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> Data analytics process

'5 iterative steps,



Knowledge discovery and

Data mining
I =14

The automatic extraction of non-obvious, hidden
knowledge from large volumes/complicated data
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@ Data Problem setting

ollection and Data instance
representation

. Raw data : characters
Text and Natural language processing

word?
Th|wL§b }Jrig wriltten ) 1ang|uage as a strin Senten Ce?
s=u"This 15 (written) language as a string.”
paragraph?
document?

Image processing__ Raw data : pixels

pixel’
pixel window?
gradient?
image”?



Data in Materials science
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Branches of
Machine learning

Supervised Unsupervised
Learning Learning

Machine
Learning

Reinforcement
Learning

How to “translate” a materials science problem
into machine learning/data mining language?

Representation, similarity measure, and learning

wwwaO.cs.ucl.ac.uk/staff/d.silver/web/Teaching_files/intro_RL.pdf
5 DeNA Co. Ltd. % & SlideShare
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https://www.birmingham.ac.uk/Documents/college-eps/metallurgy/research/Magnetic-Materials-Background/
https://www.magfine.org/magnetkids/secret/utility.html
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Curie temperature of 3d-4f binary alloys

d-f bimetal alloys from literatures
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Curie temperature of 3d-4f binary alloys

d-f bimetal alloys from literatures
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d-f bimetal alloys from literatures
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d-f bimetal alloys from literatures
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BEI DECU T

Structural information:

R-R Nearest neighbor distance
R-T Nearest neighbor distance
T-T Nearest neighbor distance
Number of R surrounding R
Number of T surrounding T
Number of R surrounding T
Number of T surrounding T
Concentration of R
Concentration of T

Atomic information:
Atomic Number of Zg, Z71
Covalent Radius of rg, rr
Electron Negativity of xr, xT
lonization Potential IPr, IPT
Orbital angular momentum Lr, Lt
Spin angular momentum Sgr, St
Total angular momentum Jr, J1
Landé g-factor gur, JrRQUR, JrR(1-QUR)
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d-f bimetal alloys from literatures
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d-f bimetal alloys from literatures
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Supervised learning:
High dimensional curve fitting

slIfRT — 5

{zia Yi ?zl

_ /// SEN G E TRy e

high dimensional input X

Tools libraries:

scikit-learn, Weka, DeeplLearning (Tensorflow, pyTorch, Chainer, )
2§park ML, Apple CoreML, Google Cloud Al/Cloud ML, Amazon ML, ---



Regression and Data fitting

All models are wrong

Data {Xi7 Yi} but some are useful
@
¢ (1919-2013)
Modeling the“relation” X <> Y Correlation relation
/ Wthesis
v
D e
/ ata fitting & b \
parameter :
: selection
tuning v

Yo ff‘laﬁlﬁl (X) Y — fgzaﬁzﬁz (X) [Y i flf{lk,ﬁk,’yk (X)j

22
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Model assessment

Statistical estimation

(1) Predictive accuracy - FRIFEE 5, e
2. Speed - FHHRE

3. Robustness - TB{&4%

4. Scalability - #haRM4

B) Interpretability - BRIRAES 4

“Use and of Regression”, George Box,
24 & FF SLAE Technometrics, Vol. 8, No. 4, (1966)




Model assessment by cross validation

e Ty —(z — z')? Regularization based
k(z, 2') _Ejf exp| 972 }» Structural Risk Minimization

Training
Training
= Training
data
Trainin
9 k-folds cross validation
T Trainin g | | Training | | Trainin g
Trainin g | | Training Trainin g
Training Training | | Training
Training | | Training | | Training
Trainin g | | Traini g | | Training | | Trainin g




Prediction of Curie temperature

108 d-f bimetal alloys from literatures REBREICEDTcTAET ILDFHD

| FeB-b
MgCu2
MgZn2
ThFe2
URe2
PUNI3
Fe3C
cacus
ThCu?
Ce2Ni7
Th2Ni7
5d2Co7
65C019
Th2Ni17
h2zn17
16Mn23

T, predicted (K)

0 i .
La Gd Gd

Lo i R2 =0.98
RAEIRTE JRINE MAE = 35K

FAIIC KD REET R ~ MEREERZRDH D — ' ' 600 800 1000 1200 1400

T. observed (K)

Dam et al., arXiv:1705.00978
H. C. Dam and H. Kino, et al., J. Phys. Soc. Jpn., 87, 113801 (2018)
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d-f bimetal alloys from literatures
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Curie temperature of 3d-4f binary alloys

d-f bimetal alloys from literatures

Material structure
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Supervised learning:
High dimensional curve fitting
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Regression based feature selection

