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1 Introduction

A state of a system in quantum mechanics can be mathematically represented
as a density matrix p, that is a positive definite matrix with Tr(p) = 1. A state
is called pure if it can be represented as a vector v. The corresponding density
matrix is then a rank one projection onto the span of v. A state that is not
pure is called mized. A mixed state p can be written as a convex combination

p= Zpiwiw;‘,

where * denotes the conjugate transpose, and the ; are pure states. The
entropy S of a quantum state p, as defined by von Neumann, is

S(p) :== —Tr plog(p).

Assuming that the v; are orthogonal to each other in the formula p = ", p;1;f
given above, noting that the p; are then the eigenvalues of p, and using that
the trace is the sum of eigenvalues we see that

S(p) =~ sz‘ log(pi).

In this case the entropy of a pure state is 0, but strictly positive for a mixed
state. The entropy gives a measure of the uncertainty in an inherently statistical
quantum state. In a probability distribution where some outcomes have a higher
probability than others has a lower uncertainty of the outcome than a probability
distribution that is closer to being uniform. The average of two distributions
is closer to uniform than either is separately, so the entropy of the average of
two distributions should be higher than the average of the entropies of the two
distributions. In other words, it is natural to expect the entropy of probability
distributions and S to be concave. This is indeed the case.

If p1 and p, are two states and we let p; o denote the state of their composite
quantum system then we have the subadditivity inequality

S(p1,2) < S(p1) + S(p2).

In the case that p; 2 3 is the state of the composite of three subsystems whose
states are p1, p2 and p3 we get the following inequality known as strong
subadditivity

S(p1,2,3) + S(p2) < S(p1,2) + S(p2,3)-

See for example [Rus02] for details.
The relative entropy S(p||o) of two states p and o is

S(pllo) = Tr p(log(p) — log(o)).

The relative entropy gives a measure of how much two states differ. Two states
that differ should have a higher relative entropy than two equal states, so it
is natural to expect the relative entropy to be convex. The relative entropy is
indeed jointly convex. The rest of this section lists results on convexity /concavity
that doesn’t necessarily have a direct interpretation in physics.



Lieb showed in [Lie73| the concavity of the map
A= Tr ATK*APK

for a positive matrix A, thus proving the Wigner-Yanase-Dyson conjecture. He
also showed that the two variable version

(A, B) = Tr A"K*BPK

is jointly concave in positive A and B. In [Lie73| it was also shown that the
map

A Trexp(L +1n A)
is concave. Carlen, Frank and Lieb showed in [CFL16| that the map

(A, B) — Tr(AfBPA%)*

is jointly convex or jointly concave for varying values of p, ¢ and s.
A real function f(z) is called log-convez if log (f(z)) is convex. Ando and
Hiai showed in |[AH11| that the map

A logw(f(4)),
where f is an operator monotone decreasing function, and w is a positive linear
functional, is convex. They also showed that a function f is operator monotone
decreasing if and only if f is operator log-convex, and similarly that a function
f is operator monotone increasing if and only if f is operator log-concave.
The next two recent results, that grew out of these earlier developments, mo-

tivates our main theorem. Hiai showed in |[Hial6] the joint convexity/concavity
of the maps

(4, B) = Trg(B(A?) = U(BY)B(A?)*)
T _ iy -1
(4,B) = Trg((@(A") w(B~H)@(a 7)) 7).
Kirihata and Yamashita showed in [KY20| the convexity of the map
A g(@(1(4))),
where @ is a strictly positive linear operator. They also showed that the map
(4,B) > 7((£1(4) 20 (f2(B)) @ (f1(4))7),

where 7 is a tracial positive functional, is jointly convex.
The goal of this thesis is to show the joint convexity of the map

(4.B) = g(@(f1(4) ¥ (£2(B)2(f1(4))?).
This would generalize the result in [Hial6] to more functions than power
functions and in [KY20| from a functional 7 to a functional of the form
A Trg(A).
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2. Preliminaries

2 Preliminaries

This section is a review of some basic material in matrix analysis. See for
example [Bha97|] and [Bha07].

