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Differential�equations

• In�mathematics,�a differential�equation is�an equation that�relates�
one�or�more functions and�their derivatives.

- The functions generally represent physical quantities.

- The derivatives represent their rates of change.

- The differential equation defines a relationship between the above two.

https://www.quantamagazine.org/latest-neural-nets-solve-worlds-hardest-equations-faster-than-ever-before-20210419/
https://www.youtube.com/watch?v=jb9U-ZOlvDs

https://en.wikipedia.org/wiki/Equation
https://en.wikipedia.org/wiki/Function_(mathematics)
https://en.wikipedia.org/wiki/Derivative


Ordinary�Differential�equations�(ODEs)�and�Partial�Differential�equations�(PDEs)

Let 𝑥(𝑡) denote the amount of salt at time 𝑡.

Balance Law:
!"($)
!$

= 3– 3𝑥(𝑡).

Initial condition (IC) :
𝑥 𝑡 = 0 = 100.

https://www.math.uh.edu/~jiwenhe/math3331/lectures/sec2_5.pdf

ODE example)

(rate in)-(rate out)



Ordinary�Differential�equations�(ODEs)�and�Partial�Differential�equations�(PDEs)

ODE example)

PDE example)

Let 𝑢(𝑡, 𝑥) denote the temperature at point 𝑥 at time 𝑡.

Governing equation (heat equation) :
𝜕𝑢 𝑡, 𝑥
𝜕𝑡 = 𝑘

𝜕&𝑢 𝑡, 𝑥
𝜕𝑥& .

Initial condition (IC) :
𝑢 𝑡 = 0, 𝑥 = 𝑓 𝑥 .

Boundary condition (BC) :
𝑢 𝑡, 𝑥 = 0 = ℎ 𝑡 , 𝑢 𝑡, 𝑥 = 𝐿 = 𝑔 𝑡 .

https://math.libretexts.org/Bookshelves/Differential_Equations/Book%3A_Differential_Equations_for_Engineers_(Lebl)/4%3A_Fourier_series_and_PDEs/4.06%3A_PDEs_separation_of_variables_and_the_heat_equation

Let 𝑥(𝑡) denote the amount of salt at time 𝑡.

Balance Law:
!"($)
!$

= 3– 3𝑥(𝑡).

Initial condition (IC) :
𝑥 𝑡 = 0 = 100.

(rate in)-(rate out)



It is Hard to solve the equation exactly!!

Let 𝑢(𝑡, 𝑥) denote the temperature at point 𝑥 at time 𝑡.

Governing equation (heat equation) :
𝜕𝑢 𝑡, 𝑥
𝜕𝑡 = 𝑘

𝜕&𝑢 𝑡, 𝑥
𝜕𝑥& .

Initial condition (IC) :
𝑢 𝑡 = 0, 𝑥 = 𝑓 𝑥 .

Boundary condition (BC) :
𝑢 𝑡, 𝑥 = 0 = ℎ 𝑡 , 𝑢 𝑡, 𝑥 = 𝐿 = 𝑔 𝑡 .

Let 𝑥(𝑡) denote the amount of salt at time 𝑡.

Balance Law:
!"($)
!$

= 3– 3𝑥(𝑡).

Initial condition (IC) :
𝑥 𝑡 = 0 = 100.

(rate in)-(rate out)



It is Hard to solve the equation exactly!!

Let 𝑢(𝑡, 𝑥) denote the temperature at point 𝑥 at time 𝑡.

Governing equation (heat equation) :
𝜕𝑢 𝑡, 𝑥
𝜕𝑡 = 𝑘

𝜕&𝑢 𝑡, 𝑥
𝜕𝑥& .

Initial condition (IC) :
𝑢 𝑡 = 0, 𝑥 = 𝑓 𝑥 .

Boundary condition (BC) :
𝑢 𝑡, 𝑥 = 0 = ℎ 𝑡 , 𝑢 𝑡, 𝑥 = 𝐿 = 𝑔 𝑡 .

Numerical analysis

Let 𝑥(𝑡) denote the amount of salt at time 𝑡.

Balance Law:
!"($)
!$

= 3– 3𝑥(𝑡).

Initial condition (IC) :
𝑥 𝑡 = 0 = 100.

