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Abstract

The progress of human civilizations has been dependent on material discovery through-
out history. With the discovery of iron, it replaced most farming tools such as sickle, plow
tips, etc., which were earlier made from bronze and stones, leading to efficient farming. Also,
the early use of iron in weapons made some civilizations dominant in warfare. Similarly,
glasses have been significantly affecting human civilizations since their first use as an or-
nament. Today, inorganic glasses are being used in numerous industries as they provide
unique properties with an astronomical number of possible glass compositions (glasses and
inorganic glasses are being used interchangeably throughout the whole work). Glasses find
their applications in computer screens, optical lenses, bio-active implants, optical fiber,
the automotive industry, nuclear waste management, laboratory glassware, electrolytes,
etc. The glass composition is not fixed, unlike crystalline materials, and can be formed in
almost any stoichiometry. The glass property can significantly change with a slight change
in glass composition or the addition and removal of glass components. Hence, finding an
optimum glass composition for a targeted property is a challenging task. A naive trial and
error method or heuristic approach with experiments can get easily overwhelmed with the
number of possibilities of a glass composition. Therefore, we use machine learning (ML)
methods to model the composition—property relationship for glasses. These relationships
can be used with optimization algorithms to find the optimum glass composition given
some constraints.

The research work use machine learning methods to model numerous glass properties
(25 glass properties, namely (a) Abbe number, (b) annealing point, (c) bulk modulus, (d)
compressive strength, (e) crystallization temperature, (f) density, (g) dielectric constant,
(h) electrical conductivity, (i) Vickers hardness, (j) refractive index, (k) shear modulus, (1)

softening point, (m) strain point, (n) liquidus temperature, (o) Littleton temperature, (p)



thermal expansion coefficient (TEC), (q) tensile strength, (r) glass transition temperature, (s)
thermal conductivity, (t) thermal shock resistance, (u) infrared (IR) transmittance, (v) solar
transmittance, (w) visible transmittance, (x) ultraviolet (UV) transmittance, and (y) Young’s
modulus). The research work introduces glass selection chats which can be used to identify
optimum glass compositions by optimizing two-glass properties simultaneously.

Further, these ML models are then used with explainable ML techniques (SHAP) to
understand the compositional control of particular glass properties. The research capture
the already known composition—property relationships such as Lowestein’s rule, boron
anomaly, etc. It also elucidates the known phenomenon, such as the increase in thermal
expansion coefficient for low network-former glasses, decrease in liquidus temperature
for high network-modifier glass, etc. Finally, the models were tested on a new glass family
0.5P,05—(1-x) CaO-xMgO, for which ML models predict an accurate trend for density, hard-
ness, and refractive index. The effect of MgO mol% is captured by SHAP values elucidating
the effectiveness of SHAP analysis in understanding the composition—property relationship.

The composition—property relationships in inorganic glasses are complex, which ML
methods can capture and explain with significant accuracy. The mechanisms behind these
relationships can not be captured with black-box ML models, and therefore molecular
dynamics or DFT simulations are needed to reveal these mechanisms. The DFT simulations
are costly, and interatomic potential for MD simulations is not always available. Therefore,
the research introduces two frameworks, namely MCLNN, and LGNN, which can be used to
approximate and machine learning interatomic potentials from DFT simulation trajectories.
MCLNN can learn simple systems with pairwise interactions such as L] systems, harmonic
spring systems, etc., while LGNN can learn systems with complex interactions such as liquid
silica systems. LGNN is able to capture structural features such as pair distribution function,
bond angle distribution, etc., with high accuracy. The MD simulations can only simulate

systems with nanometer size therefore, an upscaling of material property is required to



simulate the system at mesoscale (such as peridynamics simulations) with a large system
size. The research introduces a software package, PeriDyn, which provides an interface to
write arbitrary peridynamics workflow with machine learning frameworks. The package
can be used to learn the peridynamics material model parameters from MD trajectories to
upscaling the material property to mesoscale.

Overall, the research explores the use of machine learning methods in modeling
composition—-property relationships for inorganic glasses, explaining composition depen-
dence of inorganic glass properties, understanding mechanisms with MD simulations, and

up-scaling of material response to mesoscale using MD or DFT simulation trajectories.

Keywords: Inorganic glass, glass, machine learning, explainable ML, PINN, Physics-

