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Abstract

We use techniques from (tracial noncommutative) polynomial optimization to formu-
late hierarchies of semidefinite programming lower bounds on matrix factorization
ranks. In particular, we consider the nonnegative rank, the positive semidefinite rank,
and their symmetric analogs: the completely positive rank and the completely positive
semidefinite rank. We study convergence properties of our hierarchies, compare them
extensively to known lower bounds, and provide some (numerical) examples.
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1 Introduction
1.1 Matrix Factorization Ranks
A factorization of a matrix A € R™*" over a sequence {K d}deN of cones that are each

equipped with an inner product (-, -) is a decomposition of the form A = ({X;, ¥;))
with X;, Y; € K4 forall (@i, j) € [m]x[n],for someintegerd € N. Following [34], the
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smallest integer d for which such a factorization exists is called the cone factorization
rank of A over {K?}.

The cones K¢ we use in this paper are the nonnegative orthant R‘i with the usual
inner product and the cone Si (resp., Hi) of d x d real symmetric (resp., Hermitian)
positive semidefinite matrices with the trace inner product (X, Y) = Tr(X'Y) (resp.,
(X,Y) = Tr(X*Y)). We obtain the nonnegative rank, denoted rank; (A), which uses
the cones K¢ = R‘i, and the positive semidefinite rank, denoted psd-ranky (A), which
uses the cones K¢ = Si for K = R and K¢ = Hi for K = C. Both the non-
negative rank and the positive semidefinite rank are defined whenever A is entrywise
nonnegative.

The study of the nonnegative rank is largely motivated by the groundbreaking work
of Yannakakis [78], who showed that the linear extension complexity of a polytope P
is given by the nonnegative rank of its slack matrix. The linear extension complexity of
P is the smallest integer d for which P can be obtained as the linear image of an affine
section of the nonnegative orthant Ri. The slack matrix of P is given by the matrix
(b; — aiTv)vev,,‘g, where P = conv(V) and P = {x : al.Tx < b; (i € I)} are the
point and hyperplane representations of P. Analogously, the semidefinite extension
complexity of P is the smallest d such that P is the linear image of an affine section
of the cone Si and it is given by the (real) positive semidefinite rank of its slack
matrix [34].

The motivation to study the linear and semidefinite extension complexities is
that polytopes with small extension complexity admit efficient algorithms for linear
optimization. Well-known examples include spanning tree polytopes [54] and permu-
tahedra [32], which have polynomial linear extension complexity, and the stable set
polytope of perfect graphs, which has polynomial semidefinite extension complex-
ity [40] (see, e.g., the surveys [18,25]). The above connection to the nonnegative rank
and to the positive semidefinite rank of the slack matrix can be used to show that a
polytope does not admit a small extended formulation. Recently, this connection was
used to show that the linear extension complexities of the traveling salesman, cut,
and stable set polytopes are exponential in the number of nodes [29], and this result
was extended to their semidefinite extension complexities in [51]. Surprisingly, the
linear extension complexity of the matching polytope is also exponential [66], even
though linear optimization over this set is polynomial time solvable [23]. It is an open
question whether the semidefinite extension complexity of the matching polytope is
exponential.

Besides this link to extension complexity, the nonnegative rank also finds appli-
cations in probability theory and in communication complexity, and the positive
semidefinite rank has applications in quantum information theory and in quantum
communication complexity (see, e.g., [24,29,42,55]).

For square symmetric matrices (m = n), we are also interested in symmetric analogs
of the above matrix factorization ranks, where we require the same factors for the
rows and columns (i.e., X; = Y; for all i € [n]). The symmetric analog of the
nonnegative rank is the completely positive rank, denoted cp-rank(A), which uses the
cones K¢ = Ri, and the symmetric analog of the positive semidefinite rank is the
completely positive semidefinite rank, denoted cpsd-ranky (A), which uses the cones
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K¢ = Si if K=Rand K¢ = Hi if K = C. These symmetric factorization ranks
are not always well defined since not every symmetric nonnegative matrix admits a
symmetric factorization by nonnegative vectors or positive semidefinite matrices. The
symmetric matrices for which these parameters are well defined form convex cones
known as the completely positive cone, denoted CP", and the completely positive
semidefinite cone, denoted CS'} . We have the inclusions CP" C CS’| C S'|, which
are known to be strict for n > 5. For details on these cones see [6,17,50] and references
therein.

Motivation for the cones CP" and CS'|. comes in particular from their use to model
classical and quantum information optimization problems. For instance, graph param-
eters such as the stability number and the chromatic number can be written as linear
optimization problems over the completely positive cone [45], and the same holds,
more generally, for quadratic problems with mixed binary variables [13]. The cp-rank
is widely studied in the linear algebra community; see, e.g., [6,10,68,69].

The completely positive semidefinite cone was first studied in [50] to describe quan-
tum analogs of the stability number and of the chromatic number of a graph. This was
later extended to general graph homomorphisms in [72] and to graph isomorphism
in [2]. In addition, as shown in [53,72], there is a close connection between the com-
pletely positive semidefinite cone and the set of quantum correlations. This also gives
a relation between the completely positive semidefinite rank and the minimal entan-
glement dimension necessary to realize a quantum correlation. This connection has
been used in [38,62,63] to construct matrices whose completely positive semidefinite
rank is exponentially large in the matrix size. For the special case of synchronous
quantum correlations, the minimum entanglement dimension is directly given by the
completely positive semidefinite rank of a certain matrix (see [37]).

The following inequalities hold for the nonnegative rank and the positive semidef-
inite rank: We have

psd-rank(A) < psd-rankp (A) < ranky(A) < min{m, n}
for any m x n nonnegative matrix A and cp-rank(A) < (" '2H) for any n x n completely
positive matrix A. However, the situation for the cpsd-rank is very different. Exploiting
the connection between the completely positive semidefinite cone and quantum cor-
relations it follows from results in [73] that the cone CS} is not closed for n > 1942.
The results in [22] show that this already holds for n > 10. As a consequence, there
does not exist an upper bound on the cpsd-rank as a function of the matrix size. For
small matrix sizes, very little is known. It is an open problem whether CSi is closed,
and we do not even know how to construct a 5 x 5 matrix whose cpsd-rank exceeds 5.
The rank, cp-rank, and psd-rank are known to be computable; this follows using
results from [65] since upper bounds exist on these factorization ranks that depend
only on the matrix size, see [5] for a proof for the case of the cp-rank. But computing
the nonnegative rank is NP-hard [76]. In fact, determining the rank, and psd-rank
of a matrix are both equivalent to the existential theory of the reals [70,71]. For the
cp-rank and the cpsd-rank, no such results are known, but there is no reason to assume
they are any easier. In fact, it is not even clear whether the cpsd-rank is computable in
general.
EOE';W
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To obtain upper bounds on the factorization rank of a given matrix, one can employ
heuristics that try to construct small factorizations. Many such heuristics exist for the
nonnegative rank (see the overview [30] and references therein), factorization algo-
rithms exist for completely positive matrices (see the recent paper [39], also [20] for
structured completely positive matrices), and algorithms to compute positive semidef-
inite factorizations are presented in the recent work [75]. In this paper, we want to
compute lower bounds on matrix factorization ranks, which we achieve by employing
a relaxation approach based on (noncommutative) polynomial optimization.

1.2 Contributions and Connections to Existing Bounds

In this work, we provide a unified approach to obtain lower bounds on the four matrix
factorization ranks mentioned above, based on tools from (noncommutative) polyno-
mial optimization.

We sketch the main ideas of our approach in Sect. 1.4 below, after having introduced
some necessary notation and preliminaries about (noncommutative) polynomials in
Sect. 1.3. We then indicate in Sect. 1.5 how our approach relates to the more classical
use of polynomial optimization dealing with the minimization of polynomials over
basic closed semialgebraic sets. The main body of the paper consists of four sections
each dealing with one of the four matrix factorization ranks. We start with presenting
our approach for the completely positive semidefinite rank and then explain how to
adapt this to the other ranks.

For our results, we need several technical tools about linear forms on spaces of poly-
nomials, both in the commutative and noncommutative setting. To ease the readability
of the paper, we group these technical tools in Appendix A. Moreover, we provide
full proofs, so that our paper is self-contained. In addition, some of the proofs might
differ from the customary ones in the literature since our treatment in this paper is
consistently on the ‘moment’ side rather than using real algebraic results about sums
of squares.

In Sect. 2, we introduce our approach for the completely positive semidefinite rank.
We start by defining a hierarchy of lower bounds

Elcde(A) < S;de(A) <...< E[Cde(A) <...< cpsd-rankC(A),

where £ de(A), for t € N, is given as the optimal value of a semidefinite program

whose size increases with 7. Not much is known about lower bounds for the cpsd-
rank in the literature. The inequality v/rank(A) < cpsd-rank(A) is known, which
follows by viewing a Hermitian d x d matrix as a d>-dimensional real vector, and
an analytic lower bound is given in [62]. We show that the new parameter Slc psd (A)
is at least as good as this analytic lower bound and we give a small example where a

strengthening of E;p Sd(A) is strictly better then both above-mentioned generic lower

bounds. Currently, we lack evidence that the lower bounds é,c P Sd(A) can be larger

than, for example, the matrix size, but this could be because small matrices with large
Elol:;ﬂ
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cpsd-rank are hard to construct or might even not exist. We also introduce several

ideas leading to strengthenings of the basic bounds &’ psd (A).

We then adapt these ideas to the other three matrix factorization ranks discussed
above, where for each of them we obtain analogous hierarchies of bounds.

For the nonnegative rank and the completely positive rank, much more is known
about lower bounds. The best-known generic lower bounds are due to Fawzi and
Parrilo [26,27]. In [27], the parameters 7, (A) and 7, (A) are defined, which, respec-
tively, lower bound the nonnegative rank and the cp-rank, along with their computable
semidefinite programming relaxations t1**(A) and 75;*(A). In [27] itis also shown that
74 (A) is at least as good as certain norm-based lower bounds. In particular, 74 (-) is at
least as good as the £, norm-based lower bound, which was used by Rothvof [66] to
show that the matching polytope has exponential linear extension complexity. In [26]
it is shown that for the Frobenius norm, the square of the norm-based bound is still
a lower bound on the nonnegative rank, but it is not known how this lower bound
compares to 74 (-).

Fawzi and Parrilo [27] use the atomicity of the nonnegative and completely positive
ranks to derive the parameters 74 (A) and tcp(A); i.e., they use the fact that the nonneg-
ative rank (cp-rank) of A is equal to the smallest d for which A can be written as the
sum of d nonnegative (positive semidefinite) rank one matrices. As the psd-rank and
cpsd-rank are not known to admit atomic formulations, the techniques from [27] do
not extend directly to these factorization ranks. However, our approach via polynomial
optimization captures these factorization ranks as well.

In Sects. 3 and 4, we construct semidefinite programming hierarchies of lower
bounds é,c P(A) and §t+(A) on cp-rank(A) and rank; (A). We show that the bounds
£ (A) convergetot, (A) ast — oc. The basic hierarchy {£,7(A)} for the cp-rank does
not converge to 7¢p(A) in general, but we provide two types of additional constraints
that can be added to the program defining Etc P (A) to ensure convergence to 7cp (A). First,
we show how a generalization of the tensor constraints that are used in the definition
of the parameter ‘L'CSSS(A) can be used for this, and we also give a more efficient (using
smaller matrix blocks) description of these constraints. This strengthening of SZCP (A)
is then at least as strong as 'L’CSSS(A), but requires matrix variables of roughly half the
size. Alternatively, we show that for every ¢ > 0 there is a finite number of additional
linear constraints that can be added to the basic hierarchy {élc P(A)} so that the limit
of the sequence of these new lower bounds é,*(A) is at least 7¢p(A) — e. We give
numerical results on small matrices studied in the literature, which show that S;r (A)
can improve over i°°(A).

psd
t

Finally, in Sect. 5, we derive a hierarchy {&; (A)} of lower bounds on the psd-

rank. We compare the new bounds é,p sd (A) to abound from [52], and we provide some
numerical examples illustrating their performance.

We provide two implementations of all the lower bounds introduced in this paper,
at the arXiv submission of this paper. One implementation uses Matlab and the CVX
package [36], and the other one uses Julia [8]. The implementations support various
semidefinite programming solvers, for our numerical examples we used Mosek [56].
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1.3 Preliminaries

In order to explain our basic approach in the next section, we first need to intro-
duce some notation. We denote the set of all words in the symbols xp, ..., x, by
(x) = (x1,...,xn), where the empty word is denoted by 1. This is a semigroup
with involution, where the binary operation is concatenation, and the involution of a
word w € (x) is the word w* obtained by reversing the order of the symbols in w.
The x-algebra of all real linear combinations of these words is denoted by R(x), and
its elements are called noncommutative polynomials. The involution extends to R(x)
by linearity. A polynomial p € R(x) is called symmetric if p* = p and Sym R(x)
denotes the set of symmetric polynomials. The degree of a word w € (x) is the
number of symbols composing it, denoted as |w| or deg(w), and the degree of a poly-
nomial p = ), pyw € R(x) is the maximum degree of a word w with p,, # 0.
Given t € N U {00}, we let (x), be the set of words w of degree |w| < f, so that
(X)oo = (x), and R(x); is the real vector space of noncommutative polynomials p of
degree deg(p) < t. Given t € N, we let (x)—; be the set of words of degree exactly
equal to .

ForasetS € Sym R(x) and r € NU{oo}, the fruncated quadratic module at degree
2t associated to S is defined as the cone generated by all polynomials p*gp € R(x)2,
with g € SU {1}:

Mon(S) = cone{ p*gp : p € R(X). g € SU(I}. deg(p™gp) <2}. (1)

Likewise, for a set T € R(x), we can define the truncated ideal at degree 2¢, denoted
by #;(T), as the vector space spanned by all polynomials ph € R(x)y; withh € T:

I (T) = span{ph :p eR(x), h € T, deg(ph) < Zt}. 2)

We say that .Z(S) 4+ .#(T) is Archimedean when there exists a scalar R > 0 such
that

n
R=Y x}e.#(S)+.9(T). ?3)
i=1

Throughout, we are interested in the space R(x); of real-valued linear functionals
on R(x),. We list some basic definitions: A linear functional L € R(x)} is symmetric i
L(w) = L(w*) forallw € (x); and tracial if L(ww’) = L(w'w) forall w, w’ € {x),.
A linear functional L € R(x)7, is said to be positive if L(p*p) > 0 for all p € R(x),.
Many properties of a linear functional L € R(x)}, can be expressed as properties of
its associated moment matrix (also known as its Hankel matrix). For L € R(x);, we
define its associated moment matrix, which has rows and columns indexed by words

in (x);, by

M;(L)yw = L(w*w') for w,w’ € (x),,

and as usual we set M (L) = My (L). It then follows that L is symmetric if and only

if M;(L) is symmetric, and L is positive if and only if M, (L) is positive semidefinite.
Elol:;ﬂ
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In fact, one can even express nonnegativity of a linear form L € R(x)3, on .#2(S)
in terms of certain associated positive semidefinite moment matrices. For this, given a
polynomial g € R(x), define thelinearform gL € R(X>;t—deg(g) by (gL)(p) = L(gp).
Then, we have

L(p*gp) = Oforall p € R(x);—yq, <= M;—q,(gL) = 0, (dg = [deg(g)/21),

and thus L > 0 on .#>,(S) if and only if M;—q,(gL) = Oforall g € SU{1}. Also, the
condition L = 0 on .#,(T) corresponds to linear equalities on the entries of M;(L).

The moment matrix also allows us to define a property called flatness. For t € N,
a linear functional L e R(x)3, is called §-flat if the rank of M; (L) is equal to that of
its principal submatrix indexed by the words in (x);_g, that is,

rank(M; (L)) = rank(M;_s(L)). 4)

We call L flat if it is 6-flat for some 6 > 1. When ¢ = oo, L is said to be flat when
rank(M (L)) < oo, which is equivalent to rank(M (L)) = rank(M (L)) for some
s €N.

A key example of a flat symmetric tracial positive linear functional on R(x) is given
by the trace evaluation at a given matrix tuple X = (X1, ..., X,) € (HY)n:

p = Tr(p(X)).