(rate in)-(rate out)



Traditional�numerical�methods

• Finite�difference�method

https://slideplayer.com/slide/8374608/



Traditional�numerical�methods

• Finite�difference�method

• Finite�element�method�(FEM),�Finite�volume�method�(FVM),�...

https://www.comsol.com/multiphysics/finite-element-method



Deep�neural�network

https://wiki.seg.org/wiki/Neural_networks



Physics-informed machine�learning???



Physics-informed machine�learning???

https://www.nature.com/articles/s42254-021-00314-5



• Using�neural�networks�directly�to�parametrize�the�solution�to�PDEs.

• Solve�one�instance�of�PDE�at�a�time.

• Models
- Physics Informed Neural Network (PINN)

- Deep Ritz Method (DRM)

Deep�learning�approach�to�PDEs

Find 𝒖(𝒕, 𝒙) satisfying
ℒ!"# = 𝑓 𝑢, 𝑢$ , 𝑢% , 𝑢%% , … = 0
ℒ&' = 𝑢 0, 𝑥 − 𝑔 𝑥 = 0

ℒ(' = 𝑢|)* − ℎ 𝑡, 𝑥 |)* = 0

𝑡

𝑥

𝜎

𝜎

𝜎

𝜎

𝜎

𝜎

𝑢!
""(𝑡, 𝑥)… …



History�of�PDE�solver�based�on�neural�network

Ex) Poisson equation

(
Ψ## +Ψ$$ = 𝑓 𝑥, 𝑦 , 𝑥, 𝑦 ∈ 0,1 %

Ψ 0, 𝑦 = 𝑓& 𝑦 , Ψ 1, 𝑦 = 𝑓'(𝑦)
Ψ 𝑥, 0 = 𝑔& 𝑥 , Ψ 𝑥, 1 = 𝑔'(𝑥)

“Artificial neural networks for solving ordinary and partial differential equations”, IEEE Trans. Neural Netw. (1997)

𝑥

𝒚

𝜎

𝜎

𝜎

𝜎

𝜎

𝜎

𝑁𝑁(𝑥, 𝑦)… …
Network Parameters : 𝑝⃗



History�of�PDE�solver�based�on�neural�network

Ex) Poisson equation

(
Ψ## +Ψ$$ = 𝑓 𝑥, 𝑦 , 𝑥, 𝑦 ∈ 0,1 %

Ψ 0, 𝑦 = 𝑓& 𝑦 , Ψ 1, 𝑦 = 𝑓'(𝑦)
Ψ 𝑥, 0 = 𝑔& 𝑥 , Ψ 𝑥, 1 = 𝑔'(𝑥)

They use a trial solution Ψ! as

Ψ$ = 𝐴 𝑥, 𝑦 + 𝑥 1 − 𝑥 𝑦 1 − 𝑦 𝑁𝑁 𝑥, 𝑦, 𝑝 ,
where 𝐴 𝑥, 𝑦 is chosen to satisfy the boundary conditions.

“Artificial neural networks for solving ordinary and partial differential equations”, IEEE Trans. Neural Netw. (1997)

𝑥

𝒚

𝜎

𝜎

𝜎

𝜎

𝜎

𝜎

𝑁𝑁(𝑥, 𝑦)… …
Network Parameters : 𝑝⃗



History�of�PDE�solver�based�on�neural�network

Ex) Poisson equation

(
Ψ## +Ψ$$ = 𝑓 𝑥, 𝑦 , 𝑥, 𝑦 ∈ 0,1 %

Ψ 0, 𝑦 = 𝑓& 𝑦 , Ψ 1, 𝑦 = 𝑓'(𝑦)
Ψ 𝑥, 0 = 𝑔& 𝑥 , Ψ 𝑥, 1 = 𝑔'(𝑥)

They use a trial solution Ψ! as

Ψ$ = 𝐴 𝑥, 𝑦 + 𝑥 1 − 𝑥 𝑦 1 − 𝑦 𝑁𝑁 𝑥, 𝑦, 𝑝 ,
where 𝐴 𝑥, 𝑦 is chosen to satisfy the boundary conditions.

