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Glass Discovery
Motivation

• Glasses: back-bone of society

• Glass discovery: empirical, uneconomical 
with a design-to-deploy period of 20-30 
years

• UN sustainable development goals: 10/17 
can potentially be addressed through 
glass innovation: IYG

• Areas: energy, infrastructure, healthcare, 
CO2 emission, space sector

Alternate approach: Data-driven Modeling
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AI for Glass Discovery

S. Miret, NMAK, Nat. Mach. Intell., 2025; I Mandal, … NMAK, Nat. Communications, 2025 (accepted); 

NMAK, K. Jablonka, Nat. Rev. Chem. 2025
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MatSciBERT
First Materials-aware language model

§ BERT based 

Language Model / Text 

Encoder pre-trained for 

15 days on Materials 

Science corpus 

consisting of ~285M 

words

Gupta T, et al. NMAK, Mausam, npj Computational Materials. 2022 May 3;8(1):1-1.
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Structure factor database
Image analysis

•421 structure factors

•302 glass compositions

•22 unary, 142 binary, and 103 ternary 

glasses

•Both experimental and simulated

Zaki et al., NMAK, JNCS-X, 2022
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MaCBench
Benchmarking multimodal models

N. Alampara, et al., NMAK, K. Jablonka, Nat. Comput. Sci, 2025
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LLaMat
LLM for Materials

Mishra et al., NMAK Nat. Mach. Intelligence, 2025 (Accepted in principle)
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LLaMat
First Large Language Model for Materials

Dataset Size Items

Mat Sci Comm Discourse 14 M 

tokens

37401

Elsevier 24B 

tokens

3.42 M (521 journals)

Springer 6B tokens 0.641M (395 journals)

Red Pajama 1B tokens

CIF Files ~4gb 454,046

Mishra et al., NMAK arXiv, 2024
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LLaMat
First Large Language Model for Materials

LLaMat

significantly 

outperforms 

LLMs on 

MatSci tasks!

Mishra et al., NMAK arXiv, 2024
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IE from Tables
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Information Extraction from Tables
Challenges

1. Distractor rows and columns: Material properties, 

molar ratios, errors, etc

2. Orientation of tables

3. Different units: mole%, weight%, mole fraction, 

weight fraction

4. Material IDs: Used by the authors to succinctly 

refer to different materials in their publication 

(may not be present)

5. Nominal and Experimental: Two compositions 

(expected and analyzed) reported for one 

material in the same table

Gupta et al., NMAK, Mausam ACL, 2023 Hira et al., NMAK 2023, RSC Digital Discovery
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Information Extraction from Tables
Challenges

6. Single-cell compositions: Entire composition in one table 

cell (some coefficients may be missing)

7. Percentages not summing to 100: Re-normalization is 

needed. Common case is doping

8. Percentage contributions as variables: Like x, y, etc. 

Contributions can have arithmetic expressions

9. Partial Info Tables: Percentages of only some 

constituents reported in table. Infer remaining 

composition from table caption or publication text

10.Other corner cases

Gupta et al., ACL, 2023
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MatSKRAFT
Composition extraction from tables

Gupta et al., ACM, 2023

1. Property extraction with units

2. Composition extraction

3. Linking them

4. Applications
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MatSKRAFT
Composition and property extraction from tables

Gupta et al., NMAK, ACL, 2023; Hira et al., NMAK, AI4Mat, NeurIPS, 2024 
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MatSKRAFT
Extracted dataset

Gupta et al., NMAK, ACL, 2023; Hira et al., NMAK, AI4Mat, NeurIPS, 2024 
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Data-driven modeling in glasses
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Dataset visualization

25 properties; 84 elements; 224 components; 350,000 glass compositions

Bhattoo et al., NMAK, Materials Horizons, 2020; Bhattoo et al., NMAK, Acta Materialia, 2023
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Machine learning models
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Material selection chart
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Python for Glass Genomics

