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Motivation: chemical discovery

How can we design new materials using computers?

few likely points

Virshup et al., J. Am. Chem. Soc., 135(19): 7296–7303, 2013.

The space of possible
chemistries is incredibly
vast, with O(1060) small
organic molecules.

All potentially undiscovered
medicines, catalysts and
materials are somewhere,
out in this huge space.

Chemical Design Space Cf

DFT calculation

explore space with
cheap surrogateoptimal pointsvarying model confidence
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Transition metal complexes
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First-principles calculations
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HF exchange varied 0–30%
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Details:
�B3LYP-like DFT
�gas phase optimizaton
�LANL2DZ/6-31G*
�COSMO solvents
�high- and low-spin
M(II)/(III)
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Featurization with RACs

Graph-based features designed for TM complexes

Janet, J.P., and Kulik, H.J., J. Phys. Chem. A, 121(46):8939–8954, 2017.

Janet, J.P. et al., Inorg. Chem., 58(16):10592–10606, 2019.
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Property inference with ANNs

Estimate properties using small artifical neural networks (ANNs)

Cr Mn Fe Co Ni

H2ONH3 en misc H2ONH3 en misc H2ONH3 en misc H2ONH3 en misc H2ONH3 en misc
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Beyond prediction: live job management

In high-throughput DFT screening, job failure is a frequent issue:
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Model transferability

Test-set performance is not necessarily a good metric for general
transferability:
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Other UQ metrics

1) Data-sampling ensembles:

2) Monte Carlo dropout1:

ȳ(x∗), σ2(x∗)

ȳ(x∗), σ2(x∗)+τ

1:Gal, Y. and Ghahramani, Z., ICMLR, 1050–1059, 2016.
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How do these distributions compare?
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Targeted data acquisition

Lack of data is a persistent issue. We can exploit knowledge of feature
importance to generate data:
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Hedging against DFT uncertainty

Because we have trained our models with varying exact ex-
change, we can tune functionals for design:
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Janet, J.P. et al., Inorg. Chem., 58(16):10592–10606, 2019. 50 × 50 tanh nodes fully connected ANN
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Using models for discovery

We utilize evolutionary algorithms to conduct design, guided
by uncertainty metrics

Fs+d(x) := exp

[
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Multiobjective framework

We can predict quantites of interest for our RFBs:

Janet, J.P., et al., in preparation.
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ŷ1

ŷ2
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2D EGO Illustration

We will use a multiobjective expected improvement framework:

y1

y2

dominated region

(y1
1 , y

1
2 )

(y2
1 , y

2
2 )

F

(µ1(x∗), µ2(x∗))

we want the probability
mass under FE[I ] =

∫ ∫
d(ŷ ,F)P[I (x∗)]dŷ1dŷ2

E[I ]

P(I )
= d(C ,F)

C

Keane, A. J., AIAA Journal, 44(4):879–891, 2006.
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Design space and existing data

We observe poor overlap between existing data and design space:

design
space

O(106)

k-medoids

clustering

O(102)

DFT

simulation

O(102)

retrain

surrogate

O(102)

2D EI

O(106)
single task redox: 3 × 100 tanh nodes, fully connected

single task log P: 2 × 50 ReLU nodes, skip + residual connections
multitask: 2 × 100 tanh nodes, fully connected

Janet, J.P., et al., in preparation.
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multitask: 2 × 100 tanh nodes, fully connectedJanet, J.P., et al., in preparation.
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Mapping output space

model confidence is localized in target region!
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Case study conclusions

EI framework provides high
resolution in the region of
interest (c.f. maximum
uncertainty), converges quickly

We are able to identify fruitful
regions from large chemical
spaces based on few DFT
evaluations

Multiobjective DFT
optimization guided by
data-driven method efficiency
generates lead complexes
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