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Supplementary Figures
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Supplementary Figure 1: Attention visualization for some representative cocrystals.

a WAWDEE. B KARHAM. ¢ COKNIC. d BARHMP. e PIJSUZ. f RASCAQ. g
KAYHUP. h AMIVUO. i SOMIJEK. j XONPOF. k OGIKUL. 1 DOSZOC. m FERQOK.
n MAQYEJ. The real cocrystal structure is displayed by Mercury while the
corresponding 2D structure is highlighted by the attention weights derived from
CCGNet. The redder the color, the greater the attention weight. The cyan dash line

denotes the intermolecular H-bonding.
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Supplementary Figure 2: Configuration of CCGNet-simple.
The concatenation operation between the node feature and the global state in each

CCGBlock is removed, only retaining the concatenation at the readout stage.
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Supplementary Figure 3: t-SNE analysis on each fold of the 10-fold cross-validation
for CCGNet.
Hidden representations are extracted after the concatenation operation of the readout

phase. Blue dot: positive sample. Red dot: negative sample.
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Supplementary Figure 4: The process of Graph Embed Pooling.
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Supplementary Figure 5: The best configurations of all the models, derived from the

optimized hyper-parameters.

(a) CCGNet. (b) Graph-CNN. (¢) GCN. (d) DNN-FP. (¢) DNN-desc. (f) RF and SVM.

(g) enn-s2s.



5,0

o] cl o
o] o N N
~ N" ¢ el SN a a i o @ o @ N
2\C)O):o O[O ® Oo o oY
0% N N cl cl E N Y cl el ™y o 0 N
| \ © o < o d ke (@)t}
MURPYR PAYYOG ISISAG BORPII PYRCLN OPUQUN CEKBUP GUMNUY
Score: 51.82 V Score: 50.68 \/ Score: 50.12 V Score: 48.93 « Score:49.61 f Score: 48.98 w Score: 48.75 \/ Score: 48.65 «
¢] F N FF N N N N cl F
@ N
= = VA B = —
F F F F Vi A\ N N ¢l S F F
g NCOF F N © i N L=y o |
Br S
PYRFLR QEVXOH MIDDEL GAFJAY voacuc PINJUUDZ PYRBZQ QEVWEW
Score:48.64 Y | Score: 4862 Score:48.37 W | Score:48.36 Score:48.12 W | Score:47.83 W | Score:47.63 Score:47.46 W
& & . Oui0 o Oy o > = o Br -
cl cl cl % E F Br N" . ‘
"
D= QL0 | Q0 OG> | e
© @ i c S| N cl “ e o F £ - i = S
il v
CUNWUD HAYYOW WAWPAM AGORAS PYRPMAO1 ZZZGKEOD! EHESIT BAZCUA
Score: 47.42 Score: 47,39 Score: 47.37 Score:47.29 V Score: 47.27 « Score: 47.24 Score: 47.21 Score: 47.13 V
Gy i O Q A i F i & e i N
~NTSN F. | F B | F Br E N N, N
N/ s A Ss
Br Br ! g Br F i Fi F F OH &N
Q O F F F F O"Nt()' —
AYEGAM XAGMAT FARNOD GUQRAN Guaai GURAOA PYRPCTO2 QOLQEQ
Score:4698 Y | Score:4689 W | Score:46.78 Score 4677 W | Scorei4664 W | Score4658 W | Scorei4648 W | Score:46.42
O~ OH oH % 7 o N
ﬁo © .. = AP N | Br 4 ci
OH o N= =N 0
S
| T o~ S, T, / Lo L,
£e oH o 5 | N
Cl
CORPIJ XETTEW CUTBEZ TEXPOB PYRBPC EHESUF VOQDAJ PYTQIM
Score: 46.41 { Score: 46.38 { Score: 46.35 V Score: 46,20 Score: 46.18 V Score: 46.17 « Score:46.14 { Score: 46.08 {
& 7 & Bk al Br
fo] N Q N N
Br. Br ‘ Br. F W 01/ F F al o X _# F F
T = @@ I
Br Br F F y/ F F
4 o cl 0 = - Br F
) i F LRI E F o NT SN F
REDFIP BAZDAH GUQQEQ BEFGIC ECUVIH REQVOZ PYRCYE10 GURAUG
Score: 46.06 V Score; 46.00 Score: 45.97 \, Score: 45.92 \/ Scare: 45,88 \/ Score: 45.87 f Score; 45.86 « Score: 45 83 «
o o —
v o N N _\N 0 N ] F - N ZN N
oN N [N W L &l = N S Z S
b —(OH=({  FAN Sums [ SRS Soos o A S0 ©
o 4 \ 2 N .
: 4 N N N F F N NZ SN SN
oMo N N 07 v I - F AR
CILRAQ BITBUD QOLQOA QOLPUF GUQQAM QOLRER PYRCBZ EHUFEV
Score:45.66 W | Score:4542 W | Score:4501 W | Score:d4492 W | Score:4488 W |  Scors:44.80 Score:44.77 Score: 4472 W
o
H
O i @e O @)
0 0 oo | oo ©O0 QO |0
o o]
cuszuM EHUFIZ 8854 9171 995 8418 931 9154
Soore.43.43 W | Score. 1007 W | Score-5821 W | Score-6148 W | Score-6248 W | Score:63.74 W | Score: 8469 W | Score-7237 W

Supplementary Figure 6: The predictive score ranking of CCGNet from high to low

for the coformers of Pyrene.

