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1 Introduction

1 Introduction

Polyconvexity is a useful concept in the field of Calculus of Variations (CoV). Consider
the integral (adapted from [6])

I(u) =

∫

Ω

f (x , u(x),∇u(x))d x

where

• Ω ⊂ Rn is an open set,

• u : Ω→ RN and hence ∇u ∈ RN×n, and

• f : Ω×RN ×RN×n → R, f = f (x ,u,ξ) is a measurable in x and continuous in
(u,ξ). In other words, f is a Carathéodory function.

Associated to the functional I is the minimization problem

m :=min{I(u) : u ∈ X },

where X is the space of admissible functions. In other words, we wish to find ū ∈ X
such that

m= I(ū)≤ I(u) for every u ∈ X .

This minimization problem arises in fields such as nonlinear elasticity and optimal
design [6]. In most cases, the admissible set X is given by

X = u0 +W 1,p
0 (Ω;RN ),

where u0 is a given function and the notation u ∈ X is a shortcut meaning that u= u0

on ∂Ω and u ∈ W 1,p(Ω;RN ). The existence of minimizers in the space X relies on
the fundamental property of (sequential) weak lower semicontinuity, which is closely
related to the convexity of the mapping ξ → f (x ,u,ξ) in the scalar case (N = 1 or
n = 1). In the vectorial case (N , n > 1), the convexity of the same function is only
a sufficient condition for the weak lower semicontinuity of I . A necessary condition
in the vectorial case is the so-called quasiconvexity introduced by Morrey [4]. A Borel
measurable and locally bounded function f : RN×n→ R is said to be quasiconvex if

f (ξ)≤
1

meas D

∫

D

f (ξ+∇ϕ(x))d x

for every bounded open set D ⊂ Rn, every ξ ∈ RN×n, and every ϕ ∈W 1,∞
0 (D;RN ).
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1 Introduction

As shown in [6],

f quasiconvex ⇐⇒ I weakly lower semi-continuous.

Since the notion of quasiconvexity is not a pointwise condition, it is hard to verify
if a given function is quasiconvex. Hence a stronger notion called polyconvexity was
introduced by Ball [2]. A function f : RN×n → R is said to be polyconvex if f (ξ) is
a convex function of minors of ξ. The complete definition is stated in Chapter 2.5.
As stated in [6], the relation between the notions of convexity, polyconvexity and
quasiconvexity can be realised as

f convex =⇒ f polyconvex =⇒ f quasiconvex.

Thus, we can conclude that

f polyconvex =⇒ I weakly lower semi-continuous.

Checking if a given function f is polyconvex is often simpler than checking quasicon-
vexity, but it still remains difficult in general. Similarly, checking if a given function
is convex is an NP-Hard problem ([11]), even in the case of polynomials. Polynomi-
al optimization techniques such as Sum-of-Squares (SOS) polynomials (reviewed in
Chapter 2.2), i.e. polynomials that can be expressed as sums of squares of other po-
lynomials, allow us to study notions like SOS-convexity. SOS-convexity is a stronger
form of convexity for polynomials (reviewed in Chapter 2.4) that can be formulated
as a semidefinite program (SDP), a tractable optimization problem that can be solved
efficiently using computers.

The aim of this thesis is to explore if it is possible to do the same for polyconvexity
by defining a Sums-Of-Squares strengthening to polyconvexity, which enables us with
a tool to check if a polynomial is polyconvex in a tractable way using Semi-Definite
Programs. The particular goal of the thesis is to show that there are two approaches
to defining a Sums-of-Squares strengthening to polyconvexity, obtained by replacing
non-negativity conditions with sums-of-squares strengthenings in two different cha-
racterizations of polyconvexity. We explore the relationship between these two ap-
proaches, showing that they are not equivalent through a counterexample. This leads
us to select one of our two approaches as the ”right” definition of Sums-Of-Squares
polyconvexity.

The thesis is organized as follows: In Chapter 2, we review the necessary background
on sums-of-squares polynomials, convexity, sums-of-squares convexity, and classical
polyconvexity. In Chapter 3, we introduce the two SOS strengthenings of polyconvexity
and begin exploring the relation between them and their relation to Sums-Of-Squares
Convexity. Chapter 4 is devoted to analyzing their relationship and proving that the
two notions of sums-of-squares polyconvexity defined in Chapter 3 are not equivalent.
Chapter 5 summarizes the main points of the thesis and outlines open problems that
deserve further investigation.
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2 Background

2.1 Polynomials and polynomial ideals

In this section, we recall the definitions of polynomials, homogeneous polynomials
and generated polynomial ideals. These concepts will be used throughout the thesis.
We begin by recalling the definition of polynomials and homogeneous polynomials.

Definition 1 (Polynomials and homogeneous polynomials). A polynomial p in n va-
riables x = (x1, . . . , xn) over the real numbers R is a finite linear combination of mo-
nomials:

p(x) =
∑

α∈Nn

pαxα =
∑

α∈Nn

pαxα1
1 · · · x

αn
n ,

where each coefficient pα ∈ R, the multi-index α = (α1, . . . ,αn) ∈ Nn is a tuple of
non-negative integers. The size of a multi-index α = (α1, . . . ,αn) ∈ Nn is defined as
|α|= α1 +α2 + . . .+αn.

A polynomial p of degree d is said to be homogeneous or a form if all monomials
appearing in p have total degree exactly d. In other words,

p(x) =
∑

α∈Nn,|α|=d

pαxα.

The ring of all polynomials over R with indeterminate x ∈ Rn is denoted by R[x]. We
will henceforth refer to homogeneous polynomials as forms.

We now recall the definitions of ideals in R[x], real radical ideals and generated po-
lynomial ideals.

Definition 2 (Ideal in R[x], adapted from [5]). An ideal I in the polynomial ring
R[x] is a subset I ⊆ R[x] such that:

1. I is an additive subgroup of R[x]. In other words, for all f , g ∈ I , the sum
f + g is in I , and for every f ∈ I , the additive inverse − f is in I .

2. For every f ∈ I and every h ∈ R[x], the product hf is in the subset I . In other
words, I is closed under multiplication by arbitrary polynomials in R[x].

Definition 3 (Generated polynomial ideal, adapted from [12]). Given h1,h2, . . . , hm ∈
R[x],

I (h1,h2, . . . ,hm) :=

¨

m
∑

i=1

u jh j|u1,u2, . . . ,um ∈ R[x]

«

is the ideal generated by h1,h2, . . . ,hm.
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We now define a real radical ideal and an equivalent characteristic, which will be
crucial in Chapter 4.

Definition 4 (Real radical ideal (adapted from [12])). The real radical of I is defined
as

RpI = { f ∈ R[x] | f 2k +
m
∑

j=1

p2
j ∈ I for some k ≥ 1, p1, . . . , pm ∈ R[x]}.