Here, p(X) denotes the matrix obtained by substituting x; by X; in p, and throughout
Tr(-) denotes the usual matrix trace, which satisfies Tr(/) = d where [ is the identity
matrix in HY. We mention in passing that we use tr(-) to denote the normalized matrix
trace, which satisfies tr(I) = 1 for I € H. Throughout, we use Lx to denote the real
part of the above functional, that is, Lx denotes the linear form on R(x) defined by

Lx(p) =Re(Tr(p(Xy, ..., X,))) for p e R(x). 5)

Observe that Lx too is a symmetric tracial positive linear functional on R(x). Moreover,
Lx is nonnegative on .7 (S) if the matrix tuple X is taken from the matrix positivity
domain 2(S) associated to the finite set S € Sym R(x), defined as

28 = {X — (X1, ..., Xy) € (H) : g(X) = Oforg e S}. 6)
d>1

Similarly, the linear functional Lx is zero on .# (T) if the matrix tuple X is taken from
the matrix variety 7' (T) associated to the finite set 7 C Sym R(x), defined as

V(1) =|_J{Xe®)" :h(X)=0forallh e T},
d>1

To discuss convergence properties of our lower bounds for matrix factorization
ranks, we will need to consider infinite dimensional analogs of matrix algebras, namely
EOE';W
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C*-algebras admitting a tracial state. Let us introduce some basic notions we need
about C*-algebras; see, e.g., [9] for details. For our purposes, we define a C*-algebra
to be a norm closed *-subalgebra of the complex algebra % (7¢°) of bounded operators
on a complex Hilbert space . In particular, we have |[a*a| = ||| for all elements a
in the algebra. Such an algebra .7 is said to be unital if it contains the identity operator
(denoted 1). For instance, any full complex matrix algebra C?*¢ is a unital C*-algebra.
Moreover, by a fundamental result of Artin-Wedderburn, any finite dimensional C*-
algebra (as a vector space) is *x-isomorphic to a direct sum @%:1 Cdm>dm of full
complex matrix algebras [3,77]. In particular, any finite dimensional C*-algebra is
unital.

An element b in a C*-algebra <7 is called positive, denoted b > 0, if it is of the
form b = a*a for some a € /. For finite sets S € Sym R(x) and 7 € R(x), the
C*-algebraic analogs of the matrix positivity domain and matrix variety are the sets

Dy (8) ={X=(X1,....,Xp) € &" : X} = X; fori € [n], g(X) = 0forg € S},
Ve (T) ={X = (X1,..., Xp) € &" : X} = X; fori € [n], h(X) =0forh € T}.

A state T on a unital C*-algebra <7 is a linear form on & that is positive, i.e.,
t(a*a) > 0 for all a € o7, and satisfies (1) = 1. Since 7 is a complex algebra,
every state 7 is Hermitian: t(a) = t(a*) for all a € /. We say that that a state is
tracial if T(ab) = t(ba) for all a, b € o and faithful if T(a*a) = 0 implies a = 0.
A useful fact is that on a full matrix algebra C?*¢ the normalized matrix trace is the
unique tracial state (see, e.g., [15]). Now, given a tuple X = (X1, ..., X)) € &" in
a C*-algebra .o/ with tracial state t, the second key example of a symmetric tracial
positive linear functional on R(x) is given by the trace evaluation map, which we
again denote by Lx and is defined by

Lx(p) =t(p(X1,...,X,)) forall pe R(x).

1.4 Basic Approach

To explain the basic idea of how we obtain lower bounds for matrix factorization ranks,
we consider the case of the completely positive semidefinite rank. Given a minimal
factorization A = (Tr(X;, X)), with d = cpsd-rank¢(A) and X = (X1, ..., X,;) in
(Hi)”, consider the linear form Lx on R(x) as defined in (5):

Lx(p) =Re(Tr(p(Xy, ..., Xpn))) for p e R(x).

Then, we have A = (Lx(x;x;)) and cpsd-rank(A) = d = Lx(1). To obtain lower
bounds on cpsd-rank(A), we minimize L(1) over a set of linear functionals L that
satisfy certain computationally tractable properties of Lx. Note that this idea of min-
imizing L(1) has recently been used in the works [59,74] in the commutative setting
to derive a hierarchy of lower bounds converging to the nuclear norm of a symmetric
tensor.

Elol:;ﬂ
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The above linear functional Lx is symmetric and tracial. Moreover, it satisfies
some positivity conditions, since we have Lx(q) > 0 whenever ¢(X) is positive
semidefinite. It follows that Lx(p*p) > 0 for all p € R(x) and, as we explain later,
Lx satisfies the localizing conditions Lx(p*(v/Ajix; — x?)p) > 0 for all p and i.
Truncating the linear form yields the following hierarchy of lower bounds:

fpsd(A) - minlL(l) : L € R{xy, ..., x,)3, tracial and symmetric,

L(xix;) = A;; for i,j e |[n],

Lz0 on (VAT — bV Ay = 52)) ).

The bound & ,C psd (A) is computationally tractable (for small #). Indeed, as was explained
in Sect. 1.3, the localizing constraint “L > 0 on .#2(S)” can be enforced by requiring
certain matrices, whose entries are determined by L, to be positive semidefinite. This
makes the problem defining & psd (A) into a semidefinite program. The localizing
conditions ensure the Archimedean property of the quadratic module, which permits
to show certain convergence properties of the bounds & psd (A).

The above approach extends naturally to the other matrix factorization ranks, using
the following two basic ideas. First, since the cp-rank and the nonnegative rank deal
with factorizations by diagonal matrices, we use linear functionals acting on classical
commutative polynomials. Second, the asymmetric factorization ranks (psd-rank and
nonnegative rank) can be seen as analogs of the symmetric ranks in the partial matrix
setting, where we know only the values of L on the quadratic monomials corresponding
to entries in the off-diagonal blocks (this will require scaling of the factors in order to
be able to define localizing constraints ensuring the Archimedean property). A main
advantage of our approach is that it applies to all four matrix factorization ranks, after
easy suitable adaptations.

1.5 Connection to Polynomial Optimization

In classical polynomial optimization, the problem is to find the global minimum of a
commutative polynomial f over a semialgebraic set of the form

D(S) ={x e R": g(x) > 0 for g € S},

where S € R[x] = R[xq, ..., x,] is a finite set of polynomials.1 Tracial polynomial
optimization is a noncommutative analog, where the problem is to minimize the nor-
malized trace tr( /(X)) of a symmetric polynomial f over a matrix positivity domain
2(S) where S € Sym R(x) is a finite set of symmetric polynomials.” Notice that the
distinguishing feature here is the dimension independence: the optimization is over
all possible matrix sizes. Perhaps counterintuitively, in this paper, we use techniques

1 Here, and throughout the paper, we use [x] as the commutative analog of (x).

2 In fact, one could consider optimization over Z(S) N ¥ (T) for some finite set 7 € R(x), the results
below still hold in that setting, see Appendix A.

FolCT
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similar to those used for the tracial polynomial optimization problem to compute lower
bounds on factorization dimensions.

For classical polynomial optimization Lasserre [46] and Parrilo [60] have pro-
posed hierarchies of semidefinite programming relaxations based on the theory of
moments and the dual theory of sums of squares polynomials. These can be used to
compute successively better lower bounds converging to the global minimum (under
the Archimedean condition). This approach has been used in a wide range of appli-
cations and there is an extensive literature (see, e.g., [1,47,49]). Most relevant to this
work, it is used in [48] to design conic approximations of the completely positive cone
and in [58] to check membership in the completely positive cone. This approach has
also been extended to the noncommutative setting, first to the eigenvalue optimiza-
tion problem [57,61] (which will not play a role in this paper), and later to tracial
optimization [14,43].

For our paper, the moment formulation of the lower bounds is most relevant: For
all r € N U {oo}, we can define the bounds

fi=inf{L(f): L € R[x]5,, L(1) =1, L > 0 on .#»(S)}.
= inf{L(f) : L € R(x)3, tracial and symmetric, L(1) =1, L > 0 on //lgt(S)},

where f; (resp., f") lower bounds the (tracial) polynomial optimization problem.

The connection between the parameters E,C psd (A) and f" is now clear: in the former
we do not have the normalization property “L(1) = 1” but we do have the additional
affine constraints “L(x;x;) = A;;”. This close relation to (tracial) polynomial opti-
mization allows us to use that theory to understand the convergence properties of our
bounds. Since throughout the paper we use (proof) techniques from (tracial) poly-
nomial optimization, we will state the main convergence results we need, with full
proofs, in Appendix A. Moreover, we give all proofs from the “moment side”, which
is most relevant to our treatment. Below we give a short summary of the convergence
results for the hierarchies {f;} and {f"} that are relevant to our paper. We refer to
Appendix A.3 for details.

Under the condition that .# (S) is Archimedean, we have asymptotic convergence:
fi &> fooand f' — fY ast — oco. In the commutative setting, one can moreover
show that f is equal to the global minimum of f over the set D(S). However, in the
noncommutative setting, the parameter f is in general not equal to the minimum of
tr(f (X)) over X € Z(S). Instead, we need to consider the C*-algebraic version of
the tracial polynomial optimization problem: one can show that

= inf{r(f(X)) :X € 2.4(8), < is aunital C* -algebra with tracial state ‘L’}.

An important additional convergence result holds under flatness. If the program defin-
ing the bound f; (resp., f") admits a sufficiently flat optimal solution, then equality
holds: f; = fso (resp., f = fX). Moreover, in this case, the parameter f;* is equal
to the minimum value of tr( f (X)) over the matrix positivity domain Z(S).
FoC'T
e
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2 Lower Bounds on the Completely Positive Semidefinite Rank

Let A be a completely positive semidefinite n x n matrix. For 1 € N U {oo}, we
consider the following semidefinite program, which, as we see below, lower bounds
the complex completely positive semidefinite rank of A:

,Cde(A) = min{L(l) : L eR{xq,..., Xn)ﬁ, tracial and symmetric,
L(xixj) = A;; for i,j € [n],
d
L>0 on (S}

where we set

S = (VATx1 = 5o Aty — 23], ”

Additionally, define the parameter é,fde(A), obtained by adding the rank constraint
rank(M (L)) < oo to the program defining Sgng(A), where we consider the infimum
instead of the minimum since we do not know whether the infimum is always attained.
(In Proposition 1 we show the infimum is attained in "g‘tCPSd(A) fort € NU {o0}). This
gives a hierarchy of monotone nondecreasing lower bounds on the completely positive

semidefinite rank:
g <. <5 < L < £2A) < £P(A) < cpsdoranke(A).

The inequality SgSSd (A) < Efde(A) is clear and monotonicity as well: If L is feasible
for &P (A) with 1 < k < oo, then its restriction to R(x), is feasible for &P*!(A).

The following notion of localizing polynomials will be useful. A set § € R(x) is
said to be localizing at a matrix tuple X if X € 2(S) (i.e., g(X) = Oforall g € §) and
we say that S is localizing for A if S is localizing at some factorization X € (Hi)" of
A with d = cpsd-rankc(A). The set Sf‘de as defined in (7) is localizing for A, and,
in fact, it is localizing at any factorization X of A by Hermitian positive semidefinite
matrices. Indeed, since

Aii = Tr(X?) > Amax(X7) = Amax (X)?

we have /A;; X; — Xl.2 > Oforalli € [n].

We can now use this to show the inequality EfPSd(A) < cpsd-rankc(A). For this
set d = cpsd-rankc(A), let X € (Hi)” be a Gram factorization of A, and consider
the linear form Lx € R(x)* defined by

Lx(p) = Re(Tr(p(X))) forall p e R(x).

By construction Lx is symmetric and tracial, and we have A = (L(x;x;)). Moreover,
since the set of polynomials Sjde is localizing for A, the linear form Lx is nonnegative
on . A (Sjde). Finally, we have rank(M (Lx)) < oo, since the algebra generated by
FoC Tl
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X1, ..., X, is finite dimensional. Hence, Ly is feasible for £P°4(A) with Lx (1) = d,

which shows £57°%(A) < cpsd-rankc (A).
The inclusions in (8) below show the quadratic module .# (SXPSd) is Archimedean
(recall the definition in (3)). Moreover, although there are other possible choices for

the localizing polynomials to use in S;p Sd, these inclusions also show that the choice
made in (7) leads to the largest truncated quadratic module and thus to the best bound.
For any scalar ¢ > 0, we have the inclusions

Moy (x, ¢ —x) C Mo (x,* — x*) C Mo(cx — x*) C Moria(x, ¢ —x),  (8)

which hold in light of the following identities:

c—x=((c—x)*+c*—x%)/Q20), )
2 —x*= (c—x)2+2(cx —xz), (10)
cx —x% = ((c—x)x(c—x)+x(c—x)x)/c, (11
X = ((cx — x2) + xz)/c. (12)

In the rest of this section, we investigate properties of the hierarchy {&, de(A)} as
well as some variations on it. We discuss convergence properties, asymptotically and
under flatness, and we give another formulation for the parameter gfde (A). Moreover,
as the inequality & psd (A) < cpsd-rankc(A) is typically strict, we present an approach
to strengthen the bounds in order to go beyond &," s (A). Then, we propose some
techniques to simplify the computation of the bounds, and we illustrate the behavior

of the bounds on some examples.

2.1 The Parameters 522“’ (A) and g:PSd (A)

In this section, we consider convergence properties of the hierarchy &’ de(-), both
asymptotically and under flatness. We also give equivalent reformulations of the lim-
iting parameters gé}igd (A) and &;° sd (A) in terms of C*-algebras with a tracial state,

which we will use in Sects. 2.3-2.4 to show properties of these parameters.

Proposition 1 Let A € CS". Fort € N U {oo} the optimum in £ (A) is attained,
and

lim £7(4) = 63 ().
t—00

Moreover, é(gng(A) is equal to the smallest scalar o > 0 for which there exists a
unital C*-algebra </ with tracial state T and (X1, ..., X,) € .@LQ{(SZde) such that
A=oa-(T(X;X))).
Proof The sequence (£, de(A)) ¢ 1s monotonically nondecreasing and upper bounded
by ESESd(A) < 00, which implies its limit exists and is at most égéJSd(A).

Elol:;ﬂ
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As EP9(4) < 62 (A), we may add the redundant constraint L(1) < £2°4(4) to
the problem g‘CPSd(A) forevery r € N. By (10), we have Tr(A) — ) ; xi2 € t//lz(SZPSd).
Hence, using the result of Lemma 13, the feasible region of f;‘lc psd (A) is compact, and
thus, it has an optimal solution L,. Again by Lemma 13, the sequence (L;) has a
pointwise converging subsequence with limit L € R(x)*. This pointwise limit L is
symmetric, tracial, satisfies (L(x;x;)) = A, and is nonnegative on .Z (S , °ps d) Hence,
L is feasible for &5 Cpscl(A) This implies that L is optimal for &5§ cpsd
lim, 00 &7 (A) = £2(A).

The reformulation of égng (A) in terms of C*-algebras with a tracial state follows
directly using Theorem 1. O

(A) and we have

Next, we give some equivalent reformulations for the parameter S*P (A), which
follow as a direct application of Theorem 2. In general, we do not know whether the
infimum in £5PY(A) is attained. However, as a direct application of Corollary 1, we
see that this infimum is attained if there is an integer ¢ € N for which échd(A) admits
a flat optimal solution.

Proposition2 Let A € CS'|. The parameter E:de(A) is given by the infimum of L(1)
taken over all conic combinations L of trace evaluations at elements in D/ (S CPSG‘l)

Sfor which A = (L(x;x})). The parameter E*p (A) is also equal to the infimum over
all @ > 0 for which there exist a finite dimensional C*-algebra <f with tracial state t

and (X1,...,X,) € @%(SCPS“) such that A = a - (T(X; X))
In addition, if &, cpsd (A) admits a flat optimal solution, then éCPSd(A) = Efde(A).
Next we show a formulation for E*p‘ (A) in terms of factorization by block-diagonal

matrices, which helps explain why the inequality £7**(A) < cpsd-rankc(A) is typ-
ically strict. Here | - || is the operator norm, so that || X|| = Amax(X) for X > 0.

Proposition 3 For A € CS'} we have

|X'"||2

te[n] ”

MeN,d,...,dy eN,

gy = 1nf{ Zd
X" e HY" fori € [n],m € [M],
A= Gram( 69%:1 X", EB,IZI_IX,’:’)}.
(13)

Note that using matrices from Si’” instead of Hi’” does not change the optimal value.

Proof The proof uses the formulation of EfPSd(A) in terms of conic combinations of
trace evaluations at matrix tuples in & (Sf‘pw) as given in Proposition 2. We first show
the inequality 8 < ECde (A), where § denotes the optimal value of the program in (13).

FoE'ﬂ
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For this, assume L € R({x)* is a conic combination of trace evaluations at elements
of @(SZPSd) such that A = (L(x;x;)). We will construct a feasible solution for (13)
with objective value L(1). The linear functional L can be written as

M
L= anLyn, where i, >0and Y" = (Y{",...,¥") € 2(ST*) form € [M].

m=1

Letd, denote the size of the matrices Yl’", .. ,sothat L(1) = Z Amdy,. Since
Y™ € @(SCPS ), we have ¥/ > O and A;; I — (Y’")2 > 0 by identities (10) and (12).
This implies || Y/"[|> < A;; for alli € [n]andm € [M]. Define X" = /A, Y. Then,
L(xixj) =, Tr(Xf”X’;’), so that the matrices @, X{", ..., ®, X, form a Gram
decomposition of A. This gives a feasible solution to (13) with value

M
Z d le[n] ;

IIX””II2 iy

< Zd hn = L(1),

u ”] ll

which shows 8 < L(1), and hence 8 < ECPSd(A).
For the other direction, we assume

A =Gram(@M_, X7, .. @M_ X"), X! ... X" eS™ form e [M].

