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INSPIRATION FROM
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hallenges for open shell transition metal chemistry:

J.P. Janet, F. Liu, A. Nandy, C. Duan, T. Yang, S. Lin, and HJK, Inorg. Chem. (2019); A. Nandy, C. Duan, M.
G. Taylor, F. Liu, A. H. Steeves, and HJK, Chem. Rev. (2021).
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spin metal and oxidation state
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Recent perspective: J. P. Janet, C. Duan, A. Nandy, F. Liu, and HIJK Acc. Chem. Res. (2021).
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INORGANIC CHEMISTRY

Key ingredient: metal-local representations for open shell transition metal chemistry
Revised autocorrelations (RACSs) Performance:

- Based on Moreau-Broto ACs Q\‘ / @ 3.0 i
« Heuristic properties (P) / 2.5 spin splitting AE,,, -
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* Product or difference on molecular
graph (geometry-free) P-
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o O electroneg., y !
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SaAAllald;,dl | cov.rad, s 0.0"MCDL-25 RAC-155 FSRAC-28 URAC-26
i topol., T
ident., | Feature importance:
lc or mcscope N spn spliting

Jmp = & &(p-p)d(dd)

i J

MCDL-25/ANN, 2 hidden-layer 50 nodes, dropout for regularization and credible
intervals; vs. RAC-155/KRR models.

J. P. Janet and HJK, Chem. Sci. (2017), J. P. Janet and HJK, J. Phys. Chem. A (2017); J.P. Janet, T.Z.H.
Gani, A.H. Steeves, E.I. loannidis, and HIK Ind. Eng. Chem. Res. (2017).

machine learning inorganic chemistry



DOES IT MATTER WHICH XC WF

A-SCF gap
Pearson’s r for 23 DFAs: 3000 open shell
transition metal complexes
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C. Duan, S. Chen, M. G. Taylor, F. Liu, and HIK, Chem. Sci. (2021).

CHOOSE?

targeted gaps
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UNIVERSAL

Chenru Duan
Ph.D. '22

design by consensus

Also applies
to varying
data set size
and basis set!



DESIGN BY CONSENSUS

Lead SCOs from 1 DFA vs consensus of 23 DFA-trained ANNs (>50% agree) in 187k design space:

average
std. dev.

consensus ML
B3LYP ML

experiments

C. Duan, S. Chen, M. G. Taylor, F. Liu, and HIK, Chem. Sci. (2021).

equatorial ligand metal axial ligand

FPHg

SCOs

Consensus leads support experimental

focus on Fe(ll)/N but also suggests Co/N
for SCO study.




UNCERTAINTY

Uncertainty from:

HJK, WIRES Comput. Mol. Sci. (2020).

method choice
ML model
calculation outcome

/ DFT xc choice \

uncertainty via ML

itting
J. P. Janet and HJK, Chem. Sci.
(2017), J.P. Janet, F. Liu, A.

Nandy, C. Duan, T. Yang, and
HJK, Inorg. Chem. (2019).

A/IL model uncertaimh /

quantification

feature space distance

latent space distance

Nandy, and HJK Chem. Sci.
&2019). /

Uncertainty from \
calculation outcome

3y

good bad
C. Duan, J. P. Janet, F. Liu, A.

Nandy, and HJK, J. Chem.
Qheory Comput. (2019). /

sources of uncertainty



AUTONOMOUS

computational
chemist

Choose and build
molecule to study
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Choose calculation
method and
parameters

Consult and enrich
expert knowledge
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calculation for
completion
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Analyze final result

or repeat

N U D

HJK, WIRES Comput. Mol. Sci. (2020).

autonomous computational chemistry
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PREDICTING SUCCESS

Deﬁning calculation success: In situ calculation monitoring with

What we want: ~ What we get: new features: e e s )

