Title: Randomness Compression in Networks
Speakers: Y ukari Uchibori

Series. Quantum Foundations

Date: August 13, 2019 - 3:30 PM

URL.: http://pirsa.org/19080080

Abstract: Randomness is a valuable resource in both classical and quantum networks and we wish to generate desired probability distributions as
cheaply as possible. If we are allowed to dlightly change the distribution under some tolerance level, we can sometimes greatly reduce the
cardinality of the randomness or the dimension of the entanglement. By studying statistical inequalities, we show how to upper bound of the amount
of randomness required for any given classical network and tolerance level. We also present a problem we encounter when compressing the
randomness in a quantum network.
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Outline
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Three types of networks

The goal of my summer project

Chernoff Bound & solution for
the simplest classical network
Multivariate Chernoff Bound & solution for
the general classical network

Summary for classical networks

Solution for quantum networks

Summary for quantum networks

Next steps
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Classical Network (Bell Scenario) :

R,

@

1. Randomly generate r with P(7)

2. Alice generates a with P(a | zr)
Bob generates b with P(b | yr)

3. Combining Alice and Bob, we have
a Jomt distribution,

P(output | input) = P(ab | zy)

Bell (1964)
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Classical Network (Bell Scenario)

PRT,

o Alice Bob
e

@ ©®
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1. Randomly generate r with P()

2. Alice generates a with P(a | zr)
Bob generates b with P(b | yr)

3. Combining Alice and Bob, we have

a joint distribution,

P(output | input) = P(ab | zy)

Classical Randomness
P(ab | xy)

= X, P(r)P(a | zr)P(b | yr)

Bell (1964)
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Quantum Network (Bell Scenario)

1. Randomly generate r with P(7)

’ 17/ 2. Alice generates a with P(a | zr)
4 Bob generates b with P(b | yr)

3. Combining Alice and Bob, we have
a joint distribution,

P(output | input) = P(ab | zy)

*» b

Lﬂ

Alice

1
@

Quantum Entanglement
P(ab | zy)

= (¥]4: ® By|¢)

Bell (1964)
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Classical - Quantum Network

1. Alice prepares Pzr With IP(7)

2. Alice will have an output,
quantum state, Pz
r - -

¢ Alice

1 Quantum State

pr = D . P(T)pur
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Various Structure of Networks
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Why Do We Study These Networks?
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Why Do We Study These Networks?

To study quantumness

What is possible and not possible classically and quantumly?

Compare the classical case and quantum case

@ @ Study effects of quantum entanglement @
o g

r - -

’ I

@ ®
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For a given network and P(output I input),
can we compress the cardinality (dimension) of
randomness (entanglement) |R| required?
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For a given network and P(output I input),
can we compress the cardinality (dimension) of
randomness (entanglement) |R| required?
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Simple Example 1 in Classical Network - Exact Case

re X={1} yeY={1}

@?@S@

o Alice ;, |

“‘1 -

@ ©®
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Simple Example 1 in Classical Network - Exact Case

reX={1} wyeY={1} acA={0,1} be B=1{0,1}

@@@

o Alice ;, |

“‘1 -

@ ©®
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Simple Example 1 in Classical Network - Exact Case

reX={1} wyeY={1} acA={0,1} be B=1{0,1}
re R=140,1,2,3,4,5,6,7,8,9}

@@S@

& Alice ;, |

= — e

@ ©®
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Simple Example 1 in Classical Network - Exact Case

reX={1} wyeY={1} a€A={0,1} be B=/{0,1}
TER:{0717273747576)7:879} \_/TERaP(T):'l' 'R‘:].O

10

Alice's Rule is Bob's Rule is

@ @ @ a=xr % 2 b= yr %2

_ Alice Bob
!

