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Baxxnocts npumeHenuss ML B obnacTtu MarepualioBe ACHUS

Hayky ¢ HIHT€HCHUBHBIM MCITOJIb30BAaHUEM JJAHHBIX MOKHO Ha3BaTh
"yeTBepTOM MapagurMou" Hay4YHOro MOMCKa, B TO BPEMS KaK MEPBbIC
TPHU MapagUurMBbl - 3TO SKCIIEPUMEHT, TEOpUs U MojierpoBanue. [Touemy
Ba)KHO M MOJIE3HO UCIOJIb30BaTh aJTOPUTMBI MAIIMHHOTO OOYUYCHUS Ha
CYIIECTBYIOIINUX JAHHBIX B JOMOJHEHUU K SKCIIEPUMEHTY, TECOPUU U
KJIACCUYECKOMY MaT. MOJIEJIMPOBAHHUIO:

1. Hcnosb30BaHUE MAITMHHOTO OOYYEHHUSI B MATEPHUATOBEICHUN MOXKET
COKPATUTh TUIMMYHBINA MHOTOJICTHUM JICTHUW LIUKJI Pa3padOTKH U
KOMMEPIIMAIN3AlIMU HOBBIX MaTEPUAJIOB.

2. YmupolleHus NpeacKka3aHusi CBOMCTB BEILECTB, CILJIABOB,
OMOJIOTMYECKUX KOMITOHEHT.

3. BpigeneHue naTepHOB, XapaKTEPU3YIOIINE CBOMCTBA BEIIECTB, YTO
Ja€T JOIOJHUTEIBLHBIE BO3MOKHOCTH ISl TEOPETUYECKOTO AaHAJIN3A.

OxHako, BO-IePBbIX, ITOJIy4YCHUE
KaY€CTBEHHBIX PE3YJIBTATOB IPH
MIOMOIIH AITOPUTMOB MAIlIMHHOTO
0Oy4eHUs CyIIECTBEHHO 3aBUCUT OT
Ka4yeCTBa UCXOJHBIX JIAHHBIX, HA
KOTOPBIX MPOU3BOAUTCS O0yUYEHUSI
anropuTMoB. Bo-BTOPBIX, HEOOXOAUMO
IPOU3BOJNUTH TOHKYO HACTPOUKY
aJNTOPUTMOB, TaK KaK aJTOPUTMBI
OCHOBaHBI Ha PA3JINYHBIX
MAaTE€MaTUYECKUX MPEANOIOKECHUSAX.
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YTo Takoe MalIMHHOE 00y4YeHuUE?

Mamunnoe odyuenne (ML) - 3To MeTo aBTOMaTHU3aIUU
IOCTPOCHHS aHAJTUTUYECKUX/TIOTyaHATUTHYICCKUX

Mozelier. Mcnonp3ys ajaropuTMel, KOTOPBIE WUTEPATUBHO
oOy4JaroTCcs Ha OCHOBE JaHHBIX, MAIIMHHOE OOy4YeHHue
MO3BOJISIET KOMITBIOTEpAM HAXOAUTh CKPBITHIE HJECH, HE
OyJlyuyu SIBHO 3alpOrpaMMUpPOBAHHBIMM Ha TO, TIJI€ HUX

Data
Science

uckatb. Cytu ML - 3TO MOIIHBIH MHCTPYMEHT IIOHMCKA
3aKOHOMEPHOCTEH B BBICOKO Pa3MEPHBIX JaHHBIX.

Classical
MamunHHOE oOy4deHue IIOKa3bIBACT XOpOIIY O Programming
NPUMEHUMOCTb B KJIAaCCU(PUKAIIMHU, PETPECCUU U JIPYTUX
3agadax, CBA3dHHBIX C HWMCHHO BBbICOKO pa3M€pHI)IMI/I
JaHHBIMH. MamnHHoe oOyYeHHe, HalleJIeHHOE Ha Algorithms

U3BJICUCHUE 3HAHUM H TIOIy4YeHUE UHPOpMAlUU U3
MAaCCUBHBIX 0a3 JIaHHBIX, OIMPAECTCS Ha pe3yJbTaThbl

IPEALIAYIINX BEIYUCICHUHN (MTEpaTUBHOM 00yUEeHUE).



| ] 'mQHn mm
-‘:--.- YHuBepcuteT n 0BpasoBaTeRLHb |

i Cupuye Py .

OO1ui1 poIeCcC MAIIMHHOIO O0OYYEeHHUS B MaTePHUATIOBEICHUN

Evaluation methods. including

T hold-out, cross validation and
L CL LR | bootstrapping;
Models Evaluation indices, including
= °°/?\°° CA, MAPE, RMSE and R’.
Learning methods, including

Step 29l B :
I B ' Model building regression, classification,
o o5 8 s 20 @ . Samp es ClU?teripga prObablllty .
f

estimation and optimization.

Step l’ J Data preprocessing, including data

cleaning;
. Feature engineering, including feature

Original data . _
.-J extraction, feature selection, feature
construction and feature learning.
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Step 1. COOp naHHBIX.

Table I. A list of some notable materials-data resources.

Name
3D Materials Atlas

AFLOWLIB

AIST Research Information Databases

American Mineralogist Crystal Structure Database
ASM Alloy Center Database

ASM Phase Diagrams

CALPHAD databases (e.g., Thermocalc SGTE)

Cambridge Crystallographic Data Centre
CatApp

Chemspider

CINDAS High-Performance Alloys Database
Citrination

Computational Materials Repository

URL

cosmicweb.mse.iastate.edu/wiki/display/home/
Materials+Atlas+Home

aflowlib.org
www.aist.go.jp/aist_e/list/database/riodb
rruff.geo.arizona.edu/AMS/amcsd.phP
mio.asminternational.org/ac
www1.asminternational.org/AsmEnterprise/APD

www.thermocalc.com/products-services/
databases/thermodynamic

www.ccdc.cam.ac.uk/pages/Home.aspx
suncat.stanford.edu/catapp
www.chemspider.com
cindasdata.com/products/hpad
citrination.com
cmrfysik.dtu.dk

Category
3D Characterization

Computational
General Materials Data
Minerals
Alloys
Thermodynamics

Thermodynamics

Crystallography
Catalysts
Chemical data
Alloys
General Materials Data

Computational

Free/Non-Free

Free

Free

Free

Free
Non-Free
Non-Free

Non-Free

Non-Free
Free
Free

Non-Free
Free

Free

Hill, Joanne, Gregory J. Mulholland, Kristin A. Persson, Ram Seshadri, Christopher M. Wolverton and Bryce Meredig. “Materials

science with large-scale data and informatics: Unlocking new opportunities.” MRS Bulletin 41 (2016): 399-409. — 50 6a3 naHHBIX.

Hert xopomen
YHU(PUIIMPOBAHHOMN Oa3bl
JAHHBIX, HO €CTh Macca
0a3 pOCCHINbIO. Y

HEKOTOpHIX 0a3 ecTb API.

Juan, Y., Dal, Y., Yang, Y., &
Zhang, J. (2021). Accelerating
materials discovery using
machine learning. Journal of
Materials Science &
Technology, 79, 178—

190. doi:10.1016/j.jmst.2020.12.
010

40 6a3 JaHHBIX
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ENCYCLOPEDIA OF

Step 1. COop JaHHBIX.

& aflowlib.org

CRYSTALLOGRAPHIC PROTOTYPES

M. J. Mehl, D. Hicks, C. Toher, O. Levy, R. M. H.
Part 1, Comp. Mat.

Aflow - Automatic FLOW for Materials Discovery

of Crystallographic Prototypes:

Apps and Docs

MendellIB search

AFLOW-online

PERIODIC TABLE OF THE ELEMENTS .