Green background: True Positive sample; red background: True Negative sample. The

green tick and red cross denote the correct prediction and the wrong prediction,

respectively. The coformer of the positive sample is labeled as the CSD refcode while

the negative sample is named in terms of PubChem Compound ID.
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Supplementary Figure 7: Molecules used to construct the energetic cocrystal negative
samples.

a Structures of nine energetic molecules served as coformers of potential negative
samples for the ISPE calculation. b Structures of fifteen coformers derived from failed

co-crystallization with CL-20 in our experimental works.



Supplementary Figure 8: Crystal structure of CL-20/1-Methyl-4-nitropyrazole.
(a) ORTEP plot of the cocrystal. (b) The molecular arrangement for CL-20 and 1-

Methyl-4-nitropyrazole in cocrystal. Green: CL-20. Blue: 1-Methyl-4-nitropyrazole.



Supplementary Tables

Supplementary Table 1. Solvents involved in collecting cocrystal positive samples

from CSD.
Toluene 4-Chlorotoluene diglyme
DMSO-d6 1,3,5-trichlorobenzene iodobenzene

trichloromethane-d

gamma-Butyrolactone

1,1,2-trichloroethane

ethoxyethane DL-sec-Butyl acetate formic acid
methylamine iodomethane dimethyl sulfoxide
p-Xylene methanamide 3-methyl-1-butanol
1-butanol Tetrahydrofuran bromobenzene
cyclohexanone chlorobenzene dimethoxymethane
1H-pyrrole Ethyl formate 2-butanone
2-butanol isobutanol N-Ethylmorpholine

1,1,2,2-tetrachloroethane

N, N, N', N'-Tetramethylethylenediamine

propan-2-ol

1,4-dioxane

Ethanol

2-methyl-2-propanol

2-methylpyridine

3-methylpyridine

2-butoxyethanol

diethylenetriamine

2-methoxyethanol

dibromomethane

1-methyl-2-pyrrolidone

N, N-dimethylacetamide

2,2'-Dichlorodiethyl ether

Methyl acetate cyclopentane benzyl alcohol
benzene hexadecane water-d2
nitromethane hexamethyldisiloxane Hexane
1-Chloro-2-Methylpropane acetic anhydride propanenitrile
acetamide acetic acid Ethylene glycol
Diethylene glycol Isopropyl acetate Isopropyl ether
tetrachloromethane acetone acetophenone
nitrobenzene propionic acid 1,2-Propanediol
pentane 1,1-Dichloroethane butane-1,4-diol

1,3-dimethylbenzene

1,2-dihydrostilbene

N, N-diethylethanamine

tribromomethane 2-propoxyethanol 1,2-Dichloroethane
1-propanol water phenylamine
heptane trichloromethane pyridine
cyclohexene cyclohexane Methanol
1,2-dimethoxyethane 3-pentanone fluorobenzene
epichlorohydrin acetonitrile dichloromethane
methanedithione 1-Octanol butanedioic acid

N, N-dimethylformamide

1,2-ethanediamine

2,4-pentanedione

o-Xylene

Propylene glycol monomethyl ether acetate

1,3,5-trimethylbenzene

2-phenylacetonitrile

2-Chlorotoluene

1,2-dichlorobenzene

isophorone

morpholine

nitric acid

quinoline

benzonitrile

ethyl acetate

benzene-d6




Supplementary Table 2. Search spaces of hyper-parameters for CCGNet, Graph-CNN

and enn-s2s.
CCGNet Graph-CNN enn-s2s
Batch size 128 Batch size 128 Batch size 32
Training Epoch 100 Epoch 100 Epoch 100
Optimizer Adam Optimizer Adam Optimizer Adam
Number of Linear layer
Graph-CNN 1,2,3 size Y 32,64,128
Numberof = 12345, layer
CCGBlock 6, Size of 16.32.64 Number of
Graph-CNN o s dense layers 1,2,3
128,256 .
layer in hg
Size of
dense layer 128,512,
Number of in hg (not 1024,2048
Mess?ge Graph 123 out layer)
Passing embedding - ) '
(MP) Phase | CcGBlock — 16,32,64 pooling Size of (Linear
. e output layer layer size)
Size 128,256 : N
in hg 2
Size of
Graph
embedding 8,16,32 MP step 2,345
pooling
— ReLU, — L
ACthEi"[lOIl ELU, ACthEi"[lOIl ReLU Actwa’tlon ReLU
function function function
Tanh
Multi-
?eac}[f)ut I}eatl)dl ?eac}[f)ut Set2Set
unction globa Readout Flatt unction
attention function atten
Number of Integer, Processing 2345
head [1,20] step e
Number of Number of Number of
dense 1,2,3 1 1,2,3 1 1,23
Readout layers dense layers dense layers
Phase
64,128,
Dense layer 256,512 Dense layer 64,128, Dense layer | 64,128,256,
size S size 256,512 size 512,1024
1024
float, float, float,
Dropout [0, 0.75] Dropout [0, 0.75] Dropout [0, 0.75]
L ReLU, L .
ACthél"[lOIl ELU, ACthél"[lOIl ReLU ACtha'tIOH ReLU
function function function
Tanh
Output Dense layer 2 Dense layer 2 Dense layer )

size

size

size




Supplementary Table 3. Search spaces of hyper-parameters for RF, SVM and DNN-
desc.
RF SVM DNN-desc
Batch size 64,128,256
int
> Epoch 100
Nu¥nber of [10, 5001, C float, P
estimators _ [0, 20]
step=10 L.
Optimizer Adam
. . Number of
Max depth mnt, degree mnt, dense 1,23,4,5,6,7
[1’20] [1’20] =9~y Toav oMy
layers
Min int Size of
samples ) 2(’)0 d ] 16,32,64,128,256,512
split (2,200] float or string, ense layer
) gamma {[0, 1], scale,
Min int auto}
samples ’ dropout float, [0, 0.75]
(1, 50]
leaf
Max int, Activation
features [1,24] coefl float, [0, 10] function RelU, ELU, Tanh
string,
Criterion {gini, Strin
g,
entropy; kernel {rbf, poly, O:itzlzut 2
bool sigmoid, linear}
Bootstrap {True, False}




