/- ’ MAINFORMATICS

Estimation of Xenon Oscillation with
Physics-informed Neural Network

2022.10.20



00 s
ABOUT SPEAKER

- | 1
. A2 Ao|Tistn YRSkt A AL 27]
- O 50} : PINNS 0|3 QIRI2{2hM 4 OfAAFEN ZICH

= email address : 2016101043@khu.ac.kr

MAINFORMATICS G




00 e
CONTENTS

Purpose

About PINN

About Xenon-135

How to apply PINN to Xenon Oscillation

Result

Conclusions

= QA

MAINFORMATICS e



KHu

PURPOSE

01

Kl

r

8

N
M_H_
jol’

Hln

0
#_u.|_

: A H]
B e

- 1PN S

« PINNOj CH

HOA|Z =,

ot7| ?l¢

C
=

MAINFORMATICS



KHU
02 PHYSICS INFORMED NEURAL NETWORK (PINN) l-l

» 7|E=EQ| XM " (ROt X2, {4, )
« AN BENE EHD STE Vot 22 HEO0| 7t
v mesh 7l 37}
v Ha= 0= SV

N PNET
- HO|HE 7|82 = 510 Hlu X Z2 HEL = Wilict 572 HA 7t
o BEA
= 14

Small data Some data Big data

Data

Physics

Lots of physics Some physics No physics

Karniadakis, G. E., Kevrekidis, I. G., Lu, L., Perdikaris, P., Wang, S., & Yang, L. (2021). Physics-informed machine learning. Nature Reviews Physics, 3(6), 422-440.
MAINFORMATICS °



KHu

= PINN
« 201743 Raissi, M. et.al O] 7H&.
- =C| HAM 7|ZE HO|HE €Y = U= 8.
. %El H**'Oﬂ TlHHEl = &2M42 FZ I 7|A|7| 2 £ hidden layer 7il3=, node 7il =7}

« BHY

» Multiscale, Multiphysics

I:I
T
- AN AISEA
|'t_|_ Ol'_l_

- O3 =2 4= 24T 4E non-convex?! AL 7t Bot 22X O Z global
minimum= & 7| 0|2

. Iglrlc\aerc? Moz WX Tt AAS s oA 7t 0|2 o2 S| SHEX|
LS AA T3 -

Karniadakis, G. E., Kevrekidis, I. G., Lu, L., Perdikaris, P., Wang, S., & Yang, L. (2021). Physics-informed machine learning. Nature Reviews Physics, 3(6), 422-440.
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« ZE A in &AHE

« System Reliability Assessment

v’ Zhou, T., Droguett, E. L., & Mosleh, A. (2021). Physics-Informed Deep Learning: A Promising Technique for
System Reliability Assessment. arXiv preprint arXiv:2108.10828.

v FT &30 PINNS &30 Top event ZH& A4t
Point Kinetics equation

v Schiassi, E., De Florio, M., Ganapol, B. D., Picca, P., & Furfaro, R. (2022). Physics-informed neural networks for
the point kinetics equations for nuclear reactor dynamics. Annals of Nuclear Energy, 167, 108833.

v Temperature FeedbackO| U= 4 PKEEZ PINNO|| 7|giot 2|32 8N £ 5.
Radioactive Material Diffusion

v' Kim, G., & Heo, G. Radioactive Material Dispersion Modeling using Physics Informed Neural Network. KNS 2020.

v' Air Dispersion Equation= 7t 10| £7] ®/5f PINNS & 8.

* etc.
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- 22| ¢ - 0| =29| 27| #x¥
. UBHEOI OlRHHA, £ =0
dl
e f=ult)+NJul=0x€ntel0T] . e —— (niZrdr — 41)
v . ; i T )dx
u(x,t) : Latent (hidden) solution = - (vxZrpr + 41 — 05p7X — AxX)

v" N, [u] : Nonlinear differential operator
v 0 x B9 (@o[= ZOo|, 2E 5)
v [0,T] : AlZH &1
» XI7|XA

« X 7 %
=7|, 84 =4 « 1(0) = 10'° #/cm3,X(0) = 10** #/cm?3

v f(x,0)=1
v f(oo,t) =0
v etc.

Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-informed neural networks: A deep learning framework for solving forward and inverse problems involving
nonlinear partial differential equations. Journal of Computational physics, 378, 686-707.
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= Total loss function, Ly
* Lysg =LY+ W - L{WSE, where, W is weight of LMSE

= Loss function about initial or boundary condition, LY;sg

1 oN
MSE = N_u2i=u1 uNN(tu, xL; 9) — ut]?

Ny : u(x, t)Of 23 d-dEl pointe] 7=
v uNN(tL,x{L; 0) : Zt point(E7|, dA =)0 CisiAM AZ 0| o=k 4k
v ul 2 point(ZE7, BA =)0 Ciot &gt

FIII

= Loss function about differential equation, L}, >> =22|#H20| Hg&|= £
e 1f L Nforefai LiV2 — L NF (sl i 2
Lyse = N—le.:l[f(t},x})] - N_fzi=1[f(t;' x}) — 0]
v Np of (tF,xf) 0l 23l M E point2] 7<=
\/f(t},x})' Z} pointOf| CHSHA A1 ZZO[ oSt 4k
v 0 : 2 pointOfl CHeF &4k

Raissi, M., Perdikaris, P., & Karniadakis, G. E. (2019). Physics-informed neural networks: A deep learning framework for solving forward and inverse problems involving
nonlinear partial differential equations. Journal of Computational physics,, 378, 686-707. @