BE I DECU T

yorees

Structural information:

R-R Nearest neighbor distance
R-T Nearest neighbor distance
T-T Nearest neighbor distance
Number of R surrounding R
Number of T surrounding T
Number of R surrounding T
Number of T surrounding T
Concentration of R
Concentration of T

Atomic information:
Atomic Number of Zr, Z1
Covalent Radius of rr, rr
Electron Negativity of xr, xT
lonization Potential IPRg, IPT
Orbital angular momentum Lr, Lt
Spin angular momentum Sgr, St
Total angular momentum Jg, Jt
Landé g-factor gur, JrRQUR, JR(1-QuR)

227

All combinations
+

g Tfredict W fgp@xla e ’Qjm)

VAP S Y el

Model data
{{1,17 . 7:13771}7 }22(1—;01337 Tf’redict)}

Top N-best
prediction accuracy

b o (i, T 2,
{zl .. k)
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Regression based feature selection

12 EREE D
: 0 All combinations
sy DA S DY R e ) gp@xla i axm)
Model data l
{{xl7 iR 733771}7 R2 (1"'001387 Tfredict)}
F—AHNES: Top N-best
227 DBE%ODE%‘H%AD el prediction accuracy

R?\f o st(TObS Tpredzct)
e SRl
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34



J

{{a;17 e

9,

35

MIDRIES RT v

= | D RARIERRAT

€)

S

7 a,/,m}) R2 (TCObS, T(]:)redict)}

2 BRFOETE

B

[ElREfeik « [ElRED T

=]

B RIRRBEDBIE

RS S DT - BRI
DEFE - B ‘/
ZEMTHT — 45 O ¥ E




Regression based feature selection
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Model data
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prediction accuracy
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Regression based descriptor evaluation

I | 1 I I I 1 | I
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J. Phys. Soc. Jpn. 87, 113801 (2018); IUCrJ 5, 6, 830-840 (2018);
38 J. Phys. CS. (CCP-2018) (2019): J. Phys. Mat. 2, 3 (2019).




Regression based descriptor evaluation
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J. Phys. Soc. Jpn. 87, 113801 (2018); IUCrJ 5, 6, 830-840 (2018);
39 J. Phys. CS. (CCP-2018) (2019): J. Phys. Mat. 2, 3 (2019).
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Development of context-based method for
measuring similarity between materials
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UNCERTAINTY AND DECISION-MAKING
FOR MATERIALS DISCOVERY

Hieu-Chi Dam

Japan Advanced Institute of Science and Technology



Material Dataset: An Example with Alloys

Material

Note: descriptions differ from descriptors

Material descriptions  Stability  Magnetization (T)

Material 1 {Cr,Cu,Mo,Tc, structure} N 0
Material 2 {Co,Cu,Fe,Mn, structure} Y 0.38
Material n {Ag,Fe,Mn,Zn, structure} N 0




Similarity: Error of substitution

Data

compositional elements  stability

-----------------------------------------------------------------------------

Question

-----------------------------------------------------------------------------

--------------------------------------------------------------------------

---------------------------------------------------------------------------

--------------------------------------------------------------------------

---------------------------------------------------------------------------

-----------------------------------------------------------------------------

-----------------------------------------------------------------------------

N. N. T. Ton and M. Q. Ha et al., 2D Mater. 8 015019 (2021); M. Q. Ha et al., Nat. Comp. Sci., 1 (2021).



The Key ldea:
Transforming Data into Evidence of Similarity



Similarity judgment

Similarity or dissimilarity data appear in different forms:

v Ratings of pairs

v Sorting of objects

v Communality between associations
m)  Errors of substitution

m) ~ Correlations between occurrences

Amos Nathan Tversky
(1937 — 1996)

Amos Teversky, ‘Features of Similarity", Psychological Review, 84, 4 (1977).