Supplementary Table 4. The performances of all the models on the 10-fold cross-

validation with and without the data augmentation. ‘c1-c2’ and ‘c2-c1’ denote two

different permutations in the model input for a pair of coformers.

. Data Augmentation” No Data Augmentation’
Model Metrics
cl-c2 ‘ c2-cl cl-c2 ‘ c2-cl

TPR 99.11(x0.41) | 99.11(x£0.41) | 99.17(£0.27) 98.51(x0.40)
SVM TNR 89.81(£3.55) | 89.81(+3.55) | 88.54(%+2.52) 61.03(+4.58)
BACC | 94.46(£1.85) | 94.46(%1.85) | 93.85(%1.34) 79.77(£2.27)
TPR 99.82(+£0.15) | 99.85(%0.17) | 99.88(%0.11) 99.73(+0.20)
RF TNR 87.05(+£3.87) | 86.43(+3.59) | 86.05(%3.48) 72.36(£3.77)
BACC | 93.44(+1.89) | 93.14(%1.75) | 92.97(x1.71) 86.04(£1.87)
TPR 99.55(£0.19) | 99.21(%0.26) | 99.59(%+0.41) 98.36(+0.99)
DNN-desc | TNR 89.11(£2.42) | 89.80(£2.95) | 89.66(+4.13) 65.16(£5.49)
BACC | 94.33(£1.25) | 94.51(%1.51) | 94.62(=1.91) 81.76(£2.48)
TPR 98.57(£0.46) | 98.51(%0.32) | 99.17(%0.35) 97.38(x0.37)
DNN-FP TNR 86.48(+4.86) | 89.07(£3.73) | 90.73(%£3.95) 44.71(%£6.73)
BACC | 92.52(£2.37) | 93.79(x1.92) | 94.95(%1.98) 71.05(£3.40)
TPR 98.63(£0.38) | 98.63(+0.38) | 98.74(+0.47) 98.74(x0.47)
enn-s2s TNR 89.90(+4.98) | 89.90(+4.98) | 88.14(%3.67) 88.14(£3.67)
BACC | 94.27(£2.41) | 94.27(£2.41) | 93.44(%=1.83) 93.44(£1.83)
Graph- TPR 98.94(+£0.39) | 98.94(+0.39) | 98.91(+0.41) 98.91(x£0.41)
CNN TNR 87.20(£3.33) | 87.20(£3.33) | 87.05(+4.18) 87.05(+4.18)
BACC | 93.07(+1.60) | 93.07(x1.60) | 92.98(%2.07) 92.98(+2.07)
TPR 98.98(+£0.43) | 98.47(%0.32) | 99.08(%0.40) 97.37(+0.66)
GCN TNR 87.64(£3.47) | 85.38(£5.10) | 89.78(%3.77) 43.25(%6.68)
BACC | 93.31(x1.76) | 91.93(%2.62) | 94.43(£1.86) 70.31(£3.35)
TPR 99.82(£0.14) | 99.78(%0.15) | 99.78(%0.21) 99.24(+0.49)
CCGNet TNR 97.26(£1.61) | 96.85(x1.45) | 96.79(%1.35) 90.89(£3.55)
BACC | 98.54(%0.79) | 98.31(x0.70) | 98.28(%0.65) 95.07(x1.70)

“ The model is trained on the inputs of c1-c2 and c2-cl.
b The model is trained only on the input of c1-c2.




Supplementary Table 5. Positive and negative co-crystal samples for nicotinamide in

the independent test set.