The error to be minimized is given by 

𝐸 𝑝⃗ =5
(

𝜕%Ψ 𝑥( , 𝑦(
𝜕𝑥%

+
𝜕%Ψ 𝑥( , 𝑦(

𝜕𝑦%
− 𝑓 𝑥( , 𝑦(

%

How to calculate the derivatives of the output with respect to 
any of its inputs??
=> Chain rule

“Artificial neural networks for solving ordinary and partial differential equations”, IEEE Trans. Neural Netw. (1997)

𝑥

𝒚

𝜎

𝜎

𝜎

𝜎

𝜎

𝜎

𝑁𝑁(𝑥, 𝑦)… …
Network Parameters : 𝑝⃗



Physics-informed�neural�network�(PINN)

“Here�we�revisit�them�using�modern�computational�tools,�and�apply�them�to�more�challenging�dynamic�
problems�described�by�time-dependent�nonlinear�partial�differential�equations.”

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 Computation
al physics, 378, 686-707.

Automatic differentiation and the back-propagation algorithm

[Schematic of a PINN ]

Lu, L., Meng, X., Mao, Z., & Karniadakis, G. E. (2021). DeepXDE: A deep learning library for solving differential equations. SIAM Review, 63(1), 208-228.



Physics-informed�neural�network�(PINN)�­ Forward�problem

Eq : 𝑢$ + 𝑢𝑢% − 0.01/𝜋 𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

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 different
ial equations. Journal of Computational physics, 378, 686-707.

(e.g.) Burgers’ equation

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1



Physics-informed�neural�network�(PINN)�­ Forward�problem

Data:
(𝑡+ , 𝑥+) ∈ 0,1 × −1,1
(𝑡, , 𝑥,) ∈ {0}× −1,1
(𝑡- , 𝑥-) ∈ 0,1 ×{−1,1}

Eq : 𝑢$ + 𝑢𝑢% − 0.01/𝜋 𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

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 different
ial equations. Journal of Computational physics, 378, 686-707.

𝑳 𝜽

=
1
𝑁!"

,
#$%

&!"

|𝑢' 𝑡# , 𝑥# + 𝑢 𝑡# , 𝑥# 𝑢( 𝑡# , 𝑥# − (0.01/𝜋)𝑢(( 𝑡# , 𝑥# :
)
+

1
𝑁*+

,
,$%

&#$

|𝑢 𝑡, , 𝑥, + sin 𝜋𝑥, :
)
+

1
𝑁-+

,
.$%

&%$

|𝑢 𝑡. , 𝑥. :
)

(e.g.) Burgers’ equation

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1
Loss function 



Physics-informed�neural�network�(PINN)�­ Forward�problem

Eq : 𝑢$ + 𝑢𝑢% − 0.01/𝜋 𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

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 different
ial equations. Journal of Computational physics, 378, 686-707.

(e.g.) Burgers’ equation

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1

Data:
(𝑡+ , 𝑥+) ∈ 0,1 × −1,1
(𝑡, , 𝑥,) ∈ {0}× −1,1
(𝑡- , 𝑥-) ∈ 0,1 ×{−1,1}

𝑳 𝜽

=
1
𝑁!"

,
#$%

&!"

|𝑢' 𝑡# , 𝑥# + 𝑢 𝑡# , 𝑥# 𝑢( 𝑡# , 𝑥# − (0.01/𝜋)𝑢(( 𝑡# , 𝑥# :
)
+

1
𝑁*+

,
,$%

&#$

|𝑢 𝑡, , 𝑥, + sin 𝜋𝑥, :
)
+

1
𝑁-+

,
.$%

&%$

|𝑢 𝑡. , 𝑥. :
)

Loss function 



Physics-informed�neural�network�(PINN)�­ Inverse�problem???

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 different
ial equations. Journal of Computational physics, 378, 686-707.

Model Data

Forward Problem

Inverse Problem
Data Driven Discovery

ODEs
PDEs
… 𝑥+ , 𝑢+ +./

0



Physics-informed�neural�network�(PINN)�­ Inverse�problem

(e.g.) Burgers’ equation

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1

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 different
ial equations. Journal of Computational physics, 378, 686-707.

Eq : 𝑢$ + 𝑢𝑢% − 0.01/𝜋 𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

Forward problem



Physics-informed�neural�network�(PINN)�­ Inverse�problem

Eq : 𝑢$ + 𝜆/𝑢𝑢% − 𝜆1𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

(e.g.) Burgers’ equation

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1

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 different
ial equations. Journal of Computational physics, 378, 686-707.