Set Ay = max;ef, | X} %/ A;;, and define the linear form L by

L= ZAmLym, where Y" =X"/\/A,, forall m € [M].

m=1

We have L(1) = >, Andy and A = (L(x;x;)), and thus it suffices to show that
each matrix tuple Y™ belongs to Z(S Cde) For this we observe that A, A;; > || X lm ||2.

Therefore A, Aiil > (X™)?, and thus A;;1 > (Y/)?, which implies /A;;Y/" —
(Y/™)2 = 0. This shows scps‘i(A) <L) =Y, Andy.and thus £%(A) < B. O

We can say a bit more when the matrix A lies on an extreme ray of the cone CS,.
In the formulation from Proposition 3, it suffices to restrict the minimization over
factorizations of A involving only one block. However, we know very little about the
extreme rays of CS”, also in view of the recent result that the cone is not closed for

large n [22,73].

Proposition 4 If A lies on an extreme ray of the cone CS", then

12
o g f{d.maxnxln

ielnl Aj;

:deN,X],...,XneHi, A:Gram(X],...,Xn)}.

Moreover, ifEBM X @nﬁf 1
mal solution to (13) and some block X" has rank 1, then & CpSG‘(A) = cpsd-rankc (A).
Fol:’ﬂ
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Proof Let f8 bethe 1nﬁrnum in Proposition 4. The inequality &, cpsd (A) < Bfollowsfrom
the reformulation of S*P (A) in Proposition 3. To show the reverse inequality we con-
sider a solution @%ZIX’", oM X" to (13), and set A, = max; ||X;”||2/Al-,'. We

m=1

will show B < )" dyAm. For this deﬁne the matrices A,, = Gram(X7", --- , X7"),
so that A = Zm Ap. As A lies on an extreme ray of CS” , we must have A,, = o, A
for some «;;, > 0 with Zm o, = 1. Hence, since

A= Ap/oy = Gram(Xlln/\/ama Tty Xyr:l/\/am)7

we have 8 < dpy A /oy, forall m € [M]. It suffices now to use Zm o, = 1 to see that
ming, dpAm/0m < Y_,, dnim. S0 we have shown B < min,dmAm /cm < )Y, dudm.
This implies 8 < £P4(A), and thus equality holds.

Assume now that GBM X0, ... ean]‘leX,’l" is optimal to (13) and that there is a

block X" of rank 1. By Pr0p051ti0n 3 we have ) dphy = Cpsol(A) From the
argument just made above it follows that

cp%d(A) min, dpy Am /0ty = Z dmAm
m

As Z oy = 1 this implies dy, Ay, /oy, = ming,dy, Ay, /oy, for all m; that is, all terms
diAm [0y, take the same value éCps (A). By assumption, there exist some m € [M]and
i € [n] for which X" has rank 1. Then ||X’"||2 (X", X["), which gives A, = ap,
and thus & Cde(A) = d,;. On the other hand, cpsd-rankc(A) < d,, since (X l'."/ S%U)i

forms a Gram decomposition of A, so equality éfde(A) = d,, = cpsd-rankc(A)
holds. =

2.2 Additional Localizing Constraints to Improve on §:p5d (A)

In order to strengthen the bounds, we may require nonnegativity over a (truncated)
quadratic module generated by a larger set of localizing polynomials for A. The fol-

lowing lemma gives one such approach.

Lemmal Let A € CS|. Forv e R" and g, = v Av — (Z:‘l:l vixi)z, the set {gy} is
localizing for every Gram factorization by Hermitian positive semidefinite matrices
of A (in particular, {gy} is localizing for A).

Proof If X1, ..., X, is a Gram decomposition of A by Hermitian positive semidefinite
matrices, then

W Av = Tr ((gviX[)2> > Amax ((gvi&)z) :

hence vTAvl — (31 v X;)? > 0. .
Fol:"ﬂ
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Given a set V € R”, we consider the larger set
cpsd cpsd
Sy =S UlgyiveV)

of localizing polynomials for A. For t € N U {oo, *}, denote by ECp Sd(A) the param-
eter obtained by replacing in &, cpsd (A) the nonnegativity constraint on .#>; (S CpSGl) by

nonnegativity on the larger set .45, (S cpsd v )- We have S cpsd (A) = Cde(A) and

£P94) < gCP“'(A) < cpsd-rankc(A) forall V C R".

By scaling invariance, we can add the above constraints for all v € R” by setting
V to be the unit sphere S"!. Since S"~! is a compact metric space, there exists a
sequence Vi C V, C ... C S"=1 of finite subsets such that Uk>1 Vi is dense in sr1
Each of the parameters &, Cde(A) involves finitely many localizing constraints, and, as

we now show, they converge to the parameter £ N S,, L (A).

Proposition 5 Consider a matrix A € CS’.. Fort € {00, *}, we have

. cpsd __ ecpsd
kll)ngo g[’Vk (A) S Sn— I(A)

Proof Let ¢ > 0. Since Uk Vy is dense in S"~!, there is an integer k > 1 so that for
every u € "~ ! there exists a vector v € Vj satisfying

&Amin(A)

w—ol; < &Amin(A)
~ 4 /nmax; A;;

| |M—U||2_m

and | (14)

The above Propositions 1 and 2 have natural analogs for the programs E cpsd (A). These
show that for ¢ = oo (¢ = *) the parameter Et Vk (A) is the infimum over all « > 0 for
which there exist a (finite dimensional) unital C* -algebra .7 with tracial state T and
X € Dy (SCPS ) such that A = a - ((X; X))

Below we will show that X' = /1 —eX € P (S Cp;i ). This implies that the

linear form L € R(x)* defined by L(p) = a/(1—¢)7(p(X)) is feasible for chid 1 (A)
with objective value L(1) = «/(1 — ¢). This shows

d 1 d 1 d
£ () = T ET5(A) = .— lim £55(A).
Since ¢ > 0 was arbitrary, letting ¢ tend to 0 completes the proof.

We now show X' = /1 —eX € _@%(Sngi,l). For this consider the map

2

3

n
Ix: S SR, v H Zv,-X,
i=1

Fo C 'ﬂ
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where || - || denotes the C*-algebra norm of 7. For @ € R and a € &/ with a* = a,
we have a > |a| if and only if « —a > 0 in <7, or, equivalently, @®> — a* > 0 in <.
Since X € @ﬂ(SZ]?;i) we have vTAv — fx(v) > 0 forall v € Vi, and hence

v AY — fx(v) = v" Av (1 —(1- 8)%> >0 Av(1 = (1 — )

= ev' AV > eAmin(A).
Letu € S" ! and let v € V; be such that (14) holds. Using Cauchy-Schwarz we have

lu"Au — v AV = | — V)T A + v)| = (A, (u — v)(u + V)1
< VTr(A2) Y Tr(( + v)(u — v)T (U — v) U + v)7)

< VTr(AD)|lu — vll2llu + vl < 2V Tr(A)[lu — vll>

<2 TI'(A2) £Amin(A) _ 5)\min(A).

4,/Tr(A2) 2

Since /A X; — Xl.2 is positive in .7, we have that \/A;; — X; is positive in <7 by (9)
and (10), which implies || X;|| < /A;;. By the reverse triangle inequality, we then
have

@) — fe@l = || Y ux)| = | > vixi|
i=1 i=1

D i —upX;

i=1

n
< (Z |vi — ui|||X;||> 2/n max;/Aji

i=1

n n
(n S i) + | sz-x;u)
i=1 i=1

2\/ﬁmaxi\/ Aji

IA

< llu — v[[12¢/n max; A;;
Amin (A Amin (A
< EAmin(A) 2«/ﬁmaxiAii _ &Amin ( )
4ﬁmax,~A,-,- 2

Combining the above inequalities we obtain that u" Au— fx(u) > 0 forall S*~!, and
hence uT Au — (Y1, uinf)z is positive in <7. Thus, we have X’ € @%(Sngi,l). ]

We now discuss two examples where the bounds Sf’;d(A) go beyond Sfp sd (A).
Example 1 Consider the matrix
(1 12\ 10 1/21/2
A= (1/2 1 ) = Gram ((0 o) ’ (1/2 1/2))’ (13
EOE';W
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with cpsd-rank(A) = 2. We can also write A = Gram(Y7, Y>), where

| (100 . (100
vi=—[010]. v»=—(000
v2\000 v2\001

With X; = +/2 ¥; we have I — X2 > Ofori = 1, 2. Hence the linear form L = Lx /2
is feasible for &, cpsd (A), which shows that &, cpsd (A) < L(1) = 3/2. In fact, this form
L gives an optimal flat solution to SCPSd(A) as we can check using a semidefinite
programming solver, so & Cde(A) 3/2. In passing, we observe that &, cpsd (A) =4/3,
which coincides with the analytic lower bound (18) (see also Lemma 6 below).

Fore = (1,1) € R? and V = {e}, this form L is not feasible for g, Cde(A) because
for the polynomial p = 1 — 3x; — 3x; we have L(p*g.p) = —9/2 < 0. This means
that the localizing constraint L( p*gep) > 0isnot redundant: For ¢ > 2 it cuts off part
of the feasibility region of §Cps (A). Indeed, using a semidefinite programming solver,

we find an optimal flat solution of é‘ cpsd (A) with objective value (5 — V3 3)/2 ~ 1.633,
hence

£D0(A) = (5 - V3)/2 > 3/2 = & (A).
Example 2 Consider the symmetric circulant matrices

la00«

ala00
Ma)=|0ala0 for o eR.

00a 1«

00l

For 0 < o < 1/2, we have M(x) € CSi with cpsd-rankc (M (o)) < 5. To see this,
we set B = (1 ++/1 — 4a?)/2 and observe that the matrices

X; = Diag(v/Bei +1—Beiy) €S, i[5, (witheg:=e),

form a factorization of M (). As M (@) is supported by a cycle, we have M («) € C85+
if and only if M («) € CP [50]. Thus, M () € CSi_ ifand only if 0 < o < 1/2.

By using its formulation in Proposition 3, we can use the above factorization to
derive the inequality &, cpsd
ming solver, we see that

(M(1/2)) < 5/2. However, using a semidefinite program-

e (M (1/2)) =5,

where V is the set containing the vector (1, —1, 1, —1, 1) and its cyclic shifts. Hence,

the bound SCde(M(l/Z)) is tight: It certifies cpsd-rank¢(M(1/2)) = 5, while the
Fol:'ﬂ
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other known bounds, the rank bound +/rank(A) and the analytic bound (18), only give
cpsd-rank:(A) > 3.

We now observe that there exist 0 < ¢, § < 1/2 such that cpsd-ranks(M () = 5
forall o € [0, £] U8, 1/2]. Indeed, this follows from the fact that £ (M (0)) = 5

(by Lemma 6), the above result that écmd

of o — S;p;d(M (a)), which is shown in Lemma 7 below.

As the matrices M («) are nonsingular, the above factorization shows that their cp-
rank is equal to 5 for all @ € [0, 1/2]; whether they all have cpsd-rank equal to 5 is
not known.

(M(1/2)) = 5, and the lower semicontinuity

2.3 Boosting the Bounds

In this section, we propose some additional constraints that can be added to strengthen
the bounds “g‘Cpq (A) for finite 7. These constraints may shrink the feasibility region of
& Cpgd(A) for t € N, but they are redundant for t € {oo, x}. The latter is shown using

the reformulation of the parameters Eoo Vv (A) éCPSd(A) in terms of C*-algebras.
We first mention how to construct localizing constraints of “bilinear type”, inspired
by the work of Berta, Fawzi and Scholz [7]. Note that as for localizing constraints,

these bilinear constraints can be modeled as semidefinite constraints.

Lemma2 Let A € CS, t € NU{oo, *}, and let {g, g'} be localizing for A. If we add
the constraints

L(p*gpg') =0 for p e R(x) with deg(p*gpg’) <2t (16)

to ECde (A), then we still get a lower bound on cpsd-rankc(A). However, the con-
straints (16) are redundant for ECde (A) and SCPS (A) when g, g’ € ///(SCde)

Proof LetX € (Hi)” be a Gram decomposition of A, and let L = Lx be the real part
of the trace evaluation at X. Then, p(X)*g(X) p(X) > 0 and g’(X) > 0, and thus

L(p*gpg") = Re(Tr(p(X)"g(X) p(X)g'(X))) = 0.

So by adding the constraints (16) we still get a lower bound on cpsd-rankc (A).

To show that the constraints (16) are redundant for éCde(A) nd SCP“d(A) when
8.8 € M, pgd) we let t € {oo, %} and assume L is feasible for ECpgd(A) By
Theorem 1 there exist a unital C*-algebra .7 with tracial state 7 and X € 2(S cde)
such that L(p) = L(1)t(p(X)) for all p € R{x). Since g, g’ € ///(SCde) we know

that g(X), g’ (X) are positive elements in &7, so g(X) = a*a and g (X) = b*b for
some a, b € &/. Then, we have

L(p*gpg) = L() t(p*(X) g(X) p(X) g'(X))
= L() t(p*(X) a*a p(X) b*b)
FoE'ﬂ
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=L t((a pX)b)*a p(X)b*) = 0,

where we use that 7 is a positive tracial state on <7 O

Second, we show how to use zero entries in A and vectors in the kernel of A to
. cpsd
enforce new constraints on &y, (A).

Lemma3 Let A € CS andt € NU {oo, *}. If we add the constraint

L=0 on % ({Zvixi :vekerA}U{x,-xj:Aij:O}> a7
i=1

to “g‘ff{fd(A), then we still get a lower bound on cpsd-rankc (A). Moreover, these con-

straints are redundant for & gg SS (A) and é:p‘s,d(A).

Proof Let X € (Hi)” be a Gram factorization of A and let Lx be as in (5).
If Av = 0, then 0 = v'Av = Tr(X, viX)? and thus Y7, v;X; = 0.
Hence Lx((Z'I’Zl ViX;)p) = Re(Tr((Zl’»’=1 v; X;)p(X))) = 0. If A;; = 0, then
Tr(X;X;) = 0, which implies X; X; = 0, since X; and X ; are positive semidefinite.
Hence, Lx (x;x; p) = Re(Tr(X; X ; p(X))) = 0. Therefore, adding the constraints (17)
still lower bounds cpsd-rankc(A).

As in the proof of the previous lemma, if € {oco, *} and L is feasible for Sﬁ pVSd (A)
then, by Theorem 1, there exist a unital C*-algebra </ with tracial state 7 and X in

@(Sfff,d) such that L(p) = L(1)t(p(X)) for all p € R(x). Moreover, by Lemma 12,

we may assume T to be faithful. For a vector v in the kernel of A, we have 0 = v Av =
L vix)?) = LDt ((X; viXi)?), and hence, since 7 is faithful, Y} ; v; X; =
0 in 7. It follows that L(p(}_; vix;)) = L(1)t(p(X)0) = 0 for all p € R(x).
Analogously, if A;; = 0, then L(x;x;) = 0 implies 7(X; X ;) = 0 and thus X; X; =0,
since X;, X; are positive in &/ and t is faithful. This implies L(px;x;) = 0 for all
p € R(x). This shows that the constraints (17) are redundant. O

n

Note that the constraints L(p (}_;_; vix;)) = 0 for p € R(x);, which are implied
by (17), are in fact redundant: if v € ker(A), then the vector obtained by extending v

with zeros belongs to ker(M; (L)), since M;(L) > 0. Also, for an implementation of

tc de(A) with the additional constraints (17), it is more efficient to index the moment

matrices with a basis for R(x); modulo the ideal ﬂ,({zi vix; 1 v €ker(A)}U{x;x; :
Ajj = 0}).

2.4 Additional Properties of the Bounds

Here, we list some additional properties of the parameters gf psd (A) fort € NU{oo, *}.
First we state some properties for which the proofs are immediate and thus omitted.
Lemma 4 Suppose A € CS, andt € NU {oo, *}.
(1) If P is a permutation matrix, then Efde(A) = S,CPSd(PTAP).
Fol g
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(2) If B is a principal submatrix of A, then ECPSd(B) < SCde(A).
(3) If D is a positive definite diagonal matrix, then SCPSd(A) = thSd(DAD).

We also have the following direct sum property, where the equality follows using the
C*-algebra reformulations as given in Propositions 1 and 2.

