Quantum polynomial optimisation problems for
dimension d variables, with symmetries
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Quantum polynomial optimisation problems for
dimension d variables, with symmetries

.  The Quantum Random Access code
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A o > B
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The Random Access Code (RAC) game

The Random Access Code (RAC) game
e Two players: Alice, in Madrid. Bob, in Barcelona
x = (%1, %) € {1,2) y €{1,2) e Areceives input x = (x4, %) € {1,2}?
i She sends information I,. to Bob
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I * He measures I, dependingon y
He outputs b
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The Random Access Code (RAC) game
e Two players: Alice, in Madrid. Bob, in Barcelona
x = (%1, %) € {1,2) y €{1,2) e Areceives input x = (x4, %) € {1,2}?
i She sends information I,. to Bob
A o > B B receives input y and I,
I * He measures I, dependingon y
He outputs b

be{l,2}

Score
* This is done several time: p(b|x, y)



The Random Access Code (RAC) game

x = (xq1,x,) € {1,2}?

A o > B
L

y €{1,2}

be{l,2}

The Random Access Code (RAC) game
e Two players: Alice, in Madrid. Bob, in Barcelona
e Areceives input x = (x4, x;) € {1,2}?

She sends information I,. to Bob

B receives input y and I,

He measures I, depending on y

He outputs b

Score
* This is done several time: p(b|x,y)
* Score of A&B: probability that B guesses x,:

S=pb=x,) = z Op=x,P(b|x,y)
xyb



The Random Access Code (RAC) game

Trivial strategy

x = (xq,%,) € {1,2)? y € {1,2}
A O > B
Iy
befl,2)
b=x),?



The Random Access Code (RAC) game

Trivial strategy
e AsendsI, =x

x = (x1,x7) € {1,2)? y €{1,2} > B always guesses x,,
R
Iy
b €{1,2}
b=x,?



The Random Access Code (RAC) game

Trivial strategy

e AsendsI, = x
x = (xq,%,) € {1,2)? y € {1,2} y

.

» B always guesses x,,

Restricted game
* A receives x, sends restricted I, of dimension 2
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The Random Access Code (RAC) game

The Random Access Code (RAC) game
* A receives x, sends restricted I, of dimension 2
* Breceivesy,I,, outputs b

x = (0,%7) € {1,2)° y €{1,2} » Score : probability that B guesses x, S = p(b = x,)

.
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The Random Access Code (RAC) game

The Random Access Code (RAC) game
* A receives x, sends restricted I, of dimension 2
* Breceivesy,I,, outputs b

x=0a,x) € {1 2y y € {12} * Score : probability that B guesses x,, § = p(b = xy)
A ~ ) Classical strategies
;1 € {1, 2} by * I, := A, is a bit of information depending on x
be (1,2} * B outputs a classical function of 4, b, (4y)
b=x,?
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The Random Access Code (RAC) game

x = (xq,%,) € {1,2)? y € {1,2}
A O > B MJ?
i} px € L(C?)
be{1,2)
b =x,?

The Random Access Code (RAC) game
* A receives x, sends restricted I, of dimension 2
* Breceivesy,I,, outputs b

* Score : probability that B guesses x,, § = p(b = xy)
Classical strategies

e I, := A, is a bit of information depending on x

* B outputs a classical function of 4, b, (4y)
Quantum strategies

I, := p,isaqubit of information depending on x

* B performs a quantum measurement Mg’, of p,

13



RAC game: classical strategies

x = (X1, x2)€{12}2 y € {1,2}
A _ ) Classical RAC game: Maximal score
A, € {1, 2} Py (s * Optimal strategy: 4, = x4, by, (4,) = 4,
be{12) > Sqaseieal = 3/4
b=x,?
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x = (xq1,x,) € {1,2}*

RAC game: quantum strategies

Quantum RAC game

* Areceives x, sends qubit p,
y € {1,2}

> B

A O >
i} p, € L(C?) @

be{12)
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RAC game: quantum strategies

Quantum RAC game

* A receives x, sends qubit
x = (xq,%;) € {1,2}? y € {1,2} q Px

> p, is a matrix of C?
@ o > B > p, hermitian, p, > 0,and Tr(p,) =1
px € L(C?)

be{12)




x = (xq1,x,) € {1,2}*

RAC game: quantum strategies

y € {1,2}

A o > B M}
px € L(C?)

be{12)