Online interface fo

AFLOW's symmetr / standard encyclo rystallographic pro sides a complete description of

arh <fri ne o e nrimitive ver 3 ertare and AFIOW commands tn
structure comparis
CCE. POCC an% 5 L 5 H ) EE E3, (B—AnggI‘;)(obsolete) Structure : A2BC4_tP7_111_f_a_n

functionality

AFLOW database search
application

P -4 2 m #111
:.-':340@ " o Ag
Ty O Hg
@=90.000°

90.000°
::so.ooo' ol

The AFLOW Prototype
Encyclopedia with over
1,100 prototypes

Machine Learning
application for the PLMF,
MDF, and ASC model

for thermodynamic
stability and
synthesizability

Convex HULL application QFLD‘ n ' Documentation for the
AFLOW REST-API and

Documentation

https://www.sciencedirect.com/science/article/pii/S0927025614003322?via%3Dihub
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HOCTpoeHHe BBIOOPKH B BHJI€ HAOOpa IIPU3HAKOB

Nudopmaius B 0a3e JaHHBIX, COOTBETCTBYET KOHKPETHBIM MaTepraliaM WM CBOMCTBaM MarepualioB. [Ipy mocTpoeHnn nmpu3HaKoB,

IO KOTOPBIM HYKHO IIPCACKA3bIBATH CBOMCTBO Marcpuraia HUACAIBHBIM BIIACTCSA BAPHUAHT, KOI'IA OBLIO BBI6paHO MCHBIICC

KOJINYECTBO JIaHHBIX MpU KOTOphIX ML- Mozaens oTpaboraina mydiiie BCEro.

B wmarepuanoBegeHUM CHadalla OMNPEAECSIOTCA 3HAYEHUSA
XapakTepUcTUK (MPU3HAKU) MaTepuala, 3aTeéM OIpEeIeIsIOTCS
JTAHHBIC C BBICOKOM KOPpEJISIIMEH W BBHIOMPAIOTCS B KaueCTBE
BXOJHBIX 00pa3zioB ML-mozeneit, KOTopble HE CHJIBHO MEXIY
c000i ¢ KOppeIupOBaHHI.

Ha »ToM »3rame pemaroniee 3HAYEHUWE UIPAET POJb  Kak
YMEHBIIIEHWE pa3MepHOCTH (0TOOp MPU3HAKOB), TaK U
HOpMaJIM3alusl, i1 YMEHbIIeHus d(Pexra BKIaga OTASTbHbIX
npu3HakoB.  Kpome  Toro,  HEOOXOAWMO  3alOJHATH
MPONYIIECHHbIC JTAaHHBIE. [Tpouenypsl 3aM0JIHEHUS
MPONYIIEHHBIX JTAHHBIX — OTACJbHAS JAEATEIHbHOCTD, 3a4aCTYIO
TaM TaKKe HCIOJIb3YIOTCS aJrOPUTMbl MAIIMHHOTO OOYy4YEHWSI.
[Tostomy  1mpu  (QopMHUpOBaHMHM  CHUCKA  IMPU3HAKOB,
YPE3BBIYANTHO Ba)KEH OMBIT JIFO/ICH, HETIOCPEACTBEHHO 3aHSTHIX
AKCIIEPUMEHTAIBHBIMU UCCIIEAOBAHUSMU.

FORMULA CONDITION: Temperature (K) PROPERTY: Heat Capacity (J/mol K)

B203
B203
B203
B203
B203
B203
B203
B203
B203
B203

1400.0
1300.0
1200.0
1100.0
1000.0
900.0
800.0
723.0
700.0
600.0

134.306
131.294
128.072
124516
120.625
116.190
111.169
106.692
105.228

98.115
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HOCTpoeHHe BBIOOPKH B BUAE HA0Opa MPHU3HAKOB

TpanunroHHBIC METOIBI MAIIIMHHOTO O00y4YeHHUs (HerTyOoKoe o0yueHue) TpeOyroT pydHoro otoopa npusHakoB. Hanpumep, Oliynyk et
al [1] ucmonp30Ban Takke MPU3HAKKA KaK HOMEp IpyMIbl diieMeHTa B, o0lmee 4rcio BaJeHTHBIX IEKTPOHOB P, Pa3HOCTh PaJnyCOB
A/B. Jlpyroii mpumep, Lu et al [2] ucronb30Banyu B kauecTBe MPU3HAKOB OOIINN MOHHBIN 3apsijI, P-OpOUTALHBIC DIIEKTPOHBI U CyMMa
pamuycoB S- W P-opOWTaned, Y4TO MO3BOIWIO C TOMOIIBI0 MOJEIH MAIIMHHOTO OOYYEeHHS MpE/CKa3blBaTh €IIE HE OTKPHITHIC
THOPHUIHBIC OPTaHO-HEOPTAaHUIECKUE TIEPOBCKHUTHI.

(A) (B) (C)
( Input dataset Targeted property 25 1.00
; 3 :
> 30 initial material features » Proper bandgap for <
optoelectronlcs ()
» 212 HOIPs (0.9-1.6 eV Q 20 0.66
% £
@
¢ g 1
: : ) ﬁesign and optimizationx g‘ 0.32
Feature engineering choice of candidates for g
» 14 selected material features next calculation £ 10 -0.02
o J o}
a
@ » Tolerance factor =
- — - » Octahedral factor g 5 -0.36
Statistical mI?rence & ML > Stability & toxicity ‘g
> g:iit?ﬁzs::aep:gFr,:lationship » Properbandgap - 0 -0.70
i | K 23 5%
) g o
B 8
a
>

1. Oliynyk AO, Antono E, Sparks TD, et al. High-throughput machine-learning-driven synthesis of full-Heusler compounds.Chem Mater. 2016;28:7324-7331
2. LusS, Zhou Q, Ouyang Y, Guo Y, Li Q, Wang J. Accelerated discovery of stable lead-free hybrid organic-inorganic perovskites via machine learning. Nat Commun. 2018;9:3405-3413.
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PacmnpeHHe HaOoOpa mpu3HaKkoB 3a cueT LLM

1. MoxHo TpaHchopMUpoBaTH (OPMYJIBI B
T0CJIE0BaTEIbHOCTh OYKB, TAKMM 0OPa30M MOIyYHM ‘8203 W)
JOTIOJTHUTENbHBIE 34 KOJIOHKH.

2. Moxno TpanchopmMupoBarhk (GOpMyJibl B OyKBOCOUYETAHUS,
MOy YuM, Harpumep, 20 KOJIOHOK.

{'b":1,'2"2,'0": 3,'3" 4}

HAOMIOACHIR
([0.0.0.0.0.0.0.0.0.0.0.0.0.0.1.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0. 0.0} obyuaomeii sbGopxH
(0.0.0.0.0.0.0.0,0.0.0.0.0.0.0.0.1.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.]
(0.0.0.0.0.0.0.0.0.0,0.1.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.,) ‘
(0.0.0.0.0.0.1.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.) I paiMepom inp chars
[0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.1.0.0.0.0.0.0.0.0.0.0]
(0.0.0.0.1.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.]
(0.0.0.1.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0] i (oA )
(0.1.0.0.0.0.0.0.0.0.0.0,0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.]
(0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.1.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.]
(0.0.1.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.0.])

MOo>KHO HaIIpUMCP HUCII0JIL30BATb OOJBIINE SI3BIKOBBIC MOICIN OJI MMPCACKAa3aHHA.