Functional calculus.

Definition 2.1. Let p(z) = ¢, 2" + ¢,_12" "' +...c17 + ¢o be a real polynomial.
For a hermitian matrix A we define the fuctional calculus p(A) of p at A to be

p(A) i= ey A" + e 1AM+ At ool
Where I denotes the identity matrix with the same dimensions as A.

With diagonalization A = UDU*, for a diagonal matrix D = diag({\;}), we
get
p(A) =, A" 4+ 1A L+ At ool
= c,(UDU*)"* + ¢, 1(UDU*)" ' + ...+ c,UDU* + cqUIU*
=c¢,UD"U* + ¢, .\ UD"'U* + ...+ c,UDU* + coUIU*
= U diag({c, A\ U™ + U diag({c, 1 AP HU* + ...
+ Udiag({ci\i}) U™ 4+ U diag({co })U™
= U diag({p(X:) U™
Which we write as Up(D)U*.

Many functions can be approximated by polynomials, so the functional calculus
of a more general function is defined similarly. For a diagonal matrix:

Definition 2.2. Let D = diag();) be a diagonal matrix, and let f be a function
defined on a set that contains {\;}. Then we define the functional calculus
f(D) of f at D to be

f(D) = diag({f(Xi)})-

For a general hermitian matrix:

Definition 2.3. Let A be a hermitian matrix with diagonalization A = UDU*,
and let f be a function defined on a set that contains the spectrum of A. Then
we define the functional calculus f(A) of f at A to be

(A) = U(D)U".
Example 2.4. For f(z) = e* and

2 0
4=l 3
we get ,
e 0
=y gl

Example 2.5. For f(z) = 7 and

o2 e A L



r=at=21 0 0 Wzl Vil Y

Positivity.

Definition 2.6. A matrix A is called positive if it is hermitian and all eigenvalues
of A are nonnegative, and strictly positive if the eigenvalues are positive. We
write 0 < A in the former case and 0 < A in the latter case.

We denote the set of n x n matrices by My, the set of positive n X n matrices
by M and the set of strictly positive n x n matrices by M.
Positivity has many equivalent definitions. One of them states that A is positive
if and only if its quadratic form is positive semidefinite. That is, if

0<z*Ax, forall x.

Similarly A is strictly positive if and only if its quadratic form is positive
definite:
0 <z*Az, forall x #0.

A third definition states that A is positive if and only if A = B*B for some
matrix B. A is then strictly positive if and only if B is invertible.

The notion of positivity also makes sense for linear operators on some Hilbert
space. In this case a self-adjoint linear operator ® is called positive if its
spectrum o(®) is a subset of [0, 00) and strictly positive if o(®) C (0,00). We
will, however, not need this in this text.

Positivity gives us a partial ordering on the set of hermitian matrices:

A<B, if 0<B-A.

Example 2.7. We have

Og[ 7 2\/52}

—2v/2i 5

v 5= [avm

and

Example 2.8. For

0 1 0 2
we neither have A < B nor B < A.

5

has only positive elements, so it may look positive at first glance. TIts
diagonalization, however, shows that this is a deception:

b =h 6 sl )

i Yoy

Example 2.9. The matrix



2. Preliminaries

Definition 2.10. A linear operator ®: M, — M,, is called positive if ®(A) is
positive whenever A is positive. ® is called strictly positive if it is positive and
®(A) is invertible whenever A is invertible.

Example 2.11. The linear operator ®(A) = XAX* + Y AY™ for some unitary
matrices X and Y is strictly positive:

Writing A = UDU* we have XAX* = XUDU*X* = XUD(XU)* and, since
XU(XU)* = XUU*X* = XIX* =1, we see that this is a hermitian matrix
with positive eigenvalues whenever A is. Similarly with Y AY™.

Example 2.12. The linear operator
1 0 1 0
=l ol o

that acts on 2 x 2 matrices is positive, but not strictly positive:

10A10_'10u1u2/\1017177310
0 0] [0 0] [0 O] [ug wa] [0 Xof|wz wa| [0 O
~[Mwur + Aaugun 0]

0 0

_ [Aflua P+ Aeflunl* 0
B 0 0|

Example 2.13. The linear functional ¢(A4) = Tr A is strictly positive as the
trace of A is the sum of the eigenvalues of A.

