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Hamiltonian Learning

• Sequen'al Monte-Carlo algorithm:  [Grenade et al.] 

• Learning at the pulse level (!me dependent) [Krastanov et al.] 
• Learning from thermal states [Yu et al., Anshu et al.] 
• Bayesian learning from steady states [Evans et al.]

Ĥ = 𝔼(H |data) = ∫ dH H ℙ(H |data)

• Learning of proper'es via classical shadows and neural networks 
• Randomized benchmarking 
• State tomography and process tomography

Problem: Given observations about a (closed) quantum system, find its Hamiltonian.

RELATED TOPICS

PREVIOUS

https://doi.org/10.1088/1367-2630/14/10/103013
https://iopscience.iop.org/article/10.1088/2058-9565/ab18d5
http://arxiv.org/abs/2011.12282
https://www.nature.com/articles/s41567-021-01232-0
https://arxiv.org/abs/1912.07636
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Optimization problem over {H(θ) |θ ∈ ℝd}

 : 
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b s
DATA

L(θ) = − ∑
x

log ℙ(x |θ), x = (t, b, s)

LOSS FUNCTION



Learning

ℙ(t, b, s |θ) = ⟨sb |e−itH(θ) |0⟩
2

e.g.    and  : b = (XXZZ) s = (0101)

|sb⟩ = | + − 0 1⟩

|0⟩ |0⟩ |0⟩ |0⟩

e−iΔt h e−iΔt h
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Use Time-Evolving Block Decima'on (TEBD) 
to compute probabili'es efficiently 

SVD

SVD

SVD
Minimize  via gradient-descent. 
➡ Use Automa!c Differen!a!on

L
STRATEGY

github.com/google/jax

 also requires the differen'a'on 
of the singular value decomposi'on (SVD)

∇L

github.com/google/jax/pull/5225

L(θ) = − ∑
x

log ℙ(x |θ), x = (t, b, s)

LOSS FUNCTION

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


Results
H = ∑

i

hXi + JxXiXi+1 + JyYiYi+1 + JzZiZi+1 learn θ = (h, Jx, Jy, Jz)
ADAM op'mizer turns out to be most robust

n = 10
χ = 30

ΔtTrotter = 0.02
#(𝗌𝗇𝖺𝗉𝗌𝗁𝗈𝗍𝗌) = 10

#(𝗌𝖺𝗆𝗉𝗅𝖾𝗌) = 10000
εtrunc ≈ 0.005
εtotal ≈ 0.0003



Scaling
H = ∑

i

hiXi + JxXiXi+1 + JyYiYi+1 + JzZiZi+1 #(𝗉𝖺𝗋𝖺𝗆𝖾𝗍𝖾𝗋𝗌) = n + 3

Max. error := θ̄ − θtrue ∞

χ = 30
ΔtTrotter = 0.02

#(𝗌𝗇𝖺𝗉𝗌𝗁𝗈𝗍𝗌) = 5
#(𝗌𝖺𝗆𝗉𝗅𝖾𝗌) = 10000
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