Eq : 𝑢$ + 𝑢𝑢% − 0.01/𝜋 𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

Forward problem



Physics-informed�neural�network�(PINN)�­ Inverse�problem

Data-driven�discovery�of�PDE�(Solving�inverse�problem for�unknown�
parameter�𝜆/ and�𝜆1)
- We want to identify unknown using an additional learning parameter.

- Assume a small amount of additional data {𝑡> , 𝑥> , 𝑢>}>?'
@!"#" is given.

- Update not only nn parameter 𝜃 but also the PDE parameters 𝜆/ and 𝜆1.

Eq : 𝑢$ + 𝜆/𝑢𝑢% − 𝜆1𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

(e.g.) Burgers’ equation

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1

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 different
ial equations. Journal of Computational physics, 378, 686-707.



Physics-informed�neural�network�(PINN)�­ Inverse�problem

Eq : 𝑢$ + 𝜆/𝑢𝑢% − 𝜆1𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

(e.g.) Burgers’ equation

Data:
(𝑡+ , 𝑥+) ∈ 0,1 × −1,1
(𝑡, , 𝑥,) ∈ {0}× −1,1
(𝑡- , 𝑥-) ∈ 0,1 × −1,1
(𝑡2 , 𝑥2 , 𝑢2) ∈ 0,1 × −1,1 ×ℝ

𝑳 𝜽, 𝝀𝟏, 𝝀𝟐

=
1
𝑁$%

6
&'(

)"#

|𝑢* 𝑡& , 𝑥& + 𝜆(𝑢 𝑡& , 𝑥& 𝑢+ 𝑡& , 𝑥& − 𝜆,𝑢++ 𝑡& , 𝑥& ?
,
+

1
𝑁-.

6
/'(

)$%

|𝑢 𝑡/, 𝑥/ + sin 𝜋𝑥/ ?
,
+

1
𝑁0.

6
1'(

)&%

|𝑢 𝑡1, 𝑥1 ?
,

+ /
0!"#"

∑2./
0!"#" |𝑢 𝑡2 , 𝑥2 − 𝑢2|1

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1

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 different
ial equations. Journal of Computational physics, 378, 686-707.

Loss function 



Physics-informed�neural�network�(PINN)�­ Inverse�problem

Eq : 𝑢$ + 𝜆/𝑢𝑢% − 𝜆1𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

(e.g.) Burgers’ equation

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1

Data:
(𝑡+ , 𝑥+) ∈ 0,1 × −1,1
(𝑡, , 𝑥,) ∈ {0}× −1,1
(𝑡- , 𝑥-) ∈ 0,1 × −1,1
(𝑡2 , 𝑥2 , 𝑢2) ∈ 0,1 × −1,1 ×ℝ

𝑳 𝜽, 𝝀𝟏, 𝝀𝟐

=
1
𝑁$%

6
&'(

)"#

|𝑢* 𝑡& , 𝑥& + 𝜆(𝑢 𝑡& , 𝑥& 𝑢+ 𝑡& , 𝑥& − 𝜆,𝑢++ 𝑡& , 𝑥& ?
,
+

1
𝑁-.

6
/'(

)$%

|𝑢 𝑡/, 𝑥/ + sin 𝜋𝑥/ ?
,
+

1
𝑁0.

6
1'(

)&%

|𝑢 𝑡1, 𝑥1 ?
,

+ /
0!"#"

∑2./
0!"#" |𝑢 𝑡2 , 𝑥2 − 𝑢2|1

Loss function 

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 different
ial equations. Journal of Computational physics, 378, 686-707.



Physics-informed�neural�network�(PINN)�­ Inverse�problem

Eq : 𝑢$ + 𝜆/𝑢𝑢% − 𝜆1𝑢%% = 0
IC : 𝑢 0, 𝑥 = − sin 𝜋𝑥
BC : 𝑢 𝑡, −1 = 𝑢 𝑡, 1 = 0

(e.g.) Burgers’ equation

𝑥 ∈ −1,1 , 𝑡 ∈ 0,1

Data:
(𝑡+ , 𝑥+) ∈ 0,1 × −1,1
(𝑡, , 𝑥,) ∈ {0}× −1,1
(𝑡- , 𝑥-) ∈ 0,1 × −1,1
(𝑡2 , 𝑥2 , 𝑢2) ∈ 0,1 × −1,1 ×ℝ

𝑳 𝜽, 𝝀𝟏, 𝝀𝟐

=
1
𝑁$%

6
&'(

)"#

|𝑢* 𝑡& , 𝑥& + 𝜆(𝑢 𝑡& , 𝑥& 𝑢+ 𝑡& , 𝑥& − 𝜆,𝑢++ 𝑡& , 𝑥& ?
,
+

1
𝑁-.

