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About

University of Cambridge spin out
Machine learning software to aid experimental design
Merge and aggregate data

Predictive models reduce costs and accelerate discovery
Orocess
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Traditional experimental design

Process is expert driven, subjective, and iterative through
trial and improvement

Process takes ~20 years and specialist alloys cost >$10m
to develop, drugs cost >$1bn
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Alchemite™ machine learning

Standard algorithms need all inputs to calculate outputs
Typical experimental data is 0.05% complete

Alchemite™ predicts from available inputs
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Optimized design process

Reduce costs - 90% reduction in experiments and fewer
mMeasurements for expensive quantities

Accelerate discovery and validation to 2 years



intellegens.ai

Case study: alloy for direct laser deposition
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Direct laser deposition is similar to welding

Direct laser Welding
deposition
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Lack of data for laser deposition

Laser deposition
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Large amount of welding data
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Simple welding-deposition relationship
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Welding data guides extrapolation
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Targets for direct laser deposition alloy

Elemental cost

Density

Yy content

Oxidation resistance
Processability

Phase stability

y' solvus

Thermal resistance

Yield stress at 900° C

Tensile strength at 900° C
Tensile elongation at 700° C
1000hr stress rupture at 800°C
Fatigue life at 500 MPa, 700°C

<25 $kg!

< 8500 kgm™®
< 25 wt%

<03 mgcm™
< 0.15% defects
> 99.0 wth
>1000°C

> 0.04 KQ'm™
=200 MPa

> 300 MPa

> 8%

=100 MPa
>10° cycles

intellegens.ai
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Composition of alloy for direct laser deposition

Cr19% Co 4% Mo 4.9% W 1.2% Zr 0.05% Nb 3%
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Experimental validation

Materials & Design 168, 107644 (2019)
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Experimental validation

Materials & Design 168, 107644 (2019)
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Experimental validation
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Further materials and drug design

Metal-organic framework Lubricants Drug design
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Future opportunities: Integrated software

| oad data

Training

Predict & design

Predicting properties of steel

W
neural network model was

demanstrate a neural network that predicts the physical proparties of steels based on the composition and heat t
rained from & library of experimental data from 1000 allays.

Ciick here to
optimize a

In the first panel below set the percentages of each element in the composition and haat
to get the neural network estimates for yield stress, ultimate tensie strength, and elonga!

tment temperature, and then click predict composition for
qiven targets

ioe

Click here to use this technology to optimize the yield stress, ultimate tensile strength, and ehngation the steal

This same technology was used to understand nickel alloys where the composition covered 20 elements, 5 heat treatment parameters,
and predicted 11 material properties. Click hore 16 read more sbout this study.

Iron (Fe) 100 remain %
PREDICT Yield Stress (MPa) 1605 + 46
Cerbon(C) 0 010 0.43%
Manganese (Mn) 0 0103.0 % Ultimate Tensile Strength 1200 + 67
(MPa) =2
silicon(8i)) 0 0toa78%
Chromium (Cr) 0 010 17.6% Elongation (%)
Nickel (NI} 0 01021.0%
Molybdenum (Mo) 0 0109.67 %
Vanadium (V) 0t04,32%
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Manage and analyse models

MATERIAL Tor New network for Palyiters (1645) mmmm

Puamerers Pinase selact & paramater dolow

Alchemite Prepared models ~ Materials design company: Material » Sensitinty

Dashhoard £ Create a new model
Status Name Ravi data Accuracy  Train time
il
Model for hardness_loss v2.csv: 574  67rows 10cols  78% 43.63 A %
Data | 'l Analyse
SS—
Model for Titanium_set4.csv: 470 5Z10Ws, 24 cols  71% 5.26 m --n
esign | @0 Materials
S

v 885rows, 12 cols  66% 38928 \\"\J‘@e &
. New network for POIymers “Da'a Alra n e \\”\v’\ e Q‘{Q if éz"‘\\\
Polvmer. sample.cs — as\ O & R0 LTS s
- & & o

Potymer (%} i

Flame setardant (%)

Impact moddier (%)

Piasscizerfol (%)

PTFE (lubricant) (%}

Aramicd (Sber) (%)

Casbon (Bber) (%)

Ghass (Aber) (%)

Minaral (unspectied) (%)

Viokt stmogth (esbe lima) (MPa)

Turaie strength (MPa)

Oeleciric convtant (rulstive permivty)



intellegens.ai

Design, analyse, and share new materials

Anatyze Sensithity Data

MATERIAL for Model for hardness loss v2.csv: 574 (2038)

Targees

Vo) PrRE L Exnganon ( mrn) . =

Design Material
eson Please use the form below to add desired targets variables, other variables will be optimised Harthoss - Vickars (HV) Vs Blongation (¥ suain)
Design globally ' or locally ® S . — Preckc0 ve)
z — Lown
Type  Name Value Target Designed  Uncertainty am . e Uppet
values S—as . 3::
C(0.0-5.91) 0,035 ] ooty AG - g w - _.__;.R__ —
= . . T Eemmm—Tii
1 & . - —_—
Mn (0.0-1558) [o.88 | | Target Exart .| @ o . .
3 .
- — 5 . .
8i(0.0>2.07) = Hllo.43 [N st v 2 » . : 3
5 U 15 20 > 30
Cr(00:326) 15 | Designstan v i toa (6 st
Elohgation (% strain)
Mo (00-63) |07 | oesignswmn v

V {0.0-1.25) |u 0 |

Nb(00-648) o0 |
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Summary of future opportunities of Alchemite™

Seek applications of Alchemite™ full stack solution to
merge sparse data

Designed and experimentally verified alloy for direct
laser deposition, and other alloys and drugs

Contact ben@intellegens.al

Website  https://intellegens.ai

Demo https://app.intellegens.ai/steel_optimise
Papers https://www.intellegens.ai/paper.html