C DoHA MHGPACTRPYKTYPHBIX

-. :: « YHUBepcUTET 1 06Pa30BATENbHBIX
nporpamMm
CMpHyC il Wi | N

KapTa MOJICJIE MAIIMHHOTO O0y4YCHHUS

Mogenu MOTyT OBITH TOJIETICHBI (YCIOBHO) Ha CJIEIYIONINE HAPABICHHUS:
Kitaccuueckoe oOydeHue, BKIOYAET B CE0s1 PErPECCUOHHBIE MOJIENN, MOJEIN

KJaccuuKkanum, KOTOpble He BKIIOYAIOT B ce0s1 mmybokoe oOyuenue. Crona OcHoBHble BuAL! MAWMHHOro 06YYeHus
BKJIIOUEHBI pa3NInyHbIe BUbI perpeccuit (Ha ocHoBe MHK, makcumuzaiuu

JorapudpMa npaBAONO00us, CTOXACTUYECKOTO I'PaIuCHTA), KJIaCCU(UKATOPHI: 9 ’ / _ ; \ R CnoxHble AanHble
KNN, SVM, Random Forest Classifier, GradientBoostingClassifier, eding pund Gl gty Fal o
Knaccudukanus Ha ocHoBe TeopeMbl baiteca: MultinomialNB, BernoulliNB, / w EcTe Bepa 8 4yao
ComplementNB, LogisticRegression. AHcamEnh

Monenu B Bujie ancaMOJjieii Ha OCHOBE KJIACCHYECKHUX MOJIEIEH, TaKHE KaK: Knaccuueckoe

StackingClassifier, Voting Ensemble, Adaboost, GradientBoosting, Xboost, oByuenne

CatBoost - HeipoceTh
Heiiponnbie cetu ¢ irydoknm odyuennem. NN peannzoBaHHbIE Ha Ko €cTb cpeAd,  rny6okoe
pa3IMUHbIX apXUTEKTypax, Ha 6ase caoes: 1. CeTu NpsAMOro pacupoCTpaHEHUs] G 1AM ASIETRORATS o6yuenme
(Feed forward neural networks (Dense kayer). 2. PekypcuBHbBIC HEHPOHHBIC

cetu (RNN, LSTM, GRM layers). 3. Ceprounas Hetfiponnas cetb” — CNN J

(Convolutional Neural Network, CN layers) O6yuenne

Mopnenu tTuna odyuyenue ¢ nojakperieHueM. OCHOBHOE OTIIMYKE OOYyUEHUS C
noakperuieareM (reinforcement learning) ot xiaccu4eckoro MamMHHOTO
00y4eHUs 3aKTI0YaETCS B TOM, UTO UCKYCCTBEHHBIN MHTEIIEKT 00y4YaeTcs B
IIPOIECCE B3aUMOICUCTBHUS C OKPYKAIOIIEH CPEIO, & HE HA UCTOPUUYECKUX
JAHHBIX.

¢ NoAKpenneHuem
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Kapra Mojeneli MalIMHHOTO O0y4YEeHHUS

Mogenu Takke MOTYT OBITh TTOZICJIEHBI (YCIOBHO) Ha
CJIEAYIOIINE HAIIPABJICHUS:

1. O0yueHnmue ¢ yunreyaem. B Takux Mozaensax (perpeccun,
KJIaCCU(UKATOPHI, HEMPOHHBIE CETH), MOJICJIM 00y4YaroTCsl Ha
JlaTaceTax ¢ M3BECTHBIMM OTBeTamMu. B aToMm ciydae, Mmoaenu
00y4aroT NpeACKa3bIBaTh 33 IaHHBIC 3HAYCHUSI UJIN KJIACCHI.

2. Mogesiu 0e3 yunrteJsi. ITO MOJIEIIH, B KOTOPBIX
MPOU3BOAUTCS pa3feieHUE OObEKTOB Ha TPYIIIbI, I71€ OOBEKTHI
BHYTPH T'PYIIIbI MOXO0KU APYT HA APYyra, a MEXIy IpynnaMu
HaOII0jaeTCsl MaKCUMalbHOE pa3innure. Mojenu
knacrepusaruu (Kmeans, Cmeans, Dbscan, GMM, topic
modeling)

3. Monesin, HanpaBJieHHbIe HA YMeHbIIIEHHE PA3MEPHOCTH
aaracera. IT0 MOJEIU KOTOPOE MO3BOJISIIOT OTOOpaTh
MaKCHMaJIbHO HYHbIC ipu3Haku (duun). Moxenu: Method
Univariate Selection, Recursive Feature Elimination,
Random ForestRegressor feature selection, Principal
component analysis(PCA) ).

Knaccuueckoe O6yuenune

fanHble 3apanee
KaTeropninpoganbl
ANW UK NEHHbIE

C yunTtenem
kaTeropnl
Knaccudukayus KnacTepusaymus
«Pa3noxm Hockk No YgeTyy «“‘MO:Z :x:;k:; Belm
Accoynayua
«Hanan kakme Belyw
/ Perpecchg A YacTo Howy BMecTen
«Pa3noxu rancTyku no Anumen
YMeHbwenne
Pa3smepHocTH
(o6oblerne)

«Cobepun w3 Bewen nydwue HapaAbIN
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Kapra Mozenel MalIMHHOTO 00y4YeHHUs . 300IIapK HEMPOHHBIC CeTeH
Cyl1ecTByeT 00JIbIIIOE KOJIUUECTBO apXUTEKTYyp NN, O Backfed Input Cell N eurd l N EtWO I‘kS R

pECAIM30BaHHbBIX HA PA3JIUYHBIX TUIIAX CJIIOCB: Input Cell S

A
AN

orward (DFF)

l. CeTI/I HpﬂMOFO paCIIpOCTpaHeHHH (FFN N) A Nolsy-input Cell Perceptron (P) Feed Forward (FF) Radial Basis Network (RBF)

2. PexypenTnbl cetu (RNN u ee pa3HoBUIHOCTH). @ tiden cel o g>.

YacTto ncnonap30Baiach B 3aja4ax IepeBoja 1 © Provablistic Hidden Cell

PeHepaHI/II/I TCKCTAa UJIN H306p3)K€HHﬁ. — 9TO T€ K€ CCTU . ShkbgHiddertzel Recurrenteur Network (RNN) Long/Shrt Te Memory (LSTM) Gated Recurent nit(GRU)
IPSIMOTO PACIIPOCTPAHEHMSI, HO CO CMEIEHUEM BO @ cupacel TN

. Match Input Output Cell

V7
)

/\)

BpEMEHU: HEUPOHBI MOTYy4aroT HHOOPMAITUIO HE TOJIBKO R

OT IPEIBIAYILETO CII0s, HO M OT CaMHX ce0s B it

pGByJIBTaTe Hpezu)lﬂymero HpOXOHa (B TaKuXx MOHGHHX . Memory Gal Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
Different Memory Cell »

€CTh YYE€T BHYTPEHHETO COCTOSIHUS TOTOKA e
Kernel

uHpopmanun).

(O Convolution or Pool

3. Apynanpaijennbie RNN, LSTM u GRU (BiRNN,
BiLSTM u BiGRU). Pa3aumna nuiib B TOM, 9TO 3TH
HEHPOCETH CBS3aHbI HE TOJBKO C MPOIILIBIM, HO H C

Markov Chain (MC) Hopfield Network (HN) Boltzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)

OyIyLIHM. O < _, =
4. Orpannyennas mammna Boapumana (Restricted Q i::; )E:Q:E(Q:E:Q:;:;g
Boltzmann machine, RBM). 0
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KapTa MOJIEJICH MAIIIMHHOTO O0y4YeHHs: 3000apK HEMPOHHBIC CETEU

5. ABTosukoaepsl (Autoencoders, AE) — neuto mogooHoe FFNN, OcHoBHas nest aBTOSHKOIEPOB —
aBTOMaTH4eCKOEe KOJIUPOBaHUE MH(OPMAIIHH.

6. ApXUTEKTypa BapualMOHHbIX aBTOAHKOAEPOB (VAE) Takas ke, Kak U y OOBIYHBIX, HO 00y4aroT UX JPyroMy —
MPUOIN3UTEITLHOMY BEPOSITHOCTHOMY PACIIPEAEICHHUIO BXOAHBIX 00pa3oB. ITO B KAKON-TO CTETIEHU BO3BPAIIICHUE K
ncTokaM, Tak kak VAE HeMHOXKO Onroke K ManmHaM boabiimana.