Quantum RAC game

* Areceives x, sends qubit p,
> p, is a matrix of C?
> p, hermitian, p, > 0,and Tr(p,) = 1

* B performs a quantum measurement Mg’,
> Mg’, are matrices of C%
> Mg’, hermitian, Mg’, > 0,and Vy, X, Mg’, =1,

17



RAC game: quantum strategies

Quantum RAC game

* A receives x, sends qubit
x = (xq,%;) € {1,2}? y € {1,2} q Px

> p, is a matrix of C?
@ { ] > p, hermitian, p, > 0,and Tr(p,) = 1
A o > B MP b
p, € L(C?) y * B performs a quantum measurement My,
> Mg’, are matrices of C?
> Mg’, hermitian, Mg’, > 0,and Vy, X, Mg’, =1,

- p(b|x,y) = Tr(p, - M5)
y- e S=Tr (nyb Sb:xypx . M:I;,)

be{12)
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x = (xq1,x,) € {1,2}*

RAC game: quantum strategies

y € {1,2}

A o > B M}
px € L(C?)

be{12)

Quantum RAC game

* Areceives x, sends qubit p,
> p, is a matrix of C?
> p, hermitian, p, > 0,and Tr(p,) = 1

* B performs a quantum measurement Mg’,
> Mg’, are matrices of C%
> Mg’, hermitian, Mg’, > 0,and Vy, X, Mg’, =1,

- p(blx,y) = Tr(p, - M})

e S=Tr (nyb Sb:xypx . M:I;,)
Maximal score

.« §2 ~0,85
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Generalised (1, d)-RAC game

The (n,d)-RAC game
e Adirect generalisation:
e x=(x1,..,%,) €{1,...,d}"", ye{1,..,n}
* restricted I, of dimension d

y€{l,..,n}
> B
befl,.. d}
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Generalised (1, d)-RAC game

The (n,d)-RAC game
e Adirect generalisation:
e x=(x1,..,%,) €{1,...,d}"", ye{1,..,n}
* restricted I,, of dimension d

y €{L,..,n} 9
s< = max S({p, MP
max Mg’,,pxe}" ({px y})
> B M} F : py, M} > 0,dimension d, Tr(p,) = 1,Vy, X, M5 = I,
befl,.. d}
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Generalised (1, d)-RAC game

The (n,d)-RAC game
e Adirect generalisation:
e x=(x1,..,%,) €{1,...,d}"", ye{1,..,n}
* restricted I,, of dimension d

s< = max S({p, MP
max Mg’,,prT ({px y})
> B MB? F:py Mg’, > 0,dimensiond, Tr(p,) = 1,Vy, ), Mg’, =1,
befl,..d * In general, SSW is not known
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Generalised (1, d)-RAC game

The (n,d)-RAC game
e Adirect generalisation:
e x=(x1,..,%,) €{1,...,d}"", ye{1,..,n}
* restricted I, of dimension d

s< = max S({p, MP
max Mg),,pXET ({px y})
> B MD? F:py Mg’, > 0,dimensiond, Tr(p,) = 1,Vy, ), Mg’, =1,
befl,..d * In general, SSW is not known

* Dimension d non commuting polynomial
optimisation problem
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Generalised (1, d)-RAC game

The (n,d)-RAC game
e Adirect generalisation:
e x=(x1,..,%,) €{1,...,d}"", ye{1,..,n}
* restricted I, of dimension d

s< = max S({p, MP
max Mg),,pXET ({px y})
> B MD? F:py Mg’, > 0,dimensiond, Tr(p,) = 1,Vy, ), Mg’, =1,
befl,..d * In general, SSW is not known

* Dimension d non commuting polynomial
optimisation problem
» Lower bounded by explicit solutions
» Upper bounds?
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Quantum polynomial optimisation problems for
dimension d variables, with symmetries

II. The NV relaxation




Generalised (1, d)-RAC game

Soax = i S({px, MP})

{0x, M

v

S(px, M) se S

M. Navascués, S. Pironio, and A. Acin, Phys. Rev. Lett. 98, 010401 (2007)
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Generalised (1, d)-RAC game

{px

Soax = i S({px, MP})