— electronic

s : v () geometry

Gradient ~——geometric

order

matrix atmetal g o E> B : @) A<SZ|) |
Mulliken [\ Geometry ™ B | i
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RAC/ANN classifier: 88% accurate CNN on A s 4 4 4 o *
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EO.B— -
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0.0 10 20 30 40

accuracy 61% N,

C. Duan, J. P. Janet, F. Liu, A. Nandy, and HJK, J. Chem. Theory Comput. (2019). A. Nandy, C. Duan, J. P.
Janet, S. Gugler, and HIK I&ECR (2018).

autonomous computational chemistry



PREDICTING SUCCESS

Transferability is key in catalysis: 1o . | . Descriptors make models transferable:
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C. Duan, A. Nandy, H. Adamiji, Y. Roman-Leshkov, and HIJK J. Chem. Theory Comput. (2022).

autonomous computational chemistry



SPIN SPLITTING

452 octahedral monodentate TMCs (VSS-452) Pool of DFASs:
Property of interest: vertical spin splitting energy 1) 23 DFAs from previous work?! that evenly spans multiple
Reference: DLPNO-CCSD(T)/def2-TZVP rungs of the Jacob’s ladder (GGA to double hybrid)
2) HF sampling (10% to 50%) of 5 representative GGA and
24 25 26 27 meta-GGAs (BLYP, PBE, SCAN, M06, and MN15) — 48
Cr Mn Fe Co functionals in total
Chromium Manganese Iron Cobalt 7 -
51996 54938 55845 58933 aok sovp ! j best single DFA
= mean -
ssf b { o~
HoosH H. _H - e~ 0 e N lower/upper
N Ej{ N=C N=C N=C-S % 30 4 5F bound -
5 é 25 . 1 4} -
© . transition metal
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z pE— | F s
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’LI/\/> @ ll’ 10 B .’:s..o =
-
H S \ 1 1 8
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orCoy [€=0*  fe=S HeH  or ] Y . :

single DFA t(()ng top 5 top 10
1C. Duan, S. Chen, M. G. Taylor, F. Liu, and HIK Chem. Sci. (2021). C. Duan, A. Nandy, and HJK ICML
2022 Al4Science Workshop; C. Duan et al., Nat. Comput. Sci. (2023).

DFA recommender



DESIGNING A
a)

DFT single point b)  density fitting (0 TL model[f] i
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C. Duan, A. Nandy, and HIK ICML 2022 Al4Science Workshop; C. Duan et al., Nat. Comput. Sci. (2023).

DFA recommender
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WHY THE

" PBE:30% ™ SCAN:40% ~ M06-L:40% =~ MN15-L:50%  BLYP:50% — 3 kcal/mol, very competitive

-100 -90 -80 -70 -60 -50 -40 -30 -20 -10
DLPNO-CCSD(T) AE,, (kcal/mol)

ligand fields

DFA recommender



THE RECOMMENDER
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SHEDDING NEW LIGHT

MAD centralizes all runs in a database:

F % N DB-says APP 12:01 PM
.

& d DB update detected: ‘ mongo

current date: 04/03/20

current time: 12:01:53: DB now contains 179675 entries with 168498
good geos (status 0)

The number of HFX = 20% jobs is 52272 entries with 34746 good

- 180k TMCs and counting...

Some guestions we should ask:
Where shouldn’t we have used DFT?
Where is multi-reference character highest?

Diagnostics shed light on
MR character...

F. Liu, C. Duan, and HJK, J. Phys. Chem. Lett. (2020).

There is arange! (FT-DFT ryp over 5k TMCs):

rND

low MR high MR

Train on this data and use RACs/ANN to predict MR
character over 187k TMC space:

high

FT-DFT automated with
multirefpredict using B3LYP or
PBE/LACVP* in TeraChem from
low ho | i starting Wavefunctlons and
geometries.

.

detecting strong correlation



TACKLING
detecting MR character

Semi-supervised learnmg label top/bottom

107!
o H(;)MO[MPZ] r

* top 10%
+ bottom 10%
remainder .

