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General Machine Learning Classification

Classification

EHABECHAnan

FLIOE

01 B3¢5
EHITE
WAYZRAS

Danny Jamm

mEme

678%466D6i
MANOFRR ST uV
A PId AnNZ v« +

Dataset Model Acc. float
PMM’ 97.38 4990
ConvPMM 98.99 129416
DNN-27% 96.5 ~ 311650
MNIST DNN»SfG 97.0 ~ 386718
Digits’s DNN-5' fh 97.2 ~ 575050
GECCOY 98.04 ~ 19000
CTM-250°8 98.82 31750
CTM-8000°%  99.4 527250
Eff.-CapsNet®®  99.84 161824
PMM' 88.58 16744
ConvPMM 90.89 278280
GECCOY 88.09 ~ 19000
Fashion CTM-250°8 88.25 31750
MNIST®  CTM-8000%  91.5 527250
MLPTO! 91.63 2913290
VGG8B®! 95.47  ~ 7300000
F-TDARTS®2 9691  ~ 3200000
PMM* 81.57 13792
ConvPMM 85.95 349172
EMNIST ~ CNN* 79.61 21840
Balanced®  CNN (S-FO)™  82.77 13820
CNN (S-FO)*  83.21 16050
HM2-BPT® 8557 665647
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Two-Body Lattice Simulation

H(c) = KE +V(d) + Vs(Ruyan) + cVe(r)

» Rewrite/Group:
H(c) = Hy + cH;

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

M;;(t) = {gsle™ o2 0e=Hotr2 |y

» Where O € {H,, Hy, p}
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Lattice EFT Imaginary time Evolution

Nonperturbative Ground State

Governing Equations

() = e 2 (0))
M;(t) = Wi(£)|O)y; (1))
O € {Ho, H], p}
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[n(t)) = e[y (0)) [0x (1)) = e 227241 (0))
M;;(t) = (hi()[O[;(t)) Mii(t) = {di(t)|Alb;(t))
O e {Hy, Hr,p} A {My, My, p)

mmooa (FRIB) arXiv:2401.11694 May 2025



Imaginary time Evolution
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Mi;(t) = (i(t)|O[;(1)) Mii(t) = {di(t)|Alb;(t))
OE{HO’HI’p} Ae{%a%ag}

» Once PMM is trained on data only as a function of ¢, can it
predict the ground-state energy of H(c) and the expectation of
p for any ¢?
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Imaginary time Evolution
Nonperturbative Ground State

Governing Equations PMM Equations
[n(t)) = e[y (0)) [0x (1)) = e 227241 (0))
M;;(t) = (hi()[O[;(t)) Mii(t) = {di(t)|Alb;(t))
OE{HO’HI’p} Ae{%a%ag}

» Once PMM is trained on data only as a function of ¢, can it
predict the ground-state energy of H(c) and the expectation of
p for any ¢?

M(c) = My + ¢ M;, M(c) 222 VAT
» Then calculate Ey(c) and (Vy(c)|p|Vo(c))-
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Lattice EFT Extrapolating in Coupling constant
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EFT Extrapolating in Coupling constant

Spherical Well
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Spherical Well

Ei(c)
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H(C) = Hy+ cHyp

M(C) = My + cMy
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Epistemology
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Theory

Typical Reduced Basis Method

RBM

U — PIU = ¢
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Theory
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SV RBM-++

Implicit Reduced Basis Method

U — Py =g

S P'HP=M
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REM
Implicit Reduced Basis Method

U — Py =

H—-PlHP=M
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H(c) = Hy+cly
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H(C) = Hy+ cHj

I

P'H(e)P = PTHyP + ¢PTH, P
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H(C) = Hy+ cHj

I

P'H(e)P = PTHyP + ¢PTH, P
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Parametric with Wavefunction Data

Danny
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