F : py, MY > 0,dimension d, Tr(p,) = 1, Vy, Y, M5 = I,

SDP relaxation
* Order I moment matrix {px, Mg’,} - rpx,M£

S(px, M) se

M. Navascués, S. Pironio, and A. Acin, Phys. Rev. Lett. 98, 010401 (2007)

I3 p111 p112 M} M3
I d 1 1 o (MY Tr(M32)
P11l 1 Tl‘(Pm’Pm) Tl'(P111',0112) Tl‘(Pln'Mf) Tl‘(Pm'Mf)
pri2 1 Tr(pii - pin) Te(pio - pri2) -+ Tr(pna- My) Tr(pig - M) ---
mbo | Te(ME) Te(M-pig) Te(ME-pre) --- Te(ME-ME) Te(M]-ME) -
a2 | Te(M2) Te(M?-piyy) Te(MZ-pryg) -+ Te(ME-ME) Tr(ME-M2) -
S
27




{px

Generalised (1, d)-RAC game

Q _ - 2 T
Smax = max S({px, Mlynpi’éf 8p=x, Tr(px - M
My, px€F

F :py, Mg’, > 0,dimensiond, Tr(p,) = 1,Vy, >, M y =14
SDP relaxation
. i b
Order I moment matrix {px, My} - rpx,M£

I3 i1 P12 M} M3

d
L[ d 1 1 s Te(MY Tr(M?2)
pi11 1 Tl‘(,Om 'P111) Tl‘(Pm ' ,0112) Tl‘(Pm ' Mll) Tl‘(Pm : Mf) T
P11 1 Tr(piiz - pinn) Tr(pua-pue) -+ Tr(pna - M{) Tr(pre - M7) -
mbo | Te(ME) Te(M-pig) Te(ME-pre) --- Te(ME-ME) Te(M]-ME) -
m2 | Te(ME) Te(ME-pi) Te(ME-pre) -+ Te(ME-ME) Te(ME-ME) -
[ J

VT, ‘pseudo score’ §(T')

S({po M) = 5(I,) 1)

M. Navascués, S. Pironio, and A. Acin, Phys. Rev. Lett. 98, 010401 (2007)

S(px, M2)

0 3
Smax

v
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Generalised (1, d)-RAC game

Soax = i S({px, MP})

F : py, MY > 0,dimension d, Tr(p,) = 1, Vy, Y, M5 = I,

(e 14 T {px' MJ? }

SDP relaxation
* Order I moment matrix {px, Mg’,} - rpx,M£

¢ Spax = Mrgr,'pi’éfs ({px M2))

v

S(px, M) se S

29
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



Generalised (1, d)-RAC game

Soax = i S({px, MP})

F : py, MY > 0,dimension d, Tr(p,) = 1, Vy, Y, M5 = I,

(e 14 T {px' MJ? }

SDP relaxation
* Order I moment matrix {px, Mg’,} - rpx,M£

¢ Spax = M?,’pi’éfs ({px M2))

= max S(I‘ b )
I‘Mb My,px
y:Px

s.t.Mg’,,pr}"

v

S(px, M) se S

30
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Generalised (1, d)-RAC game

Soax = i S({px, MP})

F : py, MY > 0,dimension d, Tr(p,) = 1, Vy, Y, M5 = I,

SDP relaxation
* Order I moment matrix {px, Mg’,} - rpx,M£

+ Spax = max S({p,, MB})

M5 peF

= max S(I‘ b )
FMb My.px
y:Px

s.t.Mg’,,prT

<maxS(I') «—sppP
e,

were H; = {F # 0|I € Span (FMgrpx)}

v

S(px’ MJ?) Sr%ax 5

31
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Generalised (1, d)-RAC game

Soax = i S({px, MP})

F : py, MY > 0,dimension d, Tr(p,) = 1, Vy, Y, M5 = I,

SDP relaxation
* Order I moment matrix {px, Mg’,} - rpx,M£

+ Spax = max S({p,, MB})

M5 peF

= max S(I‘ b )
I‘Mb My,px
y:Px

s.t.Mg’,,prT

<maxS(I') «—sppP
e,

were H; = {F # 0|I € Span (FMgrpx)}

| | * How to construct J{;?
S(pxr M3) se S > Sampling

32
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



Quantum polynomial optimisation problems for
dimension d variables, with symmetries

lll. Sampling




Sampling

Srgnax= max S({px'Mg’})

M5, p eF

F:p,, Mf, > 0,dimension d, Tr(p,) = 1,Vy, Y, Mf, =14

Q —
Shax < max S(T), where H; = {F # 0|I' € Span (ernpx)}

v

S(py, MD) = (T, ) S

34
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



Sampling

Seax = o S({px, M5})