7. Illlymononasasiromue (moMexoycroiiunBbie) aBTo3HKoAepbI (Denoising autoencoders, DAE) — sto Takoe AE,
KOTOPBIM Ha MTOJIA€M Ha BXOJ] HE MPOCTO JIAaHHBIE, a JaHHbBIC C IIIYMOM (HapuMep, Jiejiasi KApTUHKY 00Jiee 3epHUCTOM).
8. Céprounnlie Heiiponnbie ceTu (convolutional neural networks, CNN) u riy0okue cBEPTOUYHBIC HEHPOHHBIC CETH
(deep convolutional neural networks, DCNN) kapauHaIbHO OTIWYAIOTCS OT APYyrux ceTeil. OHM MCIONIB3YIOTCS B
OCHOBHOM JijIs1 00paOOTKH M300paskeHUH, HHOTA IS ayIMO U JPYTUX BUJIOB BXOJHBIX JAHHBIX.

9. PazBéprhiBaroinue HelipoHHble ceTn (deconvolutional networks, DN), Takxe Ha3pIBaeMbIC 0OPATHBIMU
rpaUueCKUMH CETIMH, — ATO CBEPTOUHBIE HEUPOHHBIE CETH HA00OPOT.

Encoder D((()((l | ' i

onv + BN + ReLU + poolir upsampling + conv + BN + ReLl a4 4

0 LSTM Encoder LSTM Decoder
BIpUE @ SRS T e ey 00 S §hues S gl Gty el i 7 M
\ Decoder Outputs \‘\cf‘;;;/ ;’f;"/ ‘
| . | /,/ 2 o b S/ "
1 . - - § ! N Y. . I " Wt/ //;,i / // Z 11 (
STATE | R 2] | et e NP . ﬁﬁ ’
ENCODER DECODER » 1 ‘IjTM[ LsTMﬁ ii»LSTMErF‘:LSTM#I s ;{LSTM %JPLSTM #IL\LSTM 5‘ [“/Lsm ’ } ‘( ( )
I | |
T B il A
w |
- |
|

T

lnppt e

T 07 |

Decoder Inputs
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Kapta moneneit mammHHOTO 00ydeHms. Transformers

Tpancdopmaropsl - 3To HauboJsiee MOMYIAPHBIA THI apXUTEKTYPhl HEMPOHHBIX ceTeil. Tpanchopmepsl HeaaBHO Hcmoib3oBaauck OpenAl B u
SI3BIKOBBIX MOJECIISAX, a TaKXKe HeAaBHO Hcmoiab3oBamch DeepMind mms AlphaStar - cBoeli mporpamMmbl, HampaBJICHHOW Ha IOOEIy HA
npodeccuoHaIbHBIM HTpokoM B Starcraft. TpancdopmaTopsl ObuTH pa3paboTaHbl IS PEIICHMS 3a]1a4d MPeoOpa30BaHMS MOCIICIOBATCIIBHOCTH HII
HEUPOHHOIO0 MAIIMHHOTO TEepeBoAa. IDTO O3HayaeT 0y 3ajady, KoTopas NIpeoOpa3yeT BXOAHYHO MOCIEAOBATEIBHOCTh B BBIXOJHY]
MOCIE0BATEILHOCTh. JTO BKJIIOUAET B C€0s1 paclio3HaBaHUE PEUH, TPeoOpa30BaHUE TEKCTA B peUb U TaK Jajee.

\

4
: . : N
ENCODER > DECODER
THE ) i . Y /
— — | i p "
TRANSFORMER ENCODER DECODER

O ) )
ENCODER DECODER
) B
ENCODER DECODER
) )
ENCODER DECODER
) )
ENCODER DECODER

k] J
I

J

Tpanchopmepbl He SBISIOTCS PEKYPPETHBIMHU CETAMH, a IIOCTPOCHHBIS
Ha ciosx tuma Self-attention u dense (mrotHo cBsi3anHbIe ciou). Ha
JaHHBIM MOMEHT, MMEHHO TpaHcdopmepsl 3amaror State of the art
OONBINIMX SA3BIKOBBIX Mopened. OmHuM U3 HauOoJiee IMOMYJIIPHBIX
XpaHWIIHIL CETOK Takoro Tuma seisercs Hugging Face.

(0 o O O ) )
»
.
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Kapta moneneit mammHHOTO 00ydeHms. Transformers

Encoder outputs Decoder outputs

Decoder Inputs +

Input embeddi
nput embedding + Positional Embedding

Positional embeddings

Transformer Encoder Transformer Decoder

Tparcdopmep 3To crienranbHas apXUTEKTypa, KOTopasi COCTOUT U3 cJiost sMOenuHTa + cioit Multi-head
attention layer + LayerNormalization + FFNN. Takas komOuHarus oopasyer oJuH OJIOK.
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KapTa MoeaeH MalmHHOro oOyueHus. Transformers

(C

( Feed Forward ) ( Feed Forward )

~

POSITIONAL é é
ENCODING
xal L ][ | xe| | [ ]| |

Thinkina Machines

Add & Normalize }

Softmax

)

Linear

Y

DECODER #2

Add & Normalize

)

............................

Add & Normalize

)

[}

Encoder-Decoder Attention

Add & Normalize

Self-Attention

& O T

Output
Probabilities

Add & Norm

Forward

Add & Norm

[ Add & Norm |
Ak & torn Mult-Head
Feed Attention
Forward 7 7 Nx
y— é
Add & Norm
Nx ﬁ
—(Add& Nom Masked
Multi-Head Multi-Head
Attention Attention
) VR,
=] J o _—
Positiqnal ® @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Attention Is All You Need, Neural Information Processing Systems 2017
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HpI/IMepr ML Mopenu B MaTrepuanoBEICHUN

[IpocTpancTBo xumuueckux coeauneHui (I1XC) - 3To npocTpaHCTBO, 3aIIOJTHEHHOE BCEMHU BO3MOKHBIMHU SHEPTETUUECKHU
YCTONYMBBIMU MOJICKYJIAMU, PA3IAYaIONIUMUCA 0 COCTaBY, pa3MEepOM U CTPYKTypoil. Bompoc MOXHO JM MOCTPOUTH
MaTEeMaTUYeCKUE MOJIENI, KOTOpbIe MOTIIA Obl MpeCKa3blBaTh BEIWYMHY MOJTHOW 3HEpruu Mosekyna? [Ipu Tom 4to ecTh
METO/Ibl, TTO3BOJIAIONIME OLCHUTHh MOMapHYI0 BEJIMUUHY TAaKOW 3HEPruM Ha OCHOBE (DyHKIMOHAJA MJIOTHOCTHU (HampuMmep,
Ha ocHOBe Lennard-Jones potential). ABrops! peIoKuIN BOT Takoi moaxod. B3summ maracer mopsaka 7165 moekyn u3
6a3e1 qanabix GDB, comepxkammx o cemu "Tsokenbix" (C, N, O, S) aromMoB, 111 KOTOPBIX M3BECTHBI BEJIMYWHBI SHEPTHH.

Jlanee chopMupoBaiu A1 KaKI0M U3 MOJICKYJI MaTPUITy MOMapHbIX coueTanuii. 3D structure of ethanol (CH:CH:OH)

GDB Bxmrouaer B ce0si Bce MOJEKYspHbIE Tpadbl,

6 O|CI|C|H|H|H|H|H|H 0-has
COOTBETCTBYIOLINC Habopy HPOCTBIX TpaBii ()| 0 oc|oc OH|OH|OH OH OH OH ocl leal lan 0
OPTraHUYECKOU XUMUU OPOCTBIX paBuI Cloe| ¢ |cc |CH|CH |CH |CH |CH |CH oc | |cul ( :,’“‘*
OPTraHUYECKOW  XUMHMH. DHEPrud  aTOMHU3AIlNH G C \CH|CH |CH |CH |CH |CH ¢\ rom |G i s
800 2000 / H|OH CH|CH| H |HH HH HH HH |HH C OH ('I{ HH OC-bag
HaXOJITCA B IMAMa30HE OT - A0 - KKaJ/MOJIb. H|oH CH|CH |HH| H HH HH HH HH 1 o] | EH H OH bae
CTpykTypHBIE OCOOEHHOCTH BKJIIOUAIOT Ooraroe HloH cH ( H HH HH H HH HH HH H 8” CH m} Py ]"
7 B o (| H CH | | HH ~0ag
pasHooOpasue XUMHYECKUX DIEMEHTOB, TaKHX Kak Hlos \cH (e [Hi [HH [HE| 1 HH HH H| O] ch Hi 1
o o H\OH CH CH un HH HH HH| H HH H — | CH [ | il P
NBOMHBIE U  TPOWHBIC CBSI3H, (TE€TEPO)IUKIIHI, Hlon |ch|cH |7A |aH | HE AR GH| A | H | |((_ CH | | Hii HH-bag
KapOOKCH-, IIUAHU/-, aMH-, CIIUPTO- U DMOKCUIHBIC 9
TPYIIIEL. (a) (b) (c) (d)

