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A 5 o] Thol = Zholk Ms}h 22 Thath Scaling 9 loss 3 RS o ZE2% 4 Utk

o|fH = MLP7} &332 AlAtolh= W, 3 9] gradient 7§41 0 = mletu] g7} vby = 1My, J 2
H7HE v
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A E MLPS

1. A-B-C2| /37 Hlf label= F-T= 3Tt
2. H|°]E| & scalingstal forward-backpropagation-Tte}o| & 7§ 4l SF ¥1-2- whah7to),
3. MLPE &350l /d-#18 RMSE® 5= 3 residualS H] aL STt
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&3t s

T
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£5-97 -9 U= 52 CSTROIA 17 A3 A - B CE FET RUBL AS
5tH B-Co] ¢ 5= 00|th 2= 24 dgo|t}. 5% T+ mol/L, 2=+ K, A|ZF min°| ™
A= o 2o

e RoAR
wN ool

dt T
dCp Cp
T8 = 2Bk Cy—kyC
dt T 1“4 2%“B
dC¢ Cc
Lo - Ly kyC
dt T T 2-B
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AFAIZET

RYASE

330 K

0.2; 0.1 /min

6000 K; 5000 K

300-360 K

1-10 min

0.8-1.5 mol/L

H 5A)E Al A7, B Y47, C2) YL Uehdch Al 42 ofs
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2. Nl 2892 2= A/ Ell mapping 7=
O 5= g2 ZoH o3 HAE L=t}

(1+k1T)CA = CAf
(1+k2T)CB = kITCA
CC = kz'l'CB
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A‘B-C & A4t

A,B,C A= E9 ohaa 2t

_ Car
CA B 1+k1T
Co = k1tCaf
B — (1+k1’[)(1+k2’[)
CC = kZTCB

330 K, =5 min, Y =% 1.2 mol/LO A= [0.6, 0.4, 0.2] mol/LO|Th. A| 5=9] $+2 &
Al 282 4 El MLPE label = AHE-SHCY
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1% 204 BO] 487} 0|5 Hrfatshs AFAIZFE C_B AlojlA At

Cp kit . 1
T =

_CAf= (1+k1T)(1+k2T), ,/klkz
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Al 4 &2] =& profile H| L

330 KO A t*+= 2F 7.07 min©| T} 330 K: feed = 1.2 mol/L
A FA|7to] B o™ B7 255 Sl e D S terencs
AH /\—]E] X] O:]_-:_]_]_’ Zél_];ﬂ H ]il_c;!_-_]C_)T B7]_ CE _ 05 —— Breference == C MLP
wre i)
< 0.6-
°
©
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Stajo] AHL2 [T, 1, C_Af], 52 [C_A,C B, C CJt} ¥2-23 v E 9] shape2 =5F (N, 3)°|}. E2
74 o) A train 4007, validation 12071, test 160715 AY 5L AAASE] A1 O 2 label S A|AHSHTY

Ml = ©97F 2|5 ¥H3} Zo] th2 Y, Train G o] B ] TFH 2= 2F [0.283, 0.110, 0.217] mol/LO]| T}
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4. Forward 7|43} scaling

3 — 32 — 32 — 3 MLPE A}8-3tT} Hidden layer©ll = ReLU, &3 &0l linear AAHS Et.
Z} hidden layer= 2 9] 71530l biasE H Sttt ReLU(a) = max(0, a)= ¥ #f= IH=E T3l S5 4H2
002 W=ttt 5% o] g o] 9t%| Sh55h= parameter— weight?} biasTh,

hiy = ReLU (W% + by )
h, = ReLU (W,hy + b,)

AN

= W3 h2 + b3
= Weight shape Bias shape Parameter 5
13 — hidden 1 32%3 32 128
Hidden 1 — hidden 2 32x32 32 1056
Hidden 2 —» &9 3x32 3 99
SHA| 1283
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X: = 2 1
! Y~
_ y]'_ﬂ] A A
Zj = 5 y] = ,uj +5;z;
Lossi EET} R2318 2] JRol 24 A& o312 Yot

& 2H5 oG 29 train B3} Zof] A 0 & 7tot= Aot
AF extolle o 2 7HE|7F 2=t
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5. Backpropagation 3 ¥ A|4H5}7]

o

Bias7} 25 091 3 — 2 — 3 Aol A o5 g2 ARESHTE. o' A|4ES] lossi= L = 419 — yl?, learning
rate~ 0.1°]t}.
1
X = 0 Yy =
-1

1 00

10
W1=[ ],W2= 0 1
0 01 1 1

o - O

Hidden pre-activation a, activation h, o| =gk, At= oS3 gt

NRREND
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Gradient®} 12}u| g 744l

=29 A& 283 7FS A9 ReLU 0|2 AX A3ttt

o

S,=eVyL=eh =|-1 0
L 1 0_
T 1] _[2]
o= (we)o[5|-[3

e |20 -2

VW1L—61X —[0 0 0

Bias gradient+= 212} 81, 5.CF. = weight-biasS parameter <— parameter — 0.1 x gradient= 7§ 213t} TF2
forward2] =22 [0.26, 0.14, 0.26], loss+= 1.591A] 0.4374= 74~ SHCh Notebook©l| A autograd 2 ©]
gradientS €13t
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6. B Ae) 2 ot} )

