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From trial and error to autonomous laboratories

Graduate Student Seminar Talk



Electric Cars Better Battery electrolyte

Solar Power

The bottleneck is not the idea; it is discovering the material that makes it possible.

Almost every modern technology is waiting on a material

Cheaper, Stable Absorbers

Faster Chips

Green Ammonia

New semiconductors and 

dielectrics

More efficient Catalyst 

materials

Waiting for?
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The age of Luck! Or Bad-Luck?

I. Old age methods of Materials Discovery?
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Accidents and brute-force testing

Vulcanised rubber Mauveine

Teflon Post-it adhesive

When luck ran out, chemists simply tried 

everything

~6,000
Plant and Fibre materials carbonised and 

tested by Edison's team in the hunt for a 

lamp filament

Hit and Trial !!

➢ Guess a composition from chemical 

intuition

➢ Grind, heat, wait, and hope a single 

phase forms

➢ Measure the property you care about

➢ Change one variable and repeat, for 

years



I. Old age methods of Materials Discovery?
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10 – 20 years

Typical time from discovering a

new material to a shipping 

product:

We paid in time and money. But mostly we paid in the materials we never made.

A realistic rate of genuinely new

compounds made and 

characterized : 2-3 materials per 

PhD student

Lithium-ion chemistry was demonstrated in 

the 1970s and reached consumers in 1991. 

Traditional trial and error discovery



II. Age of Theory and Computation
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HΨ  =  EΨ

In principle, chemistry was solved in 1926

Give me the atoms and their positions, and 

this equation contains every property of 

the material.

…and in practice, it was not.

‘n’ number of different theories and approximations:

(Developed over many decades)

1. Hartree Fock

2. Density Functional Theory (Perfect Balance)

3. Møller-Plesset Theory

4. Coupled Cluster Theory

5. Configuration Interaction

Density Functional Theory 

“Stop tracking every electron. Track only 

the electron density”

Nobel Prize 1998 

(Chemistry)



II. Age of Theory and Computation
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What this gave a chemist: (Without touching lab equipment)

Structure

Stability

Band gap

Response

Arrangement of atoms in a lattice

Whether the compound survives

or decomposes into something else

Metal/Semiconductor/Insulator?

Under light, strain, pressure or a 

field (E or M)

Accuracy is purchased with computer time

https://orca-manual.mpi-

muelheim.mpg.de/contents/modelchemistries/DensityFun

ctionalTheory.html



II. Age of Theory and Computation
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II. Age of Theory and Computation
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“El Capitan” at LLNL, USA

“Lineshine” at NSC, Shenzhen
All this was made possible due to computational 

advancements over the past two decades! 

104 - 105

Materials/study

Isolated Computational studies

3/4 materials per study

Over 20 years

DFT advancements 



III. Modern approaches for materials discovery
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Two different approaches

Top-Down Bottom-Up

Initial set ~104-105 materials

Condition 1 (Screening criteria)

Condition 2

Selected subset of materials

(“n” conditions)

Desired Properties

Performance, Cost, 

Stability, etc

Choose design variables

AnXn-1B3n+1

Composition Structure Molecular Unit Defect

Generate Materials



III. Modern approaches for materials discovery
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High Throughput studies (Top-Down)

Singh et al., Phys. Rev. Applied, 2026, 25,034073 Singh et al, J. Mater. Chem. A 2025; 13 (13): 

9192–9210



III. Modern approaches for materials discovery
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Singh et al, J. Mater. Chem. A 2025; 13 (13): 

9192–9210

High Throughput studies (Top-Down)



III. Modern approaches for materials discovery
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Reported Studies – Inverse Design (Bottom Up)

Yongxin Lyu et al., Fingerprinting organic molecules for the inverse design of two-

dimensional hybrid perovskites with target energetics. Sci. Adv. 12,eaeb4144(2026)



IV. The present and future of Materials (ML & AI)
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We ran DFT millions of times and left the results lying around

DFT calculations are no 

longer single-use results.