Similarity: Error of substitution

Data

Question 5 N
.......................................................................... , compositional elements  stabilit
A= [F_e] Col|Cu ? [F_e]@] Cu oy
: ...... Identlcal .................................................. . ..... ldentlcal ....... %‘ .................................. subslt\i|:untable én .l‘:ldj Itlve
3= |[re)(co)(vn (Fe)(pa)fun) [ vidence

N. N. T. Ton and M. Q. Ha et al., 2D Mater. 8 015019 (2021); M. Q. Ha et al., Nat. Comp. Sci., 1 (2021).



Similarity: Error of substitution

Data

compositional elements  stability

Question

A= lFeICo Cu ? - i|Fe PdICu Cu
QU N — -/
o 7 ‘ S : ’ Non
<
: el y § . entical 5 ) substitutable
Qe iy phihaiy
B= [Fe(co)(Mn) % {re](Pd](Mn Mn
~ [Fe](cr)(cu Cu
Q) . J \ \ J
(&) . K \—/
é identical ¢ Substitutable
-S ‘r \ [ s 2 " )\
Y i Fe Cr] Mn Mn

N. N. T. Ton and M. Q. Ha et al., 2D Mater. 8 015019 (2021); M. Q. Ha et al., Nat. Comp. Sci., 1 (2021). 6



Similarity: Error of substitution

. Data
Question

------------------------------------------------------------------------------

>
I
16
H‘ (@)
= (@)
o
c
~D
3
—
T
)
—
—
)
—
—
O
-
—
E
O
-

-------------------------------------------------------------------------

Not identical ¢ Unknown

--------------------------------------------------------------------------

Mow @B

-
----------------------------------------------------------------------------

Evidence

No Evidence is provided!

N. N. T. Ton and M. Q. Ha et al., 2D Mater. 8 015019 (2021); M. Q. Ha et al., Nat. Comp. Sci., 1 (2021).



Similarity: Error of substitution

. Data
Question 5 N - ~
compositional elements  stability
A= [Fel[col(cu ? ~ [Fe]|pd][cu Cu [re|[col(cu] ?
‘ identical . g ‘ identical T . subs::urlable ‘ Dissimilar .
< r N\ r \ M r N\ N\ \
B= [Fel(co)(mn) < i re](pd](Mn| Mn Fe|(co|[mn
A — . [, |
~ i|FellCr||Cu Cu Fe ||Col|Cu ?
§ identical ¢ Substitutable Similar
N, N [ N N " — " \ N\ \ "
“ il Fel|lCr||Mn Mn Fe || Co||Mn
Count T ' ' '
the votes! Youm
é Not identical Unknown Unknown
E 3 * — \ [ \ \
Ag||Cu||Mn N Mn :| Fe [[Co|[Mn
W B n (7o) an
v
\__ J

Nguyen et al., IUCrd, 5, 6 (2018); J. Phys. CS. (CCP-2018) (2019); J. Phys. Mat. 2, 3 (2019). 8



Similarity: Error of substitution

Question
A = Fe|lcollcu ? . 5 pm GMT, November 4, 2020
[—] . U nce Fta | nty Electoral votes
) identical ] Joe Biden 270 neededtowin Donald Trump
o= {[re)(co) ENEN | T
A

“Unknown” is not 50/50

&] == . ........ @[E] ................... =

Not identical

Evidence 3

Unknown

fm [@ m

Unknown

(re)(co) g




Similarity: Error of substitution

. Data
Question - N - ~N
compositional elements  stability
A= [relcolfc ? (ke |[Pd](cu] cul ke |[col(cul ?
Mo ) . (96 | & EeClE
identical ' g ‘ identical T ' subslt\i?untable ‘ Dissimilar .
BN r N\ r \ — r N\ N\ [ \
B= Wi Fe Pd] Mn Mn Fe || Co||Mn
4 m—— . P —
~ ([Fel|Cr||Cu Cu Fe ||Col|Cu ?
o (LI JUJ ‘ ) )
§ identical ¢ Substitutable Similar
N, YWe N N : — > e N \ :
il Fell Cr||Mn Mn Fe ([ Co||Mn
Quantifying the ————=
uncertainty? ‘
é Not identical Unknown Unknown
E 3 * — \ [ \ \
Ag||(Cu|(Mn N Mn i| Fe || Co|(Mn
MWW @ ) oW
\/
\__ J

Combine evidences
N. N. T. Ton and M. Q. Ha et al., 2D Mater. 8 015019 (2021); M. Q. Ha et al., Nat. Comp. Sci., 1 (2021). 10




Dempster-Shafer theory (belief functions)