@ ©®
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Simple Example 1 in Classical Network - Exact Case

re X ={1} yeY={1}

ac A={0,1} be B=1{0,1}

TER:{071:27374:576)77879} \‘/TER,P(T)Z-L |R‘:10

10

Alice's Rule is Bob's Rule is

@ @ @ a=xr %2 b= yr %2

Alice

&
1

@

Pirsa: 19080080

% fora =b6=190
P(ab | zy) = % fora=0b=1
0 otherwise
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Simple Example 1 in Classical Network - Exact Case

receX={1} wyeY={1} a€A={0,1} be B=/{0,1}
re€ R={0,1,278;7456+89} VrecRPr)=+ |R =10
Alice's Rule is Bob's Rule is
@ @ @ a=xr %2 b= yr %2
> . : % fora=5b6=10
N iICe -'-'
‘.- l G0 P(ab | zy) = % fora=5b=1
@ @ 0 otherwise
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Simple Example 2 in Classical Network - Approximate Case

recX={1} ye¥Y ={1}
C’?@@ e A {012

anp- W bc B={0,1,2}

Li_f\lice Bobl,v,.l re€ R={0,1,2}
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Simple Example 2 in Classical Network - Approximate Case

recX={1} ye¥Y ={1}
C’?@@ e A {012

r N be B={0,1,2}

I_ﬁ_it\lice Bobl,ull re R=4{0,1,2} |R| =3

@ ®
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Simple Example 2 in Classical Network - Approximate Case

r

reX={1} yeY ={1}
@@@ CLGA:{O,I,Q} [P)(T'):

bec B=1{0,1,2}
Bob ul re R = {Oa 13 2} ‘R‘ =3

-

I_ﬁ_flice
@

irsa: 19080080

1
®

0.94 for r
0.04 for r
0.02 for r
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Simple Example 2 in Classical Network - Approximate Case

reX={1} yeY={1} 0.94 for r =0
@?@@ acA={0,1,2}  pr)=1{0.04 forr=1

r e be B={0,1,2} 0.02 for r = 2
Li_f\lice Bob aal "€ R=1{0,1,2} |R|=3
'l’ Alice's Rule is Bob's Rule is

@ @ a=zxr%3 b=yr%3
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Simple Example 2 in Classical Network - Approximate Case

zeX={1} ye¥Y ={1} 0.94 for r — O
@?@@P acA={0,1,2}  pr)=1{0.04 forr=1
Al -

be B={0,1,2} 0.02 forr =2

Li_f\lice Bobl,;‘.;’éJ re R=4{0,1,2} |R| =3

Alice's Rule is Bob's Rule is
@ @ a=xr%3 b=yr%3

(094 fora=b=0
0.04 fora=b=1
0.02 fora =056= 2

| 0.00 otherwise

P(ab | zy) = <
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Simple Example 2 in Classical Network - Approximate Case
zeX={1} yeY={1}

7

I8

r

-

acA=1{0,1,2}
be B={0,1,2}

P(r) =

0.94 forr =20
0.04 forr =1
0.02 for r =2

| don't mind to

Li_f\lice Bob 4wl 7€ R=1{0,1,2} |R| =3

@

P(ab | zy) = 4

1
®

(0.94
0.04
0.02

irsa: 19080080

L 0.00

have a result
slightly different
from P(ab | zy)

Alice's Rule is Bob's Rule is
a=zxr%3 b=yr%3
fora=5b6=20
fora=b=1
fora =b= 2
otherwise
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Simple Example 2 in Classical Network - Approximate Case

Ay,

zeX={1} yeY={1}

ac A=10,1,2}

be B={0,1,2}

Lﬁf“"e Bob ga) 7€ R=1{0,1,2} |R=3

@

P(ab | zy) = <

Pirsa: 19080080

Alice's Rule is

Bob's Rule is

—

0.94 forr =20
0.04 forr =1
0.02 for r =2

| don't mind to
have a result

slightly different

a=1xr%3 b=1yr%3 from P(ab | zy)
fora=5b=10 (0.95 fora=5b=0 ﬁﬁﬁ

fora=b=1 Pab| zy) = <

for a = b= 2

otherwise

005 fora=b=1 "\ &

[ 0.00 otherwise
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Simple Example 2 in Classical Network - Approximate Case

reX={1} ye¥Y ={1} 0.95 forr =20
Q?@C? acA=10,1,2}  pP(r)={005 forr=1

r be B=1{0,1,2} 002 —forr—<2
I_i_f\lice Boblfv}%.wl re R = {0’ 1’.24' ’R‘ =3 | don't mind to
., . \ : have a result

Alice's Rule is Bob's Rule is slightly different

a=xr%3 b=uyr%3 from P(ab | zy)

