253} Y7122 AP MLP sH53} Bt

Caf
CA N 1+ kqt
C leCAf
B~ (1+k1‘[)(1+k2‘[)
CC = kZTCB

330 Ko Al A HAje} = Al HH-2-9] &= AF4~+= 0.2/min, 0.1/min®|TF. M| FAIZF S min Y =% 1.2
mol/LO]®H A| &=+= [0.6, 0.4, 0.2] mol/LT}. 22 1.20+ A/l &5 3 shte] labelo] H T}

bbe] 4 ababe) £ Z7iolc

o
o2
olf

UHZ[T, 1, C Af], =82 [C A,C B,C C]t}. ?

o
| -
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2. 8+ Mol kel 4 AFal]

Dense layer—= Y 2-=2 Attt weight st =20t} bias SHUE Zh=th A El MLP= 3 — 32 — 32
30l

Layer Ne

A hidden layer 3x32+32=128
5 M hidden layer 32 x32+32=1056
Output layer 32x3+3=99
A 1283

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

A

== W3h2 + b3

ReLU+ hidden pre-activation?}Ch max(0, 45)= & 83t} Linear outputs 24 s = HHgs ¢~ Qlon g
Hl 541 5% o] 43S uh= g 7fslof st
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3. Scaling< loss2] X232 vt}

A3 scalingoll= HAISH boundsS AH&-SHh &3 &35}
sk a8 Budt o= B2 99 R HEY

1o

- EFEHAFE train O] O] E] ol A T A4S}

]_zuj_lj !
y]_l‘l] N _ A
Z; = 5 yj—,u]+sjzj
N
1 N 2
L=3_Nz Z (2 = 2ny)
n=1j=1

Raw squared error®l| = train EEH2} A| 79 J47) 7152 2 2=t} A9 EEHA7L 2F0.283, B7}
0.110°]™H, 22 raw squared error®l| B+= ARt} 9F 6.6281 2] 715-%| & Hh=t}.

7t AEio] ojujoj O £2 |2 BASHA| &=tk A 21 test RMSERF == 3 residual=
Stct PyTorch 34] MSE A 2| & &Qla 4= it}

E—l—}\}\

FJ Fll‘

o]
H
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https://docs.pytorch.org/docs/stable/generated/torch.nn.MSELoss.html

4. Backward 3 ¥, n}e}n]g] 734l Sk H
3 -2 — 3 network® Z7|%t=wW1 = [[1, o, @], [0, @, 1]],W2 = [[1, @], [0, 1], [1,

1]] b1as— Dr ooz Frth ¥ [1, 0, —1]°1 tHSF hidden pre-activation= [1, —1], ReLU =32 [1, 0],
o|=2[1, 0, 1]°]t}. Target [0, 1, 0101 Tt 2= [1, -1, 1]°]t}.

1
S, =eVyL=eh =|-1
1

o= (wre)ol ]

1

0

2 0 -2
|7W1L=61xT=[0 0 0]

SN o o o

Output weight2] gradient= 22} x hidden activation®] 71 %|T}. Hidden 2 2}oll+= output weight?} ReLU
o] &o] Foj7ttt 34 pre-activation®| A= 1 Ad 2] gradient”} 231 ch,

Bias gradient+ sl|'g 22} HlE{th §+55 0.1 2 weight2} biasE B+ 7§ 4151H o2 o[ =2 [0.26, 0.14,
0.26]°]T}. Loss %l9= — targetl>= 1.501| 4] 0.43742 =0 =t

PyTorch autograd”} ©] chain rule A4S A& 43 2T}, Notebookol| A <& A|4HE 2RIt
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https://docs.pytorch.org/tutorials/beginner/basics/autogradqs_tutorial.html

5. 85 loopE AlAt €A 2 ¢17]

St batchOl| A= ol| &1} lossE Al4FSHAL, o] F ol 124 & parameter gradientS A< 5, @A lossE H|E5FaL
optimizer 7§41 = 483ttt

prediction = model(inputs)

loss = loss_function(prediction, targets)
optimizer.zero_grad()

loss.backward()

optimizer.step()

loss.backward( )< gradientE A4S} optimizer. step () uehn|E] S HHELE GradientS A]-$A]
ok 0 ™ t}-3- backward A|4FO] 7]& gradientol] +& H .

Epoch F validation lossS 8 7}otal | 4=4)2] weightS B I3t Test+= Tte}n] ] kgt B Ao
ABoHA] Rtk o Z AEE 2 BZBE HEA o Al
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https://docs.pytorch.org/tutorials/beginner/basics/optimization_tutorial.html
https://docs.pytorch.org/tutorials/beginner/basics/buildmodel_tutorial.html

6. 51 cllS= AE3H7)

71Z%¥°] [0.6, 0.4, 0.2] mol/LO| i predictor”} [0.62, 0.39, 0.19] mol/LE- ¥HSth a1 S}A},

O

A2 2 2H=10.02,-0.01, —0.01] mol/Lth. F 5= $H 2T 1.20] 22 5= 3 residual-& 00|}, %1
e 7h grolw 7} A io] Hstat 1.2 ok

2ol: Test HalA|of] ojH X|H7} H Q571 S MeEldh uff oji o] g & AFE-3l|of 5=712

2l o =2 @99 A-B-C RMSE, 5% ¥ residual 26]_/:\_ & =5 & B35} TrainC & §+455110
validation© 2 M EHS}H | test+= F THA|of] AFE-51A] Ee=T

273} W4 A& 0 2 Solgit,
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https://sunboogermany.github.io/courses/surrogate-models/week-02/

