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Machine Learning for Materials Design/Discovery at Schrodinger

Expertise in physics-based simulation
and domain knowledge % .

Enterprise solution for data management
and collaborative ideation

0C(=0)COC1C=C(CN2C[C@@H] (CC2)NC2=CC=CC3=CN=CC=C32)
COC1C=C2CC(COC2=CC=1)C1=NC2=CC=C(C=C201)C1C=NNC=1

NCIN=C({C=CN=1)C1=CC2N=C(0C=2C=C1)C1CC2=CC=CC=C2C01
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Supervised Learning in Materials Science
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Featurization in Diverse Materials Systems

. : : : - . hrédi 's Phvsics-
« Properly featurizing various chemical systems is key to building predictive ggsggdggﬁq;iony;;g;des

machine learning models Additional Power to
2. L Machine Learning

 Small Molecules
— Physiochemical, topographical descriptors
— Binary fingerprints (RDKit, Canvas)
— Graph-based convolution neural networks

QM (Jaguar)
Catalysis (AutoRW)

 Polymers
o : : @)
— Taking into account connections between repeat units ] MD (Desmond)
— RDKIit fingerprints + customized descriptors n MD + QM
< —-=-=-=>
b PerIOdIC |n0rgan|C SOIIdS Composition Site and Structure
— Element GeTe A F
— Lattice structure N AR > ,9‘-;_ L
— Oxidation state v S N Periodic QM (QE)

— Intercalation descriptors
— 3D SOAP (with PCA)

e Formulations and Mixtures

— Composition

— Chemlstry of the components
|/Processing conditions

MD (Desmond)

) Schrodmger



Automated Machine Learning and Visualization in Molecular Systems

e Supervised learning with 400+ built-in descriptors
* Integrated as automated HPC-supported workflow

Feature Continuous Y

Calculate Informative

Selection

Build Descriptors
< Structures > > — + Categorical Y

+ Property to fit Fingerprints

Descriptors
+

Test Fingerprints 7
. 1
= —| et

Consensus X:M;

\ Report —
< QSAR Models / > __ Train/Test Learning
Splits Methods

——

T < _RPy > < Bayes, >‘_ RP

L Rf’z > < Bay-esz > Bayes

Rank, Sort, C . i
2 sorh, ~ap < MR, > < KPLS; > MR )

< MR, > < KPLS, > KPLS |«

etc.
~

Schrodinger’s automated model-building algorithm
(AutoQSAR)

@ Schrodinger

Machine Learning with Model visualization

JOuRMAL OF
CHEMICAL INFORMATION | Aticle |
AND MODELING pubs.acs.org/jim

Kernel-Based Partial Least Squares: Application to Fingerprint-Based
QSAR with Model Visualization

Yuling An,+ Woody Shcrman,i' and Steven L. Dixon’*

"Schriidingcr, Inc., 120 West 45th Street, New York, New York 10036, United States

ABSTRACT: Numerous regression-based and machine learning techniques are available for

the development of linear and nonlinear QSAR models that can accurately predict biological 2

endpoints. Such tools can be quite powerful in the hands of an experienced modeler, but too i
frequently a disconnect remains between the modeler and project chemist because the —4 —nH
resulting QSAR models are effectively black boxes. As a result, learning methods that yield |
maodels that can be visualized in the context of chemical structures are in high demand. In this - =N

work, we combine direct kernel-based PLS with Canvas 2D fingerprints to arrive at predictive -y

QSAR models that can be projected onto the atoms of a chemical structure, allowing u

immediate identification of ble and unfavorable cb istics. The method is validated

using binding affinities for ligands from 10 different protein targets covering 7 distinct protein families. Models with significant
predictive ability (test set Q* > 0.5) are obtained for 6 of 10 data sets, and fingerp are shown to consistently outperform large

collections of classical physicochemical and topological descriptors. In addition, we demonstrate how a simple bootstrapping
technique may be employed to obtain uncertainties that provide meaningful estimates of prediction accuracy.

Automated cross-validation for
model scoring and ranking

KPLS

oF training set
test set (20%)

