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Course outline

¢ |. Rewriting
— Variable change (easy version):

— External proof (advanced version): Channel discrimination and the diamond distance

e II. Approximating
— Attainability
- Seesaw algorithms (easy version): Channel discrimination without memory
- Seesaw algorithms (advanced version):
— Impossibility
- Outer approx. (easy version): Channel discrimination without memory

- SDP hierarchy (advanced version): Entanglement and the k-symmetric extension hierarchy



Case studies

Measurement incompatibility Channel discrimination

Entanglement

Psep — Zpi Pfl X ,OZB




I. Rewriting



I. Rewriting your problem as an SDP

Generalized noise robustness of measurement incompatibility



I. Rewriting your problem as an SDP

Definition. A set of quantum measurements is compatible when it can be expressed as a single
quantum measurement and classical post-processing.



I. Rewriting your problem as an SDP

Definition. A set of quantum measurements is compatible when it can be expressed as a single
quantum measurement and classical post-processing.

L
compatible set of
P P M a|x — \Y P
quantum measurements:
a
set of quantum single quantum classical

measurements measurements post-processing



I. Rewriting your problem as an SDP

Definition. A set of quantum measurements is compatible when it can be expressed as a single
quantum measurement and classical post-processing.

set of quantum measurements: Mgz}, Mgy >0 Va,uz, ZMa‘m =1Vzx
a



I. Rewriting your problem as an SDP

Definition. A set of quantum measurements is compatible when it can be expressed as a single
quantum measurement and classical post-processing.

set of quantum measurements: Mgz}, Mgy >0 Va,uz, ZMa‘m =1Vzx

a

E{J)\}a J)\ZO \V/)\a ZJ)\:
A
{p(alz,N)}, plalz,A) >0 Va,z, A, Y plalz,\) =1V z,A

a

compatible set of
quantum measurements:

My, = Zp(a|a:', ANy Va,x
A



I. Rewriting your problem as an SDP

Question. How much “worst-case” noise can I mix into a set of measurements before it becomes
compatible?



I. Rewriting your problem as an SDP

Question. How much “worst-case” noise can I mix into a set of measurements before it becomes
compatible?

given {Ma|az}

v = max v

S.t. 0V Mg + (1 —v)Nyjp = Zp(a|a:, A)J
A



I. Rewriting your problem as an SDP

Question. How much “worst-case” noise can I mix into a set of measurements before it becomes
compatible?

given {Ma|a:}

All v" = max v

* M&ZB
v/ { | } gt UMa‘a;—I—(l_U)Na\x :Zp(a|x,)\)J)\
Compatible .




I. Rewriting your problem as an SDP

Question. How much “worst-case” noise can I mix into a set of measurements before it becomes

compatible?
given {Ma|a:}
All v" = max v
* Maat
v/ {Ma)z} S.t. 0V Mg + (1 —v)Nyjp = Zp alx, \)J
Compatible




I. Rewriting your problem as an SDP

Question. How much “worst-case” noise can I mix into a set of measurements before it becomes

compatible?
given {Ma|a:}
All v" = max v
* Maa:
v Mol st v Mypy + (1 O Na
Compatible
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Change of variable
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Change of variable

s.t. (t+1) ) D(alz, 1)Gy — Myje > 0 1) t>0,G,>0 <= G, >0
L
t >0
G —
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I. Rewriting your problem as an SDP

Change of variable
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Original Rewritten
given { My, } given { M, }
v* = max v t* = min ¢
S.t. V Mgy + (1 —0)Ngjp = Zp (alz, \)J St ZD(CWU,,U)EM — My >0
y
D<ov<]1 — £>0
Nale 2 0, ;Na|x_1 G,>0, » G,=(t+1)1
7
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7
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= t20
N ..>0 N, ..=1 — —
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Channel discrimination and the diamond distance

Choi operator: Every linear map can be represented by a linear operator, acting on the joint input
and output space of the map, defined as

~

C:L(H) — L(Ho) — linear map

C .= Z )il @ C(liN]) € L(H; ® Ho) — linear operator

Quantum channels:

C € CPTP <— C>0, troC =1;

Output state: Consequently, the output of a linear map can be expressed as function of the Choi
operator of the map and its input according to

~

C(p) = p' = tr;[C (p* @ 10o)]
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Channel discrimination and the diamond distance

given {p;,C;}

P=max > pitr[(Ci®1u)(p"" ©10) (11 ® M)
p,{ M; -

s.t. p>0, tr(p) =1
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Channel discrimination and the diamond distance

M

I 0, 7 5

P, {Mz} as a function of {Tz} {Tz} as a function of p, {Mz}
T N T
p = (le RVo ) > i)l (111 R0 )
©J
MT = (Vo ' @10)T; (Vo ' @10)

tI‘O Zz Tz
do

T, = tra[(p™ ® 10)(1; @ MT)]

where o :=



glven

— max
p{M}

S.1.