Name SMILES Cocrystal Ref
Fumaric Acid 0=C(0)/C=C/C(=0)O Yes EDAPOQ
Isonicotinamide NC(=O)clcencel Yes UMUYOR
Quercetin O=c1c(O)c(-c2ccc(0)c(0)c2)oc2ec(O)ec(O)cl2 Yes NAFYUR
Adipic Acid 0=C(0)CCCCC(=0)0 Yes NUKYIC
Isoliquiritigenin O=C(/C=C/clccc(O)ccl)cleec(O)eclO Yes EYUGAI
3-Hydroxybenzoic Acid 0O=C(O)clccce(O)cl Yes XAQQIQ
Anthranilic Acid NclceeeelC(=0)0 Yes FEBSIR
Hydrochlorothiazide NS(=0)(=0)clcc2c(cc1 CI)NCNS2(=0)=0 Yes PIRXUL
P-Coumaric Acid 0=C(0)/C=C/clccc(O)ccl Yes SOLBEC
Caffeic Acid Phenethyl Ester O=C(/C=C/clccc(0)c(0)c1)OCCclceeccl Yes ETONIM
Tegafur O=c1[nH]c(=0)n(C2CCCO2)cclF Yes DOXDUR
Niflumic Acid 0O=C(O)clccencINclecce(C(F)(F)F)cl Yes EXAQEA
Ethylparaben CCOC(=0O)clcec(O)cel Yes GOGQID
Febuxostat Cclne(-c2cec(OCC(C)C)e(C#N)C2)sc1C(=0)0 Yes HIQQU
Mefenamic Acid Cclceee(Ne2eeeec2C(=0)0)cl1C Yes EXAQOK
DL-Ascorbic Acid 0=C10C(C(0)CO)C(0)=C10 Yes OXOHEQ
Carbamazepine NC(=0)N1c2ccccc2C=Cc2cccec2 1 Yes UNEZES
Tranilast COclcee(/C=C/C(=0O)Nc2cceec2C(=0)O)cc10C Yes KINTUY
COclee2¢(cc10C)CC(=0)N(CCCN(C)CC1Cce3c
(+/-)-Ivabradine No !
c(OC)c(OC)ce31)CC2
CC(=0)SC1CC2=CC(=0)CCC2(C)C2CCC3(C)
MIs000678252 No 2
C(CCC34CCC(=0)04)C12
Nitazoxanide CC(=0)Oclccecc1 C(=0)Ncelnce([N+](=0)[O-])s1 No 3
Ehrlich's reagent CN(C)cleee(C=0)ccl No 4
Famotidine NC(N)=Nclnc(CSCC/C(N)=N/S(N)(=0)=0)cs1 No 3
4-Methylbenzamide Ccleec(C(N)=0O)ccl No 6
3-Methoxybenzamide COclcecc(C(N)=0)cl No 6
2-Methoxybenzamide COclceccclC(N)=0 No 6
2-Methylbenzamide Ccleccec1C(N)=0 No 6
Acetanilide CC(=0O)Nclccceel No 4
4-Methoxybenzoic Acid COclcec(C(=0)O)ccl No 6
3-Fluorobenzoic Acid 0=C(O)clccee(F)cl No 6
3-Nitrobenzoic Acid 0=C(O)clccce([N+](=0)[O-])cl No 6
Indole clcee2[nH]cec2cl No 7




Supplementary Table 6. Positive and negative co-crystal samples for carbamazepine

in the independent test set.

Name SMILES Cocrystal Ref
4-Aminobenzoic Acid Ncleee(C(=0)0)ccl Yes XAQRAJ
4-Hydroxybenzamide NC(=0)clcecc(O)ccl Yes SOGSEP

Hydroquinone Oclcee(O)cel Yes ABOQUF
Salicylic Acid 0=C(O)clccceclO Yes MOXWAY
P-Benzoquinone 0=C1C=CC(=0)C=C1 Yes UNEYOB
Nicotinamide NC(=O)clecencl Yes UNEZES
4-Nitropyridine N-Oxide O=[N+]([O-])clcc[n+]([O-])ccl Yes JIQKUS
Schembl5894079 ON1C=CN(O)c2ccecc21 Yes VIGGOI
Fumaric Acid 0=C(0)/C=C/C(=0)O Yes WEYFEN
2,2,2-Trifluoroethanol OCC(F)(F)F Yes SAPDUJ
Thiosaccharin O=S1(=0)NC(=S)c2cccccl2 Yes YAJGEY
Benzoic Acid C1=CC=C(C=C1)C(=0)O Yes MOXVAX
Anthranilic Acid C1=CC=C(C(=C1)C(=0)O)N Yes RUTGOE
Ketoprofen CC(C(=0)O)clccec(C(=0)c2cccec2)cl Yes RAFGEO
2-Hydroxyacetamide NC(=0)CO No 2
Lactamide CC(O)C(N)=0 No 2
Glycolic Acid 0=C(0)CO No 8
DL-Tartaric Acid 0=C(0)C(0)C(0)C(=0)0O No 8
Methylglucamine CNCC(0)C(0)C(0)C(0)CO No 2
Malic Acid 0O=C(0)CC(0)C(=0)O No 8
Malic Acid 0O=C(0)CC(0)C(=0)O No 8
Picolinamide NC(=O)clcecenl No ?




Supplementary Table 7. Positive and negative co-crystal samples for indomethacin in

the independent test set.

Coformer SMILES Cocrystal Ref
Nicotinamide NC(=O)clccencl Yes SESKUY
Saccharin O=CINS(=0)(=0)c2cccecc21 Yes UFERED
Neotam COC(=0)C(CelceceeNC(=0)C(CC(= . .
0)O)NCCC(C)(C)C
Vanillic Acid COclce(C(=0)0O)ccc1O No 10
Cyclamic Acid 0=S(=0)(0)NC1CCCCCl No 10
Glycine NCC(=0)O No 10
Oxalic Acid 0=C(0)C(=0)0 No 10
Fumaric Acid C(=CC(=0)0)C(=0)O No 10
Citric Acid 0=C(0)CC(0)(CC(=0)0)C(=0)O No 10
Malic Acid 0=C(0)CC(0)C(=0)0 No 10
4-Aminobenzoic Acid Nclcee(C(=0)O)ecl No 10
Maleic Acid 0=C(0)/C=C\C(=0)O No 10
Malonic Acid 0=C(0)CC(=0)0O No 10
Glutaric Acid 0=C(0)CCCC(=0)0 No 10
Urea NC(N)=0 No 10
4-Aminobenzamide NC(=0)clcec(N)ecl No 10
4-Hydroxybenzoic Acid 0O=C(O)clcee(O)ccl No 10
Benzoic Acid 0O=C(O)clcceccl No 10
Succinic Acid 0=C(0)CCC(=0)0O No 10




Supplementary Table 8. Positive and negative co-crystal samples for paracetamol in

the independent test set.

