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Al, ML, DL

Artificial intelligence (Al): techniques that enable computers
mimic human intelligence
Human intelligence: Imagination, creativity, fantasy, intuition, problem solving

Vachine learning (ML): historical data (input X, output Y) is
used to derive functional relationship Y=Ff(X) and apply it for
future data predictions. Data fitting

Artificial Intelligence
Input X: 1D structured data (¢.g. excel data sheet)

2D image
time serial sequence
Output Y: categorical labels (classification)
continuous values (regression)

Machine Learning

Deep Learning

Conventional machine learning: manual feature engineering before training
Deep learning (DL): learn directly from raw data without manual feature engineering
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MSE data — Al models — PSP relationship

Diverse daia (images and structured data) Al models 4 P-S-P relationship used in material design \
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Predicting properties of steel plate

10000+ Real-factory data (excel data sheet)
1 hidden layer shallow neural network

(input ) h® = tanh( WM + bf”) =12,
| Layer | s S =
1 1 m
i i y= D WPHY 47
: hq i=1
Input: (S0 No—7 <~ N LW?® s . Output:
Composition i Output i Yield strength,
o Layer | .
Heating | < ! Tensile strength,
1 .
temperature, | " y | Elongation,
i ' I os/ob,
.Thlckne.ss, () SOX Vo e S ) " et
Rolling velocity, ! rop weight tear testing
etc. |
i
1
1
L7 NY —— o=
1
] i

...... Neuron number m=1,5,10...

High training & testing accuracy
0.99 (Pearson coefficient of prediction and real data)
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Predicting solidification cracking
susceptibility of stainless steel

code c Si Mn P S Cr Ni Mo N .. V B Th | U Ve Strain TCL MCL note

0 316NG-A 0.0100 048 161 0024 0019 1733 1062 2.09 0.0600 .. 0.0 00 318 100 120 423 40 150 0.19 ref03

1 316NG-B 0.0110 058 1.06 0.032 0013 1695 1050 2.15 00780 .. 0.0 00 3.18 100 120 4.23 40 110 0.18 ref03

2 316NG-C 0.0100 046 1.09 0.021 0001 1740 1150 2.88 0.1050 .. 0.0 00 318 100 120 423 40 090 0.15 ref03
484 K17 0.0140 033 1.73 0.026 0.007 1790 950 0.00 0.0460 .. 00 00 500 70 16.0 1.25 1.2 0.24 Nan refi7figl4
485 SUS304 0.0500 0.75 094 0.026 0007 1830 940 0.00 0.0160 .. 00 00 500 70 160 125 1.2 0.00 Nan refi7figl4
486 SUS316 0.0700 066 1.01 0.020 0006 16.70 1240 238 0.0200 .. 00 00 500 70 16.0 1.25 1.2 147 Nan ref17figli4

487 rows x 25 columns

20.0
3105 Dataset size: 487*22 matrix

17.5 1 304 . . . :

| Varestraint SCS test: include composition factors, processing

15.0 parameters, and strain
125 ] Total crack length (TCL): indicator for SCS
E 21 input: composition and test parameters
é‘ 10.0 1 1 output: the indicator for solidification cracking
BT susceptibility TCL (total crack length)
5.0 -

O
2.5 1 i e l
0.0 - a & B ﬁ i l
0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
Strain,%
304 0.06 0.5 1.5 0.005-0.03 0.005-0.03 18-20 8-10.5 0.02 0.02 3.18 100 12 423 l
A

310S 0.01 0.5 1.5 0.005-0.03 0.005-0.03 24-26 19-22 0.02 0.02 3.18 100 12 4723
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Predicting glass-forming ability

D M A SIS ST

Dataset size: Input: composition MF: 1-D vector Binary, ternary,
10440 entries Output: GFA PTR: 2-Dimage CNN etc.
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4243: 3 A152F623G625 [Rlbb ][15]
4244: 3|AlgoFesGess ([Ribbor)][15] 10000+ data collected from literature
4245: 3 A178F610G612 [Rlbb ][15]
4246: 3|AlgsFesgLass [Ribboh][15] None: not able to form metallic glass
4247: 3|AljoFesoNdgg |[BMG]|[16] Ribbon: able to form thin (20-30um) metallic glass
4248: 3|AlzsFe4Nij| [Ribbon][15] BMG: able to form thick metallic glass (1 mm)
4249: 3 A182F64N114 -N'ODGH 5] .

