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Neural networks for materials design
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Two important capabillities

Handle fragmented input data
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Combine uncertainties of the predictions to predict net likelihood

90% vyield stress
Overall 81%

90% oxidation resistance
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Correlations between properties
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Prediction of uncertainty
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Prediction of uncertainty
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Combining likelihood

Hardness Cost

Likelihood of
alloy satisfying
all properties

Cycle fatigue Weldability



Industrial applications of neural network tool

DFT and experimental
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Industrial applications of neural network tool
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Industrial applications of neural network tool
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Schematic of an engine




Target properties

Cost < 33.7 $kg”

Density < 8281 kgm
Yy’ content < 50.4 vol%

Phase stability > 99.0 vol%

Fatigue life > 1039 cycles
Yield stress >752.2 MPa
Ultimate tensile strength > 960.0 MPa
300hr stress rupture >674.5 MPa
Cr activity > 0.14

Yy’ solvus > 983°C

Tensile elongation >11.6%



Proposed alloy composition

Cr:15.8 Co0:200 Mo:0.5 W:0.5 Ta:49 Nb: 1.1 Al: 2.4

Ti: 3.0 Fe: 3.9
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Testing the yield stress

Proposed theory

Yield stress / MPa
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Testing the yield stress

Proposed theory
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Testing the yield stress

Proposed expt
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Testing stress rupture
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Testing the oxidation resistance

] Proposed theory
— — Proposed expt

Mass gain / mgcm™—2

Time / hours



Alloys discovered

Cr-Cr:Ta alloys
Intermetallics, 48, 62

Ni disc alloy
EP14157622
US 2013/0052077 A2
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Combustor alloy
GB1408536

Discovery algorithm
EP14153898
US 2014/177578

Mo-Hf forging alloy
EP14161255
US 2014/223465

H
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RR1000 grain growth
Acta Materialia, 61, 3378
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Mo-Nb forging alloy
EP14161529
US 2014/224885




Database integrity
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Database integrity

Density (kg/m~3)

0.1 i
Young's modulus (GPa)

Found 792 erroneous points confirmed against primary sources



Protein activity database

Database contains 10,000 proteins and 2,000,000 compounds

Protein

Drug




Protein activity data

Database has protein activity for 0.1% of entries

Protein

Drug



Protein activity data

Filled in 32% of the data points with 75% accuracy
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Summary

Used artificial intelligence to discover materials and drugs
Handle fragmented data
Merge experiments and simulations into holistic design tool

Worked with 7 different companies, formed startup intellegens
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