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/{ Introduction ) ~

Experiments are expensive.
Optimisation is core to many applied sciences, often where
each experiment is expensive, and is a “black box”:

Task: design catalyst tablets to fill a reactor:
= We can control the shape of the tablet.
= We want to maximise the rate of reaction.

= Chemistry: pick reaction conditions to maximise yield

Challenge: catalyst classes have different parameters. We want to share EJ)
= Machine learning: pick architecture to minimise errors

information across classes, to be more efficient with our experiments. >

\e
Solution: use a tree structure to encode which inputs are shared between 'e_

Bayesian optimisation is a framework to select experiments. different classes. A pair of catalysts can jointly model their shared parameters.
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\ 777 Tuefinaion & Obsened cat i il y Task: optimise reaction conditions for mixed spaces:
= Continuous inputs (temperature, concentration)
= Discrete inputs (choice of solvent, catalyst) ~N
Challenge: standard surrogates in BO are purely continuous.
Y_[ Cha"enges ] ».| Solution: use tree-agreement kernels [1]. This combines the expressivity £,
J ) of tree models in mixed domains with uncertainty quantification of GPs.
Standard BO uses Gaussian process (GP) surrogates: predict the -
performance of a new experiment according to its similarity to [ -
past observations, k(z, /) Tree-agreement kernel R _ . 0 e xperment
/ 1 T /
Standard surrogates face challenges for real-world chemistry: ke, @) = [T] 2teT 91(2)" oH(@) | & 7
1. Conditional features - inputs that depend on other inputs. | X &5
2. Mixed domains - continuous and discrete inputs. \_ | | W,
3. Molecular inputs - comparing different substances.
All three challenges can be tackled by decision trees: models
that use (learned) rules to assign data to leaves. \
- J /—[ Solvent Selection | ~
solvent = ethanol
ﬁ { temperature = 70°C Task: replace toxic or unsustainable solvents with green alternatives. We benchmark ex-
, isting methods on a flow chemistry dataset [2], generated by collaborators at SOLVE

Chemistry, a London-based startup.
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Challenge: search space of all solvents - and solvent mixtures - is too large.

solvent is not
an alcohol

solvent is
an alcohol

Solution: use solvent properties to group solvents, and predict performance.

Mixture kernel S water |

(C2H5)20 H0 > alcohols : mixtures
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/—l nclusion ) T e
Conclusions ) ~ _ y

Machine learning tools let us accelerate experimental campaigns in chemistry.

Trees can improve how we model real-world experiments: f_( Affiliations ) )
= Capturing interactions between continuous and categorical inputs.
= Understanding the hierarchy of how inputs interact.

= Covering a diverse search space.
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methodology contributes are being incorporated into BoFire [3], an open-source > ( References | <
Python package for BO in chemistry. \
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