Lemma5 If A € CS" and B € CS, then £ (A & B) < £™Y(A) + £7(B),
where equality holdsfort € {oo, *}.

Proof To prove the inequality, we take L 4 and L p feasible for &, cpsd (A) and &, Cde(B),
and construct a feasible L for écPSd(A ® B) by L(p(x,y)) = La(p(x,0)) +

Lp(p(0,y)).
Now we show equality for t = oo (+ = *). By Proposition 1 (Proposition 2),

Cp Sd(A @ B) is equal to the infimum over all « > 0 for which there exists a (finite

d1mens1onal) unital C*-algebra .7 with tracial state t and (X, Y) € QM(S?;;%) such
that A = o - (1(X;X;)), B = a - (t(¥;Y;)) and (v(X;Y;)) = 0. This implies X €
QQ{(SXPSd) andY € _@%(Sgps'd). Let P4 be the projection onto the space Y, Im(X;)
and define the linear form L4 € R(x)* by L4 (p) = « - 1(p(X) P,). It follows that

L 4 is nonnegative on .#Z (S, CPSd) and
La(xixj) =at(xixjPa) = at(xixj) = Ajj,

so L 4 is feasible for écPSd(A) with L4 (1) = at(P4). In the same way, we consider

the projection Pp onto the space Z Im(Y;) and define a feasible solution Lp for

CPSd(B) with Lp(1) = at(Pp). By Lemma 12 we may assume 7 to be faithful, so
that positivity of X; and Y; together with 7(X;Y;) = 0 implies X;Y; = 0 for all
i and j, and thus ), Im(Xi) L Zj Im(Y;). This implies I > P4 + Pp and thus
T(Ps + Pp) < t(1) = 1. We have

La(1)+Lp(l) =at(Ps) +at(Pp) <at(l) =a,

o) $Cp8d(A) + &Cde(B) < La(1l)+ Lp(1) < «, completing the proof. O

Note that the cpsd-rank of a matrix satisfies the same properties as those mentioned
in the above two lemmas, where the inequality in Lemma 5 is always an equality:
cpsd-rank-(A @ B) = cpsd-ranks(A) + cpsd-rankc(B) [38,62].

The following lemma shows that the first level of our hierarchy is at least as good

as the analytic lower bound (18) on the cpsd-rank derived in [62, Theorem 10].

Lemma 6 For any non-zero matrix A € CS'}, we have

R

%_cpsd(A)
Zz JJj= lAlJ

(18)

FoE'ﬂ
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Proof Let L be feasible for SCPS (A). Since L is nonnegative on ., (S CpsGl) it fol-
lows that L(/A;ix; — x2) > 0, implying /A;;L(x;) > L(x2) = A;; and thus
L(x;) > +/A;;. Moreover, the matrix M1 (L) is positive semidefinite. By taking the
Schur complement with respect to its upper left corner (indexed by 1), it follows that
the matrix L(1) - A — (L(x;)L(x;)) is positive semidefinite. Hence, the sum of its
entries is nonnegative, which gives L(1)(}_; ; Aij) = (3 Lxi)? > O VAi)?
and shows the desired inequality. O

As an application of Lemma 6, the first bound élc psd is exact for the & x k identity
matrix: $1C psd (Ix) = cpsd-rankc (Ix) = k. Moreover, by combining this with Lemma 4,
it follows that &; cpsd (A) > kif A contains a diagonal positive definite k x k principal
submatrix. A slightly more involved example is given by the 5 x 5 circulant matrix A
whose entries are given by A;; = cos((i — A /5)% (i, j € [5]); this matrix was used
in [25] to show a separation between the completely positive semidefinite cone and
the completely positive cone, and it was shown that cpsd-rank:(A) = 2. The analytic
lower bound of [62] also evaluates to 2, hence Lemma 6 shows that our bound is tight
on this example.

We now examine further analytic properties of the parameters £, de(~). For each
r € N, the set of matrices A € CS'} with cpsd-rankc(A) < r is closed, which shows

that the function A — cpsd-rank¢(A) is lower semicontinuous. We now show that

cpsd

the functions A — &,7 (A) have the same property. The other bounds defined in this

paper are also lower semicontinuous, with a similar proof.

Lemma7 Foreveryt € NU {oo} and V C R”, the function
" — RU {00}, A > £5(4)

is lower semicontinuous.

Proof 1t suffices to show the result for r € N, because Sggsg (A) = sup, ECde(A) and
the pointwise supremum of lower semicontinuous functions is lower semicontinuous.

We show that the level sets {A € S" : &y cpsd (A) < r} are closed. For this, we consider
a sequence (Ag)ren in 8" converging to A € S" such that &, CpSCl(Ak) < r for all k.
We show that SCPSd(A) <r.Let Ly € R(x)}, be an optimal solution to ECde(A ). As

Li(1) < r for all k, it follows from Lemma 13 that there is a p01ntw1se converging
subsequence of (Ly)y, still denoted (L) for simplicity, that has a limit L € R(x)3,

with L(1) < r. To complete the proof we show that L is feasible for &, cpsd (A). By the
pointwise convergence of L to L, forevery ¢ > 0, p € R(x),andi € [n] there exists
a K € N such that for all kK > K we have

I3
L(p*x;p) — Ly(p*x; <min{l, — 1}, L(p*x%p) — Li(p*x2p)| < &,
[IL(p™xip) k(P xip)] { m} IL(p™x; p) k(P xi p)l

|\/ Aii AY (Ak)ll|

Fo C 'ﬂ
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Hence, we have
L(p*(JAiixi = xD)p) = v/ A (L(p*xip) — Li(p*xip) + Lk(P*xil))>

- (L(p*xizp) — Le(p*xPp) + Lk(p*xizp)>

> —2¢ +/Aji Li(p*xip) — Le(p*x?p)
> 3¢ + /(Apii Le(p*xip) — Li(p*x? p)

= 3¢+ Ly(p*(V(Apii xi — x7)p) = —3e,

where in the second inequality we use that 0 < Ly (p*x; p) < L(p*x;p) + 1. Letting
e — 0 gives L(p*(v/Ajix; —x?)p) > 0.
Similarly, one can show L(p*(v"Av — Qo vix))>)p) = 0forv eV, peRx).
O

If we restrict to completely positive semidefinite matrices with an all-ones diagonal,
that is, to CS"} NE,;, we can show an even stronger property. Here, E,, is the elliptope,

which is the set of n x n positive semidefinite matrices with an all-ones diagonal.
Lemma 8 For everyt € N U {00}, the function
CS™ NE, - R, A £P(A)

is convex, and hence continuous on the interior of its domain.

Proof Let A,B € CS', NE, and 0 < A < 1. Let Ly and Lp be optimal solu-
tions for é,c pscl(A) and SthSd(B). Since the diagonals of A and B are the same, we
have Sf‘de = S;de. So the linear functional L = AL + (1 — A)Lp is feasible for

P A+ (1 — 1)B), hence £ (WA + (1 — 2)B) < ALA(1) + (1 — M) Lp(1) =
2P A) + (1= ET(B). o

Example 3 In this example, we show that for r > 1, the function

CS" — R, A £P(A)

is not continuous. For this, we consider the matrices
1/k 0 )
AL =
k ( 0 1 e CS T

with cpsd-rankc(Ax) = 2 for all k > 1. As Ay is diagonal positive definite, we have

Py =2 forall #, k > 1, while £ (limy_ oo Ax) = 1. This argument extends

to CS'} withn > 2. This example also shows that the first level of the hierarchy & IC psd )

can be strictly better than the analytic lower bound (18) of [62].

Example 4 In this example, we determine &, P Ay forallr > 1and A € CS2.In view
of Lemma 4(3), we only need to find £ (A (a)) for0 < & < 1, where A(ar) = (1 ¢).
FoC Tl
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TMﬁmﬂmmdﬁm%Am»maWMmﬂwmmWEMmmzma+1nmm(wx
where the equality follows from the fact that L given by L(x;x;) = A(a);j, L(x1) =

zug:umun:wm+nmmmmmﬁmmm»
For ¢t > 2, we show SICde(A(a)) = 2 — «. By the above, this is true for « = 0 and
a = 1, and in Example 1 we show éfde(A(l/Z)) = 3/2 for t > 2. The claim then

follows since the function a +— E,C pSCl(A(oz)) is convex by Lemma 8.

3 Lower Bounds on the Completely Positive Rank

The best current approach for lower bounding the completely positive rank of a matrix
is due to Fawzi and Parrilo [27]. Their approach relies on the atomicity of the com-
pletely positive rank, that is, the fact that cp-rank(A) = r if and only if A has an
atomic decomposition A = Y ;_; vxv] for nonnegative vectors vk. In other words,
if cp-rank(A) = r, then A/r can be written as a convex combination of » rank one
positive semidefinite matrices vy v,I that satisfy 0 < v v,I < A and vkv,I < A. Based
on this observation, Fawzi and Parrilo define the parameter

ng=mmh:aﬂlAEa@mﬂReSWOfRfA,RjAJwMRhg”,

as lower bound for cp-rank(A). They also define the semidefinite programming param-
eter

39 (A) = min{oz v eR, Xe S"Z,

cp
a  vec(A)T -0
vec(A) X -7

X j.j) < Aj for 1<i,j<n,
X, jp.weh =Xan,kjy for 1<i<k=<n 1=<j<l<n,
X <A®A},

as an efficiently computable relaxation of 7.,(A), and they show rank(A) < rCSSS(A).
Therefore, we have

rank(A) < rSSS(A) < 7p(A) < cp-rank(A).

Instead of the atomic point of view, here we take the matrix factorization perspec-
tive, which allows us to obtain bounds by adapting the techniques from Sect. 2 to the
commutative setting. Indeed, we may view a factorization A = (al.Ta ;) by nonneg-
ative vectors as a factorization by diagonal (and thus pairwise commuting) positive
semidefinite matrices.

Before presenting the details of our hierarchy of lower bounds, we mention some of
our results in order to make the link to the parameters 755°(A) and 7cp(A). The direct

cp

analog of {S,C psd (A)} in the commutative setting leads to a hierarchy that does not
FoC'T
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converge to 7cp(A), but we provide two approaches to strengthen it that do converge
to 7¢p(A). The first approach is based on a generalization of the tensor constraints
in rcsgs(A). We also provide a computationally more efficient version of these tensor
constraints, leading to a hierarchy whose second level is at least as good as rCSSS(A)
while being defined by a smaller semidefinite program. The second approach relies
on adding localizing constraints for vectors in the unit sphere as in Sect. 2.2.

The following hierarchy is a commutative analog of the hierarchy from Sect. 2,
where we may now add the localizing polynomials A;; — x;x; for the pairs 1 <
i < j < n, which was not possible in the noncommutative setting of the completely

positive semidefinite rank. Foreacht € NU{oo}, we consider the semidefinite program

P(A) =min{L(1) : L € R[xy, ..., x,03,
L(xixj) = A;; for i,je[n],
L>0 on j/z,(SZp)},

where we set

Szpz { Ajixi —xiZ:i € [n]}U{A,'j —xixj:1<i<j En}.
We additionally define ‘;“fp(A) by adding the constraint rank (M (L)) < oo to Egg (A).
We also consider the strengthening E; P;(A), where we add to &7 (A) the positivity
constraints

L(gu) >0 for ge{1}USL and u € [X]or—deg(o) (19)

and the tensor constraints
(L((ww/)c))w,w/em:[ =< A% for all integers 2 <[ <t, (20)

which generalize the case / = 2 used in the relaxation zggS(A). Here, for a word
w € (x), we denote by w¢ the corresponding (commutative) monomial in [x]. The
tensor constraints (20) involve matrices indexed by the noncommutative words of
length exactly /. In Sect. 3.4, we show a more economical way to rewrite these con-
straints as (L(mm’)), mepx), =< 0;A® QT thus involving smaller matrices indexed
by commutative words of degree /.

Note that, as before, we can strengthen the bounds by adding other localizing
polynomials to the set S;P . In particular, we can follow the approach of Sect. 2.2.
Another possibility is to add localizing constraints specific to the commutative setting:
we can add each monomial u € [x] to SZP (see Sect. 3.5.2 for an example).

The bounds :Stc P(A) and Stc l‘)l' (A) are monotonically nondecreasing in ¢, and they
are invariant under simultaneéusly permuting the rows and columns of A and under
scaling a row and column of A by a positive number. In Propositions 6 and 7, we show

T (A) < EP(A) < tep(A) for 122,
and in Proposition 10, we show the equality 5:’%( A) = 1p(A).

FolCT
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3.1 Comparison to 1‘°‘(A)

We first show that the semidefinite programs defining Stc’ I])L (A) are valid relaxations for

the completely positive rank. More precisely, we show that they lower bound ¢, (A).
Proposition 6 For A € CP" andt € NU {oc, %}, we have £ (A) < 7¢p(A).

Proof 1t suffices to show the inequality for # = . For this, consider a decomposition
A=oa Y MR, wherea > 1,4 >0,> Ak =1,0< Ry <A, Ry < A, and
rank Ry = 1. There are nonnegative vectors vi such that Ry = vy v,I. Define the linear
map L € R[x]* by L = a ) ;_, AxLy,, where Ly, is the evaluation at vy mapping
any polynomial p € R[x] to p(vg).

The equality (L(x;x;)) = A follows from the identity A = & Y ;_; A Ri. The
constraints L((v/A;;x; — x?)p?) > 0 follow because

Ly (VAiixi —xP)p?) = (VAii(v)i — )P pug)? >0,

where we use that (vg); > 0 and (vk)l? = (Ry)ii < A;; implies (vk)i2 < (vr)iv/Aii.
The constraints L((A;; — xixj)pz) > 0 and

L(gu) >0 for ge{1}USL and u € [x]

follow in a similar way.

It remains to be shown that X; < < A® forall /, where we set X; = (L(uv)u,vex)
Note that X = A. We adapt the argument used in [27] to show X; < A®! using
induction on / > 2. Suppose A®U=D X;—1. Combining A — Ry > Oand Ry > 0
gives (A — Ry) ® R,;@(lfl) > 0 and thus A ® R,?(lfl) > R,?l for each k. Scale by
factor A and sum over k to get

A® X1 =Y an ARV = > anrY =X,
k k

Finally, combining with A®U=D _ /—1 = 0and A > 0, we obtain
A® = AR A%TD X N+ ARX 1 = AR X = X).
[m}

Now we show that the new parameter EZCPT (A) is at least as good as Tt SOS(A) Later

in Sect. 3.5.1, we will give an example where the inequality is strict.

Proposition7 For A € CP" we have t3*(A) < E +(A).

Proof Let L be feasible for EZPT (A). We will construct a feasible solution to the program

defining T, SOS(A) with objective value L(1), which implies ‘L'SOS(A) < L(1) and thus
Fol:'ﬂ
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2

the desired inequality. For this set @ = L(1) and define the symmetric n> x n? matrix

X by X jy,«k1 = L(xjxjxgx;) fori, j, k,[ € [n]. Then, the matrix

. o vec(A)T
M= (VCC(A) X )

is positive semidefinite. This follows because M is obtained from the principal sub-
matrix of M>(L) indexed by the monomials 1 and x;x; (1 <i < j < n) where the
rows/columns indexed by x;x; with 1 <i < j < n are duplicates of the rows/columns
indexed by x;x;.

We have L((A;; — x;x;)x;x;) > O forall i, j: For i # j this follows using the
constraint L((A;; —x;x;)u) > 0 withu = x;x; (from (19)), and for i = j this follows
from

LA = x)ad) = L (VA = 30)? +2/Aixi = xD)) 2 0,

which holds because of (10), the constraint L(pz) > 0 for deg(p) < 2, and the con-
straint L(v/A;ix; — xl2) > 0. Using L(x,'x]') = Aij, we get X(i,j),(i,j) = L(x?sz-) <
A%/. We also have X jy k., = L(xjxjxix;) = L(xjxixpx;) = X 1, k,j)» and the
constraint (L(uv))y. vex)_, < A®? implies X < A ® A. O

3.2 Convergence of the Basic Hierarchy

We first summarize convergence properties of the hierarchy & (A). Note that unlike
in Sect. 2 where we can only claim the inequality Sgng(A) < é,fde(A), here we can
show the equality &'gg (A) = %‘fp(A). This is because we can use Theorem 7, which
permits to represent certain truncated linear functionals by finite atomic measures.

Proposition8 Let A € CP". For everyt € N U {00, x} the optimum in é,Cp(A) is
attained, and E,CP(A) — Egg(A) = Eip(A) ast — oo. IfS,Cp(A) admits a flat optimal
solution, then gf"(A) = £L(A). Moreover, ££(A) = &£ (A) is the minimum value
of L(1) taken over all conic combinations L of evaluations at elements of D(Sf‘p)
satisfying A = (L(x;x;)).