.., _ Dr. an Liu

'-‘3‘ . L L g ":t‘ . 1
| T PD '20, now Asst.
o oo 0 SN Prof. Emory
1.0F

MR classification
[=]
o

l * k-means
M R/S R » =1 cutoff
* VAT .
0.0t 1 1 1 -
91 92 93 94 95 96 97
%Ecurr [(T)]

C. Duan, F. Liu, A. Nandy, and H.J. Kulik, J. Chem. Theory

Comput. (2020); C. Duan, F. Liu, A. Nandy, and H.J. Kulik, J.
Phys. Chem. Lett. (2020); F. Liu, C. Duan, and H.J. Kulik, /.
Phys. Chem. Lett. (2020).

overcoming limitations of DFT
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correcting for MR effect

Difference matters most and can be learned
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C. Duan, D. B. K. Chu, A. Nandy, and H.J. Kulik

Chem. 5ci. (2022)




TACKLING REAL WORLD

Redox flow battery N~ X
redox couple design: W= ) {3%{ Ecel = 0.5 X Vee x C X nx F

i

candidate pool uncertainty quantification optimization algorithm
38 heterocycles|d ) || DFT data
We must address u
train ANN

Stability/resistance
to crossover
« Concentration

779 core /[;‘}_f}
1 S

ligands o " -
PaN

J

2D expected

897 functional £

objgive 1

(solubility) groups o :
: — ~Ph—Ph— Improvement

Redox potential X b u
— < Pareto front candidates

2.8 M bulky transition ¢ | redbjepiveriial
metal complexes

M. L. Perry and A. Z. Weber. J. Electrochem. Soc. (2016); J. P. Janet, S. Ramesh, C. Duan, and HIK, ACS
Central Science (2020).

multi-objective design



ACCELERATING

El with ANN predictions/UQ of 2.8M DEiveogeputesigagwoompdesnd” Mn Hs ™
complexes in minutes propayges in weeks

@]
/Eo }
o040k T T T T T R S: :S
s R
-0.040+ b vy X

. R = CH,0H

-0.044

4

logP

-0.048

logP

-0.052

-0.056

AGgqry (€V)

\
¢ \—
ANN step: 15 minutes

_ R
DFT step: 6 weeks "

Comparison to random search reveals at least 500-fold acceleration:

J. P. Janet, S. Ramesh, C. Duan, and HJK, ACS Central Science (2020).
multi-objective design




ACCELERATING

Back to methane to
methanol: optimizing HAT
and release

N,0

1 \

L~ "L

G =M N

L, |_1> / 2

L2
AE(oxo)
| o2
L=, =l
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i i
L2
-CH,
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7 s
L=u=L
=M :)

L2

S

CH,OH
AE(release)
_H
4

HC.

L2
J S
CH,

multi-objective design

A. Nandy, C. Duan, C. Goffinet, and HIK JACS Au (2022).

X

)
furan (X=0) 4H-pyran (X=0)
thiophene (X=S) 4H-thiopyran (X=S) (X=°

Novel catalysts and
design principles

Gtuginptden @ models
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o
N
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N
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AE(HAT) (kcal/mol)



DISCOVERING

Optimize the HOMO-LUMO Construct a space of 32.5 M 1000x speedup of discovering
gap and minimize DFT model CSD-derived structures method-insensitive chromophores

uncertainty o &
Lozt ‘ ]
23 DFAs that cover the spectrum of “Jacob’s ladder” 0 L “I !

/
i ligands in the Cambridges P 2 3 4 5
/—*} Structural Rgtabase C)} - energy (eV)

-

compute |—» re)train = | —
£ (re) bidentate, element 37 i
filter, charge known g1 1
sample predict 812 core X | 1 6\ o3 4 5
bidentate ligan /" < energy (eV) -+
: () —n— [
L 2D P[] LS Fe(Il)/Co(lll), up to E . ° .' : > > ., o*
ground state two unique ligands g ST . ° o “I'F
(@) % e ° % ° N
. « ® "
w 4+ . L=
A design with the consensus oy O i o 3l A 4\l
of 23 DFAs 0p] [ ‘5_ 0% | 4=
i 3-8 T
o < @
L
g 2+ O =
w i ({) 251 1
8 DFA #1 sL < gen-1 gen-2 DE F |
< : 32.5M unique ¢ 0.1 gen-5 ).45
y ’ Y ¢ Fe(ll) e Co(lll) ’
1 1
MR character > 325 0.275 0.3