Reusable and input for ML

Challenges:

1. Different computational 

settings

2. Incomplete details



IV. The present and future of Materials (ML & AI)
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The age of Artificial IntelligenceWhy Machine Learning was needed: 

Computations got faster and required less 

researcher time

But ……

CPU time was still an issue! And,

We wanted to go even faster 

Pyzer-Knapp et al. Accelerating materials discovery using artificial intelligence, high 

performance computing and robotics. npj Comput Mater 8, 84 (2022)



IV. The present and future of Materials (ML & AI)
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UNDERSTAND GENERATE PREDICT & SIMULATE

Materials Knowledge Extraction Generative and Inverse Design Physics-Aware Materials Models

Literature → Structured materials 

knowledge

Desired properties → Candidate 

materials

Atomic structure → Properties and 

dynamics

Three Frontiers of  AI for Materials Science

➢ Mine Literature

➢ Extract composition, synthesis and 

properties

➢ Employ synthesis conditions in ML 

based pipeline

➢ Diffusion models for novel candidates

➢ Property Conditioned candidate 

design

➢ Inverse design from the target 

performance

➢ GNN and Foundational models

➢ ML interatomic potentials

➢ Fast prediction of properties, 

dynamics, etc



IV. The present and future of Materials (ML & AI)

16

Two centuries of chemistry sits in prose, not in tables. 

Papers to read “someday”

AI can read quickly!

Language models now extract synthesis 

recipes : Precursors, temperatures, 

atmospheres, durations from millions of 

papers, and turn them into something a 

computer can reason over.



IV. The present and future of Materials (ML & AI)
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Natural Language Processing

Jiang, X., Wang, W., Tian, S. et 

al. Applications of natural language 

processing and large language models 

in materials discovery. npj Comput 

Mater 11, 79 (2025)



IV. The present and future of Materials (ML & AI)

18

Natural Language Processing

Jiang, X., Wang, W., Tian, S. et 

al. Applications of natural language 

processing and large language models 

in materials discovery. npj Comput 

Mater 11, 79 (2025)



IV. The present and future of Materials (ML & AI)
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Dreaming Up Crystal Structures!

Zeni, C. et al. A generative model for inorganic materials design. Nature 639, 624–632 (2025).



IV. The present and future of Materials (ML & AI)
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Dreaming Up Crystal Structures!

Zeni, C. et al. A generative model for inorganic materials design. Nature 639, 624–632 (2025).

Designing low-supply-chain-risk magnets Experimental validation of generated structures



IV. The present and future of Materials (ML & AI)
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Dreaming Up Crystal Structures!

Sn-O-F chemical space
Trying it myself



V. Amalgamation of Experiments and Theory (ML)
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The Age of Robots

We can now predict far faster than we can make

~400,000
structures predicted stable by one model, 

in one release, in one year (Google 

Deepmind)

However, genuinely new compounds a skilled 

experimentalist makes and characterises in the same year
~ 10-15

For most of history, the shortage was ideas. The shortage is now hands. 



V. Amalgamation of Experiments and Theory (ML)
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Early landmark case study

A free-roaming robot performed 688 experiments in eight 

days across a ten-variable space and identified 

photocatalyst formulations producing approximately six 

times greater hydrogen-evolution activity than the initial 

mixtures.



V. Amalgamation of Experiments and Theory (ML)
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Early landmark case study



Szymanski, N.J. et al. An autonomous laboratory for the accelerated synthesis of inorganic materials. Nature 624, 86–91 (2023)
25

V. Amalgamation of Experiments and Theory (ML)



Szymanski, N.J. et al. An autonomous laboratory for the accelerated synthesis of inorganic materials. Nature 624, 86–91 (2023)
26

V. Amalgamation of Experiments and Theory (ML)

Active learning with pairwise reaction 

analysis
Targeted syntheses of 57 inorganic materials



Li et al.  Autonomous microfluidic experimentation for exploring reaction inference and synthesizing double perovskite nanoplatelets .  Nat Commun 17, 4514 (2026)
27

V. Amalgamation of Experiments and Theory (ML)

https://www.nature.com/articles/s41467-026-72765-2
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Robots and Machine Learning after doing all this :)
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So, has computation changed Materials Chemistry? 

Yes, but not simply by making calculations faster.

Larger Scale of 

exploration

Calculations → 

reusable data

Numerous 

Machine 

Learning models

Prediction connected 

to automated 

synthesis

“Let’s try to 

synthesize a 

material?”

1. What to make?

2. Why will it work?

3. Is it relevant to real-world use?



30

If  you torture the data enough, nature will always confess

- Roland Coase
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