Convexity and monotonicity.

Definition 2.14. We say that a function f, defined on an interval (a,b), is
operator convez if

f(A=t)A+tB) < (1—t)f(A)+tf(B), tel0,1]

holds for all hermitian matrices A and B whose eigenvalues is in (a, b). Similarly,
we say that f is operator concave if the reverse inequality holds:

f(A=t)A+tB) > (1-t)f(A)+tf(B), tel0,1].

If f is continuous then f is operator convex if

f<Aw2LB> < f(A)ﬂ;f(B)’ te0,1].

If f is operator convex then — f is operator concave, and if f is operator concave
then —f is operator convex.



Example 2.15. f(x) = 22 is operator convex.

We have
f(A) + f(B) A+B\  A*+B? (A+B\’
S0 () -5 ()

_ 2A%42B* (A% + B?+ AB+ BA)
- 4 a 4
A4+ B?— AB— BA
N 4
_(A-B)?
==

Which is positive since the eigenvalues of A — B gets squared.

Example 2.16. The function f(z) = 2® is convex on [0, 00), but not operator

convex. With
1 1 3 1
A= L 1] and B = L J

we get

I IB) g (ArBY [0 )

_[3-V10 3+V10 [3—\/10 0 } 5% 313U
- 1 1 3 .
1 1 0 3+VI0|| 50 3~ 3um

Definition 2.17. We say that a function f is operator monotone increasing (or
simply operator monotone) on an interval (a,b) if we have

A< B= f(A) < f(B).

for any hermitian matrices A and B with eigenvalues in (a,b). Similarly we say
that f is operator monotone decreasing if

A< B= f(A) = f(B).

If f is operator monotone increasing then —f is operator monotone
decreasing, and if f is operator monotone decreasing then —f is operator
monotone increasing.

If f(x) is operator monotone increasing then f(z~') and f(z)~! are operator
monotone decreasing.

Theorem 2.18. Let f: (0,00) — R be a continuous, operator monotone
increasing function. Then f is operator concave.

Similarly a continuous, operator monotone decreasing function f: (0, 00) —
R is operator convex.

Remark 2.19. can be proven by using the integral representation for operator
monotone increasing functions introduced later, or see [Bha97, Theorem V.2.5].

Example 2.20. The linear operator ®(4) = XAX™* is operator monotone
increasing.
Let A < B, and let C be such that B — A = C*C. Then

XBX* — XAX* = X(B—-A)X*=XC'CX* = (CX*)"CX*

which is positive.
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2. Preliminaries

Example 2.21. The function f(z) = 27! is operator monotone decreasing on
(0,00).
First note that if I < A we get

I<A
ATEIATE S ATTAATE
A<
Now let 0 < A < B. Then
A<B
I <AEBA:

I>(A"2BA™%)™!
I>A:B 1Az
A"t > B7L

Example 2.22. Although f(z) = z? is monotone increasing on [0, c0) it is not
operator monotone increasing. We have

bl
HREEEE

but

33 -V13) 5(3+¢ﬁ)} F(i’)—\/ﬁ) 0 ] —{%—3 3+ 5om
! ! o eVl | i-an)

Integral representation. The source for this section is [Bha97, Section V.4].

Theorem 2.23. Let K be the set of all functions f that are operator monotone
increasing on (—1,1) and such that f(0) =0 and f'(0) = 1. Then K is convexz,
compact in the pointwise convergence topology, and its extreme points have the

form
T

f(zx) ,  where a = %f”(()).

The next theorem is a consequence of 2:23]

T 1-az
Theorem 2.24. Let f be a nonconstant operator monotone increasing function
on (—1,1). Then f has an integral representation

xT

£@) = £0)+ £/ [ Ty

for a unique probability measure p on [—1,1].

2.24] gives us an integral representation of operator convex functions.