I. Rewriting your problem as an SDP

Channel discrimination and the diamond distance

Original

sz tr '67; X i(p) Mi-

p=>0, tr(p) =1

M; >0, » M;=1

<

SDP!

Rewritten

given {p;,C;}

Z D; tr (C;:r Tz)

P = max

{T;}

S.1.

1

1; >0

tr (ZZ: Ti) = do

o

1

tI‘O (

o

1

)
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Diamond distance: The diamond distance between two quantum channels is related to the
probability of successfully discriminating this pair of channels with a uniform prior.

Ci — () :=— max 51 X i(p) — 52 X i(p)
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MAIN MESSAGE:

Not every SDP is created in an SDP form.

Properties of the specific problem and changes of variables
are useful tools to recognize that your problem is an SDP.
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Channel discrimination without memory

given {p;,C;}

--------------------------------

' k Py, = max sz' tr[C; (p ® M )]
E d ~ iy =
RS R s.t. 1;=pQ MZT

M; >0, » M;=1
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Channel discrimination without memory

given {p;,C;}

Py, = maxmax Zpi tr [CiT(,O 0% MzT)]

p {T:} y

s.t. p>0, tr(p) =1
T,=p® M, M; > 0, ZMizﬂ

no known
SDP characterization
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Seesaw algorithm

given {pz', Ci}wO
Pl — sz tI’(C;I' Tz)

S.t. T—p
@20, Y-+

SDP 1
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Channel discrimination without memory

given {p;,Ci},p

Seesaw algorithm

P given {p;,C;}, @

_ . 1
Py —mgxx Z;pz 1:1?(0z Tz)

S.t. T—p S.1. TiZP@@
@>O Z@z]l p>0, tr(p) =1

SDP 1

SDP 2
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Channel discrimination without memory

Seesaw algorithm

given {p;,C;},p given {piac’i}a@
P = Zpi tr(C’iT Tz-) Py = Zpi tr(C’;gF Ti)

S.t. T—p S.t. Ti@
@>o Z@:n (p >0, tifp)=1

SDP 1 SDP 2
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Channel discrimination without memory

Seesaw algorithm

given {pi,Ci}@ given {piac’i}y@
P = Zpi tr(C’iT Tz-) Py = Zpi tr(C’;gF Ti)

st. Ty = ppM] “_ - st. Ti <(pp 4]
W20, Y0 B0 oD

SDP 1 SDP 2
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Channel discrimination without memory

Algorithm 1 Seesaw SDP algorithm

1: Initialize p

. €+ 107°

A <+ 00

while A > ¢ do
(P1,{M;}) < SDP 1({p;, Ci}, p)
(P2, p) < SDP 2({p;, Ci},{M;})
A + |P; — Ps|

end while

N

: Pseesaw < PZ
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Channel discrimination without memory

Algorithm 1 Seesaw SDP algorithm

1:

General

Memoryless .7
4

10:

S€eSaw

N

’
A 3
A 3

Initialize p
e+ 107°
. A+ o0

while A > ¢ do
(P, {M;}) <= SDP 1({pi, Ci}, p)
(P2, p) < SDP 2({p;, Ci},{M;})
A + |P; — Ps|

end while

: Pseesaw — P2

return P, p, {M,}
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Channel discrimination without memory

Algorithm 1 Seesaw SDP algorithm
1: Initialize p

General 2: € < 107°
. 3: A+ o0
Miemoryless - 4: while A > ¢ do

PR 5 (P, {M;}) < SDP 1({p, Ci}, p)
I 6:  (Pa,p) <+ SDP 2({p;, Ci}, {M;})

N 7. A« |P— Py

’ 8: end while
9: Pseesaw < 2 é‘c’,ﬁ’ﬁﬁ

10: return P, p,{M;}
seesaw
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Channel discrimination without memory

Algorithm 1 Seesaw SDP algorithm

General 2. € 10—5

. A 00
Memoryless .