(0.94 fora=b=0 (0.95 fora=1>b=0 ﬁﬁ,
004 fora—b—=1 |Plab|zy) =2 005 fora=b-1 | &
Pab | zy) = 4 or a (ab | zy) = < or a . O
0.02 fora =105b=2 [ 0.00 otherwise -
L 0.00 otherwise
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Simple Example 2 in Classical Network - Approximate Case

reX={1} ye¥Y ={1} 0.95 forr =20
Q?@@ acA=10,1,2}  P(r)={005 forr=1

r ™ bc B=1{0,1,2} 0702 —for—n—=2
I'i'f\lice Bob1.~v.:v.ﬁ| r€R=10,1,% [R] =32 gnu————
e . \ : have a result

Alice's Rule is Bob's Rule is slightly different

a=xr%3 b=uyr%3 from P(ab | zy)

(0.94 fora=b=0 (095 fora—=05b=0 ﬁﬁn
004 fora—=b=1 |Plab|ay) =005 fora=b-1 | & ¥
Pab | zy) = 3 or a (ab | zy) 4 or a | U
0.02 fora =105b=2 [ 0.00 otherwise -
L 0.00 otherwise
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The Goal of The Summer Project
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The Goal of The Summer Project 9

$20 $0.3

Pirsa: 19080080 Page 30/80



The Goal of The Summer Project 9

$20 $0.3

r-.- ~e—

| ® 7 O 3 " s
4 colors

We do not need ‘ ]P’(outputlinput) — @(outputlinput)‘ = 0.

Instead, we want |]P(0utputlinput) — @(outputlinput) ’ < €

o0

for given tolerance ¢. So, we can reduce the dimension of R

by making such P (outputlinput).
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The Goal of The Summer Project 9

$20 $0.3

r'.- ~—

| @ 7 o 4 . IS
4 colors

We do not need ‘ ]P’(outputlinput) — @(outputlinput)‘ = 0.

Instead, we want |]P(0utputlinput) — @(outputlinput) ’ < €

o0

for given tolerance ¢. So, we can reduce the dimension of R

by making such P (outputlinput).
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For the classical network,
using the power of statistics!
Chernoff Bound

Herman Chernoff




Our Solution for The Simplest Classical Network

Chernoff Bound (Chernoff, 1952; Hoeffding, 1963)

Let »11), 7). r(") be independent random variables. Also let D, = f(r(")

where Vi,0 < D; < 1and u = E(D;). Define D = ¥"  D,;.

Then Ye > 0, we have P('% . M/| = 8) S 26—7;,52
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Our Solution for The Simplest Classical Network

Chernoff Bound (Chernoff, 1952; Hoeffding, 1963)

Let »11), #) .. r(") be independent random variables. Also let D, = f(r("))

where Vi,0 < D; < 1and u = E(D;). Define D = ¥"  D,;.

Then Ve > 0, we have P('% _ M| > 8) S 26—77,52

PRY

¥ v

@ ©®
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Our Solution for The Simplest Classical Network

Chernoff Bound (Chernoff, 1952; Hoeffding, 1963)

Let »11), 7)., r(") be independent random variables. Also let D, = f(r(")

where Vi,0 < D; < 1and u = E(D;). Define D = ¥"  D,;.

Then Ye > (), we have P('Q . M| = 8) < 26—77,52
ey ~
@ Q @ P(ab | zyr') = D,
¥ v

@ ©®
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Our Solution for The Simplest Classical Network

Chernoff Bound (Chernoff, 1952; Hoeffding, 1963)

Let »11), #) .., r(") be independent random variables. Also let D, = f(r(")

where Vi,0 < D; < 1and u = E(D;). Define D = X"  D,;.

Then Ye > 0, we have P('% . M| > 8) S 26—77,52

0RO wiv-n

(
P(ab | zy) = 137  P(ab | zyr®)
(

n

ab | vy) = p

¢ v

@ ©®
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Our Solution for The Simplest Classical Network

Chernoff Bound (Chernoff, 1952; Hoeffding, 1963)

Let »11), 7)., r(") be independent random variables. Also let D, = f(r(")

where Vi,0 < D; < 1and u = E(D;). Define D = ¥" | D,;.

Then Ve > 0, we have P('% . M| > 8) S 26—71,52

0RO [ -2

(
P(ab | zy) = £ 27, P(ab | zyr?)
(

n

ab | zy) = p

v
@ @ n to get P(ab | zy) ¢ closeto P(ab | zy)
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Our Solution for The Simplest Classical Network

Chernoff Bound (Chernoff, 1952; Hoeffding, 1963)

Let »1), #) .. r(") be independent random variables. Also let D, = f(r(")

where Vi,0 < D; < 1 and u = E(D;). Define D = X" | D;.