Frame of discernments
Qi = {similar, dissimilar}

Pending judgment of
Similarity or Dissimilarity

28sim = (@ {similar}, {dissimilar}, {similar, dissimilar}}

Mass function
[] Q ]
Meyidence: 2% sim — R

Meyidence {Similar}): degree of belief that A and B are similar

Mepidence {dissimilar}): degree of belief that A and B are dissimilar

Mevidence {similar, dissimilar}): degree of belief that the situation is unknown

Prof. Arthur Pentland Dempster

A. P. Dempster, A generalization of Bayesian inference, Journal of the Royal Statistical Society, Series B, 30 (1968) I



Challenges in Material Datasets:
Size, Bias, and Conflicts

Summary of the 8 datasets of High Entropy Alloys

Datasets No. alloys Observation rate No. HEAs HEAs rate No. candidates
Dasmite 45 binary alloys 13% 45 | (100%) i 351 binary alloys
DcaLpHap 243 ternary alloys :""S_B‘;A“"I--—I 243 ' (100%) 1 ! 2925 ternary alloys

e e e e e 1 . o1
5 117 binary alloys 33% i 60 (51%) 351 binary alloys
AFLOW 441 ternary alloys 15% ! 234 (53%) ! 2925 ternary alloys
D 117 binary alloys 33% : 58 (49%) 351 binary alloys
Lrve 441 ternary alloys 15% ! 148 (33%) ! 2925 ternary alloys
I'""""'; 1 :
DZ;‘%;:”“W 1,110 quaternary alloys i 6% ! 754 (68%) ' 17,550 quaternary alloys
Dglﬁ‘fot%”ary 1,110 quaternary alloys i 6% i : 480 (43%) i 17,550 quaternary alloys
. 1 :-_-: P oT T T T '
Diriow 130 quinary alloys i 0.16% ! | 129 ' (99%) :"i 80,730 quinary alloys
1 e mEms s
. I Lo I
Dirve 130 quinary alloys \ 0.16% ! | 91 (70%) | 80,730 quinary alloys
b m e e = 1
"HEAs rate": the ratio of No. HEA to No. alloys; "Observation rate": the ratio of Noi alloys to No. candidates. i
|
The number of confirmed materials is relatively 4_} Heavily bias to positive
smaller than the number of candidates label (HEA phase)

Alman, D., Entropy 15 (2013); Zhang, F. et al., CALPHAD 45 (2014); Lederer, Y. et al., Acta Mater. 159 (2018)



Modeling Similarity Between Compositions

Quantifying uncertainty

(Due to Limited or Conflicting Data)

Evidence of similarity

Ct,Cv
My 4;

Collecting evidence from data
N. N. T. Ton and M. Q. Ha et al.,

P >
l/ Pl o
{ /
i i
C,;,C o if YA, — YA,
m," simailar ?
Ai Ay (4 )= {O otherwise
c, o if ya, # ya,
mA:,A ({dissimilar}) = {O Stherwise 7
mi’;:A ({similar, dissimilar}) =1 — «

2D Mater. 8 015019 (2021); M. Q. Ha et al.,

Nat. Comp. Sci.,

1 (2021).

property of alloy A,
property of alloy A;

confidence of
similarity
(substitutable)

confidence of
dissimilarity
(not substitutable)

degree of

“‘unknown”

(not sure if
substitutable)

13



Application:

Extracting Insights from Material Similarity to
Support Decision Making



ata-Driven Similarities in Forming HEAs

Similarity learn from Dpgmiie

0.4
| |

0.2
|
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metal metal
Q /

~

DASM]16 no evidence

(e)

M. Q. Ha et al., Nat. Comp. Sci., 1 (2021).
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Data-Driven Similarities in Forming HEAs

early transition late transition

metal / metal

>
\ -« 9 = O
©

no evidence

Dasmiie

early transition
metal

\

od

DcaLPHAD

M. Q. Ha et al., Nat. Comp. Sci., 1 (2021).
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/ metal

no evidence

early transition
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Recommending New Element Combinations

. C¢ and C,, can differ in size!
To be substituted by other D

Ss

components to create new candidates \

Anew
(= Ak —Cc+Cy)

|

| . . .

y Evidence of element subsitution
)
:‘ o Anew
confidence of mAnen  ((HEAY) = s(Cy,Cy) if ya, = HEA ! Ap,CeCy

forming HEA A otherwise :

©) v
. . |

confidence of Ancy (~HEAY) = s(Cy,Cy) ifya, = "HEA , c
. kaCt C'u - . ’
not forming HEA < otherwise ! v
(7)1
degree of mAvs  (HEA,~HEA}) =1—s(Ci,Cy),  (8) 1
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Recommending potential HEASs

N. N. T. Ton and M. Q. Ha et al., 2D Mater. 8 015019 (2021); M. Q. Ha et al., Nat. Comp. Sci., 1 (2021). 17



Recommendation capability
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Experimental validation of FeMnCoNi
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Similarity: Correlation between occurence

Collecting Evidence from Data subsets
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Similarity between
Rare earth — Transition metal alloys
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Gleaning Insights from Material Similarity
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Concentration of rare-earth metal (atom/A3)

Ni-based compounds
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