3
e ) 4. While A > E dO

lower

bound

T 5. (P1,{M;}) < SDP 1({ps, Ci}, p)
I 6:  (Pa,p) <+ SDP 2({p;, Ci}, {M;})
N 7. A« |P— Py
’ 8: end while Pocesaw < Py,
9

: Pseesaw — PZ

10: return P, p,{M;}
seesaw
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Question. What is the most incompatible set of N d-dimensional measurements with k outcomes?

given {Ma|az}

t*({Ma\x}) =min

IV
-

S.t. Z D(a|:13, ﬂ)gu — Ma|a:
v

N = number of measurements

k = number of outcomes t >0

d = dimension
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N = number of measurements
given IV, k,d k = number of outcomes

d = dimension
7(N,k,d) = max min ¢
{Ma|$} ta{GlJ»}

s.t. ZD(a|az,,u)§H — My >0
L
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I[I. Approximation: Attainability

Seesaw algorithm

given t,{G,}

t] = min t ty = max_t
ta{Gu} {Ma|a3}
s.t. ZD(@M,M@M — Mgz >0 s.t. ZD(a\x,u)@M — My >0
p p
t >0 Myz >0, Y My, =1
G, >0 ’



I[I. Approximation: Attainability

Seesaw algorithm

given { Mg, } given t,{G,}
t; = min ¢ t; — max t — constant
t’{G“} {Ma|:c}
s.t. ZD(a|x, )Gy — My >0 s.t. ZD(a\x, )Gy — My, >0
p p
t >0 Maz >0, » My, =1

seesaw doesn’t go anywhere



I[I. Approximation: Attainability

Seesaw algorithm N = number of measurements
k = number of outcomes
given N, k’, d d = dimension

7(N,k,d) = max min ¢
{Ma|a:} t,{EM}

ZD(alxhu')aM o Ma|az > 0

>0

G,

| \/

Z 1)1
Z

alr —



I[I. Approximation: Attainability

Seesaw algorithm N = number of measurements
k = number of outcomes
given N, k’, d d = dimension

7(N,k,d) = max min t
{Ma|a:} t,{G“}

s.t. ZD(akv,,u)aﬂ — My >0
L

0
—max min f(z,y) = ngnmyaxf(:v,y) Eu > 0, Zau — (t 1)11

X Yy

duality theory
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I[I. Approximation: Attainability

Original Rewritten
given N, k,d given N, k,d
7(N,k,d) = max min ¢ N. k.d) = tr(F... M tr(T
RO G e TR = e ey 2 (FaieMege) + (D

s.t. ZD(CL|£E,;L)6N — Mgz >0 S.t. ZD(Q|5‘37M)Fa|x <-I

p <— ax

t >0 tr(l') > —1

G.>0, » G,=(t+1)1 My >0, Y My, =1



I[I. Approximation: Attainability

Original Rewritten

given N, k,d given N, k,d




I[I. Approximation: Attainability

Rewritten

given N, k,d

7(N,k,d) = max max tr(Ey o My,) + tr(T)

{Ma|m}F3{Fa|ac} ax

s.t. ZD(a|az,u)Fa|w < -T
tr(I") > —1

Ma|a: > 0, ZMakB =1

can I tackle this with a seesaw algorithm?



I[I. Approximation: Attainability

Seesaw algorithm

given {Ma|:c} given Fa{FakB}
71 = max tr(F .M, .,.) + tr(D To = max tr(F .M, .) + tr(l
L= ey ) (FajeMajz) + tr(T) () (FajeMaz) + tr(T)
st. Y D(alz, p)Fyp < -T st. Map >0, Y My, =1

tr(I') > —1



II. Approximation: Attainability

Most incompatible set of quantum measurements

Seesaw algorithm

given P given @«‘}




II. Approximation: Attainability
Most incompatible set of quantum measurements
Geometric interpretation
Primal problem
given { M, }

v* = max v

st v Myp + (1 —v)Nyp =y D




II. Approximation: Attainability

Most incompatible set of quantum measurements

Geometric interpretation

Dual problem
given {Mg|,}

t* = max tr(Fa|wMa|w) — tr(I")