Then Ve > 0, we have P('% . N’| > 8) S 26—77,52

The cardinality of the randomness required is bounded as

(2n$nyna'nb)]
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Our Solution for The General Classical Network




Our Solution for The General Classical Network

| Network |

g g o ::>@@ RE &

 O——

, Qf SO B OB -6
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Our Solution for The General Classical Network

Chernoff Bound (Chernoff, 1952; Hoeffding, 1963)

Let »11), #) .. r(") be independent random variables. Also let D, = f(r(")

where Vi,0 < D; < 1and u = E(D;). Define D = ¥"  D,;.

Then Ve > 0, we have P('% _ M| > 8) < 26—7—;,52
PR QQ-9Q0-6
Network |

¥ v
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Our Solution for The General Classical Network

Chernoff Bound (Chernoff, 1952; Hoeffding, 1963)

Let »11), #) .., r(") be independent random variables. Also let D, = f(r(")

where Vi,0 < D; < 1 and u = E(D;). Define D = " | D;.

Then Ve > (), we have D M| > 6 < 9 TE’
@M ' g@@ 9996

¥ v

@ ®
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Deriving Multivariate Chernoff Bound

, "m be independent random variables and make 7, observations on

Let 1, 7o, ...
each variable.
(1) (2) (n)
T T 1
(1) (2) (n)
Ty Ty 2
1 2
ro) P2 e

Define D; = f(r{"), 7§*), .., 7l Y with i = (i1, iz, ..., irn) Where Vi, 0 < D; < 1

and u = E(D;). Alsodefine D = >0 > 0 ---> 0 _ 1 D;.

menve e p(1 Dl > €) < 22222

nm
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Zz-..zz(;’)_Np)J

(2N)™ it e 1

-
mil

=X 5 S E[(#G) ) (20 ) (26 )
B i) = [ (200) - ) (2(0) =) - (2() - )|

_(h_!iq_l im=1
[, ny ng flm
_E (ZZ -3
[ Vip=1ig=1 im=1
_E (z(z(:)_p))]
- el
=E Z (Z(el)—p) Z (Z(q ) —,u)
Liyel el
neliael tm€l
Yy ZL(Z. B..0i)
i1eliqael im€l
Tl o) < B

m+ 1

V '1 m t
1 (2N)™H it 117 o .
< NE [— E E] by Lemma (3.6) with

§ i -m i
[2"” mtd ", B

=
- (m + 1)6™m*!
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[

;:(il,ig.‘.‘,im)é[l.‘z ,,,,, m}x{1,2,..  ny} x-oox{1,2,... n,} {

(m + 1)6m+!

m+l j=1 nj

E((Z — Np)

oy 2 P((Z — Nu)' > (N9))

=P(|Z — Nu| > N§)

:]P(‘% - p >5).

the number of all

possible Bad tuples

_F[/{ ) ,] [/(1) p /( :) -')]
)];Fl/()f /()r)l
(, ,) [ (2) - ) (200) - )]

=0

[6(

2m+ ) Z;’.‘_l nL
J

- the number of distinet
strings we can obtain

O R [ I B (7 T B 7 | Il [‘ZJ o ECSAR)

E(Z] =E [ZZ 3 7 ]

i1=11i2=1 im=1
ng ng
=2 3 B
1= llg lm_l
ny na M

m(t—p) = m (f - l;;%l'—lfJ - h)

the number of |
leading to each
=1

N

2 1n,] Z "y
1 " .
_PZTl ] [p; ,] by Eq. (41, 43

m ol

' 1
<2 me+| —_
G

i [(2:\')"'”,-;;; Y‘H

<2'-

<2-

gt
bv Ea. (41},

Page 45/80




Multivariate Chernoff Bound

Let 1, r2, ..., 7, be independent random variables and make 1, observations on

each variable. 1) (2 (n) |
2 T e Ty The derivation also
1 () (n) / allows us to have
see 7.2

Ty Ty different number of
: : . observations on each
(1) (2 (n) variable.
T m 7'?71 L T"m

Define D; = f(r(,?*'),rg’“, ...,r,ff,f")) with i = (i1, 42, ..., i, ) Where Vi, 0 < D; < 1

and u = E(D;). Alsodefine D = >0 > 0 ---> 0 _ 1 D;.