Theorem 2.25. Let f be a nonlinear operator convex function on (—1,1). Then
f has an integral representation

1 2

X
d
T ()

@) = 50) + £ 0)s + 57°0) [

for a unique probability measure u on [—1,1].

A function f is operator monotone increasing on an interval (a, b) if and only
if f ((b;;)t + H?a) is operator monotone increasing on (—1,1), so the theorems
above holds for functions on (a,b) as well.

Denote by H; the upper halfplane {z € C : Im(z) > 0} of the complex plane,
and by H_ the lower halfplane {z € C : Im(z) < 0}.

Definition 2.26. A function f: H, — H, is called a Pick function if it is
complex analytic. The set of all Pick functions will be denoted by P.

From Nevanlinna’s Theorem we get the following theorem.

Theorem 2.27. A function f is in P if and only if it has an integral

representation
o0

F(2) = a+bz+/ o+

o A — 2

where a € R, b >0, u is a positive Borel measure on R and C is the constant

A

The representation can be shown to be unique. Denote by P(a,b) the subset
of P consisting of functions that can be analytically continued across the open
interval (a,b) to H_ by reflection.

The results above leads to the following two theorems.

Theorem 2.28. A function f is in P(a,b) if and only if the measure p in its
representation is such that p(a,b) = 0.

Theorem 2.29. A function f is in P(a,b) if and only if f is operator monotone
increasing on (a,b).

Means.

Definition 2.30. For matrices A and B the arethmetic mean AV B is defined to
be

AVB =

Definition 2.31. For invertible matrices A and B the harmonic mean A!B is

defined to be )
-1 —1\ —
AIB = (A;B> .

‘We have the relation

AB = (A"'vB~ 1)1,



3. Main Theorem

Definition 2.32. For positive matrices A and B the geometric mean A#B is
defined to be ) ) .

A#B:= A2(A 2 BA™2)2 Az,
Theorem 2.33. Let A and B be positive matrices. We then have the order

relation
AlB < A#B < AVB.

Proof. Assume for contradiction that A!B > A# B. Then we get

SIS
ol

A
2

ATV 4 BT <2475 (ATEBATE) 5 ATE
I+ ASB7IA* <2(A*B71A%)3
I+A*B71AT <245B71A3

I <AB71A%
Al < B

-1 —1\ 1
(A A > > A3 (A4BATY)

Since the means are symmetric we also get B~! < A~'. This is a contradiction,
so A!B < A#B. Assume for contradiction that A#B > AV B. Similarly to the
above we get

A+B
2
20ATEBATE)E > [+ ATEIBAE
2ATEBAT: >+ A"2BA:
ATEBATE >
B> A.

1

A3(ATEBATE)EAS >

Since the means are symmetric we also get A > B. This is a contradiction, so
A#B < AVB. |

3 Main Theorem

Definition 3.1. Define F to be the set of functions f that are non-decreasing
and concave on (0, 00) with lim,_, @ =0.

Definition 3.2. Let f € F. Define the function f by

f(x) ;= inf (tx — f(t))

te(0,00)

Given a function f we can find f by differentiating ta — f(t) with respect
to t and finding its minimum.

Example 3.3. For f(z) = 22 we get

f(x) = inf (tz —t2).
f(z) tetgw)(a? )



The derivative of tx — 7 is

O (te — 14 !
2t — —
ot 2Vt
which has the root t = . This gives us
A 1
flz) = I

Lemma 3.4 (|Hial6]). Let f € F and B € M[}". Then
Trf(B) = inf (TrAB—Tr f(A)).
AeMT
proof (sketch). Writing B = UDU* we get, from the trace property,
Tr f(B)=TcUf(D)U* =TrUU*f(D) = Tr f(D)

and

Tr AB=Tr AUDU* =Tr AD.
We can therefore assume that B is diagonal and write B = diag(by,ba, ..., by)

for by > by > ... > b,. It can be shown that f = f, so we have
f(x) = infie(0,00) (tz — f(t)). Now we get

n

Tr f(B) = Zf(bi)

=t Z} (aibi — f(a))

= inf (TrAB — Tr f(A))
A =diag(a1,az,.. ,a")EM+

> AEI{I\}JIE’J“ (Tr AB —Trf(A)).