Fa{Falw} ar

S.t. ZD(a|x,u)Fa|w <T

tr(I’) <1




I[I. Approximation: Attainability

% Ma\a: —I—tNakc
{° = max {t 1 = ZM:D(&‘CE,U)GM}

t* = Ztr( y Ma|m) —tr(I™) =0 <= {M,|} are compatible

a|x



I[I. Approximation: Attainability

% Ma\a: +tNa|:c
t* = max {t P = ZM:D(&\QJ, ,U)Gu}

P Ztr( c>:|33Ma|$) —tr(I'™) =0 <= {M,|;} are compatible <= Ztr( ;‘lxMa|m> = tr(I"™)



X

I[I. Approximation: Attainability

% Ma\ax +tNa|a:
" = max {t 1 = ZM:D(CL‘ZB, M)Gu}

Ma|x) —tr(I™) =0 <= {M,} are compatible <= Ztr(

Ma|w) —tr(T™) >0 <= {M,|,} are incompatible

0
alx

Ma|m) — tr(T™)



X

I[I. Approximation: Attainability

% Ma\ax +tNa|zc
" = max {t —— = ZM:D(CL‘ZB, H)Gu}

Ma|x) —tr(I™) =0 <= {M,} are compatible <= Ztr( iy

alx

Ma|w) —tr(T™) >0 <= {M,} are incompatible < Ztr(

Ma|m) — tr(T™)

*
alx

Ma|m) > tr(I™)



*
a|x

I[I. Approximation: Attainability

% Ma\a: +tNa|:c
t* = max {t P = ZM:D(&\QJ, ,U)Gu}

alx

Ma|m) —tr(I™) =0 <= {M,} are compatible <= Ztr( § Ma|m> = tr(I"")

alx

Ma|x) —tr(T™) >0 <= {M,} are incompatible < Ztr( § Ma|$) > tr(I™)

incompatibility witness




II. Approximation: Attainability

Most incompatible set of quantum measurements

Dual problem
given {Mg|,}

t* = max tr(Fy)pMy)z) — tr(T)

Fa{Fa|w} ax

s.t. ZD(a\az,,u)Fakc <T

tr(I') <1

Ztr( C:L"|90Ma|w) = tr(I'™)

axr



II. Approximation: Attainability

Most incompatible set of quantum measurements

Seesaw algorithm
SDP 1

given {M,,}

t*= max tr(Fa|wMa,|w) + tr(I")

Pa{Falw} ar

s.t. ZD(G|$7M)Fa|w < -T

tr(I') > —1




II. Approximation: Attainability

Most incompatible set of quantum measurements

Seesaw algorithm
M SDP 2
1

given I',{F,}

max tr(FakBMam) + tr(I')

{Ma|m} aT

st Mg >0, » My, =1



II. Approximation: Attainability

Seesaw algorithm

M, SDP 1
All - given {M,,}
t* = F,?Faai} a tr (FojeMa)z) + tr(T)
s.t. ZD(alx,M)Fam < -l
Compatible .

tr(I') > —1



II. Approximation: Attainability

Seesaw algorithm

M, M,
All

tT given I, {Fa|:c}

S max tr(Fa|wMa|w) + tr(I')

{Maz} ax

S.t1. Ma|:c > 0, ZMQVU =1
Compatible a



II. Approximation: Attainability

Seesaw algorithm

SDP 1
All = M
. given {M,,}
Lif t
e t*= max tr(F, .M, ) + tr(T
‘ Fa{Fa|m} ar ( I I ) ( )
s.t. ZD(a,|:z:,,u)Fa|x < -T
Compatible

tr(I') > —1



II. Approximation: Attainability

Seesaw algorithm

M, M,

X M .
tiy ¢ ) given I',{Fy,}

All

o max tr(F .M, .) + tr(l
{Ma|a:} ( | | ) ( )

ax

S.t1. Ma|a: > 0, ZMCWE =1
Compatible a



I[I. Approximation: Attainability

Seesaw algorithm

SDP 2
M, M,
All Y
t1 t; ) given I',{Fy}
N max tr(F .M, .) + tr(l
S {Mam}ax(' ) + tr(D)
S.t1. Mala: > 0, ZMCL|CU =1
Compatible a

seesaw goes somewhere!



II. Approximating: Attainability

MAIN MESSAGE:

Seesaws are useful tools to tackle multilinear problems

Duality theory can help you convert max-min problems into
max-max problems and tackle it with seesaws.
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OTHER SDP SEESAW APPLICATIONS
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I[I. Approximation: Impossibility

Channel discrimination without memory

General

Memoryless

How can I show that the optimal tester
requires memory for implementation
(does not accept such decomposition)?