DFT



AutoQSAR for lonic Liquids

o 392 ionic liguids from the NIST IL Thermo database o

« Target Property — Electrical conductivity @ : :: _E F
g | o o4 F

- . J\
° ° AUtoQSAR \B! \ / /\/\/\N*
QSAR task 3 3
Choose task: Build model O View model and make prediction ~ From file... e
) , , : title 2 title 344 title 333
File name: utogsar/qsar_train_9@/qsar_train_98.qzip Browse.. = : = . =
Electrica 0.204 Electrica” -0.678 Electrica’ -0.921
Predicted -0.405 Predicted -0.929 Predicted -0.843
Total = 392 o
120 4
100 Model Code ~  Score 5.0. RA2 RMSE 02 0°2 MW (Null Hypothesis)
100 A kpls_dendritic_36 0.8590  0.3468 0.8584 0.3451 0.9036 -9.0071 ece Scatter Plot
kpls_linear_38  ©.8319  ©0.3664 ©.8415 0.3770 0.8849 -8.0071
80 kpls_linear_40  ©.8277  0.4017 ©.8216 0.3384 0.8400 0.0146 .
kpls_dendritic_38
kpls_dendritic 49 ©.8159  9.4099 0.8142 90.3912 0.7862 0.0146 1 = =
= & kpls_linear_23  ©.8039  0.4215 0.8030 0.4084 0.7662 0.0185
kpls_dendritic_23 ©.7941  9.4329 9.7921 90.4143 9.7592 0.0185 04
kpls_radial_21  @.7907  0.4468 0.7836 0.3907 0.7218 -8.0164
40 1 kpls_radial_22  ©.7833  0.4213 0.8015 0.4255 0.7829 0.0192 11
kpls_radial_34  ©.7805  ©0.4554 ©.7718 ©.3895 0.7858 ©.0250 ¥
o
_2 -
20 1 kpls_linear_5 8.7793  9.4492 9.7753 0.4219 ©8.7535 -0.9130 S
g
Report Details... Visualize Model... Show Less — —3 1
0 - Z
=
=
Make Prediction % —4
Electrical Conductivity, S/m Liquid Use structures from: [ Project Table entries) 2]
Model to test: All models (consensus prediction) B Property to be fit: ! vity quid 54 @
AutoQSAR Prediction: Y
-6
® Training Set
_I;r _|5 _I5 _‘4 _I3 _|2 _‘1 ® Test Set
Job name: gsar_test_1 R~ o Run Activity (observed) — y=Xx
@ Save Image...
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DeepAutoQSAR: Automated Model Selection & Parameter Optimization

1 2

~ - . %
oV = "
a0z ook . %

6 5

ot - WP «

7 Scoring

PARAMETERIZATION FOLD SCORES 1-5
Key 1 mmp 1 2 3 4 5
Key2 mmp 1 2 3 4 5 '
Key3 mmp 1 2 3 4 5

= ¥

traminG [l Testing @ HoloouT

MOLECULE

~

LS

g A~

B |

Architecture 1

Architecture 2

Architecture 3

Ranking
EMILES MEAN
CC(C)Cn1e(=0) 0.8
CCCC[C@H] 0.42
0=51(=0)CC[ 0.76

NHy

D || i

0.11

0.09

0.51

Data splits, featurization

Model architecture, descriptor and
hyperparameter combinations
explored and optimized via
Bayesian Optimization

Consensus Model
e Prediction = an average of the predictions for
5 best models

—

Models Sampled
Dense Neural Network
Random Forest Regressor
XGBoost
TorchGraphConv
GCN
GraphSAGE
GIN
TopK
SAGPool
EdgePool
GlobalAttention
Set2Set
SortPool

e Uncertainty = SD across the 5 predictions

(@j) Schr6dinger For details on model training and performance see: Schrodinger LigandML Performance Whitepaper



Case Study - Redox Flow Batteries

- Design: Homobenzylic ethers (HBE) with 4 © Lwo @0
oxidation potential in a pre-specified range. O,, \ \ & QQ °’
L . I .o )
- Oxidation potential of 1,400 HBEs B Yo e oB° j @ OO
calculated as the initial (training) dataset for ettt BB il O \
o et SRS PP

machine learning

10 15 20 25 30 35

Figure 2 Graphical illustration of the chemical space of 1,400 HBEs and their computed oxidation
potentials (E°*). PC-1 and PC-2 represent principle component 1 and 2, respectively.

[1] Doan, Hieu A., Garvit Agarwal, Hai Qian, Michael J. Counihan, Joaquin Rodriguez-L6pez, Jeffrey S. Moore,
and Rajeev S. Assary. "Quantum Chemistry-Informed Active Learning to Accelerate the Design and
Discovery of Sustainable Energy Storage Materials." Chemistry of Materials (2020).

@ Schrédinger



AUutoQSAR vs DeepAutoQSAR Results

Traditional AutoQSAR

Test R2=0.94

mir_9

3.5 4

3.0

Activity (predicted)
[ (%] (9]
o w
L 1

=
w
L

1.0 4

0:5 1 @® Training Set
0.5 1.0 1.5 2.0 2.5 3.0 ® Test Set
Activity (observed) —_—y =X

Report | Plot

Y Pred

3.0 1

2.5 A1

2.0 A

1.5 1

1.0

DeepAutoQSAR
Test R2=0.98

x| AutcQSAR/DeepChem Report Viewer

1.0 15 2.0 25 3.0
¥ True

- ML models were created for oxidation potential of 1,400 homobenzylic ethers for Redox Flow

- Both AutoQSAR and DeepAutoQSAR offer solid predictive capability.

