generalised Heisenberq relation
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Bavesmm estimators

Yest — /yp(y‘f)dy

Va’r[y] e /(y EEE yest)QP(y|f)dy
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Fisher informatkion

o f Ospl@l)0, e |Y) e
L=

Cov[g] = - Z(7)

mu&iyarame&m Cramér—-Rao bound



Fisher information
. / 0ip(z|y)Okp(|Y) i

I.
3. p(z|y)

llots of maths which is essentially a cleverer use of the
Cauchy Schwartz inequality than before|

Covli] > +-Z(7)"!

mu&iyarame&w Cramér—-Rao bound
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we look ot the curvature parameter b:j
P&rame&er
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Quantum Fisher Information
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Quantum Fisher Information
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Quanktum Cramér-Rao bound

The opﬁmai measuremwent Ls unlenowin
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campa&bdi@v condibions
Trlpg{L;, Ly }] #0  though Luck

_, Joint optimal

Tr(p7{L;, Ly}] es%imabauév ¥

* using a collective measurement
on a large number of replicas
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whab s aammov\i.v assessed

T =TI Q<!

information is there, but there might not
enough room to extract it

this is a measure of information
extraction (not of information iksels)
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comparing two covariance matrices

S z
2| |
1}

—32101234
Y1



comparunga bwo covariamnce makbrices
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makbkrices are @.quat
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heres an example
P

A0S +v£s£b£i.i&3

p(d,v) ~ 1+ vcos(¢p —0)









first: are there biases?
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also: are there correlations?

@ Measured

- = Expected
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£. Roceia, V. Cimini ek al. arXiv:1¥05,02861
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