I[I. Approximation: Impossibility

Channel discrimination without memory

General —~
I O

T =pQM;

|

(Ti)"°=p® (M) =p®M; >0

Memoryless
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I[I. Approximation: Impossibility

Channel discrimination without memory

, (Ti)"°=p® (M) =p®M; >0

positive partial transpose (PPT)

outer
approximation



I[I. Approximation: Impossibility

Channel discrimination without memory

General glven {p’u CZ}
------------------ T
.- PppT = max E p; tr C’
Memoryless ‘\‘ . -
PPT S.t. Tz >0, (T;)° >0

K tr (Z Tz) — do
_______________________ ’ ' ZTi:trO (ZTZ

1 1

outer
approximation

)
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Channel discrimination without memory

General giVGIl {p 19 Cz }

____________

- il

- L
s’ S~
Py N

. PppT = max sz tr C’T
ot Ty >0,
':' tI' (Z TZ) — dO

outer

approximation upper bound
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Channel discrimination without memory

General
SDP lower bound: heuristic, potentially tight, but uncertain
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Channel discrimination without memory

: optimal strate
General if Pseesaw — P — p 8y
............. is memoryless
l"" ~~~\5
R Memoryless /"’ ‘\‘
3 R PPT ™
§ R p Pseesaw S PML S PPPT S P
I ': &" . ,'l' :
“\ " : ;" " "' " :'
P Re ' : optimal strategy
S N .’ it Pppr < P — .
_____________ ' requires memory
inner search
outer

approximation
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Entanglement and the k-symmetric extension hierarchy

Question. How can I determine whether a given quantum state is entangled?

separable quantum state:

Psep — Zpi :0;'4 & pz'B



I[I. Approximation: Impossibility

Question. How can I determine whether a given quantum state is entangled?

glvenl pPAR
find {p;}, {p'}, {p7}
st. pag =Y pipi ®pF

pi = 0, Zpizl

pit >0, tr(pf') =1

separable quantum state:

Psep — sz' :024 & ,0?

pi >0, tr(p) =1



I[I. Approximation: Impossibility

Question. How can I determine whether a given quantum state is entangled?

glvenl pPAR
find {p:}, {p;'}, {p}}

st. paB= Y pi pi ®p7

. . . ,L
A seesaw approach might prove 1.t is separable As tr ( A) .,
if it finds a separable decomposition; Pi =Y Pi
But it can never prove such decomposition
B B
does not exist. p; =0, tr (Pz’ ) =1

separable quantum state:

Psep — sz’ ,0;;4 X ,O,L'B



I[I. Approximation: Impossibility

Entanglement and the k-symmetric extension hierarchy

Question. How can I determine whether a given quantum state is entangled?

PTT revisited:
separable quantum state:

Psep — Zpi :024 Qp; = (Psep)TB = Zpi P;‘q @ (p;)"? >0
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Entanglement and the k-symmetric extension hierarchy

Question. How can I determine whether a given quantum state is entangled?

paB is separable => (pag)’® >0
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pAB 1s separable — (pAB)TB > ()

(paB)'? 20 = pap is entangled



I[I. Approximation: Impossibility

uestion. How can I determine whether a given quantum state is entangled*
Question. H [ determine whether a given quantum state is entangled?
pAB is separable — (pAB)TB > ()

(paB)'? 20 = pap is entangled

?
(paB)'® >0 = pap is separable

What do you do when your state is PPT but you cannot
find a separable decomposition via seesaw?



I[I. Approximation: Impossibility

Question. How can I determine whether a given quantum state is entangled?

paB is separable = (pap)'? >0

(paB)'? 20 = pap is entangled

(paB)'® >0 % pAB 1s separable

What do you do when your state is PPT but you cannot
find a separable decomposition via seesaw?
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Entanglement and the k-symmetric extension hierarchy

k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy

Psep — sz' p;:q & pz'B
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Entanglement and the k-symmetric extension hierarchy

k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
A B
Psep — sz' P X P;
1

k=1: = oV =3 pipfep’ep
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Entanglement and the k-symmetric extension hierarchy

k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
A B
Psep — sz' P X P;
1

k=1: = oV =3 pipfep’ep
i —
1 copy
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Entanglement and the k-symmetric extension hierarchy

k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
A B
Psep = ) _Di Py ® p,
1

k=1: = pM =) p; pf @p? @] 5  psep = trB, (p(1)> = Up (p(1)>
- ——
1 copy
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
A B
Psep — Zpi P & P
(