- The deep-NN-based model (by DeepAutoQSAR) outperforms descriptor-based models for larger (>1000) training set.

@ Schrédinger




Chemical Featurization using Physics

« 100+ additional physics-based descriptors by QM-bound properties,
repeat-unit chemistry, and crystallinity

* Direct link to AutoQSAR and other workflows within the platform

O ® Generate Molecular Materials Descriptors

: : . Molecular descriptors
Use structures from:  Project Table (4 selected entries) B L p
L Periodic descriptors
Descriptor families X X ] Periodic Descriptors
;’Eamglcal Use structures from:  Project Table (0 selected entries]a [
ikProp
Physicochemical (Canvas)
Functional group counts (LigFilter) Element descriptors
Organometallic Oxidation state descriptors
Include nonmetallic center elements: Ge, B SO L H
’ . Intercalation descriptors P0|ymel’ deSCI’IptOI’S
Semiempirical (MOPAC)
7 . | @ @ Polymer Descriptors
Method: AM1 Optimize geometry 3D-based SOAP descriptors with dimensionality reduction via PCA y P |
Use structures from:  Project Table (140 selected ent =
Jaguar |

|
Options...  B3LYP/MIDIXL : z i
Polymer fingerprints
Polymer descriptors

Save subjob output

i
Save SDF output

Job name: polymer_descriptors_1| #~ 2% Run |
Job name: molecular_materials_14 #~  Run o
Job name: periodic_descriptors_1 B~ = |
{ Host=localhost, Incorporate=Append new entries as a new group | ? |
Host=localhost:1, Incorporate=Append new entries as a new group G
| Host=localhost,Incorporate=Append new entries as a new group @
L |

@ Schrédinger



Customized Polymer Descriptors Outperform Simple Monomers

Polymer Descriptors

Tg ML model AutoQSAR monomer

700 R2=0.898 Pid
®*  RMSE=37.939

600

n
o
o

ML predicted Tg (K)
=

100 200 300 400 500 600 700
Experimental Tg (K)

Data set of 315 polymers with Tg values

@ Schrédinger

Topological torsion fingerprints
Number of rotatable bonds
Number of ring atoms

Fused ring atoms

ok

€ - =-=-=->

7001 o

g &8

ML prediction Tg (K)
3
S

Train set (R?=0.983)
Test set (R?=0.950)

RMSE =11 K

200

300

400
Tg (K)

500

600

700

1



Viscosity Dataset for Machine Learning Models

Literature extraction of viscosity

SEEEEE
I

Single, organic
structures

v

Remove extreme

Remove positive
deviations of

----------

4,400 viscosities

@ Schrédinger

Distribution of viscosity
and temperature

1400

1200 -

1000
)OJ\ 'O'N°O >
0~ Ag* S 800 -
S
methyl  silver S 600 -
acetate nitrite L

400 -

v’ X

200 -+

(i
15 <10 05 00 05 1.0 1.5

log u

x

1400

1200
1000 A
800 -+
600

Frequency

400 4
200 -

0 4
200 250 300 350 400 450
Temperature (K)

Dataset summary:
1,005 unique molecules

Atomic elements of {H, C, N,
O,F Si, P, S, Cl, Br, and [}

Viscosity is between 0.10 to
26.52 cP

Temperature is between 227
Kto 404 K

12



Quantitative Structure-Property Relationships (QSPR)

O :
Generate 2D descriptors | 341 descriplors | pegeriptor-based QSPR model Predicted log p
)J\O/ (RDKit, Morgan fingerprint, Matminer) 1 (Linear, tree-based, SVR, MLP) (Exp. logu=0477)
Methyl acetate 'y

N_, descriptors

Descriptor- Inv. Temp. = 3.67x10" K
Based (Uther exlemal descriplof

Descriptor space

RDKit Morgan fingerprint Matminer Molecular dynamics
* Molecular Wt = 74 g/mo ' * Min electronegativity = 2 2
&
» # Heavy atoms = 5 e « Max electronegalivity = 3 4
Morgan_189 Morgan_337
b
0 GNN-based QSPR model
G ra h neur al )k bl : Aggregatlon Update Readout  Fully-connected layer
i H .
P O Predicted log

networks e G,'a,,,, SN (IY. '1‘(. (Exp. log 11 = 0.477)
75 atomtc features
(GNN)-Based Inv. Temp. =3 67x10° K"

(Other external descriptol

GNNs: Graph convolution neural network (GCN), EdgePool, TopK, GraphSAGE, GIN, efc.

