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0. Dataset creation using TMM codes

- Capable of creating datasets : 192s to create 200,000 datasets

- Dataset of [Layer thickness(8), Transmittance(201)] = [L, T]

* Transmittance through 4 Stacks of SiO2/SiNx layers, each of 40nm~200nm

* Focused on 400nm ~ 800nm wavelength spectrum

- 75% train set, 25% valid set, 50,000 test set
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1. Forward Model (L. to T)

 Architecture : Input L(8) — 300-300-300-300 — Output T(201)

model = keras.Sequential ([ mode| . compi lef
layers, Dense(200, activation='relu', input_shape=input_shape], opt imizer="adam",
layers, Dense{200, activation='relu'), loss="mae ", )
layers, Dense{200, activation='relu'), ) Loss function as MAE
layers. Dense (300, activation='relu'),
lavers, Dense(201) compile start = time. timel)
1) Model architecture ~ history = model. fit(

A_train, y_train,
val idat ion_data={¥_valid, v_valid),
batch_size=100,

early_stopping = cal Ibacks . EarlyStopping( epochs=1000
mdeeIta:O.Dm : cal Ibacks=[ear |y_stopping],
pat ience=50, verbose=0
restore_best_weights=True, )
. H
) OVel’flttlng Ol-xl compile_end = time.time()

Model training variables



1. Forward Model (L. to 'T)
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2. Backward Model (T to L)

a. Forward model in Loss function

* Input T, output L from dataset

@ MAE vs Custom Loss function using Forward model (f_model)

def inverse_loss{y_true, y_pred):
loss = K.mean(k. square(f_model(y_pred) — f_model{y_true)))=100

return loss MAE of [f_model(pred) — f_model(true)] ~ Model . compilel
optimizer="adam',

def inverse_loss{y_true, v_pred): |nss=inverse |oss

loss = K.mean(k.ahs(f _model (v _pred) — f_model (v _true))]

return loss MSE of [f_model(pred) — f_model(true)] )

2 200-500-200-20 vs 300-300-300-300
(@ Using dataset of 200,000 ~ 50,000



2. Backward Model (T to L)
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2. Backward Model (T to L)

* Artificial Spectrum (Gaussian)

MAE error : 0.1296 MAE error : 0.0754 MAE error : 0.0946
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Pretrained forward modeling network

2. Backward Model (T to L)

b. Solving one specific Layer (Optimization)

* Training (Optimizing) for one specific layer design ... it’s a trick!

-

“Input 1(1) +. .+ 8 £300-300-300-300 — Output T1(201) : Forward model

Yo _~o/  hessssssssssssssssssssssssssssssssssssssssssssssssssssssssssssesssannnnd
I~_
//

w_mode| = model = keras.Sequential ([

Iayers.Dense(Sog, act ivation="relu’, input_shape=input_shape),

lavers.Dense(§, activation='relu'), compile start = time. time()

) history = model . fit(

moce| = keras.Sequential ([ Kt r_aip,-y_t rain,
w_nodel, -validation-data=(X_valid, y_valid),
f_model

{_ batch_size=1, )
“epoche=106("
cal lbacks=[early_stopping],

mode | .compilef verbose=0,
optimizer="adam", )
loss="mae",

1)

f_model.trainable = False

)



2. Backward Model (T to L)

Had to try a lot of trials...
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Forward model having problems in predicting near ‘training input boundary’?

Predicted Layer : [[ 40, 71. 110, 40, 40, 40, 70. &4 ]]
Desired Layer @ [113. 165, 90. 97. 63. 86. 150, 98.]



Pretramed forward modeling network

2. Backward Model (T to L)

c. Forward model in Transfer model

* Input T, output T from dataset

@ 200-500-200-20 vs 300-300-300-300

Test loss of T : 0.0643 Test loss of T : 0.0974



2. Backward Model (T to L)

* Artificial Spectrum (Gaussian)

MAE error: 0.1234 MAE error: 0.0844 MAE error: 0.1115
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Conclusion & New Questions

* Implementing loss function using Forward model can be effective

- Compared to the direct transfer structure using Forward model

- For just one specific problem, optimization by DNN can be effective
- Choose appropriate model for user’s purpose

* Prediction near the “training input boundary’ gets more incorrect?

- Tendency of spectrum mismatching near layer & wavelength boundaries