'ND

C. Duan, A. Nandy, G. Terrones, D. W. Kastern, and HJK, JACS Au (2023).

multi-objective design



Typical MOF ML with Geometry G, geid) Adding  © .
features: random @ e _. improves i’ . 1,,;/
% x 3 forest: # models: ° f‘f
RACs as features for MOFs:
, Feature analysis shows when chemistry matters:

CO Pore Metal Linker Functional
YAl Geometry Chemistry Chemistry Groups

¥

Sfull
linkerd ()

Functional
Groups

CoRE MOF Hypothetical Hypothetical

——— - - =

’ ’ h (experimental) (Boyd et al.) (Andersen et al.)
o ‘ ‘ . ® L] © - .,
Aditya Nandy ' ° . - \ . But....conclusions are strongly sensitive to the
i mc unc ¢ | . I ’)
Chemistry Ph.D. oy P2 Jime o s P data set! Why is this”

——————————— —— ———————— — ] b o o —————— ]

Moosavi, S. M.; Nandy, A.; Jablonka, K. M.; Ongatri, D.; Janet, J. P.; Boyd, P. G.; Lee, Y.; Smit, B. and HJK,
Nat. Commun. (2020).

metal-organic frameworks



WHAT'S DIFFERENT ABOUT

>60k >20k

structures structures structures structures . . . o
L — A - S
. . ¢ ) k - ' -
|_| powvor | — JRE-2019 o
Hypothetical sets should be V-DB
BaCCo

enlarged to mimic diversity of the
experlmental (CoRE MOF) dataset

Camioridge —
Structural CoRE MOF
Database

Database

ZESFUY
ZIHTEP
ZNGLUDO1
ZUQVAI
uavia
ZURQOS
ZURROT

Cleaning Pr¢
Pore Charact¢

3D Framewor}

Hypothetical = colored

Expt. only = gray

Moosavi, S. M.; Nandy, A.; Jablonka, K. M.; Ongatri, D.; Janet, J. P.; Boyd, P. G.; Lee, Y.; Smit, B. and HJK,
Nat. Commun. (2020).

metal-organic frameworks



HOW DO WE EXTRACT

Thousands of MOFs have been experimentally characterized, but a lack of consistent naming and reporting
makes it challenging to leverage this knowledge:

(corEMOF2019 | 9,597 featurizable structures ) [ 8,809 MOFs from CSD )
ASR Database o B8 <o ¥y
10,143 MOFs - AX. W
v M O F RACS :f:wﬂ déehemie é solvent evacuation stability )
% Nat. Commun. 2020 § - garge o er
g g e Classification for . s
[625.0, 0.09, ..., 800.0] 5,152 unique DOIs I I ili uld
features: [900.0, 0.16, ..., 210.0] tied to structures aCtlvatlon Stablllty 'sh
. J . / solvent evacuation. The
v synthesized MOF is stable with
[ 1,343 not ' 3,809 downloadable manuscripts, tied to 7,004 structures  downloaded manuscripts ) s I G LU
1 vy o » ‘.::1 " - H H
downloadable | 7\ K5  AAAS \ assigned as stable with respect to solvent removal
+ | manuscript RSC . 0.5%
1| — 41.0%
: é thermal stability )
' ACS — .
' 37.7% Wiley N1a;t:/re / Thermoaravimetric analvsis shows...
] 16.7% w270 .
: Springer = Regression for
\ . 2.8% J = .
= thermal stability- ... na
/ S| ishiova decomposition
= | temperature bemperature
\_ Temperature (°C) )

S. M. Moosavi, A. Nandy, K. M. Jablonka, D. Ongari, J. P. Janet, P. G. Boyd, Y. Lee, B. Smit, and HIK Nat.
Commun. (2020). A. Nandy, C. Duan, and HJK, J. Am. Chem. Soc. (2021).