6
/'(

)$%

|𝑢 𝑡/, 𝑥/ + sin 𝜋𝑥/ ?
,
+

1
𝑁0.

6
1'(

)&%

|𝑢 𝑡1, 𝑥1 ?
,

+ /
0!"#"

∑2./
0!"#" |𝑢 𝑡2 , 𝑥2 − 𝑢2|1

Loss function 

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 different
ial equations. Journal of Computational physics, 378, 686-707.



Deep�Ritz�Method�(DRM)

Yu, B. (2018). The deep Ritz method: a deep learning-based numerical algorithm for solving variational problems. Communications in 
Mathematics and Statistics, 6(1), 1-12.

Consider the following PDE:

>−Δ𝑢 = 𝑓, 𝑖𝑛 Ω
𝑢 = 0, 𝑜𝑛 𝜕Ω



Deep�Ritz�Method�(DRM)

Yu, B. (2018). The deep Ritz method: a deep learning-based numerical algorithm for solving variational problems. Communications in 
Mathematics and Statistics, 6(1), 1-12.

Consider the following PDE:

>−Δ𝑢 = 𝑓, 𝑖𝑛 Ω
𝑢 = 0, 𝑜𝑛 𝜕Ω Loss = min

C|23?&
∫D

'
%
∇𝑢 % − 𝑓𝑢 𝑑𝑥

Main idea!!



Deep�Ritz�Method�(DRM)

Yu, B. (2018). The deep Ritz method: a deep learning-based numerical algorithm for solving variational problems. Communications in 
Mathematics and Statistics, 6(1), 1-12.

Deep Ritz method

min
,
8
-

1
2 ∇𝑢 𝑥; 𝜃 & − 𝑓 𝑥 𝑢(𝑥; 𝜃) 𝑑𝑥 + 𝛽8

.-
(𝑢 𝑥; 𝜃 )&𝑑𝑠

Consider the following PDE:

>−Δ𝑢 = 𝑓, 𝑖𝑛 Ω
𝑢 = 0, 𝑜𝑛 𝜕Ω

𝑢 𝑥; 𝜃

Penalty term for BC

Loss = min
C|23?&

∫D
'
%
∇𝑢 % − 𝑓𝑢 𝑑𝑥

Main idea!!



Deep�Ritz�Method�(DRM)

Yu, B. (2018). The deep Ritz method: a deep learning-based numerical algorithm for solving variational problems. Communications in 
Mathematics and Statistics, 6(1), 1-12.

Deep Ritz method

min
,
8
-

1
2 ∇𝑢 𝑥; 𝜃 & − 𝑓 𝑥 𝑢(𝑥; 𝜃) 𝑑𝑥 + 𝛽8

.-
(𝑢 𝑥; 𝜃 )&𝑑𝑠

Consider the following PDE:

>−Δ𝑢 = 𝑓, 𝑖𝑛 Ω
𝑢 = 0, 𝑜𝑛 𝜕Ω

𝑢 𝑥; 𝜃

Penalty term for BC

Loss = min
C|23?&

∫D
'
%
∇𝑢 % − 𝑓𝑢 𝑑𝑥

Main idea!!



Benefits�and�drawbacks�of�deep�learning�approach

Dockhorn, T. (2019). A discussion on solving partial differential equations using neural networks. arXiv preprint arXiv:1904.07200.



• PDE�solver

Conclusion

Find 𝒖(𝒕, 𝒙) satisfying
ℒ!"# = 𝑓 𝑢, 𝑢$ , 𝑢% , 𝑢%% , … = 0
ℒ&' = 𝑢 0, 𝑥 − 𝑔 𝑥 = 0

ℒ(' = 𝑢|)* − ℎ 𝑡, 𝑥 |)* = 0

𝑡

𝑥

𝜎

𝜎

𝜎

𝜎

𝜎

𝜎

𝑢""(𝑡, 𝑥)… …

• Models
- Physics-Informed Neural Network

- Deep Ritz Method



(실습)

Let's�implement

Physics-Informed�Neural�Network�and

Deep�Ritz�Method!


