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Alchemite™ machine learning tool to ﬁ

Reduce the need for experiments and accelerate discovery

Impute values from sparse data

Utilise all available information: computer simulations and real-life measurements

Broadly applicable with proven applications in drug design, industrial chemicals, and materials



Machine learning to predict materials properties




Not enough data to define a model ﬁ

30 variables 10 database entries
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Take advantage of data from analogous properties

Cr19% Co 4% Mo 4.9%

/1 0.05%

C 0.04% w1 1300°C




Microstructure

Probabilistic neural network identification of an alloy for direct laser deposition
Materials & Design 168, 107644 (2019)



Exposure parameter

Probabilistic neural network identification of an alloy for direct laser deposition
Materials & Design 168, 107644 (2019)
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Probabilistic neural network identification of an alloy for direct laser deposition
Materials & Design 168, 107644 (2019)



Other materials

Steel welding
consumables

Titanium additive
manufacturing

Battery cathodes

Lubricants




Delivery

API for integration

intel Iege 1S  Suggest which missing values to provide from

the training dataset to improve future
Q search...

predictions.
B Train a model

B2 (0ad model into memory

I8 Unload model from targetColumns
memory

Impute missing data

Validate given data
i id

Get a specified number of

currently omitted from the data used to train the model. These measuremer
provided, would best improve subsequent predictions for a given list of

for additional

which are
nts, if

oauth ( alchemiteapi.models.suggest )

string <uuid>

required

Predict given and missing
data

REQUEST BO|

EM.
Find the outlying values in

adataset

Example: 00112233-4455-6677-8893-aabbccddeef £
Unique identifier for the model.

application/json

4 numberofSuggestions integer

Suggest which missing
values to provide from the
training dataset to improve
future predictions.

| targetColumns
D Get all optimize jobs for
given model ID

&= optimize for specified

Default: 10

Reguest the top numberOfSuggestions values that will
most improve predictions for the requested
targetColumns.

Array of strings

Alist of column headers which all appear in the training
data. Suggested measurements will be targeted to best
improve predictions for these columns. If not given then
targetColumns will be treated as being all columns.

Within the browser
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Powered by Alchemite API v0.17.4




Juxtapose physics-based modelling with machine

| e a rn i n g maChine intelligence https://doi.org/10.1038/542256-020-0156-7

M) Check for updates

REVIEW ARTICLE

In-service data from a particular battery and others Pradicting tha state of charge and health of
batteries using data-driven machine learning

deployed to make beSpOke pred|CtionS Of remalnlng Man-Fai Ng', Jin Zhao?, Qingyu Yan?>, Gareth J. Conduit** and Zhi Wei Seh®4%

u S efu | | I fe Machine learning is a specific application of artificial intelligence that allows computers to learn and improve from data anc
experience via sets of algorithms, without the need for reprogramming. In the field of energy storage, machine learning has

recently emerged as a promising modelling approach to determine the state of charge, state of health and remaining usefu

life of batteries. First, we review the two most studied types of battery models in the literature for battery state prediction: the

equivalent circuit and physics-based models. Based on the current limitations of these models, we showcase the promise o

various hine learning techni for fast and battery state predlctmn Fmally we hughlnght the major challenges

Model that spans time-scales to permit simultaneous e o e A e o e oL
state-of-health and state-of-charge predictions

ncerns about global warming, electrification ~ where C_, is

Data from testing in first few cycles to predict long-term SR e i mﬁ?‘,‘
battery performance

Predicting the State of Charge and Health of Batteries using Data-Driven Machine Learning
Nature Machine Intelligence 2, 161 (2020)
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