Hansen, Katja, Franziska Biegler, Raghunathan Ramakrishnan, Wiktor Pronobis, O. Anatole von Lilienfeld, Klaus-Robert Miiller and Alexandre Tkatchenko. “Machine Learning
Predictions of Molecular Properties: Accurate Many-Body Potentials and Nonlocality in Chemical Space.” The Journal of Physical Chemistry Letters 6 (2015): 2326 - 2331.
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HpI/IMepr ML Mopenu B MaTrepuanoBEICHUN

JI71s1 KaXKJ10M maphl B3sUIM SHEPTUIO CBA3U (M3BECTHYIO U3 AKCIIEpUMEHTa). Takum 00pa3oM Kakjasi MOJIEKyja ObLia
npeacraBieHa BekropoM uncen (Bag — of - Bonds), rae kaxmoe unciio onpeaeiseT monapHoe B3aumoaeiicTeue. Jlanee,
COOTBETCTBEHHO IOJIHAsI SHEPTUs ObLjIa OIpe/iesicHa B BUAE CYMMBI.

N
- _ Mean absolute error (MAE in kcal/mol)
Epop(M) = Z a; exp(—d(M, M;)/0)
20 1 | 1 1 '
Tax Kak pa3Mephbl MOJIEKY Pa3IUUHbI, TO BCE BEKTOPA ObLIH = Bag-of-Bonds
o ——  Pol. degree 6
BBIPAaBHEHBI 110 MAKCUMAaJILHOM JJIMHE, HEAOCTAOIINE JaHHbBIS 151 o i de:: e
OBUIM 3allOJIHEHBI HYIIAMH. S Pol. degree 18
B mTore moyumig MaTpyily 9YHCEIN U KOJOHKY C IPABUIBHBIMH 3 i
- - i~ ’ 7
orBeTamu. Jlairee aBropsl oOyumnmm ridge regression st £S
IpeaCcKa3aHus SHEPTUIO BCEH MOJICKYIIBI. g Bk - u
5N =N —
Kpome Toro, aBTOpbl CpaBHUBAIIA CBOIO MOACIH C APYTUMU A : = AL
Tl |
MTOJIXOJIAMH.
0™=T000 2000 3000 4000 _ 5000 6000 7000

Number of training samples

Hansen, Katja, Franziska Biegler, Raghunathan Ramakrishnan, Wiktor Pronobis, O. Anatole von Lilienfeld, Klaus-Robert Miiller and Alexandre Tkatchenko. “Machine Learning
Predictions of Molecular Properties: Accurate Many-Body Potentials and Nonlocality in Chemical Space.” The Journal of Physical Chemistry Letters 6 (2015): 2326 - 2331.
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BxoaHow cnon el |
HEWNPOHOB CKpblITble cn

HEWPOHOB

Berancnenne BBIXOJHOTO BeKTOopa Y, KOMIIOHEHTaMH KOToporo sBistoTcs Bbixoabl OUT HEHpoHOB, CBOAUTCS K
MarpudyHoMy YyMHOKeHUIO Y =XW, rae M — uunciio BxomoB, N — 4ucJ10 ¢j10eB, 1 X - BEKTOPHI-CTPOKHU.
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M L MOI[GJII/I B MAaTCPHUATIOBEICHUU

11 S T
@y =@y — A0, - @y = @y — A0}, %

wll2=wllz_/1'5ll'x2 @)y =@y — A0y, x,

11
@y = Oy

—
@y =

_/1'513""1
_1.513 X,

MeTtoa oopaTHoro pacnpocrpanenus (Backpropagation)
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ML Mogaenu B MaTepHanoOBEICHUN

Jlist oOydeHus U TeCTUPOBAHUS MPEUIOKEHHON HaMH MOJIeNM IyOokoro oOydeHus Obul ucrnosib3oBaH natacer OQMDI10, B cocras
kotopoit BxomsaT DFT-pacdersl kpucramnorpadudeckux MmapaMeTpoB W HDHTAJIBIUN 00pa30BaHMs IKCIEPUMEHTAIHHO HAOIIOMAeMbIX
COCJIMHECHUM, B3SATHIX U3 0a3bl JAaHHBIX HEOpraHWdecKux kpuctaumyeckux cTpykTyp (ICSD), u runmoTeTHdecKux CTPYKTYp, CO3MaHHBIX
myTeM JACKOPUPOBAHUS MPOTOTUIHBIX CTPYKTYp n3 |CSD paznuunbiMu criocodamu. baza maaaeix OQMD mocTossHHO paciupsieTcss ¥ Ha
MOMEHT HamucaHusi crarbu cojaepkut 506 115 coemaunenuit ¢ 275 7/8 yHUKaIbHBIMH cocTaBaMu. ABTOpbl oOydaeM ML monenu mo
HAaMMEHBIIUM SHTAJBIHUAM 00pa30BaHUs MPU KaKJIOM COCTaBE TaK KaK OHHM IPEACTABISAIOT cO00il Haubosiee CTaOUIbHBIE COCAMHEHNS,
YTO MO3BOJISIET MOJEJH MPE/ICKa3bIBaTh YHEPTHI0 OCHOBHOTO COCTOSIHUSI CTPYKTYPhI B 3aBUCUMOCTH OT COCTaBa.

No. of Layer
Layer Types units Activation Positions
ABTOpI)I 110 CTpOI/IHI/I CCTh E I em N et u Cp dBHHBAJIU Fully-connected Layer 1024 ReLU First to 4th
HEMPOHHYIO CETh C JPYTMMM aJITOPUTMaMH MAIIMHHOTO Drop-out (0.8) 1024 After dth
Fully-connected Layer 512 ReLU 5th to 7th
oOydeHusi. B coctaB mpuszHakoB Bonuiu 145 ¢uzmyeckux Drop-out (0.9) P A7t
aTpuOyTOB, KOTOpBIC JENATCS Ha YEThIpE pa3IuyHbIC Fully-connected Layer | 256 RelU 8th to 10th
Drop-out (0.7) 256 After 10th
KaTCropun - CTCXHOMCTPHYCCKHC anI/I6YTBI, CTaTuCTHUKa Fully-connected Layer 128 RelLU 11thto 13th
CBOMCTB 2JIEMEHTOB, arpUOyThI DJIEKTPOHHON CTPYKTYPBI U Drop-out (0.8) 128 Afer 13th
o Fully-connected Layer 64 ReLU 14th to 15th
anH6yTI)I HMOHHBIX COCITNHCHNH. Fully-connected Layer 32 RelLU 16th
Fully-connected Layer 1 Linear 17th

Jha, Dipendra, Logan T. Ward, Arindam Paul, Wei-keng Liao, Alok N. Choudhary, Christopher M. Wolverton and Ankit Agrawal. “ElemNet: Deep Learning the Chemistry of Materials
From Only Elemental Composition.” Scientific Reports 8 (2018): n. pag.
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HelipoHnnbie ceTu i1 penreHus qgudhepeHIaabHbIX YPaBHCHUN

Conventional Machine Learning Approaches

Feature engineering

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

(Physical Attributes)

Materials Datasets
(OQMD, AFLOWLIB)

/Elemental Composih‘oﬁ

Deep Learning Approach (ElemNet)