informed ML, ML interatomic potential, upscaling material model, peridynamics



BILE

AT TEaTsit i WTa O¥ Sfaerd ® ¢ yersl & @it U= ¥R 38T 8| Sig 6T @isT & arer ifoehizr |dr &
ST SIT 21T, 205 Sl A1k 31T 95 91T, STt U8e) i 3R TR 3 a7 ST o, Forerst Sares it g2 | 2frami
H B & FHIATAT ITIRT & AIATN Bl Fegr H THTET ST T TSI Bl i ITH AT ST &Y AT | T
ARE, M2 AT TIATA Sl Teh STTT & T H Tgos! TR STIRT HR & 91 I HEedYoT & I THId 2 a7
T 3TTST, g ST A T3] T STFT R ST I-T & i Teh 22T T3S AXaT31 o AT T {ohaT 1T Tehall & U4 &
TREAT ST T[0T UG el & | 2MTam hegex Bhi, Sifese o, al-ufaed 3y, AfTese hgeay, siiemied
T, IRATY SIS T, TIPS RET, Tohaalaeg ecla # TAT [har ST € | 313l 6t === a9 el
BT & ot =g @oreret fonsdy oft S1garel & ST ST Ak B 1 2 Ry TReT H AreT SEaT A1 203 & gedh! b
STre 3R Za OR 2Tl & 0T Aol &9 | 980 Hehd & | SATHY, BIGTd II0T o [ 212l Sl S FR=1 @i
Teh FAAYOT H & | 23T T ST IR Giot o fo5T Ueh AT eTaa-Ug-URR fafer 3 arey o 3fret r wi==mr
T HTIATSAT T AT T ST 3 ST & Tt 81 TATHT, 7 212t & fHT Tor-[or—Ae e o #iges i &
forw wafi i faferat o1 Ui o €| et i geaw =T o @ist & (o 7 et 1 3T Ush ST HaT
TATIREH o AT STFT ThaT ST HhelT B

ST T 5 32 o 0N (25 2l 6 T (a) T R, (b) THIHT A2, () Towh A, (d) FoRa o,

(e) TR Tosetz ATOHT, (f) B9, (g) IRTIGA R, (h) Fo=gd TresendT, (i) Toehet 2164, (j) STaade gahish, (k)

R Aiee, (1) AT 4ige, (m) ¥ Uige, (n) fofaasst amamm, (o) fesed aram M, (p) a9 favdr sJoris
(TEC), (q) SIS T, (r) T SIS dTIHT, (s) THS ATShHT, (1) THS 20T UTARI, (u) 3T (IR) T, (v)
HR FUTT, (w) [T T, (x) TRISITHET (UV) EUTOT, 3R () T T H197h) 1 G183 3 o (6T T2 ST
% ARIRI BT IYIT HIAT & | T 3N B 2T-2@-41E U2T HRT & FSrreht IUFT 2frzt < <7 IOl T A1
SR o5 Heeh TEAH 312! Sl Tga He & (o Fonam 51T FhaT 21

T TATET, 2ier o Tz I[oT & ARETA =0T st T o T T 3 7l =0T At sl 1 3UFT SHAP SRy
HATHATHS W ST dhriTehl o AT [T STAT 8| ST U8 I 2 AT AXaT-I[0T A oI T B
& FrIm, TR Tt anfe ot Uehe | WeTH ®| I8 AT MFHET T Uohe T 8, SURUI: HH Jedh-hiaT
& B IR A9 SRR 0TI | s, I8 Aeash-AIShUR & [T fo5Tera g aTadT | AT M | 3T, 72T ST
HiSc! T TLIETT Teh T 3137 (0.5P,05-(1-x)Ca0-xMgO) TR [ohaT 71, orres foT 73 ST et o9, SR
IR TITIF IYTHIH & (5T TS STTAT FIM & | TITH MgO HT T SHAP JA1 ZIRT HeIeh 3T ST 7, ST
RIAT-I]0T TFET BT AT § SHAP [T gNoT &t ez iiesar s e =T 2|

23 WREAT-I[OT TR STee grar &, o 7 T fafemrt aderdr & e uehe 3R e Iehdr 81 3T
Tl o YIeS & o Bl scheh-aToRT AT ST [T S AT T AR ST FehdT | TATST §F a0 bl IHe = &
fo5w MD fRmcs== a1 DFT Rrgerer &t siTazaeha 2t 8 | DFT [Rcsa SIdhl 399 &d & 3Tk MD ez & fow
Zeelie IR gH3 3UCST el gaT 81 TATST, IH & WUL@Tstl sl 93T T &, MCLNN U§ LGNN,
STt ITFRT DFT R eha Ugtuash I 72i BT geXeiiie TeiRre sl A o & fo forar ST Tehar
&1 MCLNN ¥R oTTosat st gy Rafast a1, 1 wotres, gmit=es BT yomdt snfe i wehar 2, STafs




LGNN e oyt Tomet SRt Sifes geveaRi ardil ToTe e AehdT &1 LGNN TREHTH fazivdrd Sy 99
SeT-TheH, BT TeT-Thes FANS Sl I8 TCThdT o AT UTH H3 H T8 2| MD Rz Hhaes "-ries STHR
S oTIToRT <RI BT STehRUT e Tehd &, THTHT TS STHTR (HAShe3) T TOTTHAT (IUROTA: peridynamics RIges3)
T STIHROT TR & (o5 TGT T IOTAT hl STURLRIAT HI STTZIRAT Bl & | SHUTT Teh AR UahsT, PeriDyn
2T AT &, ST T2 ST TeHaeh & AT FHTHT 61 YT fos@ & 5T Ueh $e=ohRT UaT hdl & | Tieda’
YehoT T 3UFT THST TeiUdsh & peridynamics A RES HISe ATUC Sl ol AIE= o (5T TohaT ST FehalT &, Forard gered
ST IOTAT T 3TIRRIHT hl ST kel & |

T AT, ST 3112r & AAAT-I[0T Ha e, 3fr2r o 0T hr TR=T =T T =R =1, MD Rz
T T DI AT 3T UaTe o T A STIRR T e ST H T3 ST [T & 3u=ihT i ugare s=ar 2|
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