MAINFORMATICS



CAHE A
ou 92
. E=a732/,a=1,L=10._| B85
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1—-x, 05<x<1

P ESL
v u(0,t) =u(1,t) =0
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def phvsics_net{self, =t):
o= xt [, 0:1]
to=wxt[:, 1:2]

with tf.GradientTape{persistent=True) as tape:

tape.watch(t)

tape. watchix)

#t_t = tf.concat([x, t], axis=1)

u = self.nn(xt_t)

u_x = tape.gradient(u, x)
u_xx = tape.gradient (u_x, )
u_t = tape.gradient(u, t)
del Tape

02 term

[return ut - use | S2[BE, F=0

def learniself, xt_col, xt_bnd, tu_bnd): 0 |
with tf,Gradient Tanel) &s tape: . ﬁZ[f(t})]z
) - f 4
f = eplf nhveics gptlut coll i=1
I|GSS_CG| = tf, reduce_nean(tf squarelf)) I Ny
Luse = N_z[uNN(tziL; 0) -
tu_bnd_hat = self.nn{xt_bnd) =

I|GSS_bﬂd = tf.reduce_mean(tf.square(tu_bnd_hat—tu_bnd)J|

- f
I|GSS = loss_col + loss_bnd I Lyse = Lysg + W+ Lygp

grads = tape. aradient(loss, self.nn.trainable_variables)
selfopt.apnly_aradients(zinlarads, self.nn.trainable_variables))

return loss
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ABOUT XENON-135

= Xenon-135 (13°Xe)

S X2 0 EHitI*O.J =2 ZOILIEAN 2 €3 HX} 5 CHHAEZ 71X QU S.
O| 20 |XIZ 27T, WX MEf 25F fF2k= 71| A,

SHIAS (K )7t 12 SXISH | o S A E‘.J%.

AXIE "X & M7t=s A, FEEl 135xe 20| O£ HISEHCIH &
M7= g SHA| 2514 €. >> Reactor Dead Time

etc.

Lamarsh, J. R., & Baratta, A. J. (2001). Introduction to nuclear engineering (Vol. 3, p. 783). Upper Saddle River, NJ: Prentice hall.
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= Production of Xenon-135

. 135Xe0| MM AZ = E JIK| 2 135 7} B

235 O| = 4O

. :]_E-I == 135|O| %I: CC S} f|_|-OI--5HO|: (=13

. 135|0| MM AZ =
j_|| EI:'— 235( | ol 5

7t 02 Bo| 2o 255y of HEGO 2 MAE

Cto &l = 2utst

. 1510] AT AR S IR 2 g2 Y

—

olr
=
=
rr

= Destruction of Xenon-135
+ 13%e0| £ H AZE E
l_f B%J_—'Wfi 7120l
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FISSION
} - B e B [
BTe — B — Xe — (s —— 1By
11 sec 6.7 hr 9.2 hr
l Neutron Capture
dl
dt = y12f¢T -

dX

Frin Yx2rdr + Al O PrX — AxX

Lamarsh, J. R., & Baratta, A. J. (2001). Introduction to nuclear engineering (Vol. 3, p. 783). Upper Saddle River, NJ: Prentice hall.
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M‘ HOW TO APPLY PINN TO XENON OSCILLATION

= INPUT
e ti:Z=7| ZA 1(0) =10 #/cm?,X(0) = 10 #/cm?® 2| input?! 02 Y=,

ut 1 27| ZHQ| output?!

tf 1 0~400 hour H 2|0 A

br =

10 #/cm? - h
0.5 x 101 #/cm? - h : t = 200h

101> #/cm3,10 #/cm3 2 YH.
St iteration OFCH 21 & (uniform distribution)2 £ 10,000 7§

E<200h o mos1o) oo 1ol Wt ¢, 2 ChEA Y,
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= QUTPUT
o« uyy(ty;0) 1 4 point(Z=7], BA =)0 CHSHA L1 ZY0] o=t &f

« f(t}) : & pointOfl CHEHAM M ZZO| OS2t gL D2 A0 o st 4t

dI
v Py (VIZbeT — A1)
ax
o (Yx2Zedpr + Al — O prX — AxX)
. N7

o Hidden layer 470 2 T4 =0 Zt layer= node 507§ & %11 Activation function2 ‘ReLU’ AtE.
- 30,0008 iteration
« ADAM optimizer

MAINFORMATICS @



KHu

KIr _
s (h
N <
i S o
ol £ H
ol £ LA
1o Q. Khukio
N Iy
g " g
100 S =T
__ I NT{0
~ A[d nwo
N0 oy o
= 4 e
N Al <k
K N o“_our_
_ — 10
rr oK .n_.UA KT
= < _/cu“_ - o =
o o Akl O KMo
T 70 L o
© IH ool S0
m — |_H__|O ._._Au_n_ur.A rw n ﬁm
5 - 20 KONT " o=
3 < S’
| | | | | ]

mr
oI _ 9
(%p]
ad SOVJ
@ O O A
m — C
5 C
© S= =
© =
a -
(e




05 resuLt KHV
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= 30,000 Et= 2, Loss 40| 106 &2 = Analytic solutiond} H| WS} &= [[H E=1Y
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06 CONCLUSIONS

PINNS Xe Oscillation 2|0 M350 PINNO]|| CH$H 7| 2X Q| 0|2 8l M HIH S Sk

= iz"’u uyy (ti;0) —ui)? oM ZA Z2AQ| input ¢, output2 v’ Of A

. . 15 14
EX) 1(100) = 50 #/cm3,X(100) = 30 #/cm? ti = [ 0 ] ul = [1§0 1§0 ]
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