An ideal I is called real radical if I = RpI .

We can also characterize real radical ideals using the The Real Nullstelenzatz [12] as
follows:

I is real radical

⇐⇒

The only polynomials vanishing at all points of VR(I ) are the polynomials in I ,

where VR(I ) := {x ∈ Rn | f (x) = 0 ∀ f ∈ I } is the real variety associated to I .

We now state an important theorem relating to generated polynomial ideals. This
defines a set of polynomials that agree on a set of defined polynomial equations. We
use this concept to prove an important Lemma in Chapter 4.

Theorem 1. If I (h1, h2, . . . ,hm) is a real radical generated polynomial ideal, the follo-
wing statements are equivalent:

• g(x) = f (x) for all x ∈ {x |hi(x) = 0 ∀i = {1, 2, . . . , m}}.

• g(x) = f (x) +
m
∑

i=1
ui(x)hi(x), ui(x) ∈ R[x].

The proof of Theorem 1 can be found in [12].

We now look at a Lemma from [12] that gives useful criterion to check if an ideal is
real radical. This Lemma will play key role in connecting Sums-Of-Squares polynomials
and real radical generated polynomial ideals.

Lemma 1. Let I be an ideal in R[x]. Then, I is real radical if and only if

∀p1, ..., pm ∈ R[x],
m
∑

j=1

p2
j ∈ I ⇒ p1, ..., pm ∈ I .

The proof of Lemma 1 can be found in [12].
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2.2 Sums-Of-Squares polynomials

Problems with non-negativity constraints are NP-hard [11]. We will see in the follo-
wing subsections that replacing a non-negativity constraint on a polynomial with a
Sums-Of-Squares constraint makes a problem numerically tractable. So, we look into
Sums-Of-Squares polynomials and some of their properties.

We first recall the definition of Sums-Of-Squares Polynomials.

Definition 5 (Sums of Squares (SOS)). A polynomial σ(x) ∈ R[x] is said to be a Sum
of Squares if

σ(x) = f 2
1 (x) + f 2

2 (x) + . . .+ f 2
n (x)

for some polynomials f1(x), . . . , fn(x) ∈ R[x].

The expression f 2
1 (x) + f 2

2 (x) + . . .+ f 2
n (x) is called the SOS decomposition of σ. We

denote the subset of degree d SOS polynomials in Rd[x] by Σd[x].

It is clear that any SOS polynomial σ = f 2
1 + f 2

2 + . . . + f 2
n must be an even degree

polynomial. It can also be shown that the polynomials f1, f2, . . . . , fn are of degree d or
less [8]. In other words, if σ ∈ R2d[x] then f1, f2, . . . . , fn ∈ Rd[x].

We now recall the definition of a SOS polynomial matrix as defined in [1]. We will use
this concept later to define a SOS strengthening to convexity.

Definition 6 (SOS polynomial matrix). A symmetric polynomial matrix U(x)m×m is
said to be a SOS-matrix if there exists a polynomial matrix V (x)s×m for some s ∈ N
such that U(x) = V (x)T V (x).

We define the set of polynomial matrices of dimension m×m in the variable x ∈ Rn

as ΣR[x]m×m.

We now form a connection between SOS matrices and SOS polynomials in the follo-
wing theorem.

Theorem 2. A polynomial matrix U(x) ∈ ΣRm×m is SOS if and only if the polynomial
y T U(x)y is SOS for all x ∈ Rn, y ∈ Rm.

Proof. Assume U(x) is an SOS matrix. Definition 6 implies that we can find a polyno-
mial matrix V (x) ∈ R[x]s×m such that U(x) = V (x)T V (x). From this expansion, we
get

y T U(x)y = y T V (x)T V (x)y = ∥V (x)y∥2.

Hence we can conclude y T U(x)y is SOS.

Similarly, if y T U(x)y is SOS, we can obtain an SOS decomposition that is linear in y
since y T U(x)y is quadratic in y . In other words,

y T U(x)y = ∥V (x)y∥2 = y T V (x)T V (x)y.

Hence we can conclude that U(x) = V (x)T V (x).
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We now look into the relationship between non-negative and SOS polynomials. It is
clear from Definition 5 that all SOS polynomials are non-negative. Hilbert’s Theorem
(1888) [9] talks about the degrees and dimensions for which a non-negative polyno-
mial can be expressed as a sum of squares (SOS) of polynomials. The result of the
theorem is as follows.

Theorem 3 (Hilbert’s Theorem (1888)). Every non-negative polynomial is SOS only in
the following cases:

1. n= 1, d ∈ N, d is even

2. d = 2, n ∈ N

3. n= 2, d = 4

A common counterexample of a non-negative polynomial that is not SOS is the Motz-
kin polynomial [13] given by

p(x , y) = x4 y2 + y4 x2 + 1− 3x2 y2.

2.3 Semidefinite Programs and SOS polynomials

We will now look at how an SOS constraint can be formulated as a Semidefinite Pro-
gram (SDP). SDPs are tractable can be solved efficiently, hence this formulation of
SOS constraints make a difficult problem tractable. This subsection is adapted from
the lecture notes [8].

For convenience, we define

L := dimRd[x] =
�

n+ d
d

�

,

U := dimR2d[x] =
�

n+ 2d
2d

�

.

We fix a basis of Rd[x] and collect its elements in the polynomial vector

p(x) :=





p1(x)
...

pL(x)



 .

Similarly we collect the elements of a basis of R2d[x] in the polynomial vector

q(x) :=





q1(x)
...

qU(x)



 .
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In order to transform a SOS constraint into an SDP, we recall a proposition that defines
a Gram matrix.

Proposition 1. A polynomial σ ∈ R2d[x] is SOS if and only if there exists a symmetric
positive semidefinite matrix S called the Gram matrix such that σ = p(x)T Sp(x).

The proof can be realized from the proof of Theorem 2 with U(x) = S, m = L and
y = p(x). We can conclude from Proposition 1 that checking if a polynomial σ is SOS
reduces to checking if it has a positive semidefinite Gram matrix S.

We can now define a linear operator to have a relation between p(x) and q(x). This
will be important to build the constraint of the SDP. In the following Lemma, SL stands
for the set of L × L symmetric matrices.

Lemma 2. Let p, q, L, U be defined as above. There exists a unique operator Λ : RU → SL

such that

Λ(q(x)) = p(x)p(x)T .

Proof. Since p(x) is defined as a basis ofRd[x], we have that pi p j ∈ R2d[x] for all pairs
of indices (i, j) ∈ {1,2, . . . , L}2. This implies that there exist coefficients λi j

1 ,λi j
2 , . . . ,λi j

U

such that pi p j = λ
i j
1 q1 + . . .+ λi j

U qU . Since pi p j = p j pi we have that λi j
k = λ

ji
k , so we

can construct symmetric L × L matrices

Λk :=









λ11
k λ12

k . . . λ1L
k

λ21
k λ22

k . . . λ2L
k

...
...