: - 3 labels: None, Ribbon,
4250: 3 A183F63N%14 :None][ 5] Input: alloy composition BMaGes one, Ribbon
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Defect detection

Image classification

Online, high speed (>10m/s), high
temperature (>1000 °C)
metal products’ surface quality inspectior

[1] https://computervision.tecnalia.com/en/

# images Defect type Feature extraction Classifier AUC
OK 2475 Commercial Commercial (SVM) | 0.88
315 | Roll Mark LBP features SVM 0.92
NOK 1411 | 887 Folds LBP features Random Forests 0.95
209 Cracks CNN-SURFIN (feature extractor + classifier) | 0.997

TOTAL 3886
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Defect detection

Defect detection on an X-
ray image of a
jet turbine blade

E5iaRpE0.751

Stitamie e AREERE0.784

l(:as%t\;;\:g {&?’CE) 099577 i" ‘J:\f/?a?é'irr‘m% Bekect 734
ol =] HYU. N} P . . .

— = ) G The training dataset did not

yo contain any turbine blade

' N R0, B
Casting Defect 0.999 GACLINA =R )
EETE A0 QGG images.

[1] FERGUSON M, AK R, LEE Y-T T, et al. 2018. Detection and
Segmentation of Manufacturing Defects with Convolutional Neural
Networks and Transfer Learning. arXiv preprint arXiv:1808.02518 [J].
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Microstructure recognition

Image segmentation

--.-ad& 5

Hxw Hx H/2x H/4x H/8x H/16 x H/32x H/16x H/8x Hx HxW
Cropped Wx W/2xW/4x W/8x W/l6x W/32x W/16x W/8x Wx

Martensite
Tempered
Martensite
Max-voting
policy in each

Patch 64 128 256 512 512 4096 512 256 5
forward/inference
A&B  Skip backward/learning
luti . . d
SEM [ cotvl:elilEon @ maxpooling @ upsampling & (trainricl?; (;)'illtase] @ softmax object
Bainite
Martensite: red
temperEd martensite:
Pearlite
green
[1] AZIMI'S M, BRITZ D, ENGSTLER M, et al. 2018. Advanced Steel Microstructural Bainite: blue

Classification by Deep Learning Methods. Scientific reports [J], 8: 2128.

Pearlite: yellow
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Challenges & Solutions

1 Small dataset - Data augment

2 Imbalanced data distribution — Add weight to data
3 Noise in data - Regularization

4 Poor interpretability of black box models - Combine
different models together & Visualization

5 Lack proper descriptors - Exploit deep learning

6 poor accuracy - pre-training
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Regularization

To improve generalization, add msw (mean square weight) to
simple loss function J(B) e.g. mse (mean square error)

J(0)= msereg = yimse + (1 — y)msw

ol = — avJ(©) evaluated at O°

Cost
A

\ \ Learning step

Backpropagation algorithm

Minimum
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Ni=10.8

/\_—/
Ve=4215

Black box models ?

Ni = 15.085
mse = 17.509
samples = 487
value = 3.846

Strain= 2.75
mse = 8.529

samples = 297

value = 2.36

 J

Strain= 0.75
mse = 22.703
samples = 190
value = 6.168

Th=4.09

Tree-based models:
good interpretability

mse =4.398 mse = 11.249 mse = 8.072

samples = 193 samples = 104 samples = 59

value = 1.394 value = 4.153 value = 2.767

Y
mse = 0.82 mse = 6.741 mse = 13.512 mse = 2.888 mse = 7.307 mse = 5.694 mse = 3.094
samples =122 samples = 71 samples = 61 samples =4 amples = 32 samples = 27 samples = 27
value = 0492 value = 2.945 value =5.378 value = 2415 value = 3.894 value = 1.433 value = 2.409
0.25
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Exploit deep learning

PTR (periodical table representation):
mapping each composition to the periodical table forming a 9*18 gray image

0: melt-spun
Ferss Nbs Cu; Bg Sijzs  100: copper mold casting
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Automatic feature extraction

Only composition is needed to predict glass-forming ability

Input = 3*3/Conv/8 filter >max pooling - 3*3/Conv/16 filter > max pooling - 3*3/Conv/32 filter > max
pooling - flatten - FC - softmax
CNN’s average accuracy (10 cross validation): 96.7% (train)/95.8% (test)



Pretraining to Improve accuracy
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Conclusions

1 Al & Machine learning:

a powerful universal tool for accelerating the
development of materials;

an important supplement to theory and experiments.

2 Though there are many challenges when solve
materials problems using machine learning, solutions
exist.
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Thank you!
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