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Background &

 PINN directly tackles PDEs without prior assumptions or
simplifications.

* PINN takes advantages of deep learning technique and greatly
simplifies numerical implementation for PDE solvers

 Forward PINN has been picked up in a variety of engineering discipline
applications, but rarely seen in nuclear engineering applications

* Preliminary success has been established for PINN in fixed-source
diffusion models (previous work)

* This one extends PINN methods to k-eigenvlaue diffusion models
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Forward PINN Framework

PINN training algorithm:

1. Select training points

2. Evaluate the NN predictions
at the set of training points

3. Calculate the deviation
between predictions and
target values through the loss
function

4. Minimize the loss function

PINN Training Scheme

Important note: we do not have direct target values for the predictions, but we know
these predictions must satisfy the PDE and the boundary conditions (B.C.).
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Explanation Example

The 2D fixed-source diffusion model:

—V-DVp(x,y) + Z,p(x,y) —S =0

Subject to the following B.C.:

Yy
Bottom: ¢(x,0)=a
Left: ¢$(0,y)=a
Top: a0 _ 0 (Reflective)
dy X
. do . .
Right: o T 0. 5¢=0 (Zero-incoming flux)
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Explanation Example: main PDE

Collocation Points

Approximating the solution by NN:
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. . . . # R M
Evaluate the residual of diffusion model: *°["; x%ﬁi?@; ity %kﬁ;gﬁﬁ*:ﬁ
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netp(x,y):= —V-DVnety(x,y) okt N é‘i’;‘**ﬁ% i ﬁf A% e
t+X nety(x,y) — S Blois e e e d
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I * #
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Define the loss function: 01 ot A et T TR e e STy
o A .3} o ﬁkﬂ ey PN £
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Ny
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Lossppg = Z(netF(xi; )’1))
i=1
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Explanation Example: use of BC’s

Left & Bottom:

Target values: nety(x,y) = a g PRIV
N 2 09}
Loss: LOSS gp = Zj;i‘B(netd,(xj,yj )—a) ok
0.7F
Right: netgr(1,y) = + 0.5¢ "o
=05}
Target values: netBR(l, y)=0 N
2
Loss: Lossg = Y% (netgp(1,7,)) 03}
0.2}
¢ 0.1%
TOp netBT(l Y) d 0 . . . ‘ ‘ ) . . . ;
y 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Target values: netgr(x,1) = 0 g
N 2
Loss: Losst = ZmT=1(netBT (X, 1 )) Lossgc's = Lossgp + Lossp + Lossy
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Explanation Example: put Things Together

X 5 J;ainin%goig,t‘s .
. *x x* ® » X x x X ox XK X x
AR+ #*w%*ﬁ#ﬁg:i% ¥
R SN §. 1

*

0.7 S e ;
ﬁé " %fﬁ** *—ie#**ﬁ‘**

i * * ok R xSk

0.6 M A T
" ﬁ@*ﬁf%ﬁ ;i* ¥ 4k

> 0.5 # ¥ e R T X
*elzk i *;fk* *x

Loss = Zivjl(netp(xi,yi))2+ ;.V:f"(netq)(x-, yj)— a)2+ZiV:R1(netBR(1, ¥y ))2+ YN (netgr(xp, 1 ))2

\\ J
Y . v J

Neutron Balance .
(i.e., physics principle) Boundary Conditions




k-eigenvalue Problems

The 2D k-eigenvalue diffusion model:

d d d Jd 1
Pl (Do) o (Do )| - Zex 310003 + v )6 = 0

Why this is different?

» Parametric equation (unknown k)

» Homogenous (Direct minimization of F results in ¢p(x,y) = 0)
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Customize PINN for k-eigen Problems @

Add one free learnable parameter in PINN to approximate k

Learnable /

Parameter

Automatic

¢net(x! y) fnet(x! y)

Differentiation

Loss = Lossy + Loss, + R

m_@ Regularization

Term
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Additional Regulation for the Loss Function @

Loss = Loss, + Loss, + R
1§ J | J ( J
Y Y Y
Neutron Balance Boundary
(i.e., physics principle) Conditions Regularization

Regularization term:

R = [Fission rate — C]?