F:p,, Mf, > 0,dimension d, Tr(p,) = 1,Vy, Y, Mf, =14

Q —
Shax < max S(T), where H; = {F # 0|I' € Span (ernpx)}

H; construction

* Sample p,, Mg’, € F, computeI'y = pr,M§3

S(px, Mjlﬁ) = S(pr,Mg)

M. Navascués, and T. Vértesi, Phys. Rev. Lett.

115:020501 (2015)

v
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Sampling

Seax = o S({px, M5})

F:p,, Mf, > 0,dimension d, Tr(p,) = 1,Vy, Y, Mf, =14

Q —
Shax < max S(T), where H; = {F # 0|I' € Span (ernpx)}

H; construction
* Sample p,, Mg’, € F, computeI'y = pr,M§3
* Let L = Span(I'y)

v

S(py, MD) = (T, ) S

36
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



Sampling

Seax = o S({px, M5})

F:p,, Mf, > 0,dimension d, Tr(p,) = 1,Vy, Y, Mf, =14

Q —
Shax < max S(T), where H; = {F # 0|I' € Span (ernpx)}

H; construction
* Sample p,, Mg’, € F, computeI'y = pr,M§3
* Let L = Span(I'y)

. b _
: Sample p,’, My’ € F, compute I, = pr,,Mg,

v

S(py, MD) = (T, ) S

37
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



Sampling

Srgnax= max S({px'Mg”})

M5, p eF

F:p,, Mf, > 0,dimension d, Tr(p,) = 1,Vy, Y, Mf, =14

Q —
Shax < max S(T), where H; = {F # 0|I' € Span (ernpx)}

H; construction
* Sample p,, Mg’, € F, computeI'y = pr,M§3
. * Let L = Span(I'y)
« Sample p,/, Mg’,' € F, compute I, = rpx',M£'
* IfTy, € L: STOP

v

S(py, MD) = (T, ) S

38
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



Sampling

Srgnax= max S({px'Mg’})

M5, p eF

F:p,, Mf, > 0,dimension d, Tr(p,) = 1,Vy, Y, Mf, =14

Q —
Shax < max S(T), where H; = {F # 0|I' € Span (ernpx)}

H; construction

* Sample p,, Mg’, € F, computeI'y = pr,M§3
Let L = Span(I'y)
Sample p,/, Mg’,' € F, compute I, = rpr,M£'
If T, € L: STOP
IfIy & L, let L = Span(T'y,I,)

S(px, Mjlﬁ) = S(pr,Mg)

M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)

v
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Sampling

Srgnax= max S({px'Mg”})

M5, p eF

F:p,, Mf, > 0,dimension d, Tr(p,) = 1,Vy, Y, Mf, =14

Q —
Shax < max S(T), where H; = {F # 0|I' € Span (ernpx)}

H; construction
* Sample p,, Mg’, € F, computeI'y = pr,M§3
* Let L = Span(I'y)
« Sample p,/, Mg’,' € F, compute I, = rpr,Mgr
« IfT, € L: STOP
* IfI, ¢ L, let L =Span(I'y,T,)
* Sample p,",M3" € F, compute I'3 = pru,Mgu
« IfI3 € L: STOP

v

S(px, Mjlﬁ) = S(pr,Mg)

40
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



Sampling

Srgnax= max S({px'Mg”})

M5, p eF

F:p,, Mf, > 0,dimension d, Tr(p,) = 1,Vy, Y, Mf, =14

Q —
Shax < max S(T), where H; = {F # 0|I' € Span (ernpx)}

H; construction

* Sample p,, Mg’, € F, computeI'y = pr,M§3

* Let L = Span(I'y)

« Sample p,/, Mg’,' € F, compute I, = rpr,Mgr
* IfT, € L: STOP

* IfI, ¢ L, let L =Span(I'y,T,)

* Sample p,",M3" € F, compute I'3 = pru,Mgu
* IfT3 € L: STOP

“ IfI3 & L, let L = Span(I'y,I,I3)

S(px, Mjlﬁ) = S(pr,Mg)

41
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



Sampling

{px, M Srgnax = max S({px’ M?’D

Mb.p.eF

F : py, M) > 0,dimension d, Tr(p,) = 1,Vy, X, M5 = I,

Q —
Sax < {Jég()f S(T), where H; = {F 7 0|' € Span (ng,px)}

H; construction
* After samplingI'y ..., Ig41:
I5.1 € Span(Iy, ..., Iy)

v

42
M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)



{Px M

Sampling

Soax = max_S({p,, M5})