Proof We may assume A # 0. Since /A;;x; — x> € S3¥ for all i, using (10) we
obtain that Tr(A) — > _; xiz € ///2(S§p). By adapting the proof of Proposition 1 to the
commutative setting, we see that the optimum in é,c P(A) is attained for € N U {0},
and &P (A) — &L (A) ast — oo.

We now show the inequality Sfp (A) < Egg (A), which implies that equality holds.
For this, let L be optimal for Sgg (A). By Theorem 7, the restriction of L to R[x],
extends to a conic combination of evaluations at points in D(Sjp). It follows that
this extension is feasible for &5 (A) with the same objective value. This shows that
£P(A) < £L(A), that the optimum in £P(A) is attained, and that &"(A) is the
minimum of L (1) over all conic combinations L of evaluations at elements of D(S;p)
such that A = (L(x;x;)). Finally, by Theorem 6, we have & (A) = £55(A) if & (A)
admits a flat optimal solution. O
FoC T
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Next, we give a reformulation for the parameter E,fp(A), which is similar to the for-
mulation of 7., (A), although it lacks the constraint R < A which is present in 7¢p(A).

Proposition 9 We have
P(A) = min[a >0, Aca-conv{ReS":0<R <A, rank(R) < 1}].

Proof This follows directly from the reformulation of Sf P(A)in Proposition 8 in terms
of conic evaluations at points in D(S;P) after observing that, for v € R”, we have
v e D(S;P) if and only if the matrix R = vu! satisfies 0 < R < A. O

3.3 Additional Constraints and Convergence to 7., (A)

The reformulation of the parameter éf P(A)in Proposition 9 differs from 7, (A) in that
the constraint R < A is missing. In order to have a hierarchy converging to 7., (A), we
need to add constraints to enforce that L can be decomposed as a conic combination
of evaluation maps at nonnegative vectors v satisfying vv? < A. Here, we present
two ways to achieve this goal. First, we show that the tensor constraints (20) suffice in
the sense that SST(A) = 7¢p(A) (note that the constraints (19) are not needed for this
result). However, because of the special form of the tensor constraints we do not know
whether Sﬁ Pk (A) admitting a flat optimal solution implies %‘ﬁ ? (A) = E:’pT(A), and we
do not know whether Sg,T(A) = S:?T(A). Second, we adapt the approach of adding
additional localizing constraints from Sect. 2.2 to the commutative setting, where we
do show Sgg a1 (A) = S:ps,,, 1 (A) = 7p(A). This yields a doubly indexed sequence
of semidefinite programs whose optimal values converge to cp(A).

Proposition 10 Let A € CP". For every t € N U {oo}, the optimum in é}tcffr(A) is
attained. We have S;ﬁ (A) — §§§)T(A) ast — oo and E:ﬂ (A) = 1ep(A).

Proof The attainment of the optima in S; g (A) fort € NU{oo} and the convergence of

étc’ p? (A) to §g§j (A) can be shown in the same way as the analog statements for f;‘,Cp (A)
in Proposition 8.

We have seen the inequality E:?T(A) < 7cp(A) in Proposition 6. Now we show the
reverse inequality. Let L be feasible for S:’pT (A). We will show that L is feasible for
Tep(A), which implies 7¢p(A) < L(1) and thus cp(A) < £ (A).

By Proposition 7 and the fact that rank(A) < 73%%(A), we have L(1) > 0 (where

cp
we assume A # 0). By Theorem 5, we may write

K
L=L(1)Y MLy,
k=1

where Ay > 0, ), Ax = 1, and L, is an evaluation map at a point vy € D(Szp). We

define the matrices Ry = vkvz, sothat A = L(1) Zf: | Ri. The matrices Ry satisfy

0 < R; < Asincevy € D(Sf‘p). Clearly also Ry > 0. It remains to show that R, < A.
FoC T
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For this we use the tensor constraints (20). Using that L is a conic combination of
evaluation maps, we may rewrite these constraints as

K
L(1) Zka,;@ < A%
k=1

from which it follows that L(I)Ale?[ < A® for all k € [K]. Therefore, for all
k € [K] and all vectors v with vT Ryv > 0, we have

vTAv !
LA < < TR ) forall [ e N. 21
v'Ryv

Suppose there is a k such that Ry A A. Then there exists a v such that v Rpv > v Av.
As (VTAV) /(W Ryv) < 1, letting / tend to co we obtain L(1)A; = 0, reaching a
contradiction. It follows that R, < A forall k € [K]. O

The second approach for reaching 7.p(A) is based on using the extra localizing
constraints from Sect. 2.2. For a subset V C S"~!, define Si I;,(A) by replacing the

truncated quadratic module ///2,(51?) in Stc P(A) by ///2,(521? v)» where

" 2
Sj?szf‘pU!vTAv—(Zvixi) :veV}.
i=1

Proposition 5 can be adapted to the completely positive setting, so that we have a
sequence of finite subsets Vi C Va2 € ... € 8" with £, (4) — £7, (A) as
k — oo. Proposition 8 still holds when adding extra localizing constraints, so that for
any k > 1 we have

. cp _ «Cp
lim &5, (A) =&y, (A).
Combined with Proposition 11, this shows that we have a doubly indexed sequence
Ei P{,k (A) of semidefinite programs that converges to 7¢p(A) as t — oo and k — oo.
Proposition 11 For A € CP" we have g:f’gn,l (A) = 1p(A).

Proof The proof is the same as the proof of Proposition 9, with the following additional
observation: Given a vector # € R", we have u € D(SZp gn-1) only if uu' < A. The
latter follows from the additional localizing constraints: for each v € R” we have

2
T T T
O§vAv—<Zv,-ui) =v (A—uu)v. O
' FeCT
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3.4 More Efficient Tensor Constraints

Here, we show that for any integer/ > 2 the constraint A® — (L((ww’ YN w,w'ex) =
0, used in the definition of éﬁ 13F(A), can be reformulated in a more economical way
using matrices indexed by commutative monomials in [x]—; instead of noncommu-
tative words in (x)—;. For this we exploit the symmetry in the matrices A®! and
(L((ww"))ywex., for L € R[x x]3;- Recall that for a word w € (x), we let w°
denote the correspondmg (commutative) monomial in [x].

Define the matrix Q; € R¥=1*X= py

1/d,, if w®=m,
(O = | /w5 =m 22)

0 otherwise,

an

where, form = xf” € [x]—=;, we define the multinomial coefficient

1!
dy = [{w € Xz 1w =m}| = ———. (23)

Lemma9 For L € R[x]3, we have

QI(L((ww ) ))w w’e(x [Ql (L(mm/))m,nz/e[x]=1'

Proof For m, m’' € [x];, the (m, m’)-entry of the left hand side is equal to

Z O Qe Ly = 3 3 B0 g,

w,w' el we@o vy Imin
wC=m (w)C=m’
m}
The symmetric group §; acts on (X)—; by (x;, ---x;,)° = Xigqy ** Xigq) foro € §;.
Let 1
=52 P (24)
ogEeSs;
where, for any o € S;, P, € RX=/*X)= i5 the permutation matrix defined by

1 ifw® =w,
P /=
(Po)w,w 0 otherwise.
A matrix M € R®=>X= i said to be Sj-invariant if P°M = M P° forallo € S;.

Lemma 10 If M € R =l is symmetric and S;-invariant, then

M>0 < QMQ]>0.

Fo C 'ﬂ
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Proof The implication M = 0 — O;M QlT > 0 is immediate. For the other implica-
tion, we need a preliminary fact. Consider the diagonal matrix D € RXI=x[Xl=t with
Dy = dy, for m € [x]—;. We claim that QITD Q; = P, the matrix in (24). Indeed,
for any w, w’ € (x)—;, we have

1/d, ifw® = W) =m,

0 otherwise

(QIDODww = Y (QDmuw(QDmuw Dim = {
me[x]—o;
_ Ho € 8 :w? =w'}| — P

I

Suppose O;M Q}- > 0, and let A be an eigenvalue of M with eigenvector z. Since
MP = PM, we may assume Pz = z, for otherwise we can replace z by Pz, which is
still an eigenvector of M with eigenvalue A. We may also assume z to be a unit vector.
Then, A > 0 can be shown using the identity QITD Q; = P as follows:

A=2"Mz=7'"PMPz=7"(Q]DO)M(Q;DQO)z = (DQi2)" (QiMQ])DQ;z > 0.
O

We can now derive our symmetry reduction result:

Proposition 12 For L € R[x]3, we have
A® — (L(ww) Nwwep, =0 < QA Q] — (Lenm" )y mwe, = 0.

Proof For any w, w’ € (x)—;, we have (PUA®I PJ)w’w/ = A%é Wy = A%lw, and

(P (L(ut YN w ey Poww = LI (w)?)) = L((ww)*).

This shows that the matrix A®' — (L((ww’)"’))w,w/ax):, is S;-invariant. Hence, the
claimed result follows by using Lemmas 9 and 10. O

3.5 Computational Examples
3.5.1 Bipartite Matrices

Consider the (p 4+ q) x (p + ¢g) matrices

a+q)I, J )
P(a,b) = P cpd , a,beRy,
@b < Jo.p O+ Py ¢ -

where J;, ; denotes the all-ones matrix of size p x q. We have P(a, b) = P(0,0) +

D for some nonnegative diagonal matrix D. As can be easily verified, P (0, 0) is

completely positive with cp-rank(P (0, 0)) = pq, so P(a, b) is completely positive
with pg < cp-rank(P(a, b)) < pg+p+q.

EOE';W
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For p = 2 and ¢ = 3, we have cp-rank(P(a, b)) = 6 for all a, b > 0, which
follows from the fact that 5 x 5 completely positive matrices with at least one zero
entry have cp-rank at most 6; see [6, Theorem 3.12]. Fawzi and Parrilo [27] show that

‘L’CSSS(P(O, 0)) = 6, and give a subregion of [0, 1]*> where 5 < TSSS(P(Q, b)) < 6.

The next lemma shows the bound E;pT (P(a, b)) is tight for all a, b > 0 and therefore

strictly improves on 7¢p* in this region.

Lemma 11 Fora,b > 0 we have &".(P(a, b)) > pq.

Proof Let L be feasible for &, (P(a, b)) and let

T
7= (2%)
be the principal submatrix of M (L) where the rows and columns are indexed by
BUfxix;:1<i<p, p+1=<jep+qgl
It follows that c is the all-ones vector ¢ = 1. Moreover, if P(a, b);;j = 0 for some
i # j, then the constraints L(x;x;u) > 0 and L((P(a, b);; — xix;)u) > 0 imply

L(x;xju) = 0 for all u € [x],. Hence, Xx,.xj,xkxl = L(xjxjx;x;) = 0 whenever
x;xj # xix;. It follows that X is a diagonal matrix. We write

B=(% IT
~ \1 Diag(z1,....2pg) )

Since 1 -1 > 0 we have
-1 J )=

o 17 1 —17 P4
0<Tr <<1 Diag(m,...,zpq)> <_1 J )) =o—2pg+ sz.

k=1

Finally, by the constraints L((P(a, b);j —x;x;j)u) > 0 (withi € [p], j € p+I[q] and
u = x;xj) and L(x;x;) = P(a, b);; we obtain z; < 1 for all k € [pg]. Combined
with the above inequality, it follows that

rq
L()=a>2pg—Y 2 > pq.
k=1
and hence &,".(P(a, b)) = pq. .

FoC'T
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Table 1 Examples from [10] with various bounds on their cp-rank

Bxample cprank() %] rank()  £P() &P0) &R0 ERO+xmy &R

My 14 12 7 2.64 421 721 9.75 10.50
My 14 12 7 2.58 4.66 843 9.53 10.50
Mg 18 16 8 3.23 545 874 10.41 13.82
Mg 26 20 9 3.39 571 11.60 13.74 17.74
My 32 30 11 4.32 7.46 20.76 21.84 -

3.5.2 Examples Related to the DJL-Conjecture

The Drew—Johnson—-Loewy conjecture [21] states that the maximal cp-rank of an
n x n completely positive matrix is equal to [n2/4]. Recently, this conjecture has
been disproven forn =7, 8,9, 10, 11 in [10] and for all n > 12 in [11] (interestingly,
it remains open for n = 6). Here, we study our bounds on the examples of [10].
Although our bounds are not tight for the cp-rank, they are non-trivial and as such
may be of interest for future comparisons. For numerical stability reasons, we have
evaluated our bounds on scaled versions of the matrices from [10] so that the diagonal
entries become equal to 1. In Table 1 the matrices M7, Mg and M9 correspond to the
matrices M in Examples 1-3 of [10], and M7, My correspond to the matrices M in
Examples 1 and 4. The column ézcﬂ(-) + x;x; corresponds to the bound SZC% (-) where

we replace Szp by S;p Ufxixj:1<i<j<n}

4 Lower Bounds on the Nonnegative Rank

In this section, we adapt the techniques for the cp-rank from Sect. 3 to the asymmetric
setting of the nonnegative rank. We now view a factorization A = (a/b;)icm], jein]
by nonnegative vectors as a factorization by positive semidefinite diagonal matrices,
by writing A;; = Tr(X; X,,+;), with X; = Diag(a;) and X,,,; = Diag(b;). Note
that we can view this as a “partial matrix” setting, where for the symmetric matrix
(Tr(X; Xk))i kem+n) of size m + n, only the off-diagonal entries at the positions
(i,m+ j) fori € [m], j € [n] are specified.

This asymmetry requires rescaling the factors in order to get upper bounds on their
maximal eigenvalues, which is needed to ensure the Archimedean property for the
selected localizing polynomials. For this we use the well-known fact that for any
A € R there exists a factorization A = (Tr(X; X,u+;)) by diagonal nonnegative
matrices of size ranky (A), such that

Amax (Xi), Amax (Xm4j) < VAmax forall i€ [m],j € [n],

where Apax := max; jA;;. To see this, observe that for any rank one matrix R = uv’

with0 < R < A, one may assume 0 < u;, v; < +/Amax forall i, j. Hence, the set
FoE'ﬂ
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ST = {VAmaxxi —x7 1i € m+nl} U{A;j — Xixpy) i € [m], j € [n]}

is localizing for A; that is, there exists a minimal factorization X of A withX € & (SX).

Given A € RZ ", for each r € N U {oo} we consider the semidefinite program

£7(A) =min{L(1) : L € R[x1, ..., Xmsnld,,
L(xixm4j) = Ajj for i €[m],j € [n],
L>0 on (S}
Moreover, define &7 (A) by adding the constraint rank(M (L)) < oo to the program
defining £ (A). Tt is easy to check that £ (A) < £X(A) < £} (A) < rank, (A) for
teN.
Denote by étTT(A) the strengthening of & (A) where we add the positivity con-

straints
L(gu) >0 for ge{l1}U S;\" and u € [X]o/—deg(g)- (25)

Note that these extra constraints can help for finite ¢, but are redundant for ¢ € {oo, *}.

4.1 Comparison to Other Bounds

As in the previous section, we compare our bounds to the bounds by Fawzi and
Parrilo [27]. They introduce the following parameter 7+ (A) as analog of the bound
7cp(A) for the nonnegative rank:

7. (A) = min{a ta>0, A€ a~conv{R eR™":0 <R <A, rank(R) < 1}},

and the analog 73°°(A) of the bound rcsgs

3%(A) = inf{a : X e R o e R,

a  vec(A)T
<vec(A) X ):0,

Xy <Ay for 1<i<m1<j=<n,

(A) for the nonnegative rank:

X, p, ) = Xa,n,k,j) for 1<i<k<m,1<j<Il< n}

First, we give the analog of Proposition 8, whose proof we omit since it is very
similar.
Proposition 13 Let A € R}*". For every t € N U {oo, *} the optimum in & (A) is
attained, and & (A) — £L(A) = £} (A) ast — oo. If & (A) admits a flat optimal
solution, then E;" (A) = S:'(A). Moreover, S;‘O'Z(A) = 5:(A) is the minimum of L(1)
over all conic combinations L of trace evaluations at elements of D(Sj{) satisfying
A = (L(xiXpm+j)).

Now we observe that the parameters Eo'g (A) and Ej (A) coincide with 74 (A), so

that we have a sequence of semidefinite programs converging to 74 (A).
FoC'T
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Proposition 14 For any A € RZ", we have £ (A) = £ (A) = 14 (A).

>0

Proof The discussion at the beginning of Sect. 4 shows that for any rank one matrix
R satisfying 0 < R < A we may assume that R = uv' with (1, v) € R% x R and
Ui, vj < «/Amax fori € [m], j € [n]. Hence, 7, (A) can be written as:

m n
min{a >0, Aca - conv{uvT: u e [0, Amax] ,U € [0, \/Amax] , uv'’ < A}}

= min{oe >0, Aca- conv{uvT s (u,v) € D(S:{)}}.