Coformer SMILES Cocrystal Ref
Phenazine clcec2ne3cecece3ne2el Yes LUJSOZ
Theophylline Cnlc(=0)c2[nH]ene2n(C)c1=0 Yes KIGLUIO1
Oxalic Acid 0=C(0)C(=0)0 Yes LUITAM
Naphthalene cleec2cececec2el Yes LUJSIT
Saccharin O=CINS(=0)(=0)c2ccccc21 No 1
DL-Ascorbic Acid 0=C10C(C(0)CO)C(0)=C10 No 12
Theobromine Cnlcenc2clc(=0)[nH]c(=0)n2C No 1
Malonic Acid 0=C(0)CC(=0)0O No 1
Anthracene clecec2ee3eceec3ec2el No 13
Nicotinamide NC(=O)clceencl No 14
Succinic Acid 0=C(0)CCC(=0)0O No 1
Adipic Acid 0=C(0)CCCCC(=0)0 No n




Supplementary Table 9. Cocrystal samples (positive and negative

independent test set for Pyrene.

ones) in the

Coformer SMILES Cocrystal Ref
1,3,5-Trifluoro-2,4,6-
Fclec(De(F)e(Dc(F)ell Yes QEVWEW
Triiodobenzene
Pyrazine-2,3,5,6-
N#CcInc(CH#N)c(CH#N)nc 1 C#N Yes BORPII
Tetracarbonitrile
1,4-Dibromotetrafluorobenzene Fcle(F)e(Br)c(F)c(F)c1Br Yes GUQRAN
N-[2-(3-
Methoxypropyl)Phenyl]Cycloh N#Cc1c(O)c(CHN)c(C#N)c(O)c1C#N Yes TEXPOB
exanecarboxamide
Naphthalene-1,4,5,8-Tetrone O=clccc(=0)c2c(=0)cce(=0)c1=2 Yes CEKBUP
1,4-Diiodotetrafluorobenzene Felc(F)e(I)e(F)c(F)cll Yes FARNOD
Chlorothalonil N#Cc1c(Cl)e(Cl)e(Cl)e(C#N)c1Cl Yes HAYYOW
Iodopentafluorobenzene Fcle(F)e(F)e(Dc(F)c1F Yes GUQQIU
Tetrachloroterephthalonitrile N#Cc1c(Cl)e(Cl)c(C#N)e(Cl)clCl Yes WAWPAM
1,3-Dibromotetrafluorobenzene Felc(F)e(Br)c(F)c(Br)c1F Yes GUQQUG
N#CC(C#N)=clc(F)c(F)c(=C(C#N)C#N)c(F)c
F4-Tcenq ( ) ® (1; = ) )e(®) Yes MIDDEL
1,2-Dibromotetrafluorobenzene Fclce(F)c(F)c(Br)e(Br)clF Yes GUQQOA
Hexafluorobenzene Fclce(F)e(F)c(F)e(F)clF Yes ZZ7ZGKEO01
1,3,5-Tribromo-2,4,6-
Fclc(Br)c(F)e(Br)c(F)c1Br Yes QEVXOH
Trifluorobenzene
P-Benzoquinone O=C1C=CC(=0)C=Cl1 Yes PYRBZQ
4,5-Dibromophthalic
0=C10C(=0)c2cc(Br)c(Br)cc21 Yes EHESUF
Anhydride
O=[N+]([O-])clec([N+](=0)[O-])c(O)c(IN+
Picric Acid (N0-D (NHEONO-De(O) AN+ Yes PYRPCTO02
=0)[O-])cl
Bromopentafluorobenzene Fele(F)e(F)e(Br)c(F)c1F Yes GUQQEQ
2309-49-1 Cnlc(=0)c2c(n(C)c1=0)n(C)c(=0)n2C Yes MURPYR
Tetrafluoro-1,4-Benzoquinone O=CI1C(F)=C(F)C(=0O)C(F)=CI1F Yes PYRFLR
Tetracyanoethylene N#CC(C#N)=C(CH#N)C#N Yes PYRCYEI10
4,7-Dibromobenzo(C)Furazan
Brc1¢2=NON(=c2¢(Br)ccl)O Yes AYEGAM
1-Oxide
C1=Cc2nclc(-clceeccl)clecc([nH]1)c(-
917-23-7 clceececl)clne(c(-c3cceee3)c3cee([nH]3)c2- Yes XAGMAT
c2ccecc2)C=Cl
Hexachlorobenzene Clele(Clhe(Cl)e(Che(Cl)elCl Yes ISISAG
Benzene-1,2,4,5-
N#Cclcc(C#N)c(C#N)ccl CHN Yes PYRCBZ
Tetracarbonitrile
Chloranil O=C1C(ChH)=C(CIC(=0)C(ChH=CICl Yes PYRCLN
Tetrachlorophthalonitrile N#Cclce(Cle(Cl)e(Che(Cl)c1CH#N Yes PINJUUO02




