
convexity condition of f does not require any ordering on X. In the following result, we present a negative
inequality similar to Theorem 1.2 when n = 1. In the following discussion, X and Y will be vector spaces.

Proposition 3.5. Let f : X — Y, be a convex function. If a,b € X, then for t > 0,

(1 +8)f(@) = tf(b) <c, f((1 +t)a— tb).
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Proof. Notice that for the given parameters,
a= L((1 +t)a — tb) + Lb
1+t 1+t

Then the definition of convexity implies the required inequality, noting that x <¢, y implies ax <c, ay,
whena >0. O

Now following the ideas of Theorem 1.2, one can prove a negative version for convex functions f : X — Y¢,.
Then the refinement of Theorem 2.3 will be valid for such mappings.

3.4. An integral version

Let (X, M, 1) be a finite measure space normalized so that u(X) = 1 and let f : X — IR be u—integrable.
The well known Jensen inequality states that

(P(fxfdu)SfX(p(f)d#

for the convex function ¢ : R — RR. This is a continuous version of the original Jensen inequality (1). Now
using Theorem 1.2 we have the following variant of this inequality.

Theorem 3.6. Let (X, M, i) be a probability space, f : X — R be u—integrable and ¢ : R — IR be convex. Then for

any real number A,
20(4) - ¢ (ZA - [ s du) < [ ot du
b'e b'e
Proof. Let {fi} be a sequence of simple functions on X such that
Ny Mg
fi = Z bixxe,, {Eix}i are disjoint, fi — frz u(Eij) = 1.
i=1 i=1

Notice that since f is bounded, X is of finite measure and f; — f, we have fX fedy — fX f du. Moreover,
since ¢ is convex, itis continuous and ¢o f isbounded. Therefore, po fy — @ofand fX @ofi du — fx @ofdpu.
Now applying Theorem 1.2 to the convex function ¢, with a; = u(Ejx),p = X*, &y = 1,a = Aand b; = bz
we get

fXW o frdu = Z P(bi)u(Eix)
im1

>20(A) - ¢

03
24-)" bi,ku(Ei,k)] : (19)
i=1
Taking the limit of (19) as k — oo and noting continuity of ¢, we have
f@ ofdu>2p(A) —(p(ZA —]}im ffk dy)
X - Jx

awn-ofu- [ 1)

which completes the proof. [
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3.5. Weak Majorization

Let M,, denote the algebra of n X n complex matrices. For a Hermitian A € M,,, we denote by 1;(A) the
i—th eigenvalue of A, when arranged in a decreasing order. Among many approaches to compare between
Hermitian matrices is the so called weak majorization. More precisely, if A and B are Hermitian, we say
that A is weakly majorized by B and write A <, B if

k k
Y A4 <Y AB)1<k<n.
i=1 i=1

It is proved in [1] that if f : I — R is a convex function and A, B € H,(Il), the set of Hermitian matrices in
M,, with eigenvalues in the interval I, then

F((A=v)A+vB) <o (1= v)f(A) +vf(B),0 <v < 1.
That is,
k k
Z Ai (f((1 = v)A +vB)) < Z Ai((1=V)f(A) +vfB), 1<k <n. (20)

i=1 i=1

The proof of this interesting result was based on the following basic inequality for the convex function
f:I— R, A e H,()and the unit vector x € C", [3], p. 281,

f (A% x) < (f(A)x,x). (21)
Our target is to prove a negative version of (20). For this, we prove first the following reverse of (21).

Lemma 3.7. Let f : I — R be convex and let A € H,(I). If x is a unit vector in C", then
f{Axx) < (f(A)xx)

< f(Ax,x>+n(

Proof. Let A = U*DU be the spectral decomposition of A. Then

f({Ax,x) = f(U'DUx,x)
= f(DUx, Ux)

= f [Z AU
i=1

where [Ux]; is the i—th component of the vector Ux. Since U is unitary and x is a unit vector, we have

n n

trf(A) ~ f(trA ))

, (22)

YU = (Ux, Ux) = (x, U Ux) = [P = 1.
i=1

Now since f is convex and Y, |[[Ux];[* = 1, we may apply the second inequality of Lemma 1.1 on (22) to
obtain

F(AX%) 2 Y IUXPf (A(A))
i=1
(2,11 FA(A) (2;-11 Ai(A) ))
=

n

—n max |[Ux];*
1<k<n

Lin f(Ai(A)) (Z?_l Ai(A) ))
- -f

n

> Y IUXLRf (A(A)) - n(
i=1

= (s (T - (2.

n n
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Notice that the fact Y\, [[Ux];]> = 1 implies {n];ax I[Ux]i* < 1, which then implies the last inequality above.
<k<n
This completes the proof. [

Moreover, we need to recall the following basic result for A € H,,, the set of Hermitian matrices in IM,,, [3],
p- 35,

k k
Y A(A) = max ) (Axi ), (23)
i=1

i=1

where the maximum is taken over orthonormal vectors {x;} ¢ C".
Now we are ready to prove our negative version of (20).

