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What do we do with the noise?

1
w(t, r) := min z ||z — z||? Moreau Envelope
() 1= min { 72) + glle — 2I1 ;
Denoiser e.g. Total Variation Data fidelity
|1 2 .
prox; s (x) := argmin ﬂHx —wl||5 + f(w) Proximal Operator
weR™

prox,¢(z) = x — tVu(z,?)



Hopf-Lax Formula

r—1y

u(x, 1) = min{tL( =)+ [(y)} satisties {u(.r 0) = f(x)

1y [

1
For our problem  w(t,z) := rinRn {f(z) + — ||z — z||2}
z n

Hopf-Lax formula gives a solution to the PDE {

wy + H(Vu) =0

where L =H"

1
Uy + E||'~v’uf||2 =0 inR"™ x (0,T]
u=f

on R" x {t = 0}



Hopf-Cole Transform and Viscosity Solution

Uy + 5IVi®||> = 3A4 inR" x (0, 7] and we hope #° — u
u’ = f on R” x {¢t = 0},

Using the transformation 2° £ exp(—#°/8),
) — %Az/‘S =0 in R” x (0, 7
® = exp(—f/8) onR” x {t =0}
And we have, °(x, ¢) = (Cb(s, * cxp(—f/(S))(x)
= B, A(xs1) lexp (= (7)/8)]



Viscosity Solution (cont’d)

1 (  EyN () brexp (=f (7)/5)])

Vil (xt) = — | x
am =2 E, N (ss) [xp (— ()/)]

prox,¢(x) = x — tVu(x, t)
A~ x — tVi (x, t)
BN (wsr) by - exp (= (0)/9)]
- Epn(wsr) lexp (£ ()/8)]




Physics Informed Neural Networks (PINNs)

1
uy + E||‘~v’u,||2 =0 inR" x (0,T]
u=f onR" x {t=0}

Let solution u(x,t) = nn(x,t)

Initial condition (t =0) 07 t=0.25

\ —— Reference \
\ Prediction
\

, 1
Loss function=  nne + §||‘V"'f'*ff't||2

7]:,0 -0. OjS ltU 7]j.0 701.5 0.'0 0'5
And many more!
059 ' \ nce




Physics Informed Neural Networks (PINNs)

1 .
u(x,t) = ming(z) + ?D¢(E, r) with ¢(r) = xlogr — =z

d 1
Ut + tlzhL(m —2tVu,z) = Ut + 2 ((x — xztVu)log (1 —tVu) +txVu) =0
?L(m* []) — |:’I" — % | ) N Initial condition (t = 0) =025




Thank
you!