Adam, learning rate 0.001, batch 64, Z| T} Steady-state MLP training
= = = 10°9 — Trai
1400 epochE A5t} 1 epoch F ‘. s
validation loss S AlAFStal | 4Gk 01y |
7t 2] & A7t SF batch®] 52 T N
T 10724
Qlako @ LA ETH A AN
1073 1 ‘
prediction = model(inputs)
loss = loss_function(prediction, targets) 1009 : : : : . . :
.. 0 200 400 600 800 1000 1200 1400
optimizer.zero_grad() Epoch
loss.backward() )
optimizer.step() Train-validation loss. ©}2l ol|& | E = mol/L B9 = & =2 H ALt}
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= H
=g 7Y

37}

Test RMSE, mol/L A B C
29 scaling & 0.005275 0.002940 0.004423
2 scaling 1| 3-& 0.006634 0.003917 0.004162

o] vl Lol A= £

scaling® = A-B RMSE7} &

46}3l, C RMSE= £

Sk J H 1
2| 7| ot A2 E 2 Eelgitt,
Species A Species B
1.4
.‘A 0.5 - P
1.2 g
1o- / 0.4 -
d 2
© 0.8 1 © 0.3
E E
2 067 %
= = 0.2
0.4
0.2 1 o171
’ 7
0.04 7 0.04 7
0.0 0.5 1.0 00 01 02 03 04 05
Reference (mol/L) Reference (mol/L)
/2 parity plotoll A ZF £8 2] @45 &}l
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s Ed

=5 3t residual = A AFSHC

T'=C<\A+C:\B+C<\C—CA1:

Test residual RMSE+ 0.003781 mol/Lo|th. A 21 o|= 2 %}2} 5% 3 residual = Z @O A4 2 THE
dA g HojFoh

Al linear output AHF-E7| A SETE A& THESh= label = S5l = oS & o] Y s&=2t
PR AE AL e

1o .

921 1.2 mol/LOoJ| A ¢f|Z0] [0.62, 0.41, 0.20] mol/L°] ™ 32 1.23 mol/L, r = 0.03 mol/LO| T} B2 &S
of| =5}= Lo & o] 17} T2 Zlo| U= 4~ Qlth

o= 9317} Zrhs Az} vhEA] 2|7 of & S48 REFTHE AL thad,
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z-]_ ' . ]o]:_Q_ dl o ]l.:io

472 of|2L: A|F s I ko] ‘6‘—‘:5-?

g Fo5E EAY ok AL, AoFE A7) Hgh2 st ALt ool ¥2 & QU
. B70] Soj7hs 913
sh& & 2B mapping/projection Raw predictorS- h55h ¥ 282 243t}
KKT-hPINN AH % raw ol &S W= 1A affine projection= loss Fof] 283511, of| &3 ufj = &85t}

x— fg—>y—I, >y - loss

KKT-hPINN-S projectionS 7% 28] 0 & [oss2 AL, projection £l QM }ith Layero] 7|4t
1A= o] 9131, MLPY] weight= o] H3HS HHd5to] ah&3att

i B = A

4520l A projection'KKT 2712 F+E5FL rank 7H8 2 gradientE 15} B ¥ Q)= HAISH A
S419] 92 (4:2] Q14 93 W9l)ol o, b g 44 2 WiE Aloko] B st

Z2]: Chen et al. (2024), DOI: 10.1016/j.compchemeng.2024.108764.
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https://doi.org/10.1016/j.compchemeng.2024.108764

7.2

ky
o
oz
o
£

AN =
A A

A AFAFE] NotebookS HH=t},

python -m pip install -r requirements.txt
python week@2 lab.py --mode steady --output-dir week®2-results

&5t predictor?] /8 RMSES} &= ¢ residuals 8712t
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https://sunboogermany.github.io/assets/courses/surrogate-models/week-02/week02_steady.ipynb

8. D ASEAIt A==
1.C A-C B-C C= 9E5}1 32 &Hol3)
7S MLPS] 128371 Thetv| B 9F & A 4FSE gradient 7§42 &QISHCH
& scaling 4-& A% 9] A EH RMSES H| WLt}
d YHoA 5= & residual?t 2 4 o] S HE 2 Alm B}
A3 E] 2, B3 -scaling F B, 213 gradient 784, AJEHEH @21 LA/ H7HE A STt

Y& S| Ad: PyTorch 22 143, autograd, S}+5.
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https://docs.pytorch.org/tutorials/beginner/basics/buildmodel_tutorial.html
https://docs.pytorch.org/tutorials/beginner/basics/autogradqs_tutorial.html
https://docs.pytorch.org/tutorials/beginner/basics/optimization_tutorial.html

252 2171 A& 9F =+ PDFOI|A] All &3 mapping, THE}A| B 4, scaling, gradient 7441, <5 loop2t =H

KKT-hPINN Za-#3: Chen, H., Constante Flores, G. E., & Li, C. (2024). Physics-informed neural networks
with hard linear equality constraints. Computers & Chemical Engineering, 189, 108764.
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https://sunboogermany.github.io/courses/surrogate-models/week-02-reading/
https://sunboogermany.github.io/assets/courses/surrogate-models/week-02-reading-ko.pdf
https://doi.org/10.1016/j.compchemeng.2024.108764
https://doi.org/10.1016/j.compchemeng.2024.108764