The equality £ (A) = £ (A) = 14 (A) now follows from the reformulation of & (A)
in Proposition 13 in terms of conic evaluations, after noting that for (x, v) in R” x R”
we have (u, v) € D(SX) if and only if the matrix R = uv' satisfies0 < R < A. O

Analogously to the case of the completely positive rank, we have the following
proposition. The proof is similar to that of Proposition 4.2, considering now for M the
principal submatrix of M>(L) indexed by the monomials 1 and x;x,,; fori € [m]

and j € [n].

Proposition 15 If A is a nonnegative matrix, then 524: +(A) = Ti%(A).

In the remainder of this section, we recall how 7 (A) and riOS(A) compare to other

bounds in the literature. These bounds can be divided into two categories: combina-
torial lower bounds and norm-based lower bounds. The following diagram from [27]
summarizes how 73°°(A) and 7 (A) relate to the combinatorial lower bounds

I%(A) < 4+ (A) < rank (A)
VI \2 Vi
fool(A) = @(RG(A)) < ¥ (RG(A)) < xirac(RG(A)) < x (RG(A)) = rankg(A).

A

Here RG(A) is the rectangular graph, with V.= {(i, j) € [m] x [n] : A;; > 0} as
vertex set and E = {((i, j), (k, 1)) : AjjAx; = 0} as edge set. The coloring number
of RG(A) coincides with the well-known rectangle covering number (also denoted
rank g (A)), which was used, e.g., in [29] to show that the extension complexity of the
correlation polytope is exponential. The clique number of RG(A) is also known as
the fooling set number (see, e.g., [28]). Observe that the above combinatorial lower
bounds only depend on the sparsity pattern of the matrix A, and that they are all equal
to one for a strictly positive matrix.

Fawzi and Parrilo [27] have furthermore shown that the bound 7.4 (A) is at least as
good as norm-based lower bounds:

4+ (A) = sup Y
" ./ monotone and N (A) ’

positively homogeneous

Here, a function 4" : R} ™" — R is positively homogeneous if N (LA) = 1.4 (A)
for all A > 0 and monotone if N (A) < A (B) for A < B, and 4/*(A) is defined as
FeCT
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N *(A) = max{L(A) : L : R™" — R linear and L(X) < 1 forall X € R}'*"
with rank(X) < 1 and A4 (X) < 1}.

These bounds are called norm-based since norms often provide valid functions .4".
For example, when .4 is the £s.-norm, Rothvol} [66] used the corresponding lower
bound to show that the matching polytope has exponential extension complexity.

When .4 is the Frobenius norm: .4 (A) = (Zi,j Al.2j)1/2, the parameter .4 *(A)
is known as the nonnegative nuclear norm. In [26] it is denoted by v4(A), shown to
satisfy ranky (A) > (v (A)/]|A]| #)?2, and reformulated as

vip(A) =min{ Y ni A=Y hwv] Qi o) € RY gl = (vl = 1}

1 1

(26)

= max{(A, W) : W € R"*", (—éVT _IW) is copositive}. (27)
where the cone of copositive matrices is the dual of the cone of completely positive
matrices. Fawzi and Parrilo [26] use the copositive formulation (27) to provide bounds
vy_‘](A) (k = 0), based on inner approximations of the copositive cone from [60],
which converge to vy (A) from below. We now observe that by Theorem 7 the atomic
formulation of v4 (A) from (26) can be seen as a moment optimization problem:

vi(A) = min/

Idu(x) st Ajj =/ XiXm4jdu(x) for ie[m],je[n].
V(S) V(S)

Here, the optimization variable pu is required to be a Borel measure on the variety
V(S), where

S = {szzl xp =1, Z?:lxrzn-h/ - 1]'

(The same observation is made in [74] for the real nuclear norm of a symmetric 3-
tensor and in [59] for symmetric odd-dimensional tensors.) For r € NU{oo}, let 11, (A)
denote the parameter defined analogously to & (A), where we replace the condition
L > 0on //2,(Sj) by L > 0on .45 ({x1, ..., Xmtn}) and L = 0 on % (S), and let
U« (A) be obtained by adding the constraint rank(M (L)) < 00 to (o (A). We have
Ut (A) = oo(A) = px(A) = v4(A) by Theorem 7 and (a non-normalized analog
of) Theorem 8. One can show that j¢1 (A) with the additional constraints L(u) > 0 for
all u € [x]», is at least as good as v[f] (A). It is not clear how the hierarchies u;(A)

and vﬂ‘](A) compare in general.

4.2 Computational Examples

We illustrate the performance of our approach by comparing our lower bounds E;‘ 4
and S;f + to the lower bounds 7 and 7** on the two examples considered in [27].
FoC'T
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4.2.1 All Nonnegative 2 x 2 Matrices

For A(a) = (1), Fawzi and Parrilo [27] show that

2
T4 (A@) =2—0a and }"(A(2)) = ita forall 0 <a <1.

Since the parameters 74 (A) and 7}°°(A) are invariant under scaling and permuting

rows and columns of A, one can use the identity

L1y _ (10)/1 1 01
la) \Oa/\11/a/)\10
to see this describes the parameters for all nonnegative 2 x 2 matrices. By using a

semidefinite programming solver for « = k/100, k € [100], we see that §2+ (A(w))
coincides with 74 (A()).

4.2.2 The Nested Rectangles Problem

In this section, we consider the nested rectangles problem as described in [27, Sec-
tion 2.7.2] (see also [55]), which asks for which a, b there exists a triangle T such that
R(a,b) C T C P, where R(a,b) = [—a,a] x [-b,b]and P = [—1, 1]2.

The nonnegative rank relates not only to the extension complexity of a polytope [78],
but also to extended formulations of nested pairs [12,31]. An extended formulation
of a pair of polytopes P; € P, C R? is a (possibly) higher dimensional polytope K
whose projection 7 (K) is nested between P; and P,. Let us suppose 7(K) = {x €
R :yeRE, (x,y) € K}and K = {(x,y) : Ex + Fy = g, y € Rk}, then k is
the size of the extended formulation, and the smallest such k is called the extension
complexity of the pair (Py, P>). It is known (cf. [12, Theorem 1]) that the extension
complexity of the pair (P, P>), where

Py =conv({vy,...,v,}) and P, = {x :al.Tx < b; fori e [m]},

is equal to the nonnegative rank of the generalized slack matrix Sp, p, € R™*",
defined by

(Sp.py)ij =bj —ajv; for i€[m], jeln

Any nonnegative matrix is the slack matrix of some nested pair of polytopes [34,
Lemma 4.1] (see also [31]).

Applying this to the pair (R(a, b), P), one immediately sees that there exists a
polytope K with at most three facets whose projection 7 = 7(K) C R? satisfies
R(a,b) € T < P if and only if the pair (R(a, b), P) admits an extended formulation
of size 3. For a, b > 0, the polytope T has to be 2 dimensional, therefore K has to
be at least 2 dimensional as well; it follows that K and T have to be triangles. Hence,

EOE';W
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Fig.1 The colored region
corresponds to

rank (S(a, b)) = 4. The top
right region (black) corresponds
to gﬁT(S(a, b)) > 3, the two top
right regions (black and red)
together correspond to

3% (S(a, b)) > 3, the three top
right regions (black, red and
yellow) to g{T(S(a, b)) > 3, =
and the four top right regions
(black, red, yellow, and green) to
&;T(S(a, b)) > 3 (Color figure
online)

there exists a triangle T such that R(a, b) € T C P if and only if the nonnegative
rank of the slack matrix S(a, b) := Sg(a,p), p is equal to 3. One can verify that

l—al+al—-b1+b
l4+al—-—al—-b1+b
l4al—al+b1->
l—al4+al+bl1->

S(a,b) =

Such a triangle exists if and only if (1 + a)(1 4+ b) < 2 (see [27, Proposition 4] for
a proof sketch). To test the quality of their bound, Fawzi and Parrilo [27] compute
T3%%(S(a, b)) for different values of a and b. In doing so, they determine the region
where 73°(S(a, b)) > 3. We do the same for the bounds &", (S(a, b)). &, (S(a, b))
and 53": T(S (a, b)), see Fig. 1. The results show that 52“: T(S (a, b)) strictly improves
upon the bound 73*°(S(a, b)), and that é; T(S (a, b)) is again a strict improvement
over &.(S(a, b)).

5 Lower Bounds on the Positive Semidefinite Rank

The positive semidefinite rank can be seen as an asymmetric version of the completely
positive semidefinite rank. Hence, as was the case in the previous section for the
nonnegative rank, we need to select suitable factors in a minimal factorization in
order to be able to bound their maximum eigenvalues and obtain a localizing set of
polynomials leading to an Archimedean quadratic module.

For this we can follow, e.g., the approach in [52, Lemma 5] to rescale a factorization
and claim that, for any A € RTX" with psd-rankc (A) = d, there exists a factorization
A = ((X;, Xju4j)) by matrices X1, ..., Xpyyn € Hi such that Zlm:l X; = I and

EIOE:’H
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Tr(Xp4j) = Zi Ajjforall j € [n]. Indeed, starting from any factorization X;, X, ;
in Hi of A, we may replace X; by X~ 1/2X; X~1/2 and Xmyj by X1/2Xm+jX1/2,
where X := Y ™", X; is positive definite (by minimality of d). This argument shows
that the set of polynomials

Sgsd _ {xz' —x,~2 1ie [m]} U {(iAi])Xerj —x31+j 1j € [n]}

i=1

is localizing for A; that is, there is at least one minimal factorization X of A such that

g(X) > 0 for all polynomials g € S}ZSd. Moreover, for the same minimal factorization
X of A, we have p(X)(1 — Y/, X;) = 0 forall p € R(x).
Given A € R’} ™", for each 1 € N U {oo} we consider the semidefinite program

PAA) = min{L(1) 1 L € R{x1, ..., ¥min)b,
L(xixmyj) = Ayj for i e[m],je[n],
L>0 on (S5,
L=0 on %(1— Zf"zlx,-)}.

We additionally define gP Sd(A) by adding the constraint rank(M (L)) < oo to the
program defining Eggd(A) (and considering the infimum instead of the minimum,
since we do not know if the infimum is attained in & Sd(A)). By the above discussion,

it follows that the parameter Ef Sd(A) is a lower bound on psd-rankc(A) and we have
) = = gPa) =< el A) = 68(A) < psd-rankg(A).

Note that, in contrast to the previous bounds, the parameter S,p Sd(A) is not invariant
under rescaling the rows of A or under taking the transpose of A (see Sect. 5.2.2).
It follows from the construction of SESd and Eq. (10) that the quadratic module

M (S/I;Sd) is Archimedean, and hence the following analog of Proposition 1 can be
shown.

Proposition 16 Ler A € R™™". For each t € N U {00}, the optimum in Etde(A) is
attained, and we have

lim £7(4) = g% (A).

Moreover, Eggd(A) is equal to the infimum over all o > 0 for which there exists a

unital C*-algebra <f with tracial state T and X € Qﬁ(SXSd) NS (1 =37 xi)
such that A = « - (‘C(XiXm+j))ie[m],je[n]-

FoC T
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5.1 Comparison to Other Bounds

In [52], the following bound on the complex positive semidefinite rank was derived:

m
AA .
psd-rank-(A) > Zmaxje[n]é. (28)
P 20 Aij

If a feasible linear form L to Slp Sd(A) satisfies the inequalities L(x;(}; Ajj —
Xm+j)) = Oforalli € [m],j € [n], then L(1) is at least the above lower bound.
Indeed, the inequalities give

L(xixXmyj) Ajj

L(x;) > max e[y S A Zmaxje[nlz A
[ i Aij

and hence

L(l) = ZL(x,) > Zmax,e "]Z A
u

The inequalities L(x,-(zi Ajj — Xm+j)) = 0 are easily seen to be valid for trace
evaluations at points of & (SESd). More importantly, as in Lemma 2, these inequalities

are satisfied by feasible linear forms to the programs ’g‘ggd(A) and Ef Sd(A). Hence,

s},’;‘;d(A) and Sf Sd(A) are at least as good as the lower bound (28).
In [52], two other fidelity based lower bounds on the psd-rank were defined; we do

not know how they compare to Stp Sd(A).

5.2 Computational Examples

In this section, we apply our bounds to some (small) examples taken from the literature,
namely 3 x 3 circulant matrices and slack matrices of small polygons.

5.2.1 Nonnegative Circulant Matrices of Size 3

We consider the nonnegative circulant matrices of size 3 which are, up to scaling, of
the form

1bc
Mb,c)=\|clb with b,c > 0.
bcel

Ifb =1 = c,thenrank(M (b, ¢)) = psd-rankg (M (b, ¢)) = psd-rankc-(M (b, ¢)) = 1.
Otherwise, we have rank (M (b, ¢)) > 2, which implies psd-ranky (M (b, ¢)) > 2 for
K € {R, C}. In [25, Example 2.7] it is shown that

psd-rankp(M (b, ¢)) <2 = 1+b*+c* <2(b+c+bo).
FoE'ﬂ
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Fig.2 The colored region 4 L L | | |
corresponds to the values (b, ¢)
for which 3.5 L

psd-rank (M (b, ¢)) = 3; the
outer region (yellow) shows the
values of (b, ¢) for which
M b, ) > 2 (Color figure
online)

0 0.5 1 1.5 2 2.5 3 3.5 4

Hence, if b and ¢ do not satisfy the above relation then psd-rankg (M (b, ¢)) = 3.

To see how good our lower bounds are for this example, we use a semidefinite
programming solver to compute Sg sd (M(b, c))for (b, c) € [0, 412 (with stepsize 0.01).
In Fig. 2, we see that the bound ég Sd(M (b, ¢)) certifies that psd-rankp (M (b, ¢)) =
psd-rank(M (b, ¢)) = 3 for most values (b, ¢) where psd-rankg (M (b, ¢)) = 3.

5.2.2 Polygons

Here, we consider the slack matrices of two polygons in the plane, where the bounds are
sharp (after rounding) and illustrate the dependence on scaling the rows or taking the
transpose. We consider the quadrilateral Q with vertices (0, 0), (0, 1), (1, 0), (2, 2),
and the regular hexagon H, whose slack matrices are given by

012210
0022 001221

P 1003 G, _|100122
= 1o130]" H=1210012
2200 221001
122100

Our lower bounds on the psd-rank- are not invariant under taking the transpose, indeed
numerically we have £/*!(Sp) ~ 2.266 and £9°4(ST)) ~ 2.5. The slack matrix Sg
has psd-ranky (Sg) = 3 (a corollary of [35, Theorem 4.3]) and therefore both bounds
certify psd-rank¢(Sg) = 3 = psd-rankg (Sp).

Secondly, our bounds are not invariant under rescaling the rows of a nonnegative
matrix. Numerically we have S;Sd(SH) ~ 1.99 while $§Sd(DSH) ~ 2.12, where
D = Diag(2,2,1, 1, 1, 1). The bound §§Sd(DSH) is in fact tight (after rounding) for
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the complex positive semidefinite rank of DSy and hence of Sg: in [33] it is shown
that psd-rankc(Sy) = 3.

6 Discussion and Future Work

In this work, we provide a unified approach for the four matrix factorizations
obtained by considering (a)symmetric factorizations by nonnegative vectors and pos-
itive semidefinite matrices. Our methods can be extended to the nonnegative tensor

rank, which is defined as the smallest integer d for which a k-tensor A € R’l‘ Xk

can be written as A = Zflzl U1, ® - - - @ uy, for nonnegative vectors u; ; € Ri’. The
approach from Sect. 4 for rank ;. can be extended to obtain a hierarchy of lower bounds
on the nonnegative tensor rank. For instance, if A is a 3-tensor, the analogous bound
$t+(A) is obtained by minimizing L(1) over L € R[xy, ..., Xn,4n,4n3]* such that
L(Xiy Xpy+iyXn +na+iz) = Aijiyiz foriy € [n1],i2 € [n2], i3 € [n3]), using as localiz-
ing polynomials in SX the polynomials /A max X; —)cl.2 and Ay iyis — Xiy Xny+in Xn +no+is -
As in the matrix case one can compare to the bounds 74 (A) and 75°°(A) from [27].
One can show &, (A) = 7, (A), and one can show 53"” +(A) > T1%(A) after adding the
conditions L(xilxn1+i2xn1+n2+i3 (Ai1i2i3 - xilxn1+i2xn1+n2+i3)) >0to $3+(A)
Testing membership in the completely positive cone and the completely positive
semidefinite cone is another important problem, to which our hierarchies can also be
applied. It follows from the proof of Proposition 8 that if A is not completely pos-
itive then, for some order ¢, the program é,c p(A) is infeasible or its optimum value
is larger than the Caratheodory bound on the cp-rank (which is similar to an earlier
result in [58]). In the noncommutative setting, the situation is more complicated: If

P4 4) is feasible, then A € CS., and if A ¢ CS" ,\- then £ (A) is infeasible
(Propositions 1 and 2). Here, CS"} |\ is the cone defined in [17] consisting of the matri-
ces admitting a factorization in a von Neumann algebra with a trace. By Lemma 12,
CS’i,vN can equivalently be characterized as the set of matrices of the form « (7 (a;a;))
for some C*-algebra o/ with tracial state t, positive elements ay, ..., a, € </ and
o € R+.