Predictive
Model

Training Prediction
Model Input Type MAE (eV/atom) | time (hour) | time (sec)
RandomForest Physical Attributes 0.071 £ 0.0006 1.5 14.80
RandomForest Elemental Compositions 0.157 +£0.0012 1.5 2.87
.o 9.28 (CPU) &
ElemNet Elemental Compositions 0.050 £+ 0.0007 7 (GPU) 0.08 (GPU)

Jha, Dipendra, Logan T. Ward, Arindam Paul, Wei-keng Liao, Alok N. Choudhary, Christopher M. Wolverton and Ankit Agrawal. “ElemNet: Deep Learning the Chemistry of Materials

From Only Elemental Composition.” Scientific Reports 8 (2018): n. pag.




v DoHa U KTYPHBIX
-'"'. YHuBepcuTeT " obpasomeTenI

°%ees nporpaMm
~ Cupuyc omi
KOMﬁI/IHaTOpHI)Iﬁ CKpI/IHI/IHF RAHINIAATOB HA HOﬂyquI/le HOBbIX MaTepI/IaJIOB

Apropel ElemNet npoBeian kKoMOMHATOPHBIM CKPUHHHI C HCIIOJIB30BAaHUEM JIaHHOM MOIEIHM B OIPOMHOM IIPOCTPAHCTBE
COCTABOB, BKJIIOUAIOIIEM OKOJIO MOJyMHJUIMapAa COCAMHEHHH, 4TOOBl BBISCHHUTH, MOXET JIU CETh HICHTU(UIIMPOBATH
CTaOMJIbHBIE COCIMHEHMSI, KOTOPhIE OTCYTCTBYIOT B HallleM oOyuyaronieM Habope. CHavana aBTOphl CPOpMUpOBaIN CIIUCOK U3
npumepHo 450 miH. runorernueckux coeauHeHuii Buga AWBXCyDz rae snementsl (A-D) moryT ObITh 1100BIMH 13 86
anemenToB B OQMD, kpome He, Ne u Ar, a W-Z - monokuTeJabHbIC LIeNbIC YHCIIa, Ielble uncia, rae wHx+y+z<10. 3arem
aBTopbl oneHuBaau AHf »tmx xommosunuii ¢ momomisio ElemNet. TTockonbpky ElemNet Ha nBa mopsiaka ObicTpee dem
JIpyTUe MOJICIIH, OHA MO3BOJISIET YPE3BIYAMHO OBICTPO CKAaHUPOBATH JJIs1 OOHAPYKEHHSI HOBBIX MaT€pPHAJIOB IO CPABHEHUIO C
MOJACISAMM, TPUMEHSIEMBIMU Ha TMPAKTUKE. ABTOPHI BBISBISUIM COCTaBbl, B KOTOPBIX BO3MOXKHO OOpa30BaHHE HOBOTO
COCIMHCHMS, ONIpeNeiss cocTaBbl, /Uil koTopbix ElemNet mpenckaspiBaer 3HTANBINI0 00pa30BaHMS 3HAYUTEIHLHO HIKE,

ONPEICICHHOIO Mopora. = Ternary
B yacTHOCTH, aBTOPHI BBIUMCIISIIN PA3HUILY MEXKIY | Category Count | Examples Count | Examples
AHf mpenckazanaeiv  ElemNet mms  kaxkmoro | [LiKNa]-Containing 4 KF; NaF, 707 NaY.F; KY,F,
coctaBa, 1 AHf mu3 6a3er ganaeix OQMD. Bcero | Chalco-/oxyhalides 5 OF, SeF, 522 Y,0F; Sc,0F;
Obu10  OOHapyxkeHo 232 OuHapHblX, 14 366 |MetalOxides ! Cu,0 81 KTi,05 ReAu,0,
1 Oxid 1 Cu,0 3 Zn,(Cu0); Ti:CuO

TponuHbIX U 353 352 UETBEPTUUHBIX XUMHUCCKHX | -0 el Oxides i na(CuO); TisCuO,

Intermetallics 11 Nb:Sn; Al Ir; | 123 HfALIr, YAl,Ir,
cucteM u3 4,3 miH, B Kotophix AHf mo manHbIM

Intermetallics HHI, <2500 |0 0

ElemNet amxke texymero 3nauennss OQMD.
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NN 1 pemeHus 1ud@epeHIralIbHBIX YPABHEHUN - (POPMYIHMPOBKA

HetiporHasle ceTrm MOTyT OBITh NPUMEHEHBI IS perieHus auddepeHnuanbHbIX ypaBHEHWH Ollarogaps MX CIIOCOOHOCTH
arIpOKCUMUPOBATH JIFOObIE (PYHKIIUH,

1. ®@opmyaupoBka 3agaun: IIpenmonoxum, yTo y Hac ecTh auddepeHInaIbHOe YPaBHECHUE, KOTOPOE Mbl XOTHM PEIIHTh.
Hanpumep, nuddepenmmansaoe ypapaenue suga dy/dx = f(X, y), roe f - u3pectnas gynkmus. Mel XoTuM HaWTH (QyHKITHIO
Y(X), KoTOpas yIOBIETBOPSET 3TOMY YPaBHCHHIO M HaYaJIbHOMY ycioBuio Y(X0) = y0.

2. AnmpoxkcuMaiusi pemenusi: Mbl mipecrapisieM uckoMyro (GyHKIn0 Y(X) Kak BBIXOJI HEHPOHHOW ceTH ¢ BecaMu W H
BxoaoM X: Y(X) = NN(X; w).

3. ®opmyanpoBKa QPyHKIHU MOTepPb. QYHKIUS TOTEph (GopMyaupyercs Tak, 4TOOb MHHHUMH3HPOBATh Pa3HHIYY MEXITY
JeBOM W TpaBo dYacTaMH Au(GepeHIINaTbHOTO yPaBHEHNS, BBIUYMCICHHBIMH B TOUYKaX OOydYaromiell BBIOOPKH, a TakKkKe
yIOBJICTBOPUTH HaYaIbHBIM yciIoBuIM. Hanpumep, mas ypapaenus dy/dX = f(X, y) dysknms norepb MokeT ObITh Takoi: L (W)
= (dy/dx - f(x, NN(x; w))"2 + (NN(x0; w) - yO)2.

3. O0yuenue HeiiponHoH ceTu. HelipoHHasi ceTh 00ydaeTcss MUHUMHU3UPOBATh (PYHKIIUIO MOTEPh C MOMOIIBIO aIrOpuTMa
ONITHUMU3AIINH, TPATUESHTHOTO CITycka. B mporecce oOydeHust Beca W HEMPOHHOH CETH MOACTPANBAIOTCS TaK, YTOOBI (PyHKITHS
NN(X; W) Bce nyulie u JIy4Iie yaoBieTBopsiia 1uddepeHImaIrHOMy YPaBHECHHIO U HaYaIbHBIM YCIOBHUSIM.

4. Ucnoab3oBanne o0yuyeHHou ceTH: Ilociie oOyueHHsi HEHPOHHAsI CETh MOXKET OBITh MCIIOJIB30BaHA ISl MPUOIUKEHHOTO
pemeHuss auddepeHIaIbHOT0 YpaBHEHUS B JIIOOBIX TOYkax. BBIXojq HEMpPOHHOW ceTW IS JaHHOTO BXoja X JaeT
NpHOIKEHHOE 3HaYeHHE nCKkoMol pyHKImH Y(X) B 3TOH TOUKE.
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JlocToMHCTBA IPUMEHEHUSI HEHPOHHBIX ceTell 1 pelneHus AudepeHunaaIbHbIX YPABHEHUM:

1. YuuBepcajabHOCcTh: HelipoHHble ceTr MOTYT NMPUOIUKATh MPAKTUYECKHU JIF0ObIe (YHKIIMU, YTO JI€JIACT UX HOAXOAIIUMHU ISl peIICHUs
HIUPOKOTO criekTpa AudPepeHInalIbHbIX YPaBHEHUI.