. . .
...

λL1
k λL2

k . . . λLL
k









, k = 1,2, . . . , U .

We can now define a linear operator Λ for y ∈ RU by

Λ(y) := Λ1 y1 + . . .+ΛU yU ,

which is the desired operator.

Since Λ is a linear operator, we can define an adjoint operator Λ∗ : SL → RU. It can be
verified that Λ∗ acts on S ∈ SL to give

Λ∗(S) =





〈Λ1, S〉
...

〈ΛU , S〉



 ,

where 〈A, B〉 denotes the Frobenius inner product between matrices. From the defini-
tion of Λ and Λ∗, we can infer that

7
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p(x)T Sp(x) = 〈S, p(x)p(x)T 〉= 〈S,Λ(q(x))〉= Λ∗(S) · q(x).

In other words, Λ∗(S) gives us the coefficients of p(x)T Sp(x) with respect to the basis
q(x). From Proposition 1, we can see that the vector Λ∗(S) must match with the coef-
ficients of σ when represented in the basis q of R2d[x]. Defining the coefficients of σ
as the vector

coeffq(σ) =





σ1
...
σU



 ,

we can define the SDP equivalent to checking if the polynomial σ is SOS:

Find S ∈ SL

such that Λ∗(S) = coeffq(σ)
S ⪰ 0

. (1)

If there exists a solution to the SDP (1), then σ is SOS. The SDP (1) can be modified
to have different objective functions such as 〈0, S〉 or tr(S), which will give different
results for the SOS decomposition of σ if there is a solution.

The numerically tractability of SDPs is primarily due to their convexity and strong
duality properties [8], hence allowing the SOS reformulation of NP-hard problems to
be solved in an easier and faster way.

2.4 Convexity and SOS-Convexity

Next, we review a tractable notion of convexity based on SOS polynomials. We begin
by recalling the definition of a convex function.

Definition 7 (Convex function). A function f is said to be convex if

f (λx + (1−λ)y)≤ λ f (x) + (1−λ) f (y) for all x , y ∈ Rn and all λ ∈ [0, 1].

The next result shows that convexity can be established in a number of equivalent
ways.

Proposition 2 (First order and second order characterization of convexity, adapted
from [1]). Let p := p(x) be a polynomial, ∇p :=∇p(x) be its gradient, and H(x) :=
∇2p(x) be its Hessian. Then the following are equivalent:

1. p is convex.

8
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2. p lies above the supporting hyperplane at every point. In other words,

p(y)≥ p(x) +∇p(x)T (y − x) for all x , y ∈ Rn. (2)

3. H(x) is a positive semidefinite polynomial matrix for all x ∈ Rn. In other words,

y T H(x)y ≥ 0 for all x , y ∈ Rn. (3)

We denote eCn,d as the set of convex polynomials of degree d in n variables and Cn,d as
the set of convex forms of degree d in n variables. For matrix valued polynomials, we
define the set of convex polynomials of degree d on the matrices in RN×n as eCN ,n,d and
CN ,n,d for non-homogeneous polynomials and forms respectively.

Convex functions are useful in optimization, but in general it is not computationally
tractable to check if a function is convex. This is also true for functions as ”nice” as
polynomials. So, we now define a SOS strengthening of convexity as defined in [1].

Definition 8 (SOS-convexity). A polynomial p(x) is said to be SOS-convex if its Hes-
sian H(x) =∇2p(x) is an SOS-matrix.

If we replace the non-negativity constraints in the characterizations of convexity in
(2) and (3) with SOS constraints, we obtain a non-trivial analogue of Proposition 2
for SOS-convexity.

Proposition 3 (Characterization of SOS-Convexity, adapted from [1]). Let p := p(x)
be a polynomial of degree d in n variables with its gradient and Hessian denoted
respectively by ∇p :=∇p(x) and H := H(x). Let gλ, g∇, and g∇2 be defined as

gλ(x , y) = (1−λ)p(x) +λp(y)− p((1−λ)x +λy), (4)

g∇(x , y) = p(y)− p(x)−∇p(x)T (y − x), (5)

g∇2(x , y) = y T H(x)y. (6)

Then, gλ(x , y) is SOS ⇐⇒ g∇(x , y) is SOS ⇐⇒ g∇2(x , y) is SOS (i.e., H(x) is an
SOS-matrix).

We denote ÝΣCn,d as the set of SOS-convex polynomials of degree d in n variables and
ΣCn,d as the set of SOS-convex forms of degree d in n variables.

Article [1] talks about the gap between Convexity and SOS-Convexity. It can be shown
that eCn,d =ÝΣCn,d for the same values of n and d as in Hilbert’s Theorem 3.

Proposition 4 (Adapted from [1]). The equality ÝΣCn,d = eCn,d holds if and only if:

• n= 1, d ∈ N even (univariate even degree polynomials).

• n ∈ N, d = 2 (quadratic polynomials).

9
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• n= 2, d = 4 (bivariate quartic polynomials).

Unlike Hilbert’s theorem, the values of n are different for forms. This is summarized
as follows.

Proposition 5 (Adapted from [1]). The equality ΣCn,d = Cn,d holds if and only if:

• n= 2, d ∈ N even (bivariate even degree forms).

• n ∈ N, d = 2 (quadratic forms).

• n= 3, d = 4 (trivariate quartic forms).

For all other values of n and d, it can be shown that the inclusions ÝΣCn,d ⊂ eCn,d

and ΣCn,d ⊂ Cn,d are strict. Examples of convex but not SOS-convex polynomials in
eC2,6\ÝΣC2,6, eC3,4\ÝΣC3,4, C3,6\ΣC3,6 and C4,4\ΣC4,4 can be found in [1]. The same work
also shows that having counter examples in these sets implies the strict inclusion for
higher values of n and d.

2.5 Polyconvexity

We now recall the definition of a polyconvex function and some of its basic properties
as stated in [6].

In the following definition, adjs ξ stands for the matrix of all s× s minors of the matrix
ξ ∈ RN×n, 2≤ s ≤min{n, N} and

τ(N , n) =
min{N ,n}
∑

s=1

�

N
s

��

n
s

�

. (7)

Definition 9 (Polyconvex function). A function f : RN×n → R ∪ {+∞} is polyconvex
if there exists a convex function g : Rτ(N ,n)→ R∪ {+∞} such that

f (ξ) = g(T (ξ))

where T : RN×n→ Rτ(N ,n) is such that

T (ξ) = (ξ, adj2ξ, . . . , adjmin{N ,n} ξ). (8)

We can see from this definition that if we have a convex function f , then taking g = f
gives that f is also polyconvex. Hence every convex function is polyconvex. We now
look at some examples of polyconvex functions that are not convex.

