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Hamiltonian Learning

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

« Sequential Monte-Carlo algorithm: H = -(H | data) = IdH HP(H |data) [Grenade et al.]
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. * Learning at the pulse level (time dependent) [Krastanov et al.] +

- * Learning from thermal states [Yu et al., Anshu et al.]

* Bayesian learning from steady states [Evans et al.| |
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RELATED TOPICS
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* Learning of properties via classical shadows and neural networks

~* Randomized benchmarking
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' * State tomography and process tomography W
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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(0) |0 € R¢}

LOSS FUNCTION __
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LOSS FUNCTION

,L(H) — Zlogﬂ](xw) X = (t b S)

Learning
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e s ——e Use Time-Evolving Block Decimation (TEBD)
| ‘ to compute probabilities efficiently

P(t,b,510) = |(s,|e7"@]0)
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eg. b= (XXZZ) and s = (0101) e
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STRATEGY ________ N — SVD SVD
" Minimize LV|a gradient- descent i‘
‘ = Use Automanc Dlﬁ‘erenUahon { "TUSVD —1

'r‘ 0 VL also requires the differentiation

"‘A"Q%"Q of the singular value decomposition (SVD)

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



http://github.com/google/jax
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Parameter values

Results

H = th + J XXy + LYY + V27 earn 0 = (,J,,J,,J.)
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ADAM optimizer turns out to be most robust
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n=10
y = 30
e AlLTrotter = 0.02
#(snapshots) = 10
_1.0- #(samples) = 10000
| Erunc ~ 0.005
Eota1 ~ 0.0003
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Scaling

H = Z hX; + J X Xipy + LYY + J 244, #(parameters) = n + 3
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