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Measure

Data

U(t, t0) What is the Hamiltonian of the system?

http://wikipedia.org/wiki/Optical_lattice#/media/File:AtomsInLattice.png
https://creativecommons.org/licenses/by-sa/4.0/


• Thermal and ground states 

• (Process) tomography (on subsystems) 

• Bayesian es>ma>on via MC integra>on 

• "Infinitesimal" >me evolu>on 

• Energy conserva>on 

• Classical (SOTA) ML methods 

• Quantum assisted 

• Time traces/stamps

Previous methods

Lots of methods available. 

Ours is very experimentally friendly and can 
handle large quantum many-body systems 
with many unknown parameters.



Minimize  −∑
i,k

log ℙ(si | t, pk, θ)
|0⟩⊗n

|ψ(t)⟩

Measurement

(pk, si) = (XYYZ, 0101)

Time evolu>on 
in the lab under H*

|0⟩⊗n

|ψ(t)⟩

Measurement

(pk, si) = (XXXY, 1110)

Time evolu>on 
in the lab under H*

|0⟩⊗n

|ψ(t)⟩

Measurement

(pk, si) = (ZXXZ, 0001)

Time evolu>on 
in the lab under H*

|0⟩⊗n

|ψ(t)⟩

Measurement

(pk, si) = (YYZY, 1101)

Time evolu>on 
in the lab under H*

|0⟩⊗n

|ψ(t)⟩

Measurement

(pk, si) = (ZZXZ, 0100)

Time evolu>on 
in the lab under H*

ℒ(d)(θ) = −
1
d ∑

ijk

log ℙ( ̂si |pk, tj, θ)

Negative log-likelihood loss function

̂θ(d) = argmin
θ

ℒ(d)(θ)

Minimizer

̂ϵ(d) =
∥ ̂θ(d) − θ*∥2

∥θ*∥2

Relative error

i = 1,…, M j = 1,…, J k = 1,…, K

|ψθ(t)⟩

Simulated >me evolu>on 
under H(θ)

Probabili>es

ℙ(si | t, pk, θ)

|0⟩ |0⟩ |0⟩ |0⟩

e−iΔt h12 e−iΔt h34

e−iΔt h23

|0⟩ |1⟩ |+⟩ |0⟩

|0⟩⊗n
Time-Evolving Block Decimation (TEBD)

⟨ϕik |e−iH(θ)t |ψini⟩
2



Strategy
Inspired by machine learning, use automa8c 
differen8a8on and mini-batch stochas8c gradients. 
(as well as just-in->me compila>on and vectoriza>on)

But what's the derivative of the SVD? A ↦ U, S, V†

1
s2
j − s2

i

github.com/google/jax/pull/5225

H(Jx, Jy, Jz, h1, …, hn) = ∑
i

JxXiXi+1 + JyYiYi+1 + JzZiZi+1 + hiXi

• 1D Heisenberg model 
• Generate synthe>c data 
• Run the op>mizer star>ng from mul>ple random ini>al points θini

http://github.com/google/jax/pull/5225


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

Li, et al. 2020

Not trivial to show! 
Obvious obstacles: eigenstates, 
commensurate >mes, dense 

 Hamiltonians. 
But in typically one >me stamp 
is in theory sufficient.

2n × 2n

 - scaling of the errord−1/2

https://link.aps.org/doi/10.1103/PhysRevLett.124.160502
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Formal statement of the theorem



0 = ∇ℒ𝒟(θ*) first-order condition

0 = ∇ℒD(θD) + ∇2ℒD(θ̄) (θD − θ*) mean-value theorem (element-wise)

d (θD − θ*) = −
1
d [∑

s∈D

∇2log ℙ(s | θ̄)]
−1

1

d ∑
s∈D

∇log ℙ(s |θ*) dist.⟶ 𝒩(0,Σ̃)

central-limit theoreminverse HessianNewey, McFadden 1994

Proof idea

https://www.sciencedirect.com/science/article/pii/S1573441205800054


Loss vs. error



Loss 
landscape