Octafluoronaphthalene Fclc(F)e(F)c2e(F)c(F)c(F)c(F)c2clF Yes ECUVIH
9-(4-Methoxyphenyl)Xanthen-
9.0l COclcec(C2(0)e3cccee30c3ceccee32)cel Yes XETTEW
1487-82-7 Cclee(=C(CH#N)C#N)c(C)cc1=C(CHN)C#HN Yes VOQCUC
0=Clc2ccc3cdc(ccc(c24)C(=0O)Nlclcenccl)C
34151-49-0 Yes GUMNUY
(=O)N(clceneel)C3=0
N,-N'-Dimethylpyromellitic
o Cnlc(=0)c2cc3c(=0)n(C)c(=0)c3cc2c1=0 Yes PAYYOG
Acid Diimide
N,N'-(1,3,6,8-Tetraoxo-1,3,6,8-
Tetrahydrobenzo[Lmn][3,8]Ph| O=C(NN1C(=0)c2ccc3cdc(cce(c24)C1=0)C(
Y ) Yes OPUQUN
enanthroline-2,7- =0)N(NC(=O)clcenccl)C3=0)clcenccl
Diyl)Diisonicotinamide
CCNI1C(=0)/C(=C2\SC(=S)N(CC)C2=0)SC1
Nsc97081 S Yes QOLQOA
2-Chloro-1,4-Benzoquinone O=C1C=CC(=0)C(C]H=C1 Yes CORPIJ
3-Propyl-5-[3-Propyl-2,4-
Bis(Sulfanylidene)-1,3- CCCNI1C(=S)S/C(=C2/SC(=S)N(CCC)
T . Yes QOLQEQ
Thiazolidin-5-Ylidene]-1,3- C2=S)C1=S
Thiazolidine-2,4-Dithione
2-Chloro-11,11,12,12-
N#CC(C#N)=clc2cccec2e(=C(C#N)C#N)c2ce
Tetracyanoanthraquinodimetha Yes GAFJAY
(Clcecl2
ne
Bromanil 0O=C1C(Br)=C(Br)C(=0)C(Br)=C1Br Yes REDFIP
1518-16-7 N#CC(C#N)=clccc(=C(C#N)C#N)ccl Yes BITBUD
O-Chloranil O=CIC(=0)C(Cl)=C(ChHC(CDH=CI1Cl Yes REQVOZ
2-(3,4-Diethoxy-2,5-Dioxo-3-
) CCOC1=C(OCC)C(=0)C(=C(C#N)C#N)C1=
Cyclopenten-1-Ylidene)- o Yes BEFGIC
Malononitrile
5,6-Dibromobenzofurazane 1-
) [O-][n+]1onc2cc(Br)c(Br)cc21 Yes EHESIT
Oxide
Ccleee(S(=0)(=0)N=C2C=C(Cl)C(=0)C(Cl
Zinc361240 (5C0X=0) (eheEoyeeh Yes PYTQIM
=C2)ccl
O=[N+]([O-])clec([N+](=0)[O-])e(Br)c([N+
2-Bromo-1,3,5-Trinitrobenzene| (N+O-D (INFIEOO-De(Brye(IN+I Yes PYRBPC
=0)[O-])cl
Chloropentafluorobenzene Fclce(F)ce(F)c(Cl)e(F)cl1F Yes GUQQAM
98507-06-3 CCI1=C/C(=N\C#N)C(C)=C/C1=N\C#N Yes VOQDAJ
cleec2e(cl)C(=Clc3cceec3-
9,9'-Bifluorenylidene Yes CUNWUD
c3ceeec31)cleceecl-2
Pyromellitic Dianhydride O=cloc(=0)c2cc3c(=0)oc(=0)c3ccl2 Yes PYRPMAO1
3-Ethyl-5-(3-Ethyl-2-Oxo0-4-
Sulfanylidene-1,3-Thiazolidin-| CCN1C(=0)S/C(=C2/SC(=0)N(CC)C2=S)C1
Yes QOLRER

5-Ylidene)-4-Sulfanylidene-

1,3-Thiazolidin-2-One

=S




3-Ethyl-5-[3-Ethyl-2,4-
Bis(Sulfanylidene)-1,3-

CCNIC(=S)S/C(=C2/SC(=S)N(CC)C2=S)C1=

Yes QOLPUF
Thiazolidin-5-Ylidene]-1,3- S
Thiazolidine-2,4-Dithione
3,3',5,5"-Tetrabromo-1,1'-
O=C1C(Br)=CC(=C2C=C(Br)C(=0)C(Br)=C2
Bi(Cyclohexa-2,5-Dien-1- Yes BAZCUA
)C=C1Br
Ylidene)-4,4'-Dione
13-Methyl-
6,7,8,9,11,12,14,15,16,17-
CCI12CCC3c4cec(O)cc4CCC3C1CCC20 Yes CUTBEZ
Decahydrocyclopenta] A]Phena
nthrene-3,17-Diol
3,3'5,5'- 0O=C1C(Cl)=CC(=C2C=C(CDHC(=0)C(C])=C2
. . Yes BAZDAH
Tetrachlorodiphenoquinone )C=CI1Cl
0=Clc2ccec([N+](=0)[O-])c2C(=0)c2clccee
1,8-Dinitroanthraquinone Yes AGORAS
2[N+](=0)[O-]
COclce([N+](=0)[O-])cc([N+](=0O)[O-])ccl[N
Methyl Picrate Yes CILRAQ
+1(=0)[O-]
17-Acetyl-10,13-Dimethyl-
1,2,6,7,8,9,11,12,14,15,16,17- |[CC(=0)C1CCC2C3CCC4=CC(=0)CCC4(C)C
Yes CUSZUM
Dodecahydrocyclopenta[ A]Phe 3CCCl12C
nanthren-3-One
9,10-Dicyanoanthracene N#Cclc2cceec2c(C#N)c2cececl2 Yes EHUFEV
6H-Benzo[C]Chromen-6-One O=cloc2ccecc2e2ececcl2 Yes EHUFIZ
Carbazole clece2e(el)[nH]clcceccl2 No 15
Anthracene clcec2ee3eceec3ec2el No 16
Chrysene clece2e(cl)ecelc3eecec3ece2l No 15
Phenanthrene clece2c(cl)ecelececel2 No 15
Naphthalene clcec2eecce2el No 15
Fluoranthene clece2c(cl)-cleece3eece-2¢13 No 15




Supplementary Table 10. Performances of all the models on the independent test sets

of TNT and CL-20 without the transfer learning.