Mb.p.eF

F : py, M) > 0,dimension d, Tr(p,) = 1,Vy, X, M5 = I,

Q —
Sax < {Jég()f S(T), where H; = {F 7 0|' € Span (ng,px)}

H; construction
* After samplingI'y ..., Ig41:
I5.1 € Span(Iy, ..., Iy)
e Must happen as dim(I') < o

v

M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)
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{Px M

Sampling

Soax = max_S({p,, M5})

Mb.p.eF

F : py, M) > 0,dimension d, Tr(p,) = 1,Vy, X, M5 = I,

Q —
Sax < {Jég()f S(T), where H; = {F 7 0|' € Span (ng,px)}

H; construction
* After samplingI'y ..., Ig41:
I5.1 € Span(Iy, ..., Iy)
e Must happen as dim(I') < o
»3H; = Span(Iy, .., I) N {T > 0}

v

M. Navascués, and T. Vértesi, Phys. Rev. Lett. 115:020501 (2015)
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Sampling

Soax = max_S({p,, M5})

{Px M b
My,px€F

F : py, M) > 0,dimension d, Tr(p,) = 1,Vy, X, M5 = I,

Q —
Sax < {Jég()f S(T), where H; = {F 7 0|' € Span (ng,px)}

H; construction
* After samplingI'y ..., Ig41:
I5.1 € Span(Iy, ..., Iy)
e Must happen as dim(I') < o
»3H; = Span(Iy, .., I) N {T > 0}
* |n practice not so obvious:
» numerical errors

v
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Sampling

Soax = max_S({p,, M5})

P M
(P M5, p,EF

F : py, M) > 0,dimension d, Tr(p,) = 1,Vy, X, M5 = I,

Q —
Sax < {Jég()f S(T), where H; = {F 7 0|' € Span (ng,px)}

H; construction
* After samplingI'y ..., Ig41:
I5.1 € Span(Iy, ..., Iy)
e Must happen as dim(I') < o
»3H; = Span(Iy, .., I) N {T > 0}
* |n practice not so obvious:
» numerical errors
» ‘unlucky’ sampling

v
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Quantum polynomial optimisation problems for
dimension d variables, with symmetries

V. Symmetrisation of the NV hierarchy



NV Hierarchy Symetrisation

x = (x1,%2) €{1,2} y €{1,2} ]
Group of relabelling of the game
A o > B * Game invariant by some transformations
Ay » 0:X1 o Xxpandy:1 e 2
Z: befl,2) > t:xp:leo2andy =1:(b:1 © 2)
> ..
» Form a group of symmetry G
— x.?

b= xy: G=S5,:5,

48
M.O. Renou, D. Rosset, A. Martin, and N. Gisin, JPA, 50(25):255301 (2017)



NV Hierarchy Symetrisation

v

SO S({px M2}) SThax = Sl

K. Gatermann, and P.A. Parrilo, Journal of Pure and Applied Algebra 192, 95—-128 (2004)

Transformed strategies
* g € G maps strategy (px, Mg’,) to (px, Mg’,)g

g € GmapsTtoI'9d
s(r)=59)
S is linear

1

> Hence S(I) = S(I), T = ng r9

Set #; = {T'} much smaller than #,
The maximum is unchanged:
> S =maxS(T
max f'Ej'\[l ( )

49



NV Hierarchy Symetrisation

Symmetrized sampling
* The sampled space F; is much smaller

50



OrQ! = 0

NV Hierarchy Symetrisation

[ [, ®T4] O 0 0 0 1 Symmetrized SDP
0 0 0 0 e Tis igvagaan’(c.zndg)? )
= i
0 [, ®Tx O 0 e = .
* The SDP 87ax = maxS(I‘) breaks into block SDPs
: Ter
0 0 0 " 0 n
max S(I)
0 0 0 0 [ly ®Tk] {er%/{ }k

V=V10C")D D (V, & C"™)D - D (Vg ® C"K)

51



NV Hierarchy Symetrisation

{px, M;;r,}h. \\\\\II
/\\/ //;I
o e A
1
~ . .‘]‘fi/,’/
SI?lax = Sl?;ilax
14, ®Ty] O 0 0 0
0 . 0 0 0
Oro—t = 0 0 [1,®T O 0
0 0
0 0 [l ® k]

A. Tavakoli, D. Rosset, and M.O. Renou, Phys. Rev. Lett. 121, 250507 (2018)

# Basis elements

SDP (+ blkdiag) time (sec)

(n,d)| standard | sym standard sym Result
(3,2) 224 28 11 2 0.7887
(3.3)| 11380 | 82 |>8.5x 10" 4 0.6989
(3.4) - 82 - 15 0.6474
(3.5) - 82 - 120 0.6131
Level of relaxation L: 1 + AB. *-": unable to perform a computation.

