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Previous methods

e Thermal and ground states

e (Process) tomography (on subsystems)
e Bayesian estimation via MC integration
e "Infinitesimal” time evolution

e Energy conservation

e Classical (SOTA) ML methods

e Quantum assisted /
|
|
|

‘ Lots of methods available.

e Time traces/stamps

~~__ |Oursisvery experimentally friendly and can
i \ handle large quantum many-body systems
' with many unknown parameters.




Time-Evolving Block Decimation (TEBD)

Minimize — )" log P(s; |1, ;. 6)
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Simulated time evolution
under H(O)

Time evolution
in the lab under H*
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l Negative log-likelihood loss ftio
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( Minimizer
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:_// Strategy B But what's the derivative of the SVD? A U,S, 4]

- = = =
' Inspired by machine learning, use automatic

| differentiation and mini-batch stochastic gradients.
J (as well as just-in-time compilation and vectorization)

dU = % [F o (dAS + SdAT) + S7" o (dA — dAT)],

(D12)

dvzgwé AN (D13)

H( oy dohyy b)) = Y I XX + YY) + 122, + hX,

e 1D Heisenberg model |

e Generate synthetic data

e Run the optimizer starting from multiple random initial points 6. .
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http://github.com/google/jax/pull/5225

d—1/2

-scaling of the error

Theorem 1 (Asymptotic error (informal)). Suppose the class
of parameterized Hamiltonians |C is well conditioned) such

that the \estimator 09 is consistent and th Hessian of the

loss is non-singular. Then for any § € (O, \| there exists a
function f(d ) O(d=1/?) such that P[e(d) v f( d)| < ¢

when d is suf, czently large.
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Not trivial to show!
Obvious obstacles: eigenstates,
commensurate times, dense

2" X 2" Hamiltonians.
But in typically one time stamp
IS in theory sufficient.

Statement about the global minimizer.
No guarantee that this can be found efficiently!

Li, et al. 2020



https://link.aps.org/doi/10.1103/PhysRevLett.124.160502

Thank you for your attention!
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Formal statement of the theorem

Theorem 3 (Asymptotic error). Let £(? and 69 be defined
as above. Let © C RY be compact and suppose the true pa-
rameters 0™ are contained in the interior of ©. Suppose the

class
C={H(0)|6 € ©}

of parametrized Hamiltonians is well conditioned, such that

the estimator 09 is consistent and the Hessian at the
true parameter value is non-singular. Furthermore, let the
parametrization 0 +— H(60) be twice continuously differ-
entiable. Then for any 6 € (0, 1] there exists a function
f(d) = O(d~'/?) and some value D € N such that P[é(®) >

f(d)| < éforalld > D.




Proofidea

0= VL6

0 =VZLPOP) + V2LPO) (OP — 6*%) |mean-value theorem (element-wise)
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Newey, McFadden 1994 inverse Hessian central limit theorem



https://www.sciencedirect.com/science/article/pii/S1573441205800054
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Relative error €
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1.LOSS VS. error
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0.58 0.60 0.62 0.64
L/n

0.66
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