10
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Example 1. Consider the functions

f : R2×2→ R, g : R→ R, g(δ) = δ2,

f (ξ) = g(detξ) = (detξ)2.

It is clear that the function g(δ) = δ2 is convex, hence f is polyconvex. Considering the
hessian of f evaluated at I2 (the 2 × 2 identity matrix), we obtain

∇2 f (ξ)|ξ=I2 =







2 0 0 −4
0 0 −2 0
0 −2 0 0
−4 0 0 2






. (9)

We can see that the minor
�

0 −2
−2 0

�

has a determinant of −4, which tells us that f is

not convex. Hence f is polyconvex but not convex.

Example 2. Consider the functions

f : R2×2→ R, g : R2×2 ×R→ R,

g(X,δ) = ∥X∥2 +δ4,

f (ξ) = g(ξ, detξ) = ∥ξ∥2 + (detξ)4.

It is clear that the polynomial g(X,δ) is a convex function as it is a sum of convex po-
lynomials, which tells us that f (ξ) is polyconvex. Again, computing the hessian of f (ξ)
evaluated at I2, we obtain

∇2 f (ξ)|ξ=I2 =







14 0 0 16
0 2 −4 0
0 −4 2 0

16 0 0 14






.

We can see that the minor
�

2 −4
−4 2

�

has a determinant of −12, which tells us that f is

not convex. Hence f is polyconvex but not convex.

It is also important to note that the convex function g is not always unique for a given
polyconvex function f . For example, consider the function

f : R2×2→ R, f (ξ) = ∥ξ∥2.

The functions
g1(ξ, a) = ξ2

11 + ξ
2
12 + ξ

2
21 + ξ

2
22 and

g2(ξ, a) = (ξ11 − ξ22)
2 + (ξ12 + ξ21)

2 + 2a

11
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are both convex and satisfy g1(T (ξ)) = f (ξ), g2(T (ξ)) = f (ξ) but g1 ̸= g2. Hence,
the representation of the convex function is not unique.

A polyconvex function can also be defined in the following equivalent way for functi-
ons f that only take finite values.

Proposition 6 (Polyconvex function - first order definition, adapted from [6]). A func-
tion f : RN×n → R is polyconvex if, for all matrices ξ,η ∈ RN×n, there exists a vector-
valued function β : RN×n→ Rτ(N ,n) such that

f (η)≥ f (ξ) + 〈β(ξ); T (η)− T (ξ)〉. (10)

We now look at an important example from [6].

Theorem 4 (The example of Alibert-Dacorogna-Marcellini). Let γ ∈ R and let fγ :
R2×2→ R be defined as

fγ(ξ) = ∥ξ∥2(∥ξ∥2 − 2γdetξ). (11)

Then

fγ is convex ⇐⇒ |γ| ≤ γc =
2
p

2
3

, (12)

fγ is polyconvex ⇐⇒ |γ| ≤ γp = 1. (13)

This example talks about a specific function fγ that is dependent on the parameter γ.
Having certain bounds on γ determines the convexity/polyconvexity of the function
fγ. This example will play a key role in our study of SOS-polyconvexity, which will be
discussed in Chapters 3 and 4 below.
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3 SOS-polyconvexity

3 SOS-polyconvexity

We have seen in Chapter 2 how SOS-convexity was defined by replacing the non-
negativity constraints of convexity in (2) with SOS constraints. The central contri-
bution of this thesis is to define SOS-polyconvexity by repeating the same with the
definitions of polyconvexity. As discussed in subsection 2.3, these SOS strengthenings
will make it more tractable to check if a given polynomial is polyconvex.

Given the two equivalent definitions of a polyconvex function, the standard definition
9 and the first order definition in Proposition 6 , we can define an SOS strengthening
to polyconvexity in two ways. Contrary to the equivalent definitions of SOS-convexity
in Proposition 3, we will see that the two approaches to defining SOS-polyconvexity
are not equivalent.

3.1 Approach 1

The first approach to defining SOS-polyconvex functions is to replace the convexity of
g in Definition 9 with SOS-convexity.

Definition 10 (Type-1 SOS-polyconvexity). A polynomial f (ξ) : RN×n → R is said to
be Type-1 SOS-polyconvex (Type-1 SOS-PC) if there exists an SOS-convex polynomial
g : Rτ(N ,n)→ R such that f (ξ) = g(T (ξ)).

We denote ΣPC1
N ,n,d as the set of Type-1 SOS-PC polynomials f of degree d. When

N = n, we simplify the notation to ΣPC1
n,d .

From subsection 2.4, we know that any SOS convex function is also convex. Apply-
ing this to g in Definition 10, we can see that any Type-1 SOS-PC polynomial is also
polyconvex.

It is easy to construct Type-1 SOS-PC polynomials that are not convex. The next ex-
ample shows such a construction.

Example 3. Consider the polynomial f defined as follows:

f : R2×2→ R, f (ξ) = ∥ξ∥2 + (detξ)2. (14)

Defining g : R2×2 ×R→ R, g(X,δ) = ∥X∥2 +δ2, we get

∇2 g(X,δ) = 2I5 = (
p

2I5)
T (
p

2I5). (15)

From this decomposition of the hessian, we can conclude that g is SOS-convex by (6) in
Proposition 3. Hence f (ξ) = g(ξ, detξ) ∈ ΣPC1

2,2.

From (9) in example 1, we can see that (detξ)2 is not convex. Hence f is Type-1 SOS-PC
but not convex.

13



3 SOS-polyconvexity

We now look into the relationship between SOS-convex and Type-1 SOS-PC polyno-
mials.

Lemma 3. For all N , n, d ∈ N with N , n> 1,ΣCN ,n,d ⊂ ΣPC1
N ,n,d with strict inclusion.

Proof. It is clear that any polynomial f in ΣCN ,n,d can be identified as a polynomial in
ΣPC1

N ,n,d by taking g = f in Definition 9.

To show that the inclusion is strict, consider the matrix ξ ∈ RN×n and consider the
function f (ξ) = (ξ11ξ22 − ξ12ξ21)2. The only non-zero principal submatrix of ∇2 f is
the 4 × 4 matrix







0 0 0 1
0 0 −1 0
0 −1 0 0
1 0 0 0






,

which is not PSD. So, one can verify easily that we have that f (ξ) is not convex and
hence not SOS-convex. In contrast, it is clear that f is Type-1 SOS-PC. Thus we have
a strict inclusion.

3.2 Approach 2

We now look at defining an SOS-polyconvexity strengthening using the first order
definition in Proposition 6.