@ Schrodinger 13



Impact of MD-Derived Simulation Descriptors

-----------

Eight MD Descriptors

» Heat of vaporization

+ Density

* Hansen solubility
parameters

* Root-mean-square
displacement

LGBM (2D)
‘LGBM (2D and MD)
LGBM (MD)

EdgePool

Model (Descriptors)

EdgePool (MD) 4

-

™

1 L] 1
000 005 010 015 020 025

Test RMSE

@) Schrédinger

Test RMSE

Learning curve with and
without MD Descriptors

0.6

0.54
0.4+

0.34

0.24

01

-&- LGBM (2D)
-&- LGBM (2D and MD)
~§=- LGBM (MD)

0.54
0.4 4

0.34

0.24

=@ EdgePool
-~ EdgePool (MD)

0.1

™—rTrT T T LI [ i § T LE s

100 500 1000 2000 3500
Train Size

Main takeaways:

Inclusion of MD Descriptors
lowers test set RMSEs

MD descriptors are most
useful at small training size
(<1,000)

Scheduled for 23-4

The technical features and projected
timeline presented on this slide is for
discussion purposes only. Such planned
or potential capabilities are subject to
change at any time.
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Impact of MD-Derived Simulation Descriptors

MD Snapshot atT=298 K
At :r "..."\

0 e b
)I‘o/ "”- '_ “ \_' $iete

.

A

Methyi acetate

-----------

* Heat of vaporization

! Learning curve with and
Eight MD Descriptors without MD Descriptors

LGBM (2D)

‘LGBM (2D and MD)

LGBM (MD)

EdgePool

Model (Descriptors) _

..............

EdgePool (MD) 4

Main takeaways:

* Density 06
* Hansen solubility 0.5 == LOON 20) Inclusion of MD Descriptors
parameters 0.4- == LGBM (2D and MD)
+ Root-mean-square RLAB D) lowers test set RMSEs
displacement 0.3+
& MD descri
. escriptors are most
Performance with MD Descriptors d o
2 useful at small training size
@ 0.1 — T T T T
@ 054 (<1,000)
= 0.4
0.3+
LGBM (2D and MD)
0.2 RD_BCUT2D_LOGPHI -
~@- EdgePool RD_VSA_EState3
— ~@- EdgePool (MD) MD_FV |
T T T T 0.1 — —r——— — T
000 005 010 015 020 025 100 500 1000 2000 3500 Inv. Temp. +
Test RMSE Train Size MD_HV -
-0.1 0?0 0T1 072 0?3 0.4
Mean |[SHAP| 15

@@ Schrodinger Which descriptors were most useful for viscosity?



Machine Learning
Optoelectronics Properties with
DFT descriptors

T N



Database of Optical Properties of Organic Compounds

Experimental dataset of 20,236

combinations of

7,016 chromophores

in 365 solvents

Atom IC]
Number of H
Bonded atom | |2}
Aromaticity | [1] «++[1]
Hybridization | ]

Feature matrix

|
|:
|I=.n‘-‘

@ Schrodinger

Chemical
space
vector

' Exp Pred
C:::::.I | Aughg (10ITL) 266 235
layers l O (cm™') - 5135
_ I (1001) 285 283
O (€cm™") - 3526
r(ns) 25 13.0
2. B .. » 009 010
a - logs . 168
B \ I
(..
Interaction vector
\_‘ / Interaction layers
3

Molecular weight
(@) 2000,
; N=7016
1500 -
" |
€ 1000/
=
3 |
500 |
1
0 500 1000 1500 2000 2500
Molecular weight (g/mal)
(d) Quantum yield
j N=13837
30001 mol.=5614
|
0 2000}

[
1000 |

I "llll!!ullm%m.

0.0
Fluorescence Quantum Yield

Coun

Fluorescence Lifetime

(9) 2500, N=6958
2000| mol.=2755
2 tSGDf-
[ =4
LS) 1000]
Illllll.-...----l

8 12 16 20
Fluorescence lifetime (ns)

(b)

Counts

(e)

Counts

(h)
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2400

1800 -

200 300 400 500 600 700 8OO B00

1000

750 -

2000

1500 +

1000

1

Absorption wavelength
N=17294 .
mol.=6433 € ‘
= 800
8
&
§ 400 [___]
2 z
0

Wavelength (nm)
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mol.=1606 (148) |

E
£
£
3
g
-]
m
50 100 150 200
Bandwidth (nm)
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N=8041
mol.=3848
__..-_._..dll he. |
2 3 4 5 6 7
log, (7., /M em"”)

Joung, Joonyoung F., et al, "Deep learning optical spectroscopy based on experimental database: potential
applications to molecular design." JACS Au 1.4 (2021): 427-438.