Then Ve € [0, 1], D B ‘_n (E)m+l
P(——u’ >8) < e 6m? \?2

nm
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Our Solution for The General Classical Network

Using Multivariate Chernoff Bound, we prove that it is sufficient to have the
cardinality of each randomness source to be at most

@& - @) -

Network

Ngy — |X?| ng — |A7‘

e > 0: tolerance level
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Our Solution for The General Classical Network

Using Multivariate Chernoff Bound, we prove that it is sufficient to have the
cardinality of each randomness source to be at most

QOUOOD L [ahm(2)™ tn(nena)

" Network |
-- Bound for Approximate Case

i o gl
e

e > 0: tolerance level
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Our Solution for The General Classical Network

Using Multivariate Chernoff Bound, we prove that it is sufficient to have the
cardinality of each randomness source to be at most

QOUOP=O [ahm*(2)"™ " n(n.na)|

| Network |
Bound for Approximate Case

-@
ny = |Xi| ne = [A; How good is our solution?

e > 0: tolerance level
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How Good Is Our Solution?

N MW v ¥
\_‘\7\. , - m—— ~I ".“!w

e [3m2 ()" In(neny) |

Network

For the general case, if the tolerance level is set to e = 0,
the previous study in [1] determined that the cardinality of each

. . }
randomness source required for any m is bounded above by (nmna) "+ 1

Bound for Exact Case

[1] D. Rosset, N. Gisin, and E. Wolfe, QUANTUM INF COMPUT 18, 0910-0926 (2018)
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How Good Is Our Solution?

Q- OO -6

" 1. 10'7
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How Good Is Our Solution?
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How Good Is Our Solution?
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How Good Is Our Solution?
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How Good Is Our Solution?
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How Good Is Our Solution?
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Very Recent Progress

By compressing randomness sources all together
using Multivariate Chernoff Bound

Qe 900 -6
& S— |3hm?(2)"" In(nena),

Network

Ny — |X7’ ng — |A7|

e > 0: tolerance level
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Very Recent Progress

By compressing randomness sources all together
using Multivariate Chernoff Bound

OQ-@OO-6
OO —) (31:m2(2)"" In(n,n,)|

Network
By compressing randomness sources one by one
using Chernoff Bound

n, = |Xi| ne = |4 EEmm———) [(%)Qm(zmnmaﬂ

e > (: tolerance level

Improved!
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Summary of Randomness Compression in Classical Networks

e We derived a new statistical inequality, Multivariate Chernoff Bound (MCB),
to maintain the structure of the network.
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Summary of Randomness Compression in Classical Networks

e We derived a new statistical inequality, Multivariate Chernoff Bound (MCB),
to maintain the structure of the network.

o MCB is allowed to have variables sharing sources of randomness while the
General Chernoff Bound can have only independent variables.
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Summary of Randomness Compression in Classical Networks

e We derived a new statistical inequality, Multivariate Chernoff Bound (MCB),
to maintain the structure of the network.

o MCB is allowed to have variables sharing sources of randomness while the
General Chernoff Bound can have only independent variables.

o For more details of the derivation, ask me later!
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Summary of Randomness Compression in Classical Networks

e We derived a new statistical inequality, Multivariate Chernoff Bound (MCB),
to maintain the structure of the network.

o MCB is allowed to have variables sharing sources of randomness while the
General Chernoff Bound can have only independent variables.

o For more details of the derivation, ask me later!

e Forthe classical network, using MCB, we bounded the cardinality of
randomness required for the approximate case.

o Our bound performs better than the bound for the exact case for larger input
and output sets.

o Our bound performs especially well for smaller number of randomness
sources.
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Does this solution work for quantum networks too?
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Does this solution work for quantum networks to0?
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Solution of Randomness Compression in Quantum Networks

The previous study determined the lower bound and the upper bound of the

dimension of entanglement required for a specific non-local game and winning

probability based on embezzlement and self-testing (Coladangelo, 2019).
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Solution of Randomness Compression in Quantum Networks

The previous study determined the lower bound and the upper bound of the
dimension of entanglement required for a specific non-local game and winning
probability based on embezzlement and self-testing (Coladangelo, 2019).