Theorem 3.8. Let f : R — R be convex and let A,B € H,, Then forv>0and1 <k<mn,
k
Y A+ v)f(A) = vf(B)
i=1

Ai (f((1 +v)A = vB)) + (1 + v)nkT,(f, A),

-

where

s =42 - 5 (1))

n

Proof. Let {x;} be orthonormal eigenvectors of (1 + v) f(A) — vf(B) corresponding to its eigenvalues A;. Then
k
Z Ai (f((@ +v)A - vB))

> ) (f(A+v)A-vB)x;,x;) (by (23))

\%

fAQ+v)A-vB)x;, x;) (by (21))

(A +v)(Ax;, xi) —v(Bx;,X;)) (now apply (2))

[Q +v)f (Axi, xi)) — v ((Bx;, xi))] (now apply Lemma 3.7)

\%

D i D i b i o

[ +v) (f(A)x;, xi) —v{f(B)xi, xi)] — (1 + v)knTy,(f, A)

(L +V)F(A) = vFBY)xi,xi) = (1 + vknT,(f, A)

Ai (A +v)f(A) —vf(B)) — (1 + v)knT,(f, A),

1l
—_

i

which completes the proof. [

The following is a related inequality.
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Proposition 3.9. Let f : R — R be convex. If A € H,, and A = A1(A) or A = A, (A), then

(fA)X,x) + f((2AI — A)x, x)

< >
- (fA)X, x) + (f2AI — A)x, x)
—_ 2 7

for any unit vector x € C".

Proof. Following the computations of Lemma 3.7, we have

n

(Flapx) = Y aif (A(A)), ai = [[Ux]?

i=1

>2f(A) - f (by Theorem 1.2)

n
because Z a; = 1]

i=1

24 — i O[in(A)

i=1

=2f(A) - f (Z a(2) - m(A))]

i=1
= 2f(A) ~ f (AT - Ayx, %)
> 2f(1) - (fAI - A)x, x) (by (21)).

This completes the proof. [J

3.6. An algorithmic approach

We have seen that our refinements depend on generating certain parameters from some initial values.

We present the following MATLAB code that generates all the parameters of Theorem 2.3. We built the
code so that the initial values are all generated randomly. Of course, this can be fixed if the user wants to
start with specific values. The possible outcomes of this code are:

e a matrix p of all the coefficients {a](.k)}. For a fixed k, the k—th column of the matrix p is {al(,k)}.

e a matrix b of the sequence {xfk)}. For a fixed k, the k—th column of the matrix b is {x?k)}.
e a matrix “fmat” whose k—th column is { f (xl(,k))}.

o the numerical value “LsideW” which is the left hand side in Theorem 1.2.

e the numerical value “LsideR” which is the refining sum in the left hand side in Theorem 2.3.

e thenumerical value “Lside” which is the the left hand side in Theorem 2.3. Thatis Lside=LsideW+LsideR.

e the numerical value “Rside” which is the right hand side in Theorem 2.3 or Theorem 1.2.
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Algorithm 3.10. (Code generating the parameters of Theorem 2.3)

Il
~

n =7
N =?
f

Il
~

a=rand(1,1);
p = zeros(n,N);
b=zeros(n,N);
for i=1:ndo
| p(i,1)=rand(1,1); b(i,1)=rand(1,1);
end
The user inputs f,nand N > 2
fork=1:N-1do
m = min(p); m = m(1,k); s = sum(b);s = s(1,k); j = 0;
fori=1:ndo

p(i,k) <m
j=j+1
end

for i=1:ndo
if p(i, k) < m then
plik+1) = (n+1)+m/j;
‘ b, k+1)=(@+s)/(n+1);
else
plik +1) = p(i, k) = m;
‘ b@i,k+ 1) = b(i, k);
end
end
end
fmat=f(b);,beta=sum(p(;, 1));
LsideW=(1+beta)*f(a)-sum(dot(p(:,1) fmat(:,1)));
Rside=f((1+beta)*a-sum(dot(p(;, 1), b(:,1))));
LsideR=0;
fork=1:Ndo
alpha=min(p);alpha=alpha(1,k);

LsideR=LsideR+(n+1)*alpha*((f(a)+sum(fmat(: k)))/(n + 1)-f((a+sum(b(:, k)))/(n + 1)));

end
Lside=LsideW+LsideR;
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