It can be shown, for A € MI"“ with eigenvalues a1 > as > ... > a,, that
Tr AB > Y | a;ibp41—;. With this we get

Tr AB — Trf Z az n—+1— 7,_ al Zf )
i=1

Taking infimum we get

inf (TrAB —Tr f(A)) > Tr f(B).
Aemtt

With both

Tr f(B) > inf (TrABfTrf(A)) and mf (TrABfTrf(A)) > Tr f(B)
AeMTt AeM;

we get

Tr f(B) = Aé&a+ (Tr AB — Tr f(A)).

10



3. Main Theorem

Lemma 3.5 (|KY20|). Let f: (0,00) — (0,00) be an operator monotone
decreasing function, g: (0,00) — R an operator monotone increasing function
and ® : Mt — Mt T a strictly positive linear operator.

Then the map

Mt o M, A g(cb(f(A)))

m 7
18 convez.
To prove this lemma we need two lemmas:

Lemma 3.6 ([KY20]). Let f: (0,00) — (0,00) be an operator monotone
decreasing function. Then we have

f(AVB) < f(A)!f(B)

for A, B € M.

Lemma 3.7 ([KY20]). Let ®: M+ — MY be a strictly positive linear operator.
Then we have

®(AIB) < ®(A)!1d(B)

for positive A, B € MFT.
proof of[3.5 As g is operator monotone increasing we have, from that
g(@(£(AvB))) < g((F(A)1F(B))).
Since g is operator monotone increasing we have, from that
g(@(r(A)1(B)) < g(@(F(A) 1@ (£(B))).

Since g is operator monotone increasing the function h(z) := g(z~!) is operator
monotone decreasing on (0,00) and is therefore operator convex. Thus, for
C,D € M/ ", we have

9((CTD)™) = H(CVD) < h(C)TA(D) = g(C~H)vg(D™Y).

Using this we get

a(@(r()1e(1(B))) = 9(<q’(f(A))1v<I>(f(B))l)_l)

In summary we have
g(@(£(4vB))) < g(@(£(4))vg(@(1(B))),
and A — g(q)(f(A))) is convex. |

11



Theorem 3.8. Let f1, fo: (0,00) — (0,00) be operator monotone decreasing
functions, g(x) an operator monotone increasing function on (0,00) such that
lim, 0 g(x)z = 0 and —g(xz—1) is operator monotone increasing on (0,00), and

let ®: M+ — M, W MAT — MT be strictly positive linear operators.
Then the map

N
S

M MG B, (A, B) o Trg (7 (4) T U(5(B) 2 (1 (4)

is jointly convex.

Proof. Define the function h by h(x) := —g(x~!), which is operator monotone
increasing. We have

Teg(®(£1(4)) W (£2(B)D(f1(4)*) = = Trh(@(£1(4)) * 0 (f(B)) '@ (f1(4)

S

so we show the concavity of Tr h(CD (f1(4)) _%\I/(fg(B)) _1<I>(f1 (A))

) instead.
By [B-4] we have

Teh(@(f1(4) 0 (£(8) @ (fi(4)?)

sz
= inf (TeYO(f1(4) FU(f(B) T @(fi(4))

SIS

yemt
. —1 1 ~
zyégﬂ%+<TrY<I>(f1(A)) U(£(B) T = Teh(Y)).
Define the positive matrix X := (Y@(fl(A))_l)§ which gives Y =

X2®(f1(A)). This gives us

o (Teve(si(a) T w(RB) T - ThY))

~inf (TrXQ\II(fz(B))_l_TriL(XQq)(fl(A))))

Xemft

We look at the term Tr XQ\II(fQ (B))f1 first. Define the strictly positive linear
operator W'(Z) := ¥(Z)X 2, so that ¥/ (Z)~! = X2¥(Z)~1. We have
Tr X2U(f5(B)) " = Tr W' (f2(B)) .