(PyGGi)http://pyggi.substantial.ai

• ISRO: Glasses for space application

• BRNS: Glasses for nuclear waste immobilization

• Sisecam: Glasses for commercial applications

• Battery electrolyte glasses

http://pyggi.iitd.ac.in/
http://pyggi.iitd.ac.in/
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Constraints for nuclear waste glass
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❖Series  of glasses obtained after compositional optimization 

using machine learned model

Na2O 

(mol%)

SiO2

(mol%)

B2O3

(mol%)

ZnO

(mol%

)

TEC

(ln[10−7 K −1 

])

Thermal 

Conductivity 

(W/(m.K))

Density 

(g/cm3)

Tg

(K)

Viscosity 

(poise)

21 52 18 9 101.90 0.77 2.62 808.87 2.6831

24 52 18 6 105.57 0.78 2.59 785.74 3.0581

27 52 18 3 114.34 0.77 2.51 776.94 3.5894

30 52 18 0 121.98 0.75 2.52 779.55 1.4328

Optimized glass compositions
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Sample Name Na2O SiO2 B2O3 ZnO

NBSZ-9 21 52 18 9

NBSZ-6 24 52 18 6

NBSZ-3 27 52 18 3

NBSZ-0 30 52 18 0

Temperature 

(℃)

Time (h)

0-300 3

300 4

300-800 5

800 4

800-1200 2

1200 1

NBSZ-9 NBSZ-6 NBSZ-3 NBSZ-0

Glass preparation
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Na2O(

mol%)​

SiO2

(mol

%)​

B2O3

(mol%

)​

ZnO​

(mol

%)​

TEC​

(ln[10−7 K 

−1 ])​

Thermal Con

ductivity (W/(

m.K))​

Density 

predicted (

g/cm3)​

Density 

measured (

g/cm3)​

Tg

(K)​

Tg

measured 

(K)

21​ 52​ 18​ 9​ 101.90​ 0.77​ 2.62​ 2.61 809​ 803

24​ 52​ 18​ 6​ 105.57​ 0.78​ 2.59​ 2.60 786 806

27​ 52​ 18​ 3​ 114.34 0.77​ 2.51​ 2.56 777 793

30​ 52​ 18​ 0​ 121.98​ 0.75​ 2.52​ 2.52 780 785

Comparison between ML and experiments

How did we prepare these glasses?
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Towards Automated Experiments
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Automated Atomic Force Microscopy
Can Agentic LLMs drive experiments?

• AFMBench: Benchmark tasks for AFM

I. Mandal et al., NMAK, Nat. Comm., 2025 (In Press)



N. M. Anoop Krishnan AIGMF M3RG, 

IITD

Automated Atomic Force Microscopy
Can LLMs drive experiments?
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Automated Atomic Force Microscopy
AFMBench

AFMBench: 100 different experiments; 5 challenging open-ended ones 

I. Mandal et al., NMAK, Nat. Comm., 2025 (In Press)
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Automated Atomic Force Microscopy
AILA Performance
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Automated Atomic Force Microscopy
AILA Performance
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Towards Industrial Scale
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Automation at Plant Level?

Cement manufacturing

• Cement manufacturing: an 
extremely complex process

• ~8% global CO2 emissions

• Develop a digital twin for process 
optimization and quality control in 
collaboration 5 cement companies 
round the globe

Image Source: Encyclopædia Britannica, Inc.
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Model features

• Input features include raw materials, 
fuel, process parameters

• Goal: Clinker mineralogy

• Major challenge: Data cleaning and 
alignment
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Model performance

• Accurately forecast clinker 
compositions

• Allows direct control of the plant for 
optimization

• Performs better than the models 
employed in the plant
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AI in Materials and Scientific Discovery

S. Miret, NMAK, Nat. Mach. Intell., 2025; I Mandal, … NMAK, Nat. Communications, 2025 (accepted); 

NMAK, K. Jablonka, Nat. Rev. Chem. 2025 (In press)
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