Fluorescence wavelength
() 3000, -
l N=18141
2400 mol=6412 E
o 1800} E, [
L ¥ —4
3 1200} o
O |
600{
l

300 400 500 600 700 800 900
Wavelength (nm)

Fluorescence bandwidth

f) 2500, I
( ) N=7198 (627) 300 —
2000 Mol.=2866 ( 145_}‘
- E 200!
! £
£
1 il —]
o0 L
3 § 5 =
500 5
0 50 100 150 200 250 300
Bandwidth (nm)
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(i) CHCI, 2562

CH,CN 2004

Tol 1580
THF 1437
CHEl, 1312

MoOH | 1200
Solic 126 1

e
DMSO 785

0 500 1000 1500 2000 2500 3000
Counts



Benchmark of DFT Descriptors

* Combining 2D and DFT descriptors leads to state-of-the art performance

50 800 0.7
45 || HEE MatSci-ML BN MatSci-ML
= MatSci # 0.6 {|E=3 MatSci-ML+DFT
40 - atSci-ML+DFT A atSci-ML+
i B Deep4Chem - 600 ~ 054 B Deep4Chem
£ 351 ' |
€ 304 -500 §
”21 25 9 - 400
« 20 z 03]
= - 300
& 15 - O g2
- - 200 F ' Scheduled for 23-4
i The technical features
5 - - 100 0.1- and projected timeline
presented on this slide
0 - -0 0.0 - is for discussion
Aabs Aemi Uabsl Gfemr1 Extinction coeff PLQY Lifetime ﬁ:‘: fgjj?fgg’t;z‘;‘?
(nm) (nm) (cm ) (Cm ) “og €) (Iog ®) (Iog ) capabilities are subject

to change at any time.

MatSci-ML Model: Neural Network

— Features: 2D Descriptors of Chromophore (+DFT Features) + Dielectric constant of Solvent
@ Schrédinger



Feature Importance Analysis

DFT Descriptors

Amax Absorption « i_matsci_optelec_Lmax_(nm)*

r_matsci_optelec_Blue Area . ° r_j_FinaI_Energy
e r_j Gas Phase Energy
r_matsc|_'uptelec_51_at_50,[e\ﬂ] é r_j HOMO *
rdkit_descr_MaxAbsPartialCharge_c B fJ_LUMO
« r_j_QM Dipole_(debye)
|_matsci_optelec_Lmax_(nm) e« r_matsci_optelec_Blue Area
« r_matsci_optelec_Dipole (D)
r_matsci_optelec_Scaled_Gap_( eV}J " rm ats Ci_o pt ele C_G reen Area
o 10 20 30 40 50 « r_matsci_optelec_Oxidation_Potential_(eV)
Mean |SHAP| .
« r_matsci_optelec Red Area
Amax Emission « r_matsci_optelec_Reduction Potential (eV)

« r_matsci_optelec_S1_at_S0_(eV)*
« r_matsci_optelec_S1_at_S0_Transition_Dipole_(D) *
r_matsci_opte!ec_s1_at_SO_Transitian_Dlpale_{D]‘ . r matsci_optelec S2 at SO (eV)
« r_matsci_optelec_S2 at SO _Transition_Dipole (D)
« r_matsci optelec S3 at SO (eV)
« r_matsci_optelec_S3_at_SO0_Transition_Dipole_(D)
« r_matsci_optelec_Scaled Gap (eV)*
| r_matsci_optelec_Scaled_Gap_(eV)| e« r_matsci_optelec_Scaled_ HOMO_(eV)
S S M T . e« r_matsci_optelec_Scaled_LUMO_(eV)

s g Mean |SHAP|
@@ Schrodmger * most impactful via feature importance 19

r_matsci_optelec_Red_Area

Dielectric

l r_matsci_optelec_S1_at SO ( eW‘




Machine Learning for
Volatility of Organic
Molecules

/A\\



Evaporation/Sublimation of Organic Molecules

Training data:
e 1,184 organic molecules containing C, O, CI, N, Si, Br, S, F, P,
[, B, As, Se
e 12,169 experimental (p,T) datapoints
 Pressure ranges from 1 Torr to 30 atm

Generate 200 chemical descriptors and 1000

Morgan Fingerprints for each molecule from its 2D
sketch

 Examples of descriptors: molecular weight, solvent-accessible
volume, max partial charge on atoms, electrotopological state
descriptors ...

Log(p) was used as an additional descriptor and ML
model was trained to predict 1/T

@ Schrédinger
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Benchmarking ML Algorithms

Top-performing machine learning algorithms:
Light Gradient Boosting Machine (LightGBM)
RMS error £8°C
Multi-Layer Perceptron (neural network)
RMS error £2°C

Most literature QSPR models for boiling points of
diverse organic molecules have errors £18°C

“Quantitative structure-property relationships for prediction of boiling point, vapor pressure, and melting
point”, J. C. Dearden, Environmental Toxicology and Chemistry, 22, 1696-1709 (2003).

Best neural network gives RMS-error £5°C and mean
absolute error £4°C

“Boiling point and critical temperature of a heterogeneous data set: QSAR with atom type
electrotopological state indices using artificial neural networks”, L. H. Hall & C. T. Story, J. Chem. Inf.
Comput. Sci. 36, 1004—-1014 (1996).