Definition 11 (Type-2 SOS-polyconvexity). A polynomial f (ξ) : RN×n → R is said to
be Type-2 SOS-polyconvex (Type-2 SOS-PC) if for all matrices ξ,η ∈ RN×n, there exists
a vector-valued polynomial β : RN×n→ Rτ(N ,n) such that

f (η)− f (ξ)− 〈β(ξ); T (η)− T (ξ)〉 (16)

is SOS in η and ξ.

We denote ΣPC2
N ,n,d as the set of polynomials f of degree d that satisfy the definition

of Type-2 SOS-PC. In the case of N = n, we simplify the notation to ΣPC2
n,d .

From subsection 2.2, we know that any SOS polynomial is non-negative. Applying
this to equation (16), we can see that any Type-2 SOS-PC polynomial satisfies the
first order definition of polyconvexity. Hence, all Type-2 SOS-PC polynomials are also
polyconvex.

We now look at an example of a Type-2 SOS-PC polynomial, using the same polynomial
f from example 3.

14



3 SOS-polyconvexity

Example 4. Consider the Type-1 SOS-PC polynomial f from (14) in Example 3. We
claim that f is Type-2 SOS-PC. We need to show that there exists a polynomial matrix
β1(ξ) ∈ R2×2→ R2×2 and a polynomial scalar β2(ξ) : R2×2→ R such that

f (η)− f (ξ)− 〈β1(ξ);η− ξ〉 − β2(ξ)(detη− detξ)

is SOS in η and ξ.

With β1(ξ) = 2ξ and β2(ξ) = 2 detξ, we find that

f (η)− f (ξ)− 〈β1(ξ);η− ξ〉 − β2(ξ)(detη− detξ) = ∥η− ξ∥2 + (detη− detξ)2.

The last expression is evidently SOS, hence f ∈ ΣPC2
2,2.

3.3 Relationship between SOS-polyconvex definitions

We have seen in Example 4 that a function can be both Type-1 SOS-PC and Type-2
SOS-PC. So, we now aim to explore the relation between the two definitions of SOS-
polyconvexity.

Theorem 5. ΣPC1
N ,n,d ⊆ ΣPC2

N ,n,d .

Proof. Consider a polynomial f ∈ ΣPC1
N ,n,d . Then, there exists a polynomial g SOS-

convex such that f (ξ) = g(T (ξ)). We aim to show that there exists a polynomial
vector β : RN×n→ Rτ(N ,n) such that

f (η)− f (ξ)− 〈β(ξ); T (η)− T (ξ)〉 is SOS for all ξ,η ∈ RN×n.

Since g is SOS-convex, we get from (5) in Proposition 3 that

g∇(X , Y ) is SOS, where X , Y ∈ Rτ(N ,n).

Since the maps ξ → T (ξ) and η → T (η) are polynomial maps, we conclude that
g∇(T (ξ), T (η)) is also an SOS polynomial of ξ and η. This tells us that

g∇(T (ξ), T (η)) = g(T (η))− g(T (ξ))− 〈∇g|T (ξ); T (η)− T (ξ)〉

is SOS.

Since f (ξ) = g(T (ξ)) and f (η) = g(T (η)), we have

g∇(T (ξ), T (η)) = f (η)− f (ξ)− 〈∇g|T (ξ), T (η)− T (ξ)〉.

Hence, the definition fo Type-2 SOS-PC holds with β(ξ) :=∇g|T (ξ).
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3 SOS-polyconvexity

We have seen that every Type-1 SOS-PC polynomial is also Type-2 SOS-PC. Our next
aim is to determine that this inclusion is strict. We now state the main theorem of this
thesis, which shows that the inclusion is strict at least when N = n= 2 and d ≥ 4.

Theorem 6. The inclusion ΣPC1
2,d ⊂ ΣPC2

2,d is strict for all d ≥ 4.

The result of this theorem shows that the two approaches to defining an SOS strengt-
hening of Polyconvexity are not equivalent, illustrating the key difference between
SOS-Convexity and SOS-Polyconvexity. We will prove this theorem by exhibiting that
the function fγ defined in (11) is an element of ΣPC2

2,4\ΣPC1
2,4 in the following chap-

ter.
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4 Proof of Theorem 6

4 Proof of Theorem 6

Consider the function

fγ(ξ) = ∥ξ∥2(∥ξ∥2 − 2γdetξ),

as defined in Theorem 4. We will show that:

• fγ ∈ ΣPC1
2,4⇒ |γ| ≤ γc =

2
p

2
3 ≈ 0.94281< 1.

• f1 ∈ ΣPC2
2,4.

Then, f1 ∈ ΣPC2
2,4\ΣPC1

2,4, proving Theorem 6.

Remark 1. We can observe from [6] that

fγ(Qξ) = f−γ(ξ) for every ξ ∈ R2×2 and Q ∈ O(2) with detQ = −1.

Hence, fγ is convex (respectively polyconvex) if and only if f−γ is convex (respectively
polyconvex). Thus considering the value of γ, we can restrict the value to γ≥ 0 without
loss of generality.

4.1 Defining the structure of g(ξ, detξ)

We first determine the value of γ such that

fγ(ξ) ∈ ΣPC1
2,4.

In other words, we seek γ such that

fγ(ξ) = g(ξ, detξ) for an SOS-Convex polynomial g. (17)

To do this, we first try to derive a form for g.

Lemma 4. Assume fγ(ξ) = g(ξ, detξ) for g : R2×2 × R → R polynomial. Then, there
exists a polynomial h(ξ,δ) such that g(ξ,δ) = fγ(ξ) + (detξ−δ)h(ξ,δ).

Proof. Using Theorem 1, the proof follows from the fact g(ξ,δ)− fγ(ξ) ∈ I (detξ−δ)
if we can show that the polynomial ideal generated by detξ−δ is real radical. To do
this we employ Lemma 1.

Define the ideal generated by detξ−δ as

I (detξ−δ) = {(detξ−δ)h(ξ,δ)|h ∈ R[ξ,δ]}.
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4 Proof of Theorem 6

Let σ(ξ,δ) ∈ I (detξ−δ) be such that σ is SOS. By the Definition of I (detξ−δ),

σ(ξ,δ) =
m
∑

i=1

p2
j = (detξ−δ)h(ξ,δ). (18)

Clearly, σ(ξ,δ)≥ 0 for all ξ,δ. We can also see that σ(ξ,δ) vanishes when δ = detξ.

Substituting δ = detξ in (18), we can infer that

0=
m
∑

i=1

p2
j (ξ, detξ)≥ p2

j (ξ, detξ)≥ 0

for all polynomials p1, p2, . . . , pm. This implies that p2
j (ξ, detξ) = 0, hence p j(ξ, detξ) =

0 for all j ∈ {1,2, . . . , m}.

This tells us that δ = detξ is a root of the univariate polynomial δ 7→ p j(ξ,δ) for fixed
ξ, hence we can write p j in the form (detξ−δ)p̂ j for all j ∈ {1,2, . . . , m}.