Define the operator monotone increasing function k by k(x) := —z~1. We get

Tr \I/'(fg(B))f1 = — Tfk(\Ij/(fQ(B)))v

which is concave by
Now we look at the term — Trﬁ(X2<I>(f1 (A))) Define the strictly positive
linear operator ®'(Z) := X2?®(Z). This gives

~Teh(X20(f1(4))) = = Tra(@'(fi(4)) ).

12
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3. Main Theorem

By assumption iL(:B) = —g(a~1) is operator monotone increasing. The term
—Tr fL(@(fﬂA))) is therefore, by operator concave.

Let Z almost minimize inf y o+ TrXQ\I/(fg(B))_1 — Trﬁ(XQQ(fl(A))))

for A= A1VAy and B = B1VDBs, and let € > 0. Inserting Z in the expression
and using concavity we get

L nf (TrX2\I!(f2(B))_1 —ﬂh(x%(fl(A)))) +e
> Tr 229 (fo(B)) ' - TrB(ZQ@(fl(A)))

> ;(TrZQ\I/(ﬁ(Bl))_l + TrZQ\I/(fQ(B2))_1
B TrB(ZZ<I>(f1(A1>)) —Trfz<Z2<I>(f1(A2))))

> ;<zli§§/f:+ (Trzf‘lf(fz(Bﬁ)_l - TTE<Z12‘D(f1(A1)))>
+ inf (Tngz\I’(f2(B2))_l _T‘ri’(z?z@(fl(A2))>)>

ZoeMt

B ;(Trh(‘”fl(fm)5\11(f2<31>)1¢(f1<,41>>5)

)

Teh(®(£1(4) FR(R(B) R (A(4)F).

Nl

+Teh(@(f1(42) 0 (fo(B2) D (fi(42))”

By letting € go to zero we thus get joint concavity of

Hiai showed in [Hial6| the following theorem:

Theorem 3.9 ([Hial6)). Let g be a non-increasing function on (0,00),
& M+ — le*', U MEF — MI'(H' be strictly positive linear operators and
p,q € [0,1]. If either g(z'*P) or g(z*+9) is convex on (0,00) then the maps

M+ x MY =R, (A, B) s Trg(®(AP)2 W (B)B(AP)?)

M+ x Mt SR, (A, B) Trg((cb(A—P)%xI/(B—Q)@(A—P)%)’l)
are jointly convex.

We see that the map (A, B) — Trg(q)(fl(A))%\I!(fg(B))CI)(fl(A))%) in
is more general than the maps in but that this comes at the cost of

assuming g(z) and —g(x—1) are operator monotone increasing instead of g(z*?)
or g(x'T%) being convex.

13



Example 3.10. With g(z) = 22, fi(z) = fo(z) = 2! and ®(A) = U(A) = A
we get that

is jointly convex.

Example 3.11. With g(z) = log(z), fi(z) = fo(z) = 272, ®(A) = XA and
U(A) =Y B for some X € M"Y € M\* we get that

is jointly convex.

4 Closeness to convexity.

We saw earlier that the function f(z) = 23, although convex on (0, o) is not
ALBy < SA)I)
2 2

operator convex. This only means that the inequality f(
does not hold for general positive matrices A and B, not that it breaks for all
A and B. It is therefore possible to develop a notion of "closeness to convexity"
by asking the following question: If we generate random positive matrices A
and B, how often does the convexity inequality hold? First we need a way to
generate random matrices. We will use the Gaussian Unitary Ensemble.

Definition 4.1. Let A € M, have the entries

1 2
ag; +ag

A= ,
k,l /7271

1<k<l<n

above the main diagonal, and

Qa
Ak,k = kol 1<k<n

on the main diagonal, where a}m“ ai,l and ay are independent, centered
Gaussian variables with variance 1. Then A is called the Gaussian Unitary
Ensemble.

A matrix A generated this way isn’t necessarily positive, but we can define
the matrix B by
B := (AQ)%

and use this instead.

The cube function. With f(z) = 2%, A, B randomly generated positive
matrices and checking the convexity inequality we get for dimensions n =
2,...,10 with 10000 trials the graph in[0.1] We see that the convexity inequality
holds more often than not in dimension 2, but drops off quickly as the dimension
increases.