In the specific network, to get

) H f ([P’(outputlinput)) — f(@ (outputlinput)) HOO <e€
£

- -~

r

‘_; Alice || Bob =
| I

@ O

Pirsa: 19080080 Page 66/80



Solution of Randomness Compression in Quantum Networks

The previous study determined the lower bound and the upper bound of the
dimension of entanglement required for a specific non-local game and winning
probability based on embezzlement and self-testing (Coladangelo, 2019).

In the specific network, to get

@ ) @ H f ([P’(outputlinput)) — f(@ (outputlinput)) H <e
o0
the dimension ( |R| ) of entanglement required is

2const g1/8 ‘R‘ 2c0nst g1

r

‘-‘ Alice Bob J
{ I
@ ®
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Solution of Randomness Compression in Quantum Networks

The previous study determined the lower bound and the upper bound of the
dimension of entanglement required for a specific non-local game and winning
probability based on embezzlement and self-testing (Coladangelo, 2019).

‘R‘ 2c0nst E

l ,l, We showed this bound is also true for

@ @ H]P’(outputlinput) - @(outputlinput)”@O <e€

In the specific network, to get

@ H f ([P(outputlinput)) - f (@(outputlinput)) HOO < g

the dimension ( |R| ) of entanglement required is
-1/8

?7 2const-€ -1
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Solution of Randomness Compression in Quantum Networks

General Classical Network

—— Upper bound for approximate case
— Upper bound for exact case

Cardinality of randomness required

0 0.25 0.5 0.75 1
Tolerance level
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Solution of Randomness Compression in Quantum Networks

General Classical Network

—— Upper bound for approximate case
— Upper bound for exact case

Cardinality of randomness required

0 0.25 0.5 0.75 1
Tolerance level
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Solution of Randomness Compression in Quantum Networks

General Classical Network Specific Quantum Network

—— Upper bound for approximate case
—— Upper bound for exact case

— Upper bound for approximate case
Lower bound for approximate case

Cardinality of randomness required
Dimension of entanglement required

0 0.25 0.5 0.75 1 0.25 0.5 0.75 1
Tolerance level Tolerance level

o
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Solution of Randomness Compression in Quantum Networks

General Classical Network Specific Quantum Network

—— Upper bound for approximate case
—— Upper bound for exact case

— Upper bound for approximate case
Lower bound for approximate case

Cardinality of randomness required
Dimension of entanglement required

0 0.25 0.5 0.75 1 0.25 0.5 0.75 1
Tolerance level Tolerance level

o
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Solution of Randomness Compression in Quantum Networks

General Classical Network Specific Quantum Network

— Upper bound for approximate case
-Upper bound for exact case

— Upper bound for approximate case
Lower bound for approximate case

Cardinality of randomness required
Dimension of entanglement required

0 0.25 0.5 0.75 1 0.25 0.5 0.75 1
Tolerance level Tolerance level

o
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Solution of Randomness Compression in Quantum Networks

"Good" solution
for the general quantum network
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Solution of Randomness Compression in Quantum Networks

"Good" solution
for the general quantum network

We cannot
compress a lot!

Specific network

irsa: 19080080 Page 75/80




Summary of Randomness Compression in Quantum Networks

e We cannot compress the dimension of entanglement in the specific
quantum network so much.
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Summary of Randomness Compression in Quantum Networks

e We cannot compress the dimension of entanglement in the specific
quantum network so much.

o The lower bound of the dimension required grows to infinity
as the tolerance level gets smaller.

e We cannot have the "good" solution for the general quantum network.
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Next Steps

e Improving Multivariate Chernoff Bound (MCB)
o we have some ideas to make it tighter

e Deriving Matrix Multivariate Chernoff Bound (Matrix MCB)

e Deriving a bound for the classical-quantum case, using Matrix MCB
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Next Steps

e Improving Multivariate Chernoff Bound (MCB)
o we have some ideas to make it tighter

e Deriving Matrix Multivariate Chernoff Bound (Matrix MCB)

e Deriving a bound for the classical-quantum case, using Matrix MCB

e Finding applications of MCB and Matrix MCB in other fields
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Next Steps

e Improving Multivariate Chernoff Bound (MCB)
o we have some ideas to make it tighter

e Deriving Matrix Multivariate Chernoff Bound (Matrix MCB)

e Deriving a bound for the classical-quantum case, using Matrix MCB

e Finding applications of MCB and Matrix MCB in other fields

Questions?

Pirsa: 19080080 Page 80/80



