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Figure S1. a) The HCOOH molecule and b) is the input feature matrix of the 2-body and 3-
body terms. Each element of this matrix represents a pairwise interaction. This matrix has 20
(C3 + C3) rows and 3 (C3) columns. The corresponding k-body term for the rows are listed. c)

is the feature matrix of the Carbon-Hydrogen-Oxygen (CNO) terms.
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Figure S2. Linear regression (LR) results on QM7 (a) and GDB-9 (b). The LR energy of
each molecule is determined by the following linear equation: E'R = Y nE# | where ELR is
the predicted energy, n® represents the number of atom A (C, H, O, N, S for QM7 and C, H,

O, N, F for GDB-9) in a molecule and E is the learnable parameter for atom type A.



10*
—@— CgHyN

-o- QM7
; 100_
2
w
<
=
e

10—1 4

T T

k=1,2,3

k=1 k=1,2 k=1,2,3
(Restart from k=1,2)

Included K

Figure S3. Comparison of the testing mean absolute errors (MAE) of models with different
ranked k-body (k=1,2,3) terms on the CoHsN (PBE) dataset and QM7 dataset. Including the

3-body terms can significantly reduce the MAE. The training settings are described in Table

S2.
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Figure S4. The conditional sorting scheme. For CHN, since each column represents a unique

bond (C-C, C-H, C-N), sorting is not needed. For CCH, every row of the first two columns

(both represent C-C bonds) shall be sorted and for the CCC every row needs to be sorted.
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Figure S5. Potential energy surface scan of the C-C bond stretching. The kCON energies are
calculated with the QM7 model. The DFT energies are calculated with Gaussian 09, Revision

D.01 at the B3LYP/6-31G(d,p) level .
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Figure S6. a) and b) are the accumulative MAEs on the datasets of CoH7N and TiOs. ¢) and

d) demonstrate the energy distribution of the CoH7N and TiO, isomers used for training
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Figure S7. The distribution of the atomic energy of the nitrogen as a function of the
coordination in all structures of the CoH7N dataset. a) showing the nitrogen energy in radical
hydrogen species (H, HH) and ammonia (HHH). b) comparing the nitrogen energy in
primary amine groups (CHH) with other high-coordination species (CCC and CCH). ¢)
demonstrating the remaining groups and nitrogen with CC coordination tends to be very

stable because CC often involves aromatic compounds similar to the global minimum.



Name Shape Number of weights
CCC/Input [50, 1, 84, 3]

CCC/Hiddenl [50, 1, 84, 128]

CCC/Hiddenl/weights [1,1,3,128] 384
CCC/Hidden1/bias [128] 128
CCC/Hidden2 [50, 1, 84, 128]

CCC/Hidden2/weights [1,1, 128, 64] 8192
CCC/Hidden2/bias [64] 64
CCC/Hidden3 [50, 1, 84, 64]

CCC/Hidden3/weights [1,1, 64, 32] 2048
CCC/Hidden3/bias [32] 32
CCC/Hidden4 [50, 1, 84, 32]

CCC/Output/weights [1,1,32,1] 32
CCC/Output/bias [0] 0
CCC/Total 10880

Table S1. The shapes of the layers of the 3-body CNN for interactions of CCC. The batch

size is 50. The number of CCC interactions for organic compounds of composition CoH;N is

C3 = 84 so that the third dimensions, from CCC/Input to CCC/Hidden5 are all 84. The

output layer does not have any bias unit.



Dataset QM7 GDB-9 CoH/N TiO, CoH;N
(DFT) (DFT) (DFT) (DFTB) (DFTB)
Layer Sizes 128,64,32 32,64,64,32 128,64,32 128,64,32  60,80,90,60
Batch Size 50 100 50 50 60
Initial 0.001 0.0004 0.0008 0.0005 0.0002
Decay Exponential Exponential ~ Exponential
Leaming Function
Rate
Decay Step 5000 25000 25000
Decay Rate 0.96 0.90 0.90

Table S2. The kCON training settings.



The Datasets

The Evolutionary Algorithm (EA)** implemented in the Atomic Simulation Environment
(ASE)’ is used to generate the datasets of CoH7N (DFTB)® and anatase TiO»(001) (DFTB)".
The population size NP is chosen to be 20. The structures, including the initial populations,
are optimized with the density functional tight binding (DFTB)’ theory using DFTB+®. For
CoHN, the bond parameters are from Gaus et al.” and for TiO, we use Dolgonos’s'’. For
CoHN the structures are optimized in a 25 X 25 X 10 A unit cell including only forces in the
x- and y- directions to produce two-dimensional structures, and for TiO, the lattice
parameters are a = 3.74 A, b = 9.47 A and only x- and y- directions are periodic. The force

threshold for all local optimizations is set to be 0.05 eV/A/atom. The similarity of any two

structures is calculated with the following equation®:
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where A, B represent types of atoms, N is the total number of atoms and f,_p is the sorted
list of interatomic distances of atom pairs of type A-B. Two structures are considered similar
if 45 < 0.02. Only unique structures are present in the datasets. Both the CoH7N (DFTB)
and anatase TiO,(001) (DFTB) datasets have 5000 structures. The CoH;N (DFTB) dataset is
re-optimized with GPAW!!12 using PBE" in LCAO'* mode and DZP basis set to obtain a
CyH7N DFT dataset. The CoH7N DFT dataset has 4845 unique structures. The QM715 16 and
GDB-9'7 datasets were published by Rupp et al. QM7 is a subset of the huge database GDB-
13", and has 7165 different stable organic molecules of up to 23 atoms (C, H, N, O, S) and
the GDB-9 dataset contains 133,885 stable organic molecules of up to 29 atoms (C, H, N, O,
F). For all datasets, we randomly select 80% of the total samples for training and 20% for

validation.
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