14



4. Closeness to convexity.

100400
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E000 4

4000 4
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N fiy)=x"3

Figure 0.1: The cube function.

B fix)=x"2.2

B a8 10

N fix)=x"2.4
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Dirmension

Figure 0.2: Some power functions.
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G000 4
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2 4 & 8 10
Dimension

Figure 0.3: The exponential function.

Some power functions. The function f(x) = 2® may not be operator convex,
but g(z) = x? is. The graph in shows the power function h(z) = 2" for
some values between 2 and 3 with 2500 trials. We see that the closeness to
convexity drops off in every dimension as r increases.

The exponential function. The exponential function f(z) = e” is convex as
a real function, but it is not operator convex. The graph in [0.3] shows that it
starts off close to convex for dimension 2 and drops off slowly as the dimension
increases.
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5. Appendix.

5 Appendix.
Code used to produce [0.1] [0.2] and [0-3}

1 import numpy as np

2 import scipy as sp

3 from scipy.linalg import fractional_matrix_power, expm, eigvals
4 from math import sqrt

5 import scipy.stats as stats

¢ import matplotlib.pyplot as pp

7

8

9 def GUE(N):

10 A = np.matrix([[stats.norm.rvs(loc=0, scale=1l)/sqrt(2xN)
11 + stats.norm.rvs(loc=0, scale=1)*1j/sqrt(2xN)

12 for i in range(N)] for j in range(N)])

13 for i in range(N):

14 for j in range(N):

15 if i<j:

16 Ali, j] = np.conj(A[j, 1i])

17 if i==j:

18 A[i, j] = stats.norm.rvs(loc=0, scale=1)/sqrt(N)
19 A = fractional_matrix_power(A**2, .5)

20 return A

21

22

23 # f(x) = x™3

24

25 N = 10

26 its = 10000

dim_size = range(2, n+l)

NN
w

convex_plot = []
for N in dim_size:
convex_counter = 0
for i in range(its):
A = GUE(N)
B = GUE(N)
if min(eigvals((Ax*3+B*x3)/2-((A+B)/2)**x3)) >= 0:
convex_counter += 1
convex_plot.append(convex_counter)
pp.ylim([0, its])
pp.xlabel("Dimension")
pp.bar(dim_size, convex_plot)
pp.legend(["f(x)=x"3."])

ARl W W W W W W www W
NO= O © N U R W N = O ©

N
@

44 # f(x) = e™x
45

46 N = 10
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71
72
73
74
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76
7
78
79
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its = 10000
dim_size = range(2, n+l)

convex_plot = []
for N in dim_size:
convex_counter = 0
for 1 in range(its):
A = GUE(N)
B = GUE(N)
if min(eigvals((expm(A)+expm(B))/2-expm((A+B)/2))) >= 0:
convex_counter += 1
convex_plot.append(convex_counter)
pp.ylim([0, its])
pp.xlabel("Dimension")
pp.bar(dim_size, convex_plot)
pp.legend(["f(x)=e"x"1)

# f(x) = x°r

n =10

its = 2500

exponents = [2.2, 2.4, 2.6, 2.8]
dim_size = range(2, n+l)

fig, axs = pp.subplots(2, 2)
first_axis = 0
second_axis = 0

for exp in exponents:
def f(A):
return fractional_matrix_power (A, exp)

convex_plot = []
for N in dim_size:
convex_counter = 0
for i in range(its):
A = GUE(N)
B = GUE(N)
if min(eigvals((f(A)+f(B))/2-f((A+B)/2))) >= 0:
convex_counter +=1
convex_plot.append(convex_counter)

axs[first_axis, second_axis].bar(dim_size, convex_plot)
axs[first_axis, second_axis].legend(["f(x)=x""+str(exp)])
axs[first_axis, second_axis].set(ylim=[0, its])
axs[first_axis, second_axis].set(xlabel="Dimension")

if second_axis <= first_axis:
second_axis += 1



5. Appendix.

97
98
99

else:
second_axis -=1
first_axis += 1
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