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» Applies to infinite-dim. physical systems.

Chaves et al. (2015), Zhu (2016)

Bounded state overlap/ Bounded message energy

» Target quantum / classical separation.

» Advantageous for optical implementations
of “grey-box” (semi-device-independent) QIP
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We allow for shared randomness.

P,(X|E) = ZP (X]E))

E.g. 1 Py(X|EN) mepX N2 p2

CLASSICAL CORRELATIONS UNDER RESTRICTED INFORMATION

can restrict to d = # inputs
can take these deterministic

5’37 A)pB b|m7 Y, >\) Classical set is a

d /
p(blz,y)

Z mZ: convex polytope
< -

classical correlations

linear in dist. over A
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Yes - at least w/o shared randomness.

Bell inequalities + . comm > ent.-assisted. class. comm. 1
Frac = — =Ty|T,y)

x,Yy
: Fraic =min p(b = zylz,y)

Y

1
Frpaio < 5 for n > 2*™  using m bits or qubits.
1 | > Unbounded separation
/ _
Frac = ) + 2./ using 1 bit of information



SUMMARY
arXiv:1909.05656

Bounding information - ability to guess
the input from the message.

Alternative to bounding dimension, entropy,
overlap, energy,...

Separate classical from quantum correlations.

E s »
Device-independent bound on the information. 2l

Classical

Stronger correlations with same/less information as dimension-bounded schemes.

Restore hierarchy of quantum communication vs. entanglement-assisted classical communication.
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