metal-organic frameworks



ML TELLS US

Classification for activation stability Regression for thermal stability
XEJTIR tr ] ukiaov {1, OR——— 300 et
TN E & : test Y600
= i =8 600F R
ol s ¢ L {500 £
: R E 500 #’ f ] 3
C ] L @ 8
0.6~ 5 S a00f ° )’!’ AR 1300 o
L i = 5 " % 3 MAE = 44°C =
X g — ° ) o 4300 =2
C i G 300} ¥ % 4 2
f ¢ g ~ 200k -';. . 1 4200 3
X = ;o 1x10° _ 5x10°
C Ki 100f¢ [ — {100
o y Wi KDE density
- - 2 1 1 1 1 1 1 D
X | 09 3700 200 300 400 500 600 700 0 50 100 150 200 250 300
unstable stable T, (°C) (actual) model error (°C)
class label
: . ) 75
design principles:
70 10—
. . MAE:55°C -
65 i § i
3 NLP label §
5 [l stable i : 7
60 unstable i : i
] a
label accuracy c
55 g W correct 3
o B incorrect ©
- ambiguous
- 150 §
°
L das &
L 140 300 -100 0 100 200
prediction error (°C)
—35

A. Nandy, C. Duan, and HJK, J. Am. Chem. Soc. (2021).

metal-organic frameworks



ENGINEERING STABLE MOFS

ML models reveal strategies for redesigning MOFs to be more stable:
XAMHEA

0.11, 433°C 0.34, 422°C
add }—<=>—<=>—<o increase
TN\ 7\ solvg_nt
' stability

0.89, 430°C
A. Nandy, C. Duan, and HJK, J. Am. Chem. Soc. (2021).

0.96, 501°C

SODQOT

add 0.94, 182°C

(0] F O
0 o Increase
F F T4
‘0”0




M O F STAB I L | TY https://mofsimplify.mit.edu

MOFSimpIify Source Code MOF Code Dark mode

go” 1% Te8 Se

" 82 63 %
66 &9 MOF Slmpllfyef’géé

« ‘ ” € The Kulik Group at MIT & %
(%] ® < ‘. Powered by mo/S;mp//fy . ’ ‘ € ‘

Main Vlsuallzatlon Component Analysis Data Upload

1) Select a MOF (metal-organic framework) for analysis

Example MOF Custom (upload cif file) Building block assembly

May MOFSimplify store information on your MOFs? Yes. No.
Gianmarco
Terrones
ChemE Ph.D.

A. Nandy, C. Duan, and HJK, J. Am. Chem. Soc. (2021); A. Nandy, G. Terrones, N. Arunachalam, C. Duan,
D. W. Kastner, and HJK, Sci. Data (2022).

metal-organic frameworks



OUTLOOK

High-throughput inorganic chemistry

Machine learning property prediction
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All models available in molSimplify:
https://molsimplify.mit.edu
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Accelerating discovery

Recent perspective: J.P. Janet, C. Duan, A. Nandy, F. Liu, and HIK, Acc. Chem. Res. (2021).

summing it up




AC K N OWL E D G M E N TS On the web: http://hjkgrp.mit.edu

Group news: @KulikGroup on Twitter
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BREAKING AND EXPLOITING
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T. Z. H. Gani and HJIK, ACS Catalysis (2018).

breaking scaling relations

That was thermo. What about kinetics?
A physical rationale:

Engineering distortion in real materials:

; Or post-
synthetic
Known = modification of
(CSD) QIJLEC, 8=24° b metal sites

compounds SARRUA, 8=15°




EXPLOITING ANNS

With an ANN, we can score in

candidate Qool

seconds but must be aware of uncertainty
model uncertainty to exploit qum
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J. P. Janet, L. Chan, and HJK, J. Phys. Chem. Lett. (2018); J. P. Janet, C. Duan, T. Yang, A. Nandy, and
HJK Chem. Sci. (2019).

model exploitation
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J.P.Janet, L. Chan, and H.J. Kulik A.Nandy,J. Zhu, J. P.Janet, C. Duan,
J Phys Chem Lett (2018) R. B. Getman, and H.J. Kulik
_ oF - ACS Catal. (2019).
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