@ Schrédinger

ML prediction 1byT

0.0161

0.014

0.0121

Model score 0.997

/1

e Train set (10952 points, R?2=0.999, RMSE=0.00(
m Testset (1217 points, R?=0.998, RMSE=0.000)

0.0025 0.0050 0.0075 0.0100 0.0125 0.0150

1byT



Prediction of Pressure-Temperature Relationships

Performance of model on sample molecules outside training set

VN Ve VN
10 - \\\ S £ ® Exp. CCCCCCCCCCCce o
\:\ NN s Exp. CCOC(=0)CC ﬁ
N ~
W S S ® Exp. CCOc1ccececc1N
W N N
8 1 N \\ SN ® Exp. ClcicceeciCl N N
‘\\\ N . =—- MLPred. CCCCCCCCCCCCC

5- \\?\. '\b\ “._ ==~ MLPred. CCOC(=0)CC o —
6:" \\\\ ‘e === ML Pred. CCOc1ccccciN 0
- ’\Q\\ ‘\ === ML Pred. Clc1cccec1Cl
C N\ ‘ N dd
— - \ b C

4 R\. L N \\\\ g

WO N 5 ‘
\8 .\\ AN
2 i \\‘ .\\ \\\
\ & (20N 20N
NN Mo
\\ \\ \\ ,\\\\
0- s oo ) y
0.0015 0.0020 0.0025 0.0030 0.0035 0.0040
1T K1
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Applications of Volatility Machine Learning

Atomic Layer Deposition / Chemical Vapor Deposition
Thermal evaporation & jet-printing (Organic LED)
Flavors & fragrances

Equation of state for petroleum fluids

Refrigerants

Membrane separation/distillation

Volatile Organic Compound Pollutants

Explosion hazards

@ Schrédinger



Machine Learning for
Inorganic 3D Crystal
Structures
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Transparent Conducting Oxide Band Gap ML

3000 periodic structures containing indium, aluminum, gallium
and oxygen

These materials have applications in display devices and solar-
cells

Dataset was obtained from NOMAD 2018 Kaqggle challenge on
creating ML models for properties of transparent conducting
oxides

ML models for Band Gap were created using DeepAutoQSAR

Composition (matminer) and 3D SOAP descriptors were used

@ Schrédinger

| N N | Periodic Descriptors

Use structures from:  Project Table (0 selected entries]a [

Element descriptors

Oxidation state descriptors

Structure descriptors
Intercalation descriptors

3D-based SOAP descriptors with dimensionality reduction via PCA

Save SDF output

Job name: periodic_descriptors_1 %~ Run

Host=localhost,Incorporate=Append new entries as a new group



https://www.kaggle.com/c/nomad2018-predict-transparent-conductors
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DeepAutoQSAR Results

6 6 4
2 = — &
5 R4 ontest set =0.886 * 5 R2 on test set = 0.939
4_ 4_
=]
g T
k> &3
> + + >
| i .
| L I
iy ¢ + + t fo 2 + R ¢
o ® ¢ ¢ u.*,' AN . : o ® s With 139 matminer
} W i With 139 matminer e )
i) g : N # descriptors + 10 SOAP-
%l A descriptors ' :
b . o8 PCA descriptors
— 000 AutoQSAR/DeepCh
o000 X AutoQSAR/DeepChem ¢ X Au hipespchen
Choosa Task Build model ®)Make Predictions Choose task: Build model ® Make Predictions
Model file: r/chandras/Schrodinger/NOMAD2018. prj/deepchem_no_SOAP/deepchem_no_SOAP model.qzip | Browse... Model file: andras/Schrodinger/NOMAD2018. prj/deepchen_all_descr/deepchem_all_descr_model.qzip | Browse...
Model Summary Model Summary
Mode: Regression Mode: Regression
kendall_tau: 0.7967 kendall_tau: 0.8632
mae: 0.2405 mae: 0.1480
median_ae: 0.1598 median_ae: 0.0750
f2: 0.8869 [ 0.9392
rmse: 0.3542 rmse: 0.2597
time: 2021-05-07T721:56:03 View Full Report time: 2021-05-07T21:41:31 View Full Report
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Machine Learning Property Prediction Panel

« The following properties/models are currently available

o Volatility of organic molecules (Both Boiling Point and Vapor pressure)
« Volatility of organometallic molecules
 Polymer Tg