52




NV Hierarchy Symetrisation

srosset.github.io/gdimsum/

QDimSum QDimSum

Q D M S UM This package was written by Denis Rosset, Armin Tavakoli and Marc-Olivier
I Renou.

Symmetric STF relaations For qudit systems

==}
=
]

Symmetric SDP relaxations for gqudits
systems

It implements the algorithms described in

® A, Tavakol, D. Rosset and M.-O. Renou, Enabling computation of
correlation bounds for finite-dimensional quantum systems via

lab.github.io/replat/ B w
symmetrisation, arXiv:1808.02412
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and is based on the Navascués-Vértesi hierarchy described in : flrome tofep

® M. Navascués, A. Feix, M. Araljo, and T. Vértesi, Characterizing finite- Welcome to RepLAB!

dimensional quantum behavior

Download Download View On

ZIP File TAR Ball GitHub

We also mention the first use of symmetrisation applied to the Navascués-

Current version: 0.9.0 (GitHub / latest release ZIP / installation instructions).
Vértesi hierarchy in the independent work:

RepLAB provides tools to study representations of finite groups and decompose them numerically. It is compatible with both MATLAB and Octave.

e E. A Aguilar, |. . Borkata, P. Mironowicz, M. Pawtowski, Connections
Between Mutually Unbiased Bases and Quantum Random Access

<@ @ 5§ (37 +» home » denis » Projects » replab - =T
Codes Hew o MATLAB? See resources for Getting Started, N x
W [
group: 2 x 2 unitary matrices
isUnitary: true
factor(1): Unitary conplex representation of dimension 2
factor(2): Unitary complex representation of dimension 2
> g = U2.sanple

g=

©.2368 + 8.13641 -0.9718 - .28071
0.7846 - 9.55941  0.1747 - 0.20251

= rep2.image(g)

ans =
.6343 + .86271 -9.1737 - A.19631 -8.1737 - 9.19831  @.7789 + A.51751
B.2568 - 882171 ©.G67E - A.0PPBL -A.BBEZ + B.29541 -A.2178 + A.13761
0.2568 - 9.02171 -0.8E6Z + 9.29531 9.067E - 0.022B1 -0.2178 ¢ 8.13761

©.3025 - 9.87761  0.0236 - 9.25661 0.0236 - 9.25661 -0.8185 - 0.07671

Sy on D= regp. -

Decomposition of the U @ U representation of the unitary group of dimension 2.

https://denisrosset.github.i0/gdimsum/
https://replab.github.io/replab/
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https://denisrosset.github.io/qdimsum/
https://replab.github.io/replab/

RAC game

* Why #basis elements saturates with d?
» A finite level relaxation fails to capture the complexity of increasing d?
» Hint that for fixed n, increasing d does not add complexity?
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Open Questions

RAC game

* Why #basis elements saturates with d?
» A finite level relaxation fails to capture the complexity of increasing d?
» Hint that for fixed n, increasing d does not add complexity?

Sampling
e Useful for other constraints than dimension?
* Make it rigorous?
» by quantifying the probability of numerical errors or ‘unlucky’ sampling?
» Question for mathematicians?
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RAC game

* Why #basis elements saturates with d?
» A finite level relaxation fails to capture the complexity of increasing d?
» Hint that for fixed n, increasing d does not add complexity?

Sampling
e Useful for other constraints than dimension?
* Make it rigorous?
» by quantifying the probability of numerical errors or ‘unlucky’ sampling?
» Question for mathematicians?

Open problem
e This could be useful for the ‘MUB’ open problem:

number of Mutually Unbiased Basis in dimension 6
» Long standing mathematical open problem

P. Horodecki, L. Rudnicki, K. Zyczkowski, Five open problems in theory of quantum information, arXiv:2002.03233 (2020)
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