So, we obtain p j ∈ I (detξ−δ) for all j ∈ {1,2, . . . , m}, which implies I (detξ−δ) is
a real radical ideal by Lemma 1.

4.1.1 Defining the structure of h(ξ,δ)

Now that we have established that g(ξ,δ) = fγ(ξ) + (detξ − δ)h(ξ,δ), we aim to
explore the structure of h(ξ,δ). As we will be comparing the quantities detξ and δ,
we will henceforth take δ to have a weighted degree of two in comparison to the
entries of ξ.

So, we define a weight vector w = (1, 1,1, 1,2) and define ed = 〈w,α〉 as weighted
degree. With the help of this weighted degree, we split h(ξ,δ) into homogeneous
parts of fixed weighted degree. Specifically, we write

h(ξ,δ) =
p
∑

d=0

hd(ξ,δ),

where

hd(ξ,δ) =
∑

〈w,α〉=d

ξ
α1
11ξ

α2
12ξ

α3
21ξ

α4
22δ

α5hd,α. (19)

and p ∈ N such that

p ≤max(degξ g − 2, degδ g − 1).

In particular, h0 is defined as a constant, h1 is defined as

h1(ξ,δ) = b11ξ11 + b12ξ12 + b21ξ21 + b22ξ22, (20)
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4 Proof of Theorem 6

and h2 is defined as

h2(ξ,δ) = c11ξ
2
11 + c10ξ11ξ12 + c9ξ11ξ21 + c8ξ11ξ22 + c7ξ

2
12+

c6ξ12ξ21 + c5ξ12ξ22 + c4ξ
2
21 + c3ξ21ξ22 + c2ξ

2
22 + c1δ.

(21)

Note that linear terms in δ do not appear in h1 because δ has a weighted degree of
two. Similar considerations apply to h2. Next, we give a more explicit structure for
h0, h1 and h2, which will show that fγ is Type-1 SOS-PC only if γ ≤ 2

p
2

3 . We proceed
in three steps.

4.2 Step 1: h0 = h1 = 0.

According to assumption (17), we have that g(ξ,δ) = fγ(ξ) + (detξ − δ)h(ξ,δ) is
SOS-convex. Since any SOS-convex polynomial is also convex, we can conclude from
(3) in proposition 2 that ∇2 g(ξ,δ)⪰ 0 for all ξ,δ.

We can now use the structure of h(ξ,δ) to split ∇2 g(ξ,δ) into matrices M0,M1,...,Mp.
In other words,

∇2 g(ξ,δ) = M0 +M1(ξ,δ) + . . .+Mp(ξ,δ),

where the polynomial matrix Mk(ξ,δ) ∈ R[ξ,δ]5×5 is the homogeneous part of ∇2 g
of weighted degree k for k ∈ {0, 1, . . . , p}. The explicit expressions are complicated
and are not reported for brevity.

Now fix ε > 0 arbitrary for a given ξ,δ. Plugging εξ,ε2δ into ∇2 g(ξ,δ), we obtain

∇2 g(εξ,ε2δ) = M0 + εM1(ξ,δ) + ε2M2(ξ,δ) +
p
∑

d=3

εd Md(ξ,δ) =: H(ξ,δ,ε). (22)

This implies that H(ξ,δ,ε) is positive semidefinite for all ξ, δ, and ε > 0. By continuity
of the matrix-valued polynomial ε 7→ H(ξ,δ,ε), we must have H(ξ,δ,ε)⪰ 0 for ε= 0.
In other words, H(ξ,δ, 0) = M0 ⪰ 0. Written in full, this constraint is

M0 =











0 0 0 h0 −b11

0 0 −h0 0 −b12

0 −h0 0 0 −b21

h0 0 0 0 −b22

−b11 −b12 −b21 −b22 −2c1











⪰ 0.

This requires that
c1 ≤ 0. (23)

Moreover, since the first four entries on the main diagonal are zero, we must also have
that

h0 = b11 = b12 = b21 = b22 = 0,

which, in particular, implies that h1 = 0 by equation (20).
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4 Proof of Theorem 6

4.3 Step 2: h2 = −a(detξ+δ)

Now we look at the 4× 4 top-left block of the hessian ∇2 g, where M0 vanishes. Ex-
amining the 4× 4 top-left block M1, we obtain







2ξ22 b11 −ξ21 b11 + ξ22 b12 −ξ12 b11 + ξ22 b21 2ξ11 b11 + ξ12 b12 + ξ21 b21 + 2ξ22 b22

∗ −2ξ21 b12 −ξ11 b11 − 2ξ12 b12 − 2ξ21 b21 − ξ22 b22 ξ11 b12 − ξ21 b22

∗ ∗ −2ξ12 b21 ξ11 b21 − ξ12 b22

∗ ∗ ∗ 2ξ11 b22






,

where * denotes symmetric entries omitted for convenience.

Substituting h0 = 0 and h1 = 0, we can see that the 4×4 top-left block of M1 vanishes.
Then, looking at the same 4× 4 top-left block of H(ξ,δ,ε), we see that

[H(ξ,δ,ε)]4×4 = ε
2

�

[M2(ξ,δ)]4×4 +
p
∑

d=3

εd−2[Md(ξ,δ)]4×4

�

⪰ 0 ∀ξ,δ and ε > 0

Again, by continuity of the polynomial mapping ε 7→ [H(ξ,δ,ε)]4×4, we have that
[M2(ξ,δ)]4×4 ⪰ 0 for all ξ,δ. Substituting ξ= 0, we obtain

[M2(0,δ)]4×4 =







−2c11δ −c10δ −c9δ c1δ− c8δ
−c10δ −2c7δ −c1δ− c6δ −c5δ
−c9δ −c1δ− c6δ −2c4δ −c3δ

c1δ− c8δ −c5δ −c3δ −2c2δ






⪰ 0

for all values of δ.
As [M2(0,δ)]4×4 is linear in δ, we obtain

c2 = c3 = c4 = c5 = c7 = c9 = c10 = c11 = 0 and

c1 = −c6 = c8.

