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Rule Base Decision Tree Local Binary Pattern

SIFT / SURF
Linear Regression Random Forest

LASSO / Ridge Regression XGBoost

Neural Network Support Vector Machine
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Auto Encoder Principal Component Analysis
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Convolutional Neural Network Diffusion Model etc.
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‘ Hybrid modelling approaches
X AT’s future New explainability-preserving modelling approaches
research arena Interpretable feature engineering
High
>
Q
av} Post-hoc explainability techniques
55 Interpretability-driven model designs
o
Q
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—
)
o
EO
Low

Low High
Model interpretability

Arrieta AB et al. (2020). Explainable Artificial Intelligence (XAl): Concepts, taxonomies, opportunities and challenges toward responsible Al.
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Deepiffze (1)

Conventional Machine Learning Approaches

Feature engineering

and selection by Machine Learning
incorporating domain (Random Forest, SVM,
knowledge Kernel Regression)

(Physical Attributes)

A~
—

Materials Datasets
(OQMD, AFLOWLIB)

Predictive
Model

\__\____’/

Glemental Compositi(%

Deep Learning Approach (ElemNet)

Jha D et al. (2018). Elemnet: Deep learning the chemistry of materials from only elemental composition.
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DeeptxE (2)

(1) Initialize atoms (2) Update (3) Atom vectors (5) Output molecular
with random vectors atom vectors at final depth T Properties
N “ "' ~— o ..7.‘..7 ” %- -~ ® o ® - -,, “ \ . HOMO
VO A \ -0.25 eV
N, T e \ /
C |00 <00 | < =l _ ]N ' nd
Formamide R LT R, T i SEEEEEN // )
0 (@@€5 (00« >»[@0]-- ,W sum
(0) Input a molecular structure SR A S Deep ~3 I ( *
PN oA Ve : .f
Atom x v z EXALK D 5] & SN ‘s .
N 0026 1346 o000 |H @O _,-_'--.:-"*j‘.;vf'_: < Q0 ®0 - . Molecular*
C 0.046 -0.012 0.001 (PRl e e A\ j vector \\
0 1.072 -0.653 -0.011 E77 NS &7 Y \ *
H 0825 1885 ooo4 |H (@OE VAN o9« N L& \
" 0.908 1.827 0.019 g >\ \ A“:':z;;“’"
H_ -0961 -0475 0.008 [ 4y (@O |£= “A@O| &= * * * A (@@ -169.86 eV
@ sclar (@] S5 Neural network

Connects all the atom pairs in the molecule
and models the interactions and potentials.

Tsubaki M et al. (2018). Fast and accurate molecular property prediction: learning atomic interactions and potentials with neural networks.
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Deepiffze (3)

Denoising Echo Module T, Inversion Module

Noise Denoising

Amplitude (V)

A
|
2 '
\,’ 1 ’
\ y

Tz (ms)

1 \ /
] \\ 4

. | ReL U Acfivation
I (Nonnegative)

—— o ——————————————— - T - - - — - ————— —

OYd7 ASION

Luo G et al. (2023). A study on multi-exponential inversion of nuclear magnetic resonance relaxation data using deep learning.
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» Google Colaboratory E TZE179 %

Google Colaboratory
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« 2TEUREIZIITICI DD T —X

A B C D E F G H
1 m_pg| sylinders displacement horsepower weights acceleration year origin  car_name
2 E. 8 307 130 3504 12 70 USA chevrolet chevelle malibu
3 15 8 250 163> 3693 11.5 70 USA buick skylark 320
4 18 8 318 150 3436 11 70 USA plymouth satellite
5 16 2 304 150 3433 12 70 USA amc rebel sst
B 17 3 302 140 3449 10.5 70 USA ford torino
7 15 8 425 198 4341 10 7O USA ford galaxie 500
8 14 3 454 220 4354 9 70 USA chevrolet impala
9 14 8 440 215 4312 8.5 7O U5SA plymouth fury iii
10 14 8 433 225 4425 10 70 USA pontiac catalina
11 15 8 390 190 3850 85 70 USA amc ambassador dpl
17 1 o 200 417N ICED 1% i e, Arelon clhallamane cm |

https://www.kaggle.com/datasets/uciml/autompg-dataset
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Python CHIMEHEF AT/ OERIRSITOIOTILESE
AT

BUF . PythonZER L THIEEFHETIRHOERIESH IOV L0OY Y ALI-FT
9. cOI-FTlE. pandas #F2(7—5%121EL. scikit-learn #E(ERESITEE
TLEd.

BELGIFTITFVOIIANI
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AN

bash P I-FEIF-§3

pip install pandas scikit-learn matplotlib

E[EESOI-F
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python

pandas pd

numpy np
sklearn.model selection train_test split
sklearn.linear model LinearRegression
sklearn.metrics mean_squared error, r2_score

matplotlib.pyplot plt

k
df = pd.DataFrame(data)
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X train, X test, y train, y test = train test split(X, y, test size=5.7, random state=1)

model = LinearRegression()

model . fit(X train, y train)

y_pred = model.predict(X_test)

mse = mean squared error(y test, y pred)

r2 = r2 score(y _test, y pred)
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, model.coef )

» model.intercept )

.scatter(y test, y pred)
-xlabel(
-ylabel(
title(
-grid()
-show()
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