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Can we pick {p,}, such that y?-divergence terms are small?
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Lemma (y?*-concentration): For a fixed measurement M, let py be the
distribution over outcomes from measuring py and w = Ey_gaqr Pu- It holds

that

“Informative measurement statistics”
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Lower bound for adaptive tomography with limited settings

1(Z:Yy, .., Y,) = I(Z:Y) + I(Z: VoY) + -+ I(Z: Yy |V q, oo, Vo)

e?  €?log(m)
< n(d + 72 )

Theorem: Any procedure for quantum tomography using single-copy (possibly

adaptive) measurements chosen from a fixed set of m possible measurements
requires

d3
cx 1.+ 198G

n = ()

d

copies of p.
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Open problems

* Unconditional, non-trivial bounds for adaptive tomography?
* Rank-dependent bounds with finite measurement settings?

e Testing (e.g., quantum state certification) using single-copy measurements and
finite measurement settings?

e Using these techniques, can we get “circuit lower bounds” for optimal, entangled

guantum tomography?
* Related conjecture: optimal, entangled tomography can be implemented using

depth poly(n, d,log 1/¢) [Haah+17].
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