By substituting a = −c1 = c6 = −c8, we obtain h2 = −a(detξ+δ), which is the desired
result. We also note from (23) that

a = −c1 ≥ 0. (24)

4.4 Step 3: fγ is Type-1 SOS-PC only if |γ| ≤ 2
p

2
3

Finally, we use the structure of h0, h1 and h2 obtained above to show that fγ Type-1

SOS-PC only if |γ| ≤ 2
p

2
3 . By substituting ξ12 = ξ21 = 0 and δ = 0 into [M2(ξ,δ)]4×4

and looking at a specific 2× 2 minor, we find that

H(ξ) =
�

12ξ2
11 − 12ξ11ξ22γ− 2aξ2

22 + 4ξ2
22 −6ξ2

11γ− 4aξ11ξ22 + 8ξ11ξ22 − 6ξ2
22γ

−6ξ2
11γ− 4aξ11ξ22 + 8ξ11ξ22 − 6ξ2

22γ −2aξ2
11 + 4ξ2

11 − 12ξ11ξ22γ+ 12ξ2
22

�

⪰ 0.
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4 Proof of Theorem 6

Substituting ξ11 = r cos θ2 ,ξ22 = r sin θ2 , we obtain

1
2r2

det(H(ξ)) = Φ(θ ) = Asin2 θ + B sinθ + C ≥ 0

for all values of θ ∈ [−π,π]
(25)

where







A= 9γ2 + 6a− 3
4 a2,

B = −12γ− 3aγ,
C = 12− 6a− 9γ2.

(26)

Substituting θ = 0, we obtain that C ≥ 0. In other words,

C = 12− 6a− 9γ2 ≥ 0⇒ γ2 ≤
4
3
−

2
3

a, (27)

γ2 ≥ 0⇒ a ≤ 2.

Thus, we must have

0≤ |γ| ≤

√

√4
3
−

2
3

a, (28)

0≤ a ≤ 2 (29)

We can see from (27) that γ2 attains its maximum at the smallest value of a. The
bounds in (29) imply

|γmax| ≤
2
p

3
. (30)

From (25), we know that Φ(θ ) ≥ 0 for all values of θ . This is true if and only if
Φ(θ̂ )≥ 0 for all minimizers θ̂ of Φ. In other words,

(25) ⇐⇒ Φ(θ̂ )≥ 0 ∀θ̂ such that Φ′(θ̂ ) = 0,

where

Φ′(θ) = cos(θ)(2Asin(θ ) + B). (31)

We now distinguish two cases.

Case 1:− B
2A ≥ 1. In this case, the only θ satisfying (31) solves cos(θ ) = 0 or sin(θ ) =

1, so θ = ±π2 . Then, we need

Φ(
π

2
) = A+ B + C ≥ 0,
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4 Proof of Theorem 6

Φ(−
π

2
) = A− B + C ≥ 0.

Adding these two inequalities, we obtain

A+ C = 12−
3
4

a2 ≥ 0⇒ a ≤ 4,

which is already implied by (29).

From (28) and (29), we see that B = −12γ − 3aγ ≤ 0. We can also see that the
minimum of A is attained at γ = 0, which implies that the minimum of A ranges
between 0 and 9 for a satisfying (29), hence A≥ 0.

By assumption, we also have that |−B
2A | ≥ 1. From B ≤ 0 and A ≥ 0, we obtain that

−B
2A ≥ 1. Then,

2A+ B ≤ 0,

or equivalently,

p(γ, a) = 18γ2 − γ(12+ 3a) +
�

12a−
3
2

a2
�

≤ 0. (32)

Since γmust be real, this requires that p(γ, a) has real roots, which in turn means that
we must have non-negative discriminant. Thus, we must have

13a2 − 88a+ 16≥ 0

Thus, either

a ≤
44−
p

1728
13

≈ 0.1869,

or

a ≥
44+
p

1728
13

≈ 6.5822.

Since we know that a ∈ [0, 2] from (29), only the first option is valid and, therefore

a ∈ [0,0.1869]. (33)

We now aim to find the largest root γ+(a) of p(γ, a) and maximize it over a in the
interval (33). The largest root of p(γ, a) is given by

γ+(a) =
(4+ a) +

p
13a2 − 88a+ 16
12

.

Computing the derivative with respect to a, we obtain
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4 Proof of Theorem 6

12γ+(a) = 1+
13a− 44

p
13a2 − 88a+ 16

.

We claim that γ+(a) is decreasing in a, in other words, γ+(a)≤ 0 for all a ∈ [0,0.1869].
We can see that

γ+(a)≤ 0 ⇐⇒ 1+
13a− 44

p
13a2 − 88a+ 16

≤ 0.

This is true only if







(i) a ≤ 44
13 ≈ 3.384,

(ii) 13a2 − 88a+ 16≥ 0,

(iii) 13a2 − 88a+ 160≥ 0.

From the bounds of a in (33), we can see that (i) and (ii) are true. Computing the
discriminant of (iii), we see that it is negative. Hence for the values of a in the interval
[0,0.1869], γ+(a) is decreasing in a. Thus we obtain

γmax
1 = γ+(0) =

2
3
<

2
p

3
.

Case 2: | − B
2A| ≤ 1. In this case, there is an extra stationary point sin(θ ) = −B

2A .
Substituting this choice of θ in Φ, we must have

0≤ A
�

−B
2A

�2

+ B
�

−B
2A

�

+ C = −
B2

4A
+ C

⇒ B2 − 4AC ≤ 0.

Substituting the values of A, B and C from (26), we obtain

−81γ4 +
9
2
(a2 − 28a+ 16)γ2 +

9
2

a(a2 − 10a+ 16)≥ 0. (34)

The left-hand side of this inequality is a quadratic in γ2, and that it opens downwards.
This tells us that the value of γ2 lies between the two roots of (34). Computing the
two roots and only considering the non-negative one, we obtain

γ2 ≤
1

18
a2 −

5
9

a+
8
9

.

As this is the only non-negative root, we can conclude γ2 ∈ [0, 1
18 a2− 5

9 a+ 8
9]. Maximi-

zing γ=
q

1
18 a2 − 5

9 a+ 8
9 with respect to a ∈ [0, 2], we obtain that γmax

2 = 2
p

2
3 at a = 0.
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4 Proof of Theorem 6

Conclusion: Combining the two cases considered above, we can conclude that if fγ is
Type-1 SOS-PC then

|γ| ≤max{γmax
1 ,γmax

2 }= γ
max
2 =

2
p

2
3
= γc. (35)

4.5 Proof of f1 ∈ ΣPC2
2,4

We now show that the function fγ as defined in equation (11) is Type-2 SOS-polyconvex
when γ= 1. Written in full, we aim to prove that

f1(ξ) = ∥ξ∥2(∥ξ∥2 − 2 detξ) ∈ ΣPC2
2,4.