 Frequency dependent Df

X| Machine Learning Property Prediction
Machine learning model: | Volatility for organic molecules b
. q y depend 4
Fre uenC e en ent Dk Predict: (® Boiling pointat |1.0 \ Torr ~ |_)\Vapor pressure at
1 Model Performance: Result from included ent
 Density Y
. . Volatility
e Viscosity todet Infe (0rganic) i P
' .. : 800 A . P Entrv 1D Title Boiling Point
1 Training data size 12214 z 0] © Train set y (K)
vy @ Testset
2| Training (90%) R® 0.9988 5 6001 1 1993 001_2CzPN 529.2269
=4 500 -
3 Test (10%) R? 0.9988 = 400 4
m
4| RMSE (Training) 2.436 g 001
E 200
5 RMSE (Test) 3.2166 2 100 -
w
C, 0, H, N 04~
6  Chemical space 5. Se, F, Cl 0 100 200 300 400 500 600 700 800
Br, _I' P. B ML Predicted Boiling Point (K)
51, As
Batch prediction on | Project Table (1494 selected entries) ~ | [
Job name: \ml_prop_prediction_1 %~ Run
Host=localhost, Incorporate=Append new entries as a new group [ ?.
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ML for Formulations

Fekpe  Osp Obiscel |  Loso Al i i
#EIFQEBLD
Create ML models for .
. t d f I t. L ] Formulation Machine Learning o . i
mlx ures an Ormu a IonS Fie type. Q Data Maodel Load. .. MsersimiscamorkTormulation/ML_train_schrodingeinoul csy ” I
. * . Dats Build E ] ‘w
containing multiple molecules “
Formulation Rg 8P_E GBP
- o{ ¥
occo NCCMNCCN I - - — o
. . l 3% ] I % 1 l—H 22 1544 30.B72 154 “ e i = »
Identify most import features —
: T Eemml sl B e g == o sz
and descriptors — 2
I 3% ~l I 3% ] |"— 23.7108 11.2330
CCiC)=0 CCOC(=0)C N st mme  forml st pon_al - L
. - - T l | 3% ] Ij 23,247 15.890 H".Q — — @
Design/optimize new 4 ———
| — ] | % ' l: 2327140 14 488 18,0358 3.1
formulations with novel T — ans  Eae o Scheduled for 24-1
compositions and chemistries cccccceco
I = ) | 2 ) - The technical features and
i S W . — - projected timeline presented on
I o ) | e ) this slide is for discussion
CCC)NICO ce(c=o B i _— purposes only. Such planned or
L % ) | 3% ) T . - o potential capabilities are
subject to change at any time.
Export Data.

Jobname: formulation_ml_5 - & Run

@ Schrédinger © rommorm s o o e @



Active Learning and
Genetic Optimization
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Active Learning OptoElectronics Multi-Parameter Optimization (MPO)

o0 e Optoelectronics Active Learning Training

Maximize Minimize

Fa e

Use structures from:  Project Table (O selected entries)

Mode

© screening Custom1 Custom2

RN |/ Electric dipole moment Maximize Add

Oxidation potential o 33 0.2 0.4
Multi-|  Reduction potential :

Scaled HOMO
Trainir  Scaled LUMO Target Value

Scaled HOMO-LUMO gap |

Initial st  Hole reorganization energy

| |
Additio Electron reorganization energy 3 = TN
First triplet energy F 1
Stop tré Triplet reorganization energy |
T S1energy at SO geometry :
S2 energy at SO geometry r/\
T s3 energy at SO geometry v RisUBIkeS
2 51-S0 tran5|.t|.on dl.pole moment bn decreases by: 10.00 12 %
S2-S0 transition dipole moment : —
|

$3-S0 transition dipole moment

S1-T1 energy separation Advanced Options... #=— Inner tolerance
~  $1-T2 energy separation 5 | |
Job nam S1-T3 energy separation ‘ [+ 24 Run le »
| Maximum absorption (Lmax) f | . Outer tolerance
Host=localhost:1, Incorporate=Append new entries as a new group @

LS 4




Active Learning Workflow for OptoElectronics

APPEND TRAIN

Add new molecules to
Training Set

Train ML models on new
Training Set

Active Learning
Loop

COMPUTE QUERY

Make MPO predictions and use
acquisition function to select new
molecules

Calculate DFT properties of
selected molecules

— T
S

Large pool of candidate
molecules

K/




Optoelectronic Genetic Optimization

Use structures from: Project Table (249 selected entries)

1.2 / Generations

249 points, R2=0.840, RMSE=0.078 7
© poin 4 Initial population: 249 _, individuals selected from the 249 input smlﬂs _

7/
/0 < — ]
.// Maximum generations: 10 Terminate early after: 6 consecutiv

[ 1 Generated Molecules
B Training Molecules

v

-
o

Properties 15D |

Property Evolution Targe]

o
o

1./ Oxidation potential Minimize
Reduction potential —
Hole reorganization energy 5 1DD i
Electron reorganization energy é
Triplet energy
Triplet singlet RMSD
Triplet reorganization energy
UV absorption maximum m b
Blue absorption

o
o

o
'S

ML Predicted AEg;

o
[N

Green absorption
Red absorption
TADF S1-T1 gap

(O __ D A
TADF S1-T2 gap
TADF S1-T3 gap S o DD DE 1-':'

