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Method 1 Method 2 Method 3

• single instance of SDP

• doesn’t require previous 
knowledge of the estimator

• converges to optimal 
solution in the limit 

• may require too many 
measurement outcomes to 
be practical 

• very good results in practice

• single instance of SDP

• requires previous 
knowledge of the estimator

• yields exact solution 

• only limited number of 
outcomes required 

• very good results in practice 
even if the estimators are not 
known to be optimal

• seesaw

• doesn’t require previous 
knowledge of the estimator

• not guaranteed to converge 
to optimal solution

• only limited number of 
outcomes required 

• very good results in practice

(channel discrimination) (known opt estimator) (iterative)

Our methods
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Outer approximation for strategies without memory/entanglement
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Case study 1: phase estimation
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usefulness of entanglement

Case study 2: thermometry



channel (multi-parameter):

reward function: prior:
(a)  uniform
(b) gaussian

2 3 4 5 6 7 8 9 10
0.6

0.65

0.7

0.75

0.8

0.85

0.9
(a)

(b)

2 3 4 5 6 7 8 9 10

0.5

0.6

0.7

0.8

0.9

1

E✓[⇢] = U✓⇢U
†
✓ , U✓ = e�i(✓x�x+✓y�y+✓z�z)

✓ := (✓x, ✓y, ✓z)

r(✓, ✓̂i) =
1

d2

���hhU✓|U✓̂i
ii
���
2

estimator update:
gradient descend

Case study 3: SU(2) estimation



• Good approximations for single-shot Bayesian parameter estimation using SDPs and higher-
order operations

• Single and multiple parameters

• General strategies or restriction to no memory/entanglement

• Arbitrary channel encoding, arbitrary prior, arbitrary cost function

Future:

• Extension to multiple copies, different classes of strategies

Summary and outlook
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