Our lower bounds are on the complex version of the (completely) positive semidef-
inite rank. As far as we are aware, the existing lower bounds (except for the dimension
counting rank lower bound) are also on the complex (completely) positive semidefinite
rank. It would be interesting to find a lower bound on the real (completely) positive
semidefinite rank that can go beyond the complex (completely) positive semidefinite
rank.

We conclude with some open questions regarding applications of lower bounds
on matrix factorization ranks. First, as was shown in [38,62,63], completely positive
semidefinite matrices whose cpsd-rank is larger than their size do exist, but currently
we do not know how to construct small examples for which this holds. Hence, a
concrete question: Does there exist a 5 x 5 completely positive semidefinite matrix
whose cpsd-rankg is at least 6? Second, as we mentioned before, the asymmetric
setting corresponds to (semidefinite) extension complexity of polytopes. Rothvol3’
result [66] (indirectly) shows that the parameter £ is exponential (in the number of
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nodes of the graph) for the slack matrix of the matching polytope. Can this result
also be shown directly using the dual formulation of £, that is, by a sum-of-squares
certificate? If so, could one extend the argument to the noncommutative setting (which
would show a lower bound on the semidefinite extension complexity)?
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A Commutative and Tracial Polynomial Optimization

In this appendix, we discuss known convergence and flatness results for commutative
and tracial polynomial optimization. We present these results in such a way that they
can be directly used for our hierarchies of lower bounds on matrix factorization ranks.
Although the commutative case was developed first, here we treat the commutative
and tracial cases together. For the reader’s convenience, we provide all proofs by
working on the “moment side”; that is, relying on properties of linear functionals
rather than using real algebraic results on sums of squares. Tracial optimization is an
adaptation of eigenvalue optimization as developed in [61], but here we only discuss
the commutative and tracial cases, as these are most relevant to our work.

A.1 Flat Extensions and Representations of Linear Forms

The optimization variables in the optimization problems considered in this paper are
linear forms on spaces of (noncommutative) polynomials. To study the properties of
the bounds obtained through these optimization problems, we need to study properties
and representations of (flat) linear forms on polynomial spaces.

In Sect. 1.3, the key examples of symmetric tracial linear functionals on R(x),, are
trace evaluations on a (finite dimensional) C*-algebra. In this section, we present some
results that provide conditions under which, conversely, a symmetric tracial linear map
on R(x)y; (t € NU {oo}) that is nonnegative on .# (S) and zero on .# (T') arises from
trace evaluations at elements in the intersection of the C*-algebraic analogs of the
matrix positivity domain of S and the matrix ideal of 7. In Theorems 1 and 2, we
consider the case + = oo and in Theorem 3 we consider the case t € N. Results
like these can for instance be used to link the linear forms arising in the limiting
optimization problems of our hierarchies to matrix factorization ranks.

The proofs of Theorems 1 and 2 use a classical Gelfand—Naimark—Segal (GNS)
construction. In these proofs, it will also be convenient to work with the concept of
the null space of a linear functional L € R(x)3,, which is defined as the vector space

Ni(L) = {p € R(x), : L(gp) = 0 for g € R(x),}.
EOE';W
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We use the notation N(L) = Ny (L) for the nontruncated null space. Recall that
M; (L) is the moment matrix associated with L, its rows and columns are indexed by
words in (x);, and its entries are given by M;(L)y, v = L(w*w’) for w, w" € (x);.
The null space of L can therefore be identified with the kernel of M;(L): A polynomial
p = ), cww belongs to N;(L) if and only if its coefficient vector (c,,) belongs to
the kernel of M,(L).

In Sect. 1.3, we defined a linear functional L € R(x)3, to be §-flat based on the
rank stabilization property (4) of its moment matrix: rank (M; (L)) = rank(M;_s(L)).
This definition can be reformulated in terms of a decomposition of the corresponding
polynomial space using the null space: the form L is é-flat if and only if

R{x); = R(x);—s + N;(L).

Recall that L is said to be flat if it is §-flat for some § > 1. Finally, in the non-
truncated case (r = o00), L was called flat if rank(M (L)) < oo. We can now
see that rank(M (L)) < oo if and only if there exists an integer s € N such that
R(x) = R(x)s + N(L).

Theorem 1 below is implicit in several works (see, e.g., [16,57]). Here, we assume
that .# (S) + .#(T) is Archimedean, which we recall means that there exists a scalar
R > 0 such that

R— Zx,? e M(S)+ 7(T).

i=1

Theorem 1 Let S € SymR(x) and T C R(x) with .#(S) + Z(T) Archimedean.
Given a linear form L € R(x)*, the following are equivalent:

(1) L is symmetric, tracial, nonnegative on # (S), zero on I (T), and L(1) = 1;
(2) there is a unital C*-algebra <f with tracial state T and X € Dy (S) N Vo (T)
with
L(p) =t(p(X)) forall p € R(x). (29)

Proof We first prove the easy direction (2) = (1): We have
L(p*) =t(p*X)) = 1(pX)*) = 1(p(X)) = L(p) = L(p),

where we use that 7 is Hermitian and X = X; for i e [n]. Moreover, L is tracial
since 7 is tracial. In addition, for g € S U {1} and p € R(x) we have

L(p*gp) = 1(p*X)gX)p(X)) = 1(p(X)"g(X) p(X)) = 0,

since g(X) is positive in & as X € Z(S) and 7 is positive. Similarly L(hg) =
t(h(X)g(X)) =0forallh € T, since X € ¥, (T).

We show (1) = (2) by applying a GNS construction. Consider the quotient vector
space R(x)/N (L), and denote the class of p in R(x)/N(L) by p. We can equip
this quotient with the inner product (p,q) = L(p*q) for p,q € R(x), so that the
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completion 77 of R(x)/N (L) is a separable Hilbert space. As N (L) is a left ideal in
R(x), the operator

Xi: R{x)/N(L) — R(x)/N(L), p = Xip (30)
is well defined. We have
(X;i P, q) =L((xip)*q) = L(p*x;q) = (p, X;q) forall p,q € R(x),

so the X; are self-adjoint. Since g € SU{1} is symmetric and (p, g(X)p) = (p, gp) =
L(p*gp) = 0forall p we have g(X) > 0. By the Archimedean condition, there exists
anR > Osuchthat R—) "}, xl.2 € M (S)+ 7 (T).Using R —xi2 = (R —Z'}Zl xj2~)+
Y isi xj. e M (S)+ 7(T), we get

(XiP, Xip) = L(p*x}p) < R-L(p*p) = R(p,p) forall peR(x).

So each X; extends to a bounded self-adjoint operator, also denoted X;, on the Hilbert
space .7 such that g(X) is positive forall g € SU{1}. Moreover, we have ( f, h(X)1) =
L(f*h) =0forall f e R(x),h eT.

The operators X; € Z () extend to self-adjoint operators in Z(C Qg .7¢), where
C ®p 4 is the complexification of .77. Let o7 be the unital C*-algebra obtained by
taking the operator norm closure of R(X) € ZA(C ®g ). It follows that X €
Dy ()N Yy (T). o

Define the state T on o7 by t(a) = (1,al) fora € </. For all p,q € R(x), we
have

T(p(X)g (X)) = (T, pX)g(X)T) = (1, 7g) = L(pq), 31)

so that the restriction of 7 to R(X) is tracial. Since R(X) is dense in </ in the operator
norm, this implies 7 is tracial.
To conclude the proof, observe that (29) follows from (31) by taking ¢ = 1. m]

The next result can be seen as a finite dimensional analog of the above result, where
we do not need .Z (S) + #(T) to be Archimedean, but instead we assume the rank
of M(L) to be finite (i.e., L to be flat). In addition to the Gelfand—Naimark—Segal
construction, the proof uses Artin—-Wedderburn theory. For the unconstrained case,
the proof of this result can be found in [15], and in [16,43] this result is extended to

the constrained case.

Theorem 2 For S C SymR(x), T € R(x), and L € R(x)*, the following are equiva-
lent:

(1) L isasymmetric, tracial, linear form with L(1) = 1 that is nonnegative on 4 (S),
zero on S (T), and has rank(M (L)) < oo;

(2) there is a finite dimensional C*-algebra </ with a tracial state t, and X €
Dy (S) N Vy (T) satisfying equation (29);

(3) L is a convex combination of normalized trace evaluations at points in 2(S) N

¥V (T).
EOE';W
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Proof ((1) = (2)) Here, we can follow the proof of Theorem 1, with the extra observa-
tion that the condition rank (M (L)) < oo implies that the quotient space R(x) /N (L) is
finite dimensional. Since R(x) /N (L) is finite dimensional the multiplication operators
are bounded, and the constructed C*-algebra .7 is finite dimensional.

((2) = (3)) By Artin-Wedderburn theory, there exists a x-isomorphism

M
0: o — @(Cd’"x‘i'" forsome M €N, dy,...,dy € N.

m=1

Define the x-homomorphisms ¢, : &/ — Cdn>dm for m € [M] by ¢ = EB,/Z’Zlgom.
Then, for each m € [M], the map C%*% — C defined by X t((p,ZI(X)) is
a positive tracial linear form, and hence, it is a nonnegative multiple X,,tr(-) of the
normalized matrix trace (since, for a full matrix algebra, the normalized trace is the
unique tracial state). Then, we have t(a) = >, Amtr(gn(a)) for all a € 7. So
7(:) = ), Amtr(:) for nonnegative scalars A, with ), A,, = L(1) = 1. By defining
the matrices sz = o (X;) form € [M], we get

M
L(p):t(p(Xl,...,Xn))zkatr(p(Xm,...,X,T)) forall p e R(x).

m=1

Since ¢y, is a x*-homomorphism, we have g(X{", ..., X') = Oforall g € SU({1} and
alsoh(XY', ..., X;}) = O0forallh € T, whichshows (X', ..., X") € 2(S)NYV(T).

((3) = (1)) If L is a conic combination of trace evaluations at elements from
2(8S) N ¥ (T), then L is symmetric, tracial, nonnegative on .Z (S), zero on .#(T),
and satisfies rank(M (L)) < oo because the moment matrix of any trace evaluation
has finite rank. O

The previous two theorems were about linear functionals defined on the full space of
noncommutative polynomials. The following result claims that a flat linear functional
on a truncated polynomial space can be extended to a flat linear functional on the full
space of polynomials while preserving the same positivity properties. It is due to Curto
and Fialkow [19] in the commutative case and extensions to the noncommutative case

can be found in [61] (for eigenvalue optimization) and [15] (for trace optimization).

Theorem3 Let 1 < 8 <t < 00, S € SymR(x)ps5, and T < R(x)2s5. Suppose
L e R(x)3, is symmetric, tracial, 5-flat, nonnegative on .#>(S), and zero on %5, (T).
Then L extends to a symmetric, tracial, linear form on R(x) that is nonnegative on
M (S), zero on I (T), and whose moment matrix has finite rank.

Proof Let W C (x);_s index a maximum nonsingular submatrix of M;_s(L), and let
span(W) be the linear space spanned by W. We have the vector space direct sum

R(x); = span(W) & N,(L). (32)

That s, foreach u € (x); there exists aunique r,, € span(W) suchthatu —r, € N;(L).
FolCTM
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We first construct the (unique) symmetric flat extension Le R(x)2s+2 of L. For
this, we set L(p) = L(p) for deg(p) < 2t, and we set

L(u*x;v) = L(u*x;r,) and i((xiu)*xj v) = L((x;jry)*xjry)

foralli, j € [n]andu, v € (x) with [u| = |v| = ¢. One can verify that Lis symmetric
and satisfies x; (u —ry) € N,H(I:) foralli € [n]and u € R(x),, from which it follows
that L is 2-flat.

We also have (u — r,)x; € Nt+1(l:) for all i € [n] and u € R(x);: Since L is
2-ﬂat, we have (v — r,)x; € N,+1(2,) if and only if I:(p(u — rp)x;) = 0 for all

€ R(x);—1. By using deg(x;p) < t, L is tracial, and u — r, € N;(L), we get
L(P(M —ry)xi) = L(p(u —ry)x;) = L(xip(u — ru)) =0.

By consecutlvely using (v — rv)xj € N,H(L) symmetry of L xi(u —ry) €
Nit1 (L), and again symmetry of L, we see that

LGy vxj) = L((jw)*ryx)) = L(rox ) xiu) = L(rox))*xir) = L((xira)*rox;),
(33)
and in an analogous way one can show

L((ux;)*xjv) = L((ryxi)*xjry). (34)

We can now show that L is tracial. We do this by showing that f,(wx i) = lA,(x.,' w)
for all w withdeg(w) < 2¢+1. Notice that whendeg(w) < 2¢—1 the statement follows
from the fact that L is an extension of L. Suppose w = u*v with deg(u) =t + 1
and deg(v) < t. We write u = x;u’, and we let r,, r, € R{(x);_ be such that
u' —ry,v—ry € Ny(L). We then have

L(wx;j) = Lu*vxj) = L((xju)*vx;)

= L((xiru)*rox;) by (33)
= L((xiry)ryx;) since deg(x;r,ryxj) <2t
= L((ryx;)*xiry) since L is tracial
= i((ru/xj)*xirv) since deg((r,/x;)*xiry) < 2t
= L(w'x)"xiv) by (34)
= i,(xjw).

It follows L isa symmetric tracial flat extension of L, and rank (M (I:)) =rank(M(L)).

Next, we iterate the above procedure to extend L to a symmetric tracial linear
functional L € R(x)*. It remains to show that Lis nonnegative on . (S) and zero on
Z(T). For this, we make two observations:

(i) S (N(L)) € N(L).
(i) R(x) = span(W) & .# (N;(L)).
FoE"ﬂ
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For (i) we use the (easy to check) fact that N;(L) = span({u — r, : u € (x);}). Then
it suffices to show that w(u — r,) € N(i) for all w € (x), which can be done using
induction on |w|. From (i), one easily deduces that span(W) N N (I:) = {0}, so we
have the direct sum span(W) @ . (N,(L)). The claim (ii) follows using induction on
the length of w € (x): The base case w € (x); follows from (32). Let w = x;v € (x)
and assume v € span(W) & .#(N;(L)), that is, v = r, + ¢, where r, € span(W)
and g, € £ (N;(L)). We have x;v = x;r, + x;q, so it suffices to show x;ry, x;q, €
span(W) @& Z(N;(L)). Clearly x;jq, € Z(N;(L)), since g, € Z(N;(L)). Also,
observe that x;r, € R(x), and therefore x;r, € span(W) & .#(N,(L)) by (32).

We conclude the proof by showing that L is nonnegative on . (S) and zero on
I (T).Let g € #(S), h € Z(T), and p € R(x). For p € R(x) we extend the
definition of r}, so that r, € span(W) and p — r, € #(N,;(L)), which is possible by
(i1). Then,

> M 7 > M ¢
L(p*gp) = L(p*gry) = L(r}gp) = L(rygry) = L(r}gry) = 0,

Pp*hy = L p) 2 L(h*rp) = L(rph) = L(rph) =0,

where we use deg(r;grp) < 2(t —8) + 28 = 2t and deg(rph) < (t —8) + 26
< 2t. m|

Combining Theorems 2 and 3 gives the following result, which shows that a flat
linear form can be extended to a conic combination of trace evaluation maps. It was

first proven in [43, Proposition 6.1] (and in [15] for the unconstrained case).

Corollary 1 Let1 <5 <t <00, S C SymR(x)ss, and T € R(x)»s5. If L € R(X)Z‘[ is
symmetric, tracial, 8-flat, nonnegative on M7 (S), and zero on %>, (T), then it extends
to a conic combination of trace evaluations at elements of 2(S) NV (T).

A.2 Specialization to the Commutative Setting

The material from Appendix A.1 can be adapted to the commutative setting. Through-
out [x] denotes the set of monomials in x1, .. ., x,, i.e., the commutative analog of (x).
The moment matrix M;(L) of a linear form L € R[X]E is now indexed by the
monomials in [x];, where we set M;(L), ,+ = L(ww’) for w, w’ € [x];. Due to
the commutativity of the variables, this matrix is smaller and more entries are now
required to be equal. For instance, the (xpx1, x3x4)-entry of M>(L) is equal to its
(x3x1, x2x4)-entry, which does not hold in general in the noncommutative case.
Given a € R", the evaluation map at a is the linear map L, € R[x]* defined by

L,(p) = p(a1,...,ay) forall p e R[x].