By Definition 6, we try to find a polynomial vector β(ξ) ∈ R[ξ]5 such that

f1(η)− f1(ξ)− 〈β(ξ); T (η)− T (ξ)〉 (36)

is SOS in ξ and η. We can see that equation (36) has the structure of a first or-
der approximation of f1(η) around f1(ξ). Hence we consider β(ξ) = ∇φ|T (ξ) where
φ(ξ,δ) = ∥ξ∥2(∥ξ∥2 − 2δ), and check if (36) is SOS. In other words, substituting

β(ξ) =











4ξ11(∥ξ∥2 − detξ)− 2∥ξ∥2ξ22

4ξ12(∥ξ∥2 − detξ) + 2∥ξ∥2ξ21

4ξ21(∥ξ∥2 − detξ) + 2∥ξ∥2ξ12

4ξ22(∥ξ∥2 − detξ)− 2∥ξ∥2ξ11

−2∥ξ∥2











(37)

in (36) with ∆= η− ξ, we can see that

f1(η)− f1(ξ)− 〈β(ξ); T (η)− T (ξ)〉= (∆2
11 −∆12∆21)

2 + (∆2
12 −∆11∆22)

2

+(∆2
21 −∆11∆22)

2 + (∆2
22 −∆12∆21)

2.
(38)

It is clear from (38) that (36) is SOS in η and ξ. Hence we have that f1 ∈ ΣPC2
2,4.
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5 Conclusion

In this thesis, we have seen that there are two ways to define an SOS-strengthening to
polyconvexity and explored the relationship between them. We have established that
all Type-1 SOS-PC polynomials are Type-2 SOS-PC but the reverse is not true, at least
in the case of N = n= 2, using the example of Alibert-Dacorogna-Marcellini.

The strict inclusion between these SOS strenthenings remains an open problem for
the general cases of all N , n. An interesting path to prove this strict inclusion for the
general case is investigate a generalized version of the example of Alibert-Dacorogna-
Marcellini. For example, one could consider the function

fγ : RN×n→ R with N , n> 1, fγ = ∥ξ∥2(∥ξ∥2 − 2γ (ξ11ξ22 − ξ12ξ21)).

One can further examine this function to formulate an argument analogous to the
proof in Chapter 4.

Since Type-2 SOS-PC is more general than Type-1 SOS-PC, we suggest to adopt Type-2
SOS-PC as the standard definition of SOS-Polyconvexity and call it SOS-PC for brevity.
As stated before, the SOS strenthening can be used to formulate an SDP that checks if a
polynomial is SOS-PC and hence polyconvex in a numerically tractable way, which can
be useful when solving minimization problems in the field of Calculus of Variations.

The possibility to check computationally if a polynomial is SOS-PC, of course, is only
useful if SOS-PC polynomials are common. It would therefore be interesting to check
how many polyconvex polynomials in literature are in fact SOS-PC. Such computations
can also help investigate if there exist polyconvex polynomials that are not SOS-PC.
We expect such polynomials to exist, just like there are convex polynomials that are
not SOS-Convex [1], but we do not know of explicit examples yet.

The SOS-PC strengthening defined in this thesis can be used in other ways. In nonli-
near elasticity, the stored energy density function W (F) being polyconvex is sufficient
for well-posedness ([2]). Direct modeling of W for composites or biological tissues is
difficult. The definition of polyconvexity by Ball ([2]) has been used to formulate ways
to perform regression to approximate the energy function W . The idea is to parame-
trize the the energy function G of the minors T (F) and enforce convexity on G, while
fitting G to data points {Fi,Wi}. This results in a polyconvex W with W (F) = G(T (F)).
There have also been neural network based approaches, which can be found in [10].
However, we have also seen that solving a problem with convexity constraints are NP-
Hard ([11]). One possible way could be to build a SOS-PC approximation to a given
function, by the least-squares regression for example, at carefully chosen data points.
This gives a way to construct SOS-PC polynomial energies from data, which could
be useful in the modelling of composite materials. SOS-PC regression from simulati-
on/experimental data gives a principled way to build valid energy models.
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5 Conclusion

The method of using SOS and other polynomial optimization techniques in the fields
of Calculus of Variation (CoV) can be explored further. The minimization of the energy
functional of a body under deformation is the central problem in CoV, i.e.

inf
u∈H1

0 (Ω)
I(u(x)) = inf

u∈H1
0 (Ω)

∫

Ω

W (∇u(x))d x . (39)

If W is bounded from below, then there exist the convex, polyconvex, quasiconvex
envelopes of W , denoted by W c, W pc and W qc respectively. Correspondingly, under
certain technical assumptions, we can see from [7] that

inf
u

I(u)≡min
u

∫

Ω

W qc ≥min
u

∫

Ω

W pc ≥min
u

∫

Ω

W c.

Hence, it is clear that one way to overcome the problem of nonexistence of minimizers
of I due to lack of quasiconvexity is to replace E with its quasiconvex envelope W qc.
This is in particular useful for numerical discretizations of the variational problem
(39). Unfortunately, computing the quasiconvex envelope W qc is very hard. Computing
the polyconvex envelope W pc is simpler, hence it is commonly used in practice.

Bartels ([3]) provides an algorithm that uses an iterative method to approximate from
above the polyconvex envelope W pc of a given function W : RN×n → R. It utilizes a
linear programming approach to approximate the envelope by discretizing the space
of matrices and evaluating the function at these discrete points. The method ensures
that the resulting approximation is convex in all minors, adhering to the polyconvexity
condition. This approximation from above grows large quickly due to the discretization
of matrix spaces, making it harder to compute. However, it can be used to obtain upper
bounds on the polyconvex envelope, even if the problem itself is intractable.

The PEPCE (Pointwise Evaluation of PolyConvex Envelopes) algorithm provided in [7]
is designed to compute the polyconvex envelope W pc of a given function W : RN×n→
R. It formulates this as a constrained optimization problem, where the goal is to find
a combination of matrices A1, A2, . . . , Aτ(N ,n)+1 such that the convex combination of the
functions W (Ai) and the associated polyconvex terms satisfy the constraints, thereby
approximating W pc(A0) for a given matrix A0.

An interesting application of SOS and polynomial optimization techniques could be
to use SOS methods to construct polyconvex envelopes. Dacorogna ([6]) provides a
formula for computing the polyconvex envelope W pc of a function W : RN×n→ R at a
given point F ∈ RN×n, given by
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5 Conclusion

W pc(F) = inf
µ∈M+(RN×n)

∫

RN×n

W (ξ)dµ

such that

∫

T (ξ)dµ= T (F),
∫

dµ= 1.

(40)

Denoting the Lagrange multiplier associated with the first constraint by λ and the
Lagrange multiplier associated with the second constraint as γ, we obtain the dual of
(40) to be

W pc(F) = sup
λ∈Rτ(N ,n),γ∈R

γ+ 〈λ, T (F)〉

such that W (ξ)− 〈λ, T (ξ)〉 − γ≥ 0 ∀ξ ∈ RN×n
(41)

Replacing the non-negativity constraint with an SOS constraint results in a tractable
way to compute a lower bound of W pc(F). This is complementary to existing me-
thods, which instead compute upper bounds by discretizing µ into sum of Diracs,
µ= δA0

+δA1
+ . . .+δAτ+1

and looking for the matrices A0,A1, . . . ,Aτ+1. This results in
an interesting path to explore further.
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