. . . . . . . Huor’es;en;e emission maximum | Pred 51t1 pred conse

0.0 0.2 04 0.6 0.8 1.0 1.2 Blue emission tion Fragment mutation Mutation rate: 90 2 %

. Green emission

EXPerlmental AEST Red emission i CuIes

Stokes shift

Molecular weight Advanced Options...

e
o

Number of atoms
i Number of elements B
ol ~ . % Run
Define new SMARTS property... o

Canvas KPLS Tg

| ii“ " S o P4 sll

Ueline Nnew DecpPUTIeiTh Property...

AutoQSAR consensus prediction for
experimental AE¢; dataset

3 a new group

Refractive index
Define new custom property...
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Machine Learning
Forcefields
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Neural Network Potentials (NNPs)

A
Exact solution of Many-Body Schrédinger Equation (QMA-Hard)

-
-
e
Y
-
—
—
-
-
-
J—
-
—

"“E
""""""" Coupled Cluster Theory (CCSD)
""""" 0(N7) VJ

ML-FF I ,,,, Calculation Time: ~ 1 day >J
o) -
o e
3 _ //’ Density Functional Theory (DFT)
< Cost: O(N3)

/" Calculation Time: ~2 minutes

'3

Molecular Mechanics
- Cost: O(N)
Calculation Time: ~1 microsec

log(Computational Cost)

Achieving QM accuracy at the cost of classical forcefields is an exciting prospect for neural
network potentials to accelerate design of next-generation materials
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Our First NN Model: Schrodinger-ANI (SANI)

AEV,

AEV

AEV,

AEV

@ Schrédinger
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Stevenson et. al., arXiv, 1912.05079 (2019)

SANI is extension of ANI1-family of NN potential?

Supports 8 elements covering 94% druglike molecules in
ChEMBLS3

Inputs are cartesian coordinates and element type for
each atom

Each element has a separate NN learning mapping from
features to energies

Trained to DFT energies (wB97X/6-31G(d))

Limitations: Neglect long-range effects, no information
about charge state, charge distribution

1Smith et. al.,Chem. Sci., 8, 3192-3203 (2017)
2Behler et. al., Phys. Rev. Lett., 98, 146401 (2007)
3Gaulton et. al., Nucleic Acids Res., 45, D945-D954 (2016)



QRNN: Charge-Recursive Neural Network

Extension of SANI to provide support for
lonic systems

Involves recursive charge correction

' Predicted atomic charges added as
ANN ——
qdi  Eeec features to the NN

2 N l ) L P FE
Ai T ~QEQ U v, E Include charge dependent AEVs to learn
radial charge distribution
Jacobson et. al., J. Chem. Theory Comput. 18, 2354-2366 (2022)
Empirical dispersion correction and
Predicts energy, atomic charges, dipole and coulomb interaction using the predicted
atomic forces charges added to energy
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Bulk Properties of Liquid Electrolytes

QRNN N OPLS4 m Expt

Den5|ty (gfcm3)
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Solvent Solvent

ML-FF computed bulk properties are compared to experiments and OPLS4

Excellent property predictions for all electrolyte components

Significant improvement in prediction of diffusivity and viscosity compared to OPLS4

The technical features and projected timeline presented on this slide is for

discussion purposes only. Such planned or potential capabilities are subject to
N v ae change at any time.
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Schrodinger’s Informatics Platform - LiveDesigh®

0 i

* Web-based: Instantly LIVE to

all users i
ol
e Scalable: Performant for global <0
sized organizations A = |

* Informatics: Visualization and L

Analysis Visualization and
* Central Platform .. Machine Learning
< £>E\ J'I_Tr] ‘ rmm R

Informatics Analysis, - -

-
»
W
E .
i “l
0 A
1 . H 5
plcso

Computatlonal a
Modeling

Easy agnostic access to expert
computational tools

— Machine learning

— Advanced QM properties
Execute modeling jobs, analyze
results alongside all other data

Schrodinger’s core values of modeling supported DESIGN
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Suitable for Diverse Materials and Data Types
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Summary

Customized featurization based on chemical domain knowledge is critical in developing machine
learning models

« High throughput physics-based modeling (QM, MD) provides various advantages in enhancing
machine learning technology

« Our machine learning technology has been successfully applied to a wide range of materials systems
and can be easily adapted to experiment design (i.e experimental design)

 Web-based materials informatics platform (LiveDesign) enables data digitization with advanced data
analysis/visualization and machine learning technology

ML Forcefields offer MD simulations with DFT-level accuracy

« Schrodinger’s technology is to empower users and increase efficiency and productivity

@E Schrodinger
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