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Redox flow batteries

Redox flow batteries (RFBs)
are a promising option for
scalable energy storage:

Perry, M.L. and Adam, Z., J. Electrochem. Soc.,
163(1):A5064–A5067, 2018.

good ion stability (compared
to organics)

good range of redox
potentials available

solubility is an issue!

Ecell = 0.5×∆Gsolv × C × n × F

We need complexes that have high
redox potential and good solubility
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First principles methods

Metals:
Cr Mn Fe Co

� B3LYP-like DFT
� gas phase optimizatons
� LANL2DZ/6-31G*
� COSMO solvent, ε = 78.39 or 10.30
� high- and low-spin

M(II)gM(III)g + e-

M(II)sM(III)s + e-

∆Ggas

∆Gsolv

∆Gs,II∆Gs,III

log P ≈ log
∆Gs,II,octanol

∆Gs,II,water
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Multiobjective optimization

We can predict quantites of interest for our RFBs:

Janet, J.P., et al., in preparation.
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ŷ2

]
∼ N

([
µ̂1

µ̂2

]
,

[
σ̂2

1 0
0 σ̂2

2

])

0

2

4
0

2

4
0

0.5

1

y1 y2

P

Gaussian marginals

3 × 100 tanh nodes, multitask, fully connected



9/16

Introduction Methods Designing RFBs Conclusions

Multiobjective optimization

We can predict quantites of interest for our RFBs:

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

4

6

8

10

4 6 8 10

DFT DGsolv (eV)

p
re

d
ic

te
d

 D
G

so
lv

 (
eV

)

∆Gsolv

-0.052

-0.048

-0.044

-0.040

-0.052 -0.048 -0.044 -0.040

DFT logP

p
re

d
ic

te
d

 lo
g

P

log P

∆Gsolv

log P
=

[
ŷ1
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ŷ1

ŷ2
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p(ŷ1(x∗), ŷ2(x∗))dy1dy2

+

∫ y1
2

y1
1

∫ y1
2

−∞
p(ŷ1(x∗), ŷ2(x∗))dy1dy2
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we want the probability
mass under F

E[I ] =
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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
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