Metries | svM | RF | DN | PNN-jenn- ) Graph- o0 ) cogNet
desc FP s2s CNN

TPR (%) | 78.26 | 69.57 | 95.65 0 | 6522 | 6522 | 60.87 | 95.65
TNT | TNR(%) | 1250 | 1250 | 25 | 6522 | 375 | 375 | 375 25

BACC (%) | 4538 | 41.03 | 60.33 | 32.61 | 51.36 | 51.36 | 49.18 | 60.33

TPR (%) | 77.78 | 8333 | 100 0 100 | 100 100 100
CL-20 | TNR(%) |16.67 |33.33| 16.67 | 100 0 0 0 0

BACC (%) | 47.22 | 5833 | 5833 | 50 50 50 50 50

Supplementary Table 11. Refcodes for 116 positive samples of energetic cocrystals

used in this work, collected from Cambridge Structural Database.

REDCIM LUTGUD POCVIP XIZCER ABUNIU PYRTNB
JABYIX SUGCAY WIFYAN PUTXAF REDDAF HETTOS
RULLUF ZEVNUL RENPUV PUTXEJ ZUBNUH ZEGKIF10
ANCTNB ZASWAT SERZIB WOSFOB QOSRUN YOJXON
CAZTBZ01 DUKBOC APANBZ KUMYOI PUTWOS ABTNBAO1
KOBFIQ VIGLEC WOIXEY VAZBI] BOXTET YOJQOG
JOCTAZ ZEZHAP NIKLOL GEXMIH JAQVOP POSREV
VIGKIF WOJWIB FUFSOQ SKTNIB ROSMOD QARQUY
UGUNAN ZILMUF UTEJAG WIFXUG GEXMON NILCET
GOWHIL BNZTNB WUGWAY RUYLAY FONJAV AJAKOL
PUTWEI ZEZGIW PUBWEO CECPEF HUZSEA PVVBFDO1
NIBZAM XEMCID WEPTAP HETTUY SOQPAQ MEPWIQ
ZEZGOC USEZID STINBZ RUYKUR PUTWIM FOYSUJ
PUTWUY YOJXIH QOWBEJ DUKBUI MAAZNB ZEZHOD
KIZVAQ MANLEV ROSMIX GEXMED ERAFAE XAHZAH
CEZFOF HETTIM Z0OPGOC JOCSEC JAQXUX URILIR
HECREM LOKJIH JAQXOR ZUBNOB TIVIUF QAPNAZ
URILUD VIGKUR REDDEJ BZATNB20 PUBMUU20 DUKCAP
277ZAGS10 ZEZHET REDCUY RUYLEC PVVBKPO1 CBZTNB
WOJWOH IDENEM




Supplementary Table 12. The ISPE (kJ/mol) values of 864 coformer pairs computed

in this work.

RDX HNS TATB DAAF DAOAF DATB LLM-105 FOX-7 NQ
1-4-DNI -2.81 -0.39 -0.56 -1.27 -1.41 -1.33 -0.14 -13.12 -5.37
1-BN -3.11 -5.46 -3.67 -1.18 -1.48 -5.01 -2.83 -3.63 -1.80
2-4-DNI -1.34 -0.25 -0.19 -2.58 -2.86 -1.25 -1.68 -15.79 -6.69
2-4-MDNI -3.48 -1.14 -0.07 -1.18 -1.09 -1.09 -0.48 -11.86 -4.38
3-4-DNP -1.25 -1.31 -0.09 -2.52 -2.39 -0.14 -2.75 -12.64 -6.07
3-4-MDNP -6.21 -5.47 -0.83 -1.79 -1.24 -2.80 -2.33 -7.14 -2.61
3-5-DNP -1.61 -0.70 -0.22 -3.15 -3.11 -0.48 -3.33 -15.22 -6.88
3-AT -1.88 -2.85 -1.86 -1.58 -1.59 -2.20 -2.92 -5.50 -3.82
4-5-MDNI -5.82 -5.08 -1.02 -1.29 -0.96 -2.22 -2.20 -6.24 -2.21
4-5-MDNP -2.89 -2.21 -0.09 -0.74 -0.34 -0.50 -0.74 -9.46 -3.50
4-AT -0.26 -0.05 -0.47 0.01 -0.36 -0.48 -0.07 -5.29 -3.86
9-BN -4.89 -8.49 -7.50 -1.50 -3.36 -9.09 -4.34 -3.64 -1.90
Al12 -6.19 -7.39 -3.17 -4.12 -3.63 -5.55 -4.58 -4.23 -2.94
A3 -7.39 -6.78 -2.10 -4.85 -4.04 -4.62 -4.58 -5.94 -2.52
A4 -8.89 -8.10 -2.84 -5.99 -5.29 -5.82 -5.93 -5.69 -3.24
A5 -7.70 -6.19 -3.11 -3.85 -4.17 -5.20 -4.53 -3.23 -1.74
A7 -7.83 -6.87 -2.17 -5.24 -4.50 -4.78 -4.98 -6.02 -2.95
A8 -9.85 -5.94 -1.56 -4.39 -3.47 -4.13 -4.44 -0.13 -0.08
AA_1 -3.06 -4.78 -3.09 -0.72 -1.40 -4.03 -2.54 -1.97 -4.70
ADNP -2.13 -2.61 -0.10 -2.26 -1.97 -0.73 -2.43 -12.38 -5.16
alpha-ABA_1  -9.09 -10.40 -9.44 -5.13 -6.63 -10.30 -8.26 -12.34 -8.16
ANAT -6.35 -5.80 -3.46 -4.73 -4.30 -4.77 -5.61 -1.65 -1.14
Ant -4.27 -8.93 -6.64 -2.19 -2.47 -8.64 -3.97 -2.55 -1.65
AT -0.22 -0.41 -0.06 -0.02 -0.09 -0.06 -0.11 -3.98 -2.17
ATNO2 -2.83 -1.91 -1.22 -2.59 -2.99 -2.00 -3.17 -6.26 -5.32
ATZ -0.26 -0.05 -0.47 0.01 -0.36 -0.48 -0.07 -5.29 -3.86
AZ1 -1.20 -2.61 -3.61 -3.02 -3.58 -2.66 -3.72 -17.44 -6.97
AZ2 -1.11 -2.87 -2.65 -1.40 -1.77 -2.50 -2.51 -14.40 -6.01
Benzene-1-2-