We can view L, as a trace evaluation at scalar matrices. Moreover, we can view a trace
evaluation map at a tuple of pairwise commuting matrices as a conic combination of
evaluation maps at scalars by simultaneously diagonalizing the matrices.
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The quadratic module .# (S) and the ideal .# (T') have immediate specializations
to the commutative setting. We recall that in the commutative setting the (scalar)
positivity domain and scalar variety of sets S, T C R[x] are given by3

D(S)={aeR":g(a)>0forge S}, V(I')={aeR":ha)=0forheT}.
(35)

We first give the commutative analog of Theorem 1, where we give an addi-
tional integral representation in point (3). The equivalence of points (1) and (3) is
proved in [64] based on Putinar’s Positivstellensatz. Here we give a direct proof on

the “moment side” using the Gelfand representation.

Theorem4 Let S, T C R[x] with .# (S) + Z(T) Archimedean. For L € R[x]*, the
following are equivalent:

(1) L is nonnegative on A (S), zero on Z(T), and L(1) = 1;

(2) there exists a unital commutative C*-algebra < with a state Tt and X € Z7(S)N
YV (T) such that L(p) = t(p(X)) for all p € R[x];

(3) there exists a probability measure 1 on D(S) NV (T) such that

L(p) =/ p(x)du(x) forall p e R[x].
D(S)NV(T)

Proof ((1) = (2)) This is the commutative analog of the implication (1) = (2) in
Theorem 1 (observing in addition that the operators X; in (30) pairwise commute so
that the constructed C*-algebra ¢/ is commutative).

((2) = (3)) Let & denote the > set of unital x-homomorphisms &/ — C, known as
the spectrum of o/. We equip </ with the weak-* topology, so that it is compact as
a result of &7 being unital (see, e.g., [9, 11.2.1.4]). The Gelfand representation is the
*-isomorphism

I': o - €, @) =q¢@) for aco, ¢,
where ‘f(ﬁ?) is the set of complex-valued continuous ﬁmctions on 7. Since I' is an
isomorphism, the state T on .7 induces a state t" on ¢’ (/) defined by /(I (a)) = t(a)

for a € o/. By the Riesz reRresentation theorem (see, e.g., [67, Theorem 2.14]) there
is a Radon measure v on <7 such that

(I (a)) = /AF(a)(qb) dv(¢p) forall a e «.
o
We then have

L(p) = t(pX)) = ' (I'(p(X))) = /Jf(p(X))(dﬂ dv(¢) = fJ¢(P(X))dV(¢)

3 Note that in the commutative setting we could avoid using the variety since V(7)) = D(£T). However,
in the noncommutative setting, the polynomials in 7' need not be symmetric in which case the quadratic
module Z(+T) would not be well defined.
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=/AP(¢(X1),--~,¢(Xn))dV(¢) =/Ap(f(¢))dv(¢)=/ p(x)du(x),
o o R"

where f: o — R" is defined by ¢ — (¢(X1),...,9(X,)), and where u = f,v
is the pushforward measure of v by f; that is, u(B) = v(f —1(B)) for measurable
B C R".

Since X € @%(S), we have g(X) > O for all g € S, hence I"(g(X)) is a positive
element of % (<), implying g(@(X1), ..., $(X,) = ¢(g(X) = I'(g(X))($) = 0.
Similarly we see h(¢(X1),...,¢(X,)) = 0 forall h € T. So, the range of f is
contained in D(S)NV (T), u is a probability measure on D(S)NV(T) since L(1) =1,
and we have L(p) = fD(S)ﬂV(T) p(x)du(x) for all p € R[x].

((3) = (1)) This is immediate. O

Note that the more common proof for the implication (1) = (3) in Theorem 4 relies on
Putinar’s Positivstellensatz [64]: if L satisfies (1) then L(p) > 0 for all polynomials
p nonnegative on D(S) N V(T) (since p + ¢ € A (S) + .#(T) for any ¢ > 0), and
thus L has a representing measure p as in (3) by the Riesz-Haviland theorem [41].

The following is the commutative analog of Theorem 2.
Theorem5 For S C R[x], T C R[x], and L € R[x]*, the following are equivalent:

(1) L is nonnegative on #(S), zero on #(T), hasrank(M (L)) < oo, and L(1) = 1;

(2) there is a finite dimensional commutative C*-algebra </ with a state t, and
X e Py(8)N Yy (T) such that L(p) = t(p(X)) for all p € R[x];

(3) L is a convex combination of evaluations at points in D(S) NV (T).

Proof ((1) = (2)) We indicate how to derive this claim from its noncommutative
analog. For this denote the commutative version of p € R(x) by p¢ € R[x]. For any
g € Sand h € T, select symmetric polynomials g’, »’ € R(x) with (g')° = g and
(h)¢ = h, and set

S'={¢:geS}CRx) and T'={h":h e T} U {xix; —xjx;
e R(x):i,jeln],i#j}CREx).

Define the linear form L' € R(x)* by L'(p) = L(p°) for p € R(x). Then L’ is
symmetric, tracial, nonnegative on .# (S’), zero on .% (T”), and satisfies rank M (L') =
rank M (L) < oo. Following the proof of the implication (1) = (2) in Theorem 1, we
see that the operators X1, ..., X, pairwise commute (since X € ¥,/ (T') and T’
contains all x; x; — x;x;) and thus the constructed C *-algebra o7 is finite dimensional
and commutative.

((2) = (3)) Here, we follow the proof of this implication in Theorem 2 and observe
that since .27 is finite dimensional and commutative, it is *-isomorphic to an algebra
of diagonal matrices (d,, = 1 for allm € [M]), which gives directly the desired result.

((3) = (1)) is easy. ]

The next result, due to Curto and Fialkow [19], is the commutative analog of
Corollary 1.
FoCT
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Theorem6 Let 1 < § <t < ooand S,T C R[xps. If L € R[x]3, is §-flat, non-
negative on Mo (S), and zero on Y;(T), then L extends to a conic combination of
evaluation maps at points in D(S) NV (T).

Proof Here too we derive the result from its noncommutative analog in Corollary 1.
As in the above proof for the implication (1) = (2) in Theorem 5, define the sets
§’,T" € R(x) and the linear form L’ € R(x)5, by L'(p) = L(p°) for p € R(x);.
Then L’ is symmetric, tracial, nonnegative on .#>;(S’), zero on %,(T"), and §-flat.
By Corollary 1, L' is a conic combination of trace evaluation maps at elements of
2(8") N ¥ (T). It suffices now to observe that such a trace evaluation Lx is a conic
combination of (scalar) evaluations at elements of D(S)NV (T).Indeed,as X € ¥ (T"),
the matrices X1, ..., X, pairwise commute and thus can be assumed to be diagonal.
Since X € 2(8") N ¥ (T"), we have g(X) = 0forg’ € S’ and /(X)) =0 forh’ € T'.
Thisimplies g ((X1)jj, ..., (Xu)j;) = 0andA((X1)j, ..., (X,);;) = Oforallg € S,
h € T,and j € [d]. Thus Lx = Zj Ly;, where rj = ((X1)jj, .-, (Xn)jj) €
D(S)NV(T). O

Unlike in the noncommutative setting, here we also have the following result,
which permits to express any linear functional L nonnegative on an Archimedean
quadratic module as a conic combination of evaluations at points, when restricting L

to polynomials of bounded degree.

Theorem7 Let S, T C R[x] such that #(S) + #(T) is Archimedean. If L € R[x]*
is nonnegative on # (S) and zero on I (T), then for any integer k € N the restriction
of L to R[X]y extends to a conic combination of evaluations at points in D(S) NV (T).

Proof By Theorem 4 there exists a probability measure u on D(S) such that

L(p)=L(Q) px)du(x) forall p e R[x].
D(S)NV(T)

A general version of Tchakaloff’s theorem, as explained in [4], shows that there exist
r € N, scalars Aq, ..., A, > 0 and points x1, ..., x, € D(S) such that

,
[ pwdke = Y ki) foral p e Rixl.
D(S)NV(T)

i=1

Hence the restriction of L to R[x]; extends to a conic combination of evaluations at
points in D(S). m]

A.3 Commutative and Tracial Polynomial Optimization

We briefly discuss here the basic polynomial optimization problems in the com-
mutative and tracial settings. We recall how to design hierarchies of semidefinite
programming based bounds, and we give their main convergence properties. The clas-
sical commutative polynomial optimization problem asks to minimize a polynomial
EOE';W
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f € R[x] over a feasible region of the form D(S) as defined in (35):

fv = infuep(s) f(a) :inf{f(a) caeR", ga)>0forg e S}.

In tracial polynomial optimization, given f € Sym R(x), this is modified to minimiz-
ing tr(f (X)) over a feasible region of the form Z(S) as in (6):

fE=infxeg s t(f(X) = inf{u(f(X) :d e N, X € (H)", g(X) = 0 for g € S},

where the infimum does not change if we replace H? by S¢. Commutative polynomial
optimization is recovered by restricting to 1 x 1 matrices.

For the commutative case, Lasserre [46] and Parrilo [60] have proposed hierarchies
of semidefinite programming relaxations based on sums of squares of polynomials
and the dual theory of moments. This approach has been extended to eigenvalue
optimization [57,61] and later to tracial optimization [14,43]. The starting point in
deriving these relaxations is to reformulate the above problems as minimizing L( f)
over all normalized trace evaluation maps L at points in D(S) or Z(S), and then to
express computationally tractable properties satisfied by such maps L.

For S U {f} € R[x] and [deg(f)/2] < t < oo, recall the (truncated) quadratic
module .75, (S)

M (S) = cone{gp® : p € RIx], g € SU({1}, deg(gp?) < 2t},

which we use to formulate the following semidefinite programming lower bound on

S
fi =inf{L(f): L e R[x]3,, L(1) =1, L > 0on.#(S}.

Fort € N we have f; < foo < fi.
In the same way, for S U { f} € Sym R(x) and 7 such that [deg(f)/2] <t < o0,
we have the following semidefinite programming lower bound on f':

= inf{L(f) : L € R(x)3, tracial and symmetric, L(1) =1, L > O on //lzt(S)},

where we now use definition (1) for .4, (S).
The next theorem from [46] gives fundamental convergence properties for the com-

mutative case; see also, e.g., [47,49] for a detailed exposition.
Theorem8 Let 1 <§ <t <ooand SU{f} C R[x]as with D(S) # @.

(1) If A (S) is Archimedean, then f; — foo ast — 00, the optimal values in fx
and fy are attained, and foo = fs.

(1) If f; admits an optimal solution L that is 5-flat, then L is a convex combination
of evaluation maps at global minimizers of f in D(S), and f; = foo = fs-

Proof (i) By repeating the first part of the proof of Theorem 9 in the commutative
setting, we see that f; — foo and that the optimum is attained in f»,. Let L be
Elol:;ﬂ
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optimal for fs, and let k be greater than deg( f) and deg(g) for g € S. By Theo-
rem 7, the restriction of L to R[x]; extends to a conic combination of evaluations
at points in D(S). It follows that this extension if feasible for f, with the same
objective value, which shows fo = f.
(ii) This follows in the same way as the proof of Theorem 9(ii) below, where, instead
of using Corollary 1, we now use its commutative analog, Theorem 6.
O

To discuss convergence for the tracial case, we need one more optimization prob-
lem:

fﬁrl = inf{r(f(X)) :X € 9,(8), < is a unital C*-algebra with tracial state r}.

This problem can be seen as an infinite dimensional analog of f\': if we restrict to
finite dimensional C*-algebras in the definition of fﬁrl , then we recover the parameter

f (use Theorem 2 to see this). Moreover, as we see in Theorem 9(ii) below, equality
+ = fif, holds if some flatness condition is satisfied. Whether fff = f," is true in
general is related to Connes’ embedding conjecture (see [16,43,44]).

Above we defined the parameter fﬁrl using C*-algebras. However, the following
lemma shows that we get the same optimal value if we restrict to &7 being a von
Neumann algebra of type I with separable predual, which is the more common way
of defining the parameter fﬁr1 asis done in [43] (and justifies the notation). We omit the
proof of this lemma which relies on a GNS construction and algebraic manipulations,

standard for algebraists.

Lemma 12 Let <7 be a C*-algebra with tracial state T and ay, . ..,a, € <. There
exists a von Neumann algebra 7 of type 11| with separable predual, a faithful normal
tracial state ¢, and elements by, ..., b, € F, so that for every p € R(x) we have

r(p(a15'~'van))=¢(p(b15"'7bn)) and
plai, ..., ay) is positive <= p(by, ..., by) is positive.

For all ¢+ € N we have

1 1 1 t
[ =t = hy = 1
where the last inequality follows by considering for <7 the full matrix algebra C4*¢.
The next theorem from [43] summarizes convergence properties for these parameters,
its proof uses Lemma 13 below.

Theorem9 Let1 <8 <t <ooand SU{f} C SymR(x)ys with Z(S) # 0.

() If A (S) is Archimedean, then f!" — f¥ ast — oo, and the optimal values in
I and fItIrl are attained and equal.

(ii) If f!" has an optimal solution L that is 8-flat, then L is a convex combination of

normalized trace evaluations at matrix tuples in 2(S), and f" = f3, = fif =

tr
® *

FolCT
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Proof We first show (i). As .Z (S) is Archimedean, R — ) /_, )cl.2 € M»4(S) for some
R > 0 and d € N. Since the bounds f," are monotone nondecreasing in ¢ and upper
bounded by £, the limit lim,_, o f exists and it is at most f1f.

Fix ¢ > 0. For r € N let L, be a feasible solution to the program defining f*
with value L,(f) < f" +e. As L,(1) = 1 for all # we can apply Lemma 13 below
and conclude that the sequence (L;); has a convergent subsequence. Let L € R(x)*
be the pointwise limit. One can easily check that L is feasible for f'f. Hence we
have fX < L(f) < limjooo " +& < f + . Letting & — 0 we obtain that

U = lim; f;* and L is optimal for fX.

Next, since L is symmetric, tracial, and nonnegative on .Z (S), we can apply The-
orem 1 to obtain a feasible solution (<7, 7, X) to fﬁrl satisfying (29) with objective
value L(f). This shows f§ = fjf and that the optima are attained in f%, and fjf .

Finally, part (ii) is derived as follows. If L is an optimal solution of f;" that is §-flat,
then, by Corollary 1, it has an extension Le R(x)* that is a conic combination of
trace evaluations at elements of Z(S). This shows ff < i( f) = L(f), and thus the
chain of equalities f" = f5 = fi = fJj, holds. i

We conclude with the following technical lemma, based on the Banach-Alaoglu
theorem. It is a well-known crucial tool for proving the asymptotic convergence result
from Theorem 9(i) and it is used at other places in the paper.

Lemma13 Let S € SymR(x), T < R(x), and assume R — (xl2 + -+ x,%) €
M>a(S) + I24(T) for some d € N and R > 0. Fort € N assume L; € R(x)3,
is tracial, nonnegative on #>(S) and zero on %5 (T). Then we have |L;(w)| <
RWI2L, (1) for all w € (X)2;—24+2. In addition, if sup, L,(1) < oo, then {L,}, has a
pointwise converging subsequence in R(x)*.

Proof We first use induction on |w| to show that L, (w*w) < R™!L,(1) for all w €
(X);—g+1. For this, assume L;(w*w) < R™!L,(1) and |w| < t — d. Then we have

L ((xiw)*xjw) =L, (w*(x? — R)w) + R - L, (w*w) < R - RWIL,(1)=R™ ™!, (1).

For the inequality we use the fact that L, (w*(xl.2 — R)w) < 0since w*(R — xl.z)w can
be written as the sum of a polynomial in .#5;(S) + %3, (T) and a sum of commutators
of degree at most 2¢, which follows using the following identity: w*qhw = ww*qh +
[w*qh, w]. Next we write any w € (X)2(—d41) as w = wiwy Withwy, wa € (X);_g41
and use the positive semidefiniteness of the principal submatrix of M;(L,) indexed by
{wr, wa} to get

Li(w)? = Ly(wfw)? < Li(wiwy) L (wiwy) < R™IF2IL, (12 = RMIL, (1)

This shows the first claim.
Suppose ¢ := sup, L;(1) < oo. For each t € N, consider the linear functional
L; € R(x)* defined by L;(w) = Ly;(w) if lw| < 2t —2d + 2 and L,(w) = 0
otherwise. Then the vector (I:t(w) /(cR™V 2))wem lies in the supremum norm unit
ball of R™), which is compact in the weaks topology by the Banach—Alaoglu theorem.
Elol:;ﬂ
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It follows that the sequence (L;); has a pointwise converging subsequence and thus

the same holds for the sequence (L;);. m]
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