Here Cis a user provided parameter, and the fission rate is
N
f

Fissionrate = » Z .. (x;,¥;)
i=1
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One-Group 2D Examples

Material Properties Example 1 Example 2

Region 1 -1
Material 2y(em?t)  D(cm) X (cm')

Corel 0.062158 2.2008 0.107622
Core2 0.062158 2.2008 0.102622
Blanket 0.064256 2.0950 0.0

(a) (b)

All zero-incoming flux B.C. assumed
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y (cm)
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Example 1 Results

3
0 (a) Flux x10 (b) Deviation %10
2 100
0
. Blanket

0 0 S
™
E 40cm

0 T

0 50 100

X (cm)
Predicted k =0.96266
Reference k = 0.96395
%Err =0.13% (129 pcm)
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Example 2 Results

(b) Deviation %107

- _1
r |

(a) Flux x1073
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0 50 100 0
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Predicted
Reference
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50 100
x (cm)
k = 0.95894
k=0.96321

%Err = 0.44% (427 pcm)

nfcm2s

Blanket
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Two-Group Diffusion Model

1
F = —‘7(01‘7¢1) + 2101 _EVEf,quz =0

L

Fy = —=V(DVy) + Xp20 — 25151 =0

What’s the difference? . (x,7)
> Joint learning task 1Y = NN (x’ y)
» Generally multi-scale optimization problem ¢2 (X, y)
2 2
f f
Frq(xT, yT Filx;,y;
LOSS=Z}V=”1 Tl( ;1 )1’1]) +Zlivzf1 ( lf ;) 4ot R
Fra(xjyj) F, (xi'yi)
N\ J 1\ J \ J
Y Y

Boundary Conditions Neutron Balance

& Nuclear Engineering

Regularization

16



Two-Group 1D Multi-Region Example

Material Properties do | Il I
Material 1 Material 2 Material 3 dx
D, [cm] 1.2 1.2 1.2 " Fast flux __ -
D, [cm] 0.4 0.4 0.2 -1
%, 1cm!] 0.03 0.03 0.051 g g
Z,2cm™1] 0.3 0.25 0.04 g | _
Ts1.2em 1] 0.015 0.015 0.05
X cm™l 0.0075 0.0075 0 | I
Zfocm ] 0.45 0.375 0 i sem | i i
Thermal flux .. ER%t e |10
Predicted k =0.96764 o .3
Reference k = 0.96243 goo "3
%Err = 0.54% (521 pcm) '

-]
&

» (em)
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Two-Group 2D Five Region Example

y (cm)

Material 3

Material 2

Material 1

Material 1

Material 2
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21.42

42.84

64.26

e Reflective BC. (Left and Bottom)
e Zero-flux BC. (Top and Right)

* The same material properties
from the 1D example was used

18



Two-Group 2D Example Results

Fast flux Thermal flux

-
(a) Normalized Fast flux b (b) Normalized Thermal flux -,;an"
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Predicted k=0.93620
Reference k=0.92764

%ErTr = 0.92% (856 pcm)

Compared to reference solutions,
the max relative difference for
fast flux is 8%, for thermal flux is
15% .



Conclusions @

 Advantages:

Obtain mesh-free solutions

No simplifications for material interfaces or B.C.s

Eliminate the fission source convergence problem

Achieve the same level of accuracy as conventional methodes.
Manpower efforts for the PINN can be significantly reduced.

Al ol A o

o ChaHenges

1. Computational complexity
2. Applications to higher dimensionality problems
3. Multi-scale optimization (Multi-group problems)
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Discussion and Future Work

 Computational accuracy and efficiency

 PINN variations:
e Physics-Informed Neural Operator (PINO)
e Parareal Physics-Informed Neural Network (PPINN)

 Probabilistic PINN

 Future efforts
e Dominance Ratio
e Multi-group problems (G>2)
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