2. IlTapanaenun3m: OOyueHUE HEMPOHHBIX CETE MOXKET ObITh 3(QPEKTUBHO pacmapaliesIeHO, YTO MO3BOJISAET UCIIOJIb30BATh COBPEMEHHBIE
BBIYUCIIUTENIbHBIE PECYPCHI JIJI1 YCKOPEHUSI PEIICHUS.

3. PaboTa ¢ BbICOKOpa3MepHBIMU NpocTpaHcTBaMu: HelipoHHbie ceTH MOTYT ObITh 3()EKTUBHO UCITOJIB30BAHBI JJIsI PEIICHUS
mudepeHInANTbHBIX YPABHEHUI B BEICOKOPA3MEPHBIX MTPOCTPAHCTBAX, TJI€ TPAJUIIMOHHBIE METOAbBI MOTYT CTOJIKHYTHCS C "TPOKIIATHEM
pa3MepHOCTH".

Henocrarku npuMeHeHUsI HEMPOHHBIX ceTel /I pemeHus Ju(pPepeHualIbHbIX YPABHEHMIN:

1. Caoxknocth HacTpoOliku: HelipoHHbie ceTy TpeOyIOT TOHKON HACTPOUKHU THIEpPHIapaMeTpOB, BKIIIOYAsT apXUTEKTYPY CETHU, CKOPOCTh
oOy4eHUs U APyrue napaMmeTpbl ONTUMHU3ATOPA.

2. HemocTaTok rapanTuii CXOOMMOCTH: B oTJIMUME OT HEKOTOPBIX TPAIUIIMOHHBIX YHCIEHHBIX METOI0B, HCUPOHHBIE CETHU HE BCET/a
MOTYT TapaHTUPOBATH CXOJAUMOCTb K UCTUHHOMY PELICHUIO

3. TpeboBaTeIbHOCTh K BRIUUCIUTENBHBIM pecypcaMm: OOydueHue HEMPOHHOM CETH MOXKET MOTPeO0BaTh 3HAYMTEIBHBIX BHIUYHUCIUTEIbHBIX
PECYPCOB U BPEMEHHU, OCOOCHHO JIJISl CJIOKHBIX M BEICOKOPA3MEPHBIX 3a/1a4.

CJ105)KkHOCTh HHTEpHpeTanumn: Pe3ynbrarhl, MOJTYUYEHHBIE C TTOMOIIBI0O HEHPOHHBIX CETE, MOTYT OBITh CJIOXKHBI JIJI1 UHTEPIPETAIIUH,
MOCKOJIBKY HEMPOHHBIE CETH SIBJISIOTCS "UepHBIMU SIIITUKAMU'"
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Open source projects in materials science

https://www.opensourceagenda.com/tags/materials-science

Open § , . .
OS Ag::d:um Home Projects Resources Alternatives Blog Signin

Deepmd Kit

A deep learning package for many-body potential
energy representation an...

Deepchem

Democratizing Deep-Learning for Drug Discovery,
Quantum Chemistry, Mater...

Pymatgen
Python Materials Genomics (pymatgen) is a robust
materials analysis code...

Megnet Fipy Nequip

Graph Networks as a Universal Machine Learning
Framework for Molecules a...

Matminer

Data mining for materials science

Tomviz

Cross platform, open source application for the
processing, visualizatio...

FiPy is a Finite Volume PDE solver written in Python

DFTK.jl

Density-functional toolkit

Pycalphad

CALPHAD tools for designing thermodynamic
models, calculating phase diag...

NequlP is a code for building E(3)-equivariant
interatomic potentials

Dscribe

DScribe is a python package for creating machine
learning descriptors fo...

Pycroscopy

Scientific analysis of nanoscale materials imaging
data
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1. IIpoext DeepChem conmepkut 00MMPHYIO KOJUICKITHIO yYeOHBIX TocoOmid. Bee yueOHbIe TOCOOUS ITpeTHa3HAYCHBI IS
pabotel B Google colab (vm m0kaabHO, €CJIM Bl IPEAIIOUNTACTE). Y UCOHUMKH PACIIOIOKEHBI B IIpeIaracMom
MOCJIEIOBATEILHOCTH O0YyYEHHUsI, KOTOPas MO3BOJIUT BaM MPOUTH MyTh OT HOBUYKA JI0 CIIEIUAINCTA B 00JIACTH MOJIEKYJISIPHOTO
MAaIIMHHOTO 00yYeHHUS U BRIYMCIUTEIbHOM Onoytoruu B mieioM. Links: https://www.opensourceagenda.com/projects/deepchem
Python, tensorflow

2. Ilenbio mpoekTa Deep Potential ssiseTcs ncnoip30BaHre METOIOB TITyOOKOT0 OOYUYCHUS M pealin3arys OOIIeH, TOUHOM,
BBIYMCIUTENBHO 3()PEKTUBHON U MACIITAOUPYEMOUM MOJIEJIM MEXKATOMHOMW MOTCHIIMAIBHOM SHEeprun. KitoueBbiM
KOMITOHEHTOM SIBJISIETCSI COOJTIOJICHUE SKCTEHCUBHBIX U CHMMETPUYHO-UHBAPUAHTHBIX CBOMCTB MOJEIHN MTOTECHIIUATbHOM
DHEPTUHU MIYTEM HA3HAYEHUS JIOKAIIbHOU CUCTEMBI OTCUETA U JIOKAJIbHOTO OKPYKEHUS U1 KaxkA0ro aroma. Kaxnoe
OKPYKEHUE COAEPIKUT KOHEUYHOE YUCIIO ATOMOB, JIOKAJIbHBIE KOOPAUHATHI KOTOPBIX PACIIOIOKEHBI C COXPAHEHUEM
CUMMETPHUHU. 3aTE€M ITH JIOKAIbHBIE KOOPIMHATHI TPEOOPa3yIOTCA yepe3 MOACETh B TAK Ha3bIBAEMYIO aTOMHYIO SHEPTHIO.
CyMMHpOBaHHUE BCEX aTOMHBIX SHEPTUM JA€T MOTCHIIUAIBHYIO SHEPTUIO CUCTEMBI.

Links: https://www.opensourceagenda.com/projects/deepmd-Kit

C++, Python



https://www.opensourceagenda.com/projects/deepchem
https://www.opensourceagenda.com/projects/deepmd-kit
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3. Pymatgen (Python Materials Genomics) - 3to 6u6aroTeka Python ¢ OTKpBITEIM HCXOAHBIM KOAOM JUIS aHAIM3a
MarepuajioB. BOT HEKOTOpPBIC M3 €€ OCHOBHBIX 0COOCHHOCTEH: BhICOKOrHOKME KIacChl I MPEICTaBICHUS 00bEKTOB
Element, Site, Molecule u Structure.lllnpokas momiepka BBoJia/BbIBOJIA TAHHBIX, BKIIFOUYAs ITOICPKKY (hOPMATOB
daiimoB VASP, ABINIT, CIF, Gaussian, XYZ u MHOTHX Jpyrux. MoIIHbIE CPEICTBA aHAI13a, BKIIFOUAas IIOCTPOCHHUE
(bazoBbIX guarpamm, auarpamm Ilypoe, nudPpy3roHHBIX aHATU30B, PEAKIIUM U T.J. AHAIU3 SJIEKTPOHHON CTPYKTYPHI,
TaKOH KaK IIOTHOCTh COCTOSIHUH 1 mojiocoBas crpykrypa.Marerpanus ¢ REST API npoekra Materials Project.
Links: https://www.opensourceagenda.com/projects/pymatgen

python

4. Data Resources For Materials Science

JlaHHas! KOJUIEKIIMS BKJIFOUYAET CIIUCOK OHJAMHOBBIX U 0 (PIIaifHOBBIX PECYpPCOB MO (PU3NUYESCKUM, XUMHUUECKUM,
MEXaHMYECKUM U BCEM JAPYTUM CBOMCTBAM MaTepHaJIOB.