L—1: — ,0(1) — sz ,0;4 X pZB ®szl : Psep — tI'Bl (,0(1)> — trB (p(1)>

k=2: = p® =) piplep’0pep”
i ———’

2 copies
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
A B
Psep — Zpi P & P
(

L—1: — ,0(1) — sz ,0;4 X sz X pfgl : Psep — tI'B1 (,0(1)) = trp (p(l))

k. — 2 . — ,0(2) p— sz ,0,24 ® lO,LB ® ,O,LBl ® ,OZBZ : psep — trBle (10(2)) — trBBl (’0(2)>
i —— 2
2 copies = ps, (,0( ))
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
A B
Psep — Zpi P & P
(

k=1: — ,0(1) — sz' ,024 ®P? ®P?l ;  Psep = tIBy ('0(1)) = B (’0(1))

k. — 2 . — ,0(2) p— sz ,0;,4 ® lO,LB ® ,O,LBl ® ,OZBZ : psep — trBle (10(2)) — trBBl (’0(2)>
z _ (2)
k copies — UBB; ('0 )

keEN: = pW =3 pplep’0p e .. 0p"
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
A B
Psep — Zpi P & P
(

1. — p(1) _ Zpi ,054 R pf X pfl ;  Psep = tI'B, (p(l)) = trp (,0(1))

k=2 = pP =Y pipl @l @ @ i puep = trmim (p?) = trom, (7))
| k copies — UBB; ('0 (2))

keN: — p® :Zpi pf@p?@pfl ®...®P7§k ;  Psep = UI'B;...B, (P(k)),

symmetric —» p(k) = (14 ® Uw)p(k)(]lA RUz), Ur € Sk
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Entanglement and the k-symmetric extension hierarchy

k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy

k-sym := {pap ; pap has a k-symmetric extension}
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

pAB 18 separable — pap € k-sym V k € N
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

pAB 18 separable — pap € k-sym V k € N

ke N; pap € k-sym —> pup is entangled
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

Al paB 1s separable — pap € k-sym V k € N

ke N; pap € k-sym —> pup is entangled

Separable
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

pAB 18 separable — pap € k-sym V k € N

ke N; pap € k-sym —> pup is entangled

. ., 1-Sym

~
~~ "
~N -
L “
.....
------------
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

pAB 18 separable — pap € k-sym V k € N

ke N; pap € k-sym —> pup is entangled

1-sym

2-sym

~
RS

.
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.. “
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

pAB 18 separable — pap € k-sym V k € N

ke N; pap € k-sym —> pup is entangled

1-sym
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

pAB 18 separable — pap € k-sym V k € N

ke N; pap € k-sym —> pup is entangled

?
oaB € k-sym V k € N e pAB 1s separable
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

pAB 18 separable — pap € k-sym V k € N

ke N; pap € k-sym —> pup is entangled

v

oAB € k-sym V kK € N = pap is separable
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy
k-sym := {pap ; pap has a k-symmetric extension}

pAB 18 separable — pap € k-sym V k € N

ke N; pap € k-sym —> pup is entangled

v

oAB € k-sym V kK € N = pap is separable

separable = co-sym

convergence
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k-symmetric extension hierarchy—a.k.a the Doherty-Parrilo-Spedalieri (DPS) hierarchy

k-sym := {pap ; pap has a k-symmetric extension}

For all entangled states paB

dk € N ; pap € k-sym

separable = co-sym

convergence




II. Approximating: Impossibility

MAIN MESSAGE:

SDPs are useful tools to provide outer approximations
of sets that do not accept a linear characterization.

Converging SDP hierarchies can fully characterize some very
complicated problems in quantum information.
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OTHER SDP SEESAW APPLICATIONS
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Summary

Channel discrimination

Rewriting ® Rewriting
Changes of variables ® Proof of linear characterization

Max-min -> Max-max via dual formulation ® Seesaw

Seesaw e QOuter approximation via PPT

® Seesaw
e Outer approximation via PPT

e QOuter approximation via
converging hierarchy



Conclusions

Rewriting
Changes of variables
Max-min -> Max-max via dual formulation

Seesaw

Thank you!



