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Introduction Propaganda

Physics Equations

Vlasov-Poisson Equation:
∂f
∂t

+ v · ∇f + q
m
E · ∇vf = 0

Navier-Stokes Equation:
ρ
(
∂v
∂t

+ v · ∇v
)
= −∇p+ µ∇2v

Schrödinger Equation:
ih̄ ∂

∂t
ψ = Ĥψ

Maxwell’s Equations:
∇ ·E = ρ

ε0∇ ·B = 0
∇×E = − ∂B

∂t

∇×B = µ0

(
J+ ε0

∂E
∂t

)

Data
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Introduction Practical Overview

Build-a-PMMTM

Your Underlying Equations

$

’

&

’

%

Hpcq “ H0 ` cH1

Hpcq |ψpcqy “ Epcq |ψpcqy

xψpcq|O|ψpcqy “ fpcq

$

’

’

&

’

’

%

Bv⃗

Bt
“ Apc⃗qv⃗ ` fpt, c, v⃗q

v⃗pt “ 0q “ v⃗0

viptq “ b.c.

Your PMM

$

’

&

’

%

Mpcq “ M0 ` cM1

Mpcq
ˇ

ˇψ̃pcq
D

“ Ẽpcq
ˇ

ˇψ̃pcq
D

@

ψ̃pcq
ˇ

ˇX
ˇ

ˇψ̃pcq
D

“ f̃pcq

Okay it’s not always that
simple. . .

Then fit to whatever data you have!
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Introduction Example: Simple Model Emulation

Example: Anharmonic Lipkin Model

Hpξ;αq “ p1 ´ ξqn̂ `
2ξ
S

´

S2
´ Ŝx

2¯

`
α

2S n̂pn̂ ` 1q

n̂ “

´

S ` Ŝz

¯
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Introduction Example: Simple Model Emulation

Example: Anharmonic Lipkin Model

Hαpξq “ H0 ` ξH1

xE0pξq|n̂|E0pξqy

PMM
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ˇ
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Introduction Phase Transitions

Example: Anharmonic Lipkin Model

"

Hαpξq “ H0 ` ξH1
xE0pξq|n̂|E0pξqy

*

„

"

Mαpξq “ M0 ` ξM1
@

Ẽ0pξq
ˇ

ˇX
ˇ

ˇẼ0pξq
D

*

Im
(ξ

)

-0.5

0.5

Re(ξ)

0

1

|E0|
N
0.0

0.3

PMM

Im
(ξ
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Re(ξ)

0

1

|E0|
N
0.0

0.3

Exact
Train

Val

0 1Re(ξ)
-0.5

0.5

Im
(ξ

)

Absolute Error

0.05

0.0
5

−π

π

P
h
as

e

0.0

0.2
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Previous Results Trotter-Suzuki Zero-Error Extrapolation

Time evolution on a quantum computer of a non-commuting
Hamiltonian

H “ H0 ` H1 ` ¨ ¨ ¨ ` Hl

Updtq “ e´iHdt
« e´iH0dte´iH1dt

¨ ¨ ¨ e´iHldt
` Opdt2q

PMM

Ũpdtq “ e´iM0dte´iM1dt
¨ ¨ ¨ e´iMldt
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Previous Results Trotter-Suzuki Zero-Error Extrapolation

1D Heisenberg Model with Dzyaloshinskii-Moriya Interaction

H “ B
N
ÿ

i

riσ
z
i ` J

ÿ

uPtx,y,zu

N
ÿ

i

σu
i σu

i`1 ` D
N
ÿ

i

`

σx
i σy

i`1 ´ σy
i σx

i`1
˘

-0.08 -0.04 0.04 0.08dt

-38

-34

E
k

PMM

MLP

Poly

Exact

Train

Val

E0

E1

E2
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General Machine Learning PMM Model

What else can we do with the eigensystem?

Encode data: Mpx⃗q

Mpx⃗q Ñ V ΛV :

zk “ bk `

r
ÿ

iĺj

ˇ

ˇ

ˇ
xVi|Oijk|Vjy

ˇ

ˇ

ˇ

2
´

1
2

r
ÿ

iĺj

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ
Oijk

ˇ

ˇ

ˇ

ˇ

ˇ

ˇ

2

2
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General Machine Learning Regression

Regression

10−4

10−1

N
or

m
a
li
ze

d
 M

ea
n

A
b
so

lu
te

 E
rr

or

PMM

KRR
MLP
KNN
XGB
SVR
RFR
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General Machine Learning Classification

Classification

Danny Jammooa (FRIB) arXiv:2401.11694 May 2025



Ongoing Work
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Lattice EFT Imaginary time Evolution

Two-Body Lattice Simulation

Hpcq “ KE ` V pδq ` VSpRwallq ` cVCprq

§ Rewrite/Group:
Hpcq “ H0 ` cHI

§ The training data set is motivated by what can be readily
obtained from quantum Monte Carlo simulations.

Mijptq “ xψi|e
´H0t{2Oe´H0t{2

|ψjy

§ Where O P tH0, HI , ρu

Danny Jammooa (FRIB) arXiv:2401.11694 May 2025
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Lattice EFT Imaginary time Evolution

Nonperturbative Ground State

Governing Equations

|ψkptqy “ e´H0t{2
|ψkp0qy

Mijptq “ xψiptq|O|ψjptqy

O P tH0, HI , ρu

PMM Equations

|ϕkptqy “ e´M0t{2
|ϕkp0qy

M̂ijptq “ xϕiptq|∆|ϕjptqy

∆ P tM0,MI , pu

§ Once PMM is trained on data only as a function of t, can it
predict the ground-state energy of Hpcq and the expectation of
ρ for any c?

Mpcq “ M0 ` cMI , Mpcq
EV D
ÝÑ V ΛV :
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Theory Epistemology

Hpcq “ H0 ` cHI

İ

§

§

§

đ

?

Mpcq “ M0 ` cM1
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Theory RBM

Typical Reduced Basis Method

Ψ Ñ P :Ψ ” ψ

H Ñ P :HP ” M
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Theory RBM++
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Theory Traditional Eigenvalue Problem

Hpcq “ H0 ` cHI

İ

đ

P :HpcqP “ P :H0P ` cP :HIP
İ

đ

Mpcq “ M0 ` cM1
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Theory Gross-Pitaevskii Equation with Wavefunction Data

i
dΨ
dt

“

´

T ` V ` g |Ψ|
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¯

Ψ
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§
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đ
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dψi
dt
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Results in One Dimension Non-Parametric with Wavefunction Data
(x
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Results in Two Dimensions Parametric with Wavefunction Data
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Conclusion
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EC Gross-Pitaevskii Equation with Only Density Data

i
dΨ
dt

“

´

T ` V ` g |Ψ|
2
¯

Ψ

ρ “ |Ψ|
2

İ

§

đ

i
dψi
dt

“ Tijψj ` Vijψj ` gGijklψjψkψl

qi “ Fijkψjψk

ψpt “ 0q “ ψ0
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EC Parametric with Only Density Data

i
dΨ
dt

“

ˆ

p2

2 m
` a x2

` g |Ψ|
2
˙

Ψ
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EC Parametric with Only Density Data
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EC Parametric with Only Density Data
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EC Parametric with Only Density Data
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EC Parametric with Only Density Data
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