https://www.opensourceagenda.com/tags/materials-science

Databases in Materials Science

Database Name Description

NIST Materials Genome
Initiative (MGI)

Several databases for different material classes

Phase transformation temperatures (e.g. melting, solidus, solvus), lattice

NIST Materials Data Curation , . . . .
parameters, thermal expansion, elastic constants, and diffusion coefficients and

System (Part of MGI) - ,
compositions profiles

NIST Materials Data


https://www.opensourceagenda.com/projects/pymatgen
https://www.opensourceagenda.com/tags/materials-science
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GPT-4 for
Scientific
Discovery
h, 4 l Y l l
. . Computational . . Partial Differential
Drug Discove Biolo . Materials Des .
[ € L ] [ 8y ] [ Chemistry 'gn ] [ Equations
' . ™ =y .
Understanding concepts Understanding biological Electronic structure: Memorization and [ Knowing basic concepts
L in drug discovery seguences theories and practices L designing principle about PDEs
i R Reasoning with built-in Molecular dynamics [ Candidats aal Solving POES
| rug-targ ng biological knowledge simulation prof g
Muleculalr plmpert}.r Demgnltng DIUI'I'IIDIE.‘{] ules Practical examples Structure generation Al for PDEs
prediction and bio-experiments ' B )
Retrosynthesis Property prediction
Novel mol:acule Synthesis planning
| generation
[ Coding assistance for . .
data processing Coding assistance
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IpoMOT UHKUHUPUHT

Prompt:

For inorganic solid electrolytes, can you categorize them into families based on the anion chemistry?

GPT-4:

Certainly! Inorganic solid electrolytes can also be categorized into families based on the anion chemistry. Here are some of the main
categories:

1. Oxide-based electrolytes: These electrolytes have oxide anions (02-) in their structure. Examples include:

e a. Perovskite-type: e.g., Lag g7Srn.33Aln.g7Tan. 3303 {LSAT} for sodium-ion conductors.
e b. NASICON (Na Super lonic CONductor)-type: e.g., Li; 5Alp.5Ge1.5(PO4)3 (LAGP) for lithium-ion conductors.
e c. Garnet-type: e.g., LizLa3Zr2012 (LLZO) for lithium-ion conductors.

2. Sulfide-based electrolytes: These electrolytes have sulfide anions (52-) in their structure. Examples include:

e a. Thio-LISICON (Li Super Ionic CONductor)-type: e.g., Li4sGeS4 and LigSiSy.
e b. Argyrodite-type: e.g., LigPS5Cl and LigPS;Br.
¢ c. Thiophosphate-based: e.g., LijnGeP2512 (LGPS).
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Prompt

e You are a materials scientist assistant and should be able to help with proposing new chemical composition of materials.
e You are asked to propose a list of chemical compositions given the requirements.

e The format of the chemical composition is AxByCz, where A, B, and C are elements in the periodic table, and x, y, and z are
the number of atoms of each element.

e The answer should be only a list of chemical compositions separated by a comma.

e The answer should not contain any other information.

e Propose 30 requirements.

” Metal alloys - lonic compounds » Prototypes )
- . correct number of elements . corect number of elements . satisfy prototype
s alley S e W charge balance
124 . alleriteria 124 . charge balance 12 Al critenia

sl eriteria

[
=

Sucraess Rabe
ol
@
=]
=

e
o

Swcoess Rabe
=] o
& &

o
&

=1
153

a
B

g

o
Elnary temary quatermany binary ternary quatemany peravskite fluarite half-heusiar spinels

Left: the success rate of generating chemical composition of metal alloys. Middle: the success rate of generating the
chemical position of ionic compounds. Right: the success rate of generating the chemical composition of given prototypes.



% M oHa MHGPACTPYKTYPHBIX

t‘.::n.- YHHBepCHTET 1 06pa30BaTENbHBIX
® o-t‘- . ® nporpamMmm
s Cupuyc TIRE

IIpumenenne LLM B o6nactu Materials Science: 13.November.2023

Table 10: Prediction of atomic coordinates with GPT-4.

Formula Element Correct CN GPT-4 CN

BaAl,O, Ba 9 (provided as example)

BaAl,O, Al 4 (provided as example)

BaAl,0y O 2 (provided as example)

BeySi0O, Be 4 4

Be,Si0, Si 4 4

BEQSiOi O 3 2

Ca(BOs)s Ca 8 7

Ca(B0Oy), B 3 3

Ca(FeO,), Ca 8 § g/b
Ca(FeO,)s Fe 6 4

Ca(FeOs)s O 5 2

Fe,Si0, Fe 6 6 Figure 5.6: crystal structure of silicon predicted by GPT-4 and from materials project.
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Prompt:
please provide MATLAB code to solve the lollowing equation

GPT-4:

in different figures:

Y Parameters
gamma = 2:
lambda = 100;
llpha = 2/ (gamm

= alpha 4 gams

Discretization
I = 100; M = 100;
d_t =1/ (N-1);

for j = 1:M-1

4‘1:'.

s & (alpha # gamma - 1);

dt =1/ (M-1); x= linspace(D, 1,

plense plot the analytical solution, numerical result and their comparison in diferent Agures

Here's a MATLAB code that solves the given x| o e weanlly, |,I]:|I.ﬂ ther analvtieal sodition, numerieal resalt,

H); t = linspace(0, 1, M);

Initialize solution matrix
u = zeros(N, M);
% Boundary and initial conditions
U(:, 1) = lambda~(1 / (1 - gamma)) = x.“alpha;
Oc1, ) = 0;
Uflend, :) = ({1 - gasma) # sm = t + lambda).~(1 / (1 - gamma));
% Mumerical solution using finite difference method

e = A&(u?)=0 (z.t)€ 0,1 x|0,1],
wlx.0) = A y
wil, £} 0,
w(l, t) = ((1 = 7t + A T-
, |
where w 2> Dand 5 =2, A= N, v = — and i = orylory 1) = 0. Further, the analviical solution = wlez 8 = ({1 oy hud 4 A) T =5 2™,

arwl Lhasir COHTIRAT I0T)




Do HOPACTPYKTYPH
o YHMBEFJCMTE‘T quHpAql;uBmaEHu: o

:Cupuyc =

il Wi | N
HpHMeHeHHe LLM B obmactu mudd. ypasaenmii: 13.November.2023

Prompt:

0

Some works leverage deep learning to approximate the solution of the PDE. Give me some representative works and introduce them

with one sentence.

GPT-4:

1. Raissi, Maziar, Paris Perdikaris, and George Em Karniadakis. "Physics-informed neural networks: A deep learning framework
for solving forward and inverse problems involving nonlinear partial differential equations." Journal of Computational Physics
378 (2019): 686-707. This work presents physics-informed neural networks (PINNs) as a deep learning framework for solving
forward and inverse problems involving nonlinear PDEs by encoding the governing equations into the loss function.

2. Sirignano, Justin, and Konstantinos Spiliopoulos. "DGM: A deep learning algorithm for solving partial differential equations."
Journal of Computational Physics 375 (2018): 1339-1364. This paper introduces the Deep Galerkin Method (DGM), a deep
learning-based algorithm for solving high-dimensional PDEs, with applications in finance and physics.

3. Han, Jingtian (Correction: Jiequn, Han), et al. "Solving high-dimensional partial differential equations using deep learning."
Proceedings of the National Academy of Sciences 115.34 (2018): 8505-8510. The authors propose a deep learning-based method
to solve high-dimensional PDEs using feedforward neural networks and demonstrate its efficiency in solving a variety of PDEs,
including the Black-Scholes and Hamilton-Jacobi-Bellman equations.

4. Long, Zichao, Yiping Lu, and Bin Dong. "PDE-Net: Learning PDEs from data." International Conference on Machine Learning.
PMLR, 2018. This work introduces PDE-Net, a deep learning framework that learns the dynamics of PDEs from data by using
a trainable numerical integration scheme and convolutional neural networks to approximate the spatial derivatives.
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