Physics-informed machine learning for hyperpolarized amU
solid-state nuclear magnetic resonance
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Motivations Physics-informed neural network

> Nuclear magnetic resonance for imaging in the yzm range [1]. Based on [2], learn a multilayer perceptron Gy with parameter § by minimizing

L(0,R) = Loge (0, R) + L, (6, R) + L (0, R) + Linit (0) + Ling (6)

» Simultaneously solve spin diffusion PDE and learn shape parameters.
» Preliminary results for a spherical shape.
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» Setting: spherical solid with unknown radius R in a liquid upon microwave Wlthl'D@ (r.1) = §afG9 (r,t) + Gy (r, 1)
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» Quantity of interest: polarization P(r, t) at position r and time t. for some samplings Spge, Sy, Sz, Sinit of the time and/or space domains.

» Fick diffusion PDE

LR ) T
where F (P, r,t,R) = Cg(r) O:P ( V(Dg(r) Cr(r) VP (r,t))

rt) - Using an MLP with 2 hidden layers and 32 neurons per layer, and a regular grid

+ Cr(r) i (r,7t_) (_)Po(t) for Spde, Sy, Sz, Sinit With 30 spatial samples and 600 time samples,
R\r :
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with concentration Cg, diffusion rate Dg, relaxation time Tg, local o y_n ZSnI; A% Rowe — 2.50m
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> Vi = &3 fo (r,t) redr: integral of polarization over the solid. concentration K = 36.6nm (_tém A)) R = 2.5,um (_O/))
» z;: constant polarlzatlon over the liquid (assuming P(r,t) = P(r',t),Vr,r' > R, Vt) Heterogene.ous L=4-10 : L=1-10 :

» Goal: estimate radius R and polarization P(r, t) at any position r and time t. concentration | R = 64.1nm (+1567%) R = 2.56m (+2.4%)
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Problem formulation &

Change of variable to avoid integration in the optimization process:

3 r
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Problem: solve eq. (1) in G and R with 000 005 010 013 T02 025 030
P(r,t) = %&G (r,t)+ G(r,t) — Radius is overestimated to compensate for the simplistic assumption that the
G(R,t)=y,Vic{l,... n} polarization is constant over the liquid.
P(R,t)=2z,Vie{l,... n} — Need to model the spin diffusion in frozen liquid.
G (r,0)=0,Vr — Hard to optimize over 6 and R.

» Conduct experiments on true polystyrene balls
» Need to model diffusion in both solid & liquid, by considering the space for

Data augmentation

Data y = {y;} (resp. z={z}) can be fitted by a streched-exponential law r < R" where R’ is the known radius of the liquid,
()™ R’ — R3 R’ _
f(t) = C, (1 _ e (%) > for x = y (resp. x = z). G(R,t) = R | Rl3y,-,\v’l c{l,...,n}
and by replacing loss component L, by
» fit parameters C,, 8,, C,, B, from {y;} and {z} p3 R3 53 2
: /
» generate data £ (t) for any time t L, (0 |S | Z ( 3 f, (t) Rny(t) — Gy (R, t)>
T . e Y2l tes,,
Average polarization in solid Average polarization in liquid . S
1.0 - » Improve joint optimization over neural network and shape parameters.
o8- » Address various parametric shapes.
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