-2.11 -2.05 -0.06 -0.09 0.00 -0.07 -0.44 -5.61 -1.86

diamine
BL -5.61 -4.37 -1.70 -4.97 -4.41 -3.44 -4.28 -7.35 -5.28
BQ -5.10 -5.28 -0.55 -1.93 -1.10 -2.31 -1.77 -6.49 -2.26
BTF -6.10 -5.56 -6.60 -4.07 -5.50 -6.81 -5.30 -18.41 -8.05
BTO -3.19 -1.85 -3.97 -3.09 -3.43 -4.31 -1.59 -23.41 -6.78
CE -1.18 -0.59 -1.67 -0.20 -0.80 -1.21 -0.13 -15.37 -4.88
CIM -2.47 -0.21 -0.06 -1.32 -1.36 -0.13 -0.86 -6.56 -4.36
CL-20 -7.21 -7.45 -15.12 -11.52 -13.00 -12.19  -11.64  -3422  -13.81
CPL -4.26 -1.70 -0.08 -4.01 -3.87 -1.64 -3.78 -7.41 -4.88



DADP
DAF
DANA
DAT
D-explosive
DMB
DMF
DMI
DNB
DNBT
DNDA
DNP
DNPP
DNT
DNTF
DO
EDNA
FA
GTA
HMX
MAM
MATNB
MDNT
MNO
MTNP
Nap
NAQ
NMP
NN
NTO
PA
PDA
PDCA
Per
PETN
phenanthrene
Pnox
Py
Pyr
TBTNB
TCTNB
TITNB
TNA
TNAN

-9.36
-3.40
-4.04
-6.03
-1.57
-6.46
-6.80
-8.90
-2.92
-0.71
-5.93
-5.93
-2.78
-3.44
-2.46
-7.44
-2.43
-7.68

-10.94

-0.38
-5.67
-1.47
-2.51
-2.72
-1.50
-4.57
-4.78
-8.72
-5.84
-1.46
-1.57
-2.30
-6.22
-4.99
-3.50
-3.28
-10.93
-3.86
-1.80
-1.32
-0.89
-2.53
-0.96
-1.01

-10.79
-1.84
-3.53
-4.91
-0.19

-10.70
-5.19
-7.83
-1.99
0.22
-5.09
-5.09
-3.70
22.69
-1.41
-7.43
-3.04
-4.15

-11.11
-0.65
-6.53
-1.90
-0.37
-1.62
-0.44
-9.63
-4.96
-6.77
-5.59
-0.56
-0.19
2.24
-8.32
-9.26
3.12
-8.17
-8.90
2.66
-5.54
-0.76
0.06
-4.19
-0.47
-0.63

-4.91
-1.96
-0.09
-1.70
-1.02
-4.26
-2.42
-4.09
-0.08
-0.06
-0.66
-0.66
-1.14
-0.11
-3.35
-3.61
-0.09
-1.07
-4.09
-0.15
-1.78
-0.20
-0.23
-0.12
-0.81
-6.72
-1.01
-4.01
-1.48
-0.76
-1.02
-0.25
-5.97
-6.81
-3.34
-5.00
-3.43
-0.81
-2.96
-1.01
0.28
-4.03
-0.42
-0.18

-3.14
-1.37
-0.98
2.23
-1.09
-1.91
-6.10
-7.62
-0.75
-1.68
-1.69
-1.69
-3.52
-0.91
-1.42
-4.42
-2.50
-5.45
533
-0.05
227
-0.64
-0.62
-1.45
-0.11
237
248
-7.85
-3.16
2.53
-1.09
0.28
2.85
241
-1.63
-1.34
-8.55
2.02
-0.14
-0.37
-0.16
-1.13
-0.58
-0.67

-1.94
-1.87
-0.37
-1.74
-1.07
-0.95
-5.71
-7.18
-0.16
-1.72
-1.08
-1.08
-3.64
0.42
225
-3.49
2.01
-4.99
-4.16
0.12
-1.44
035
-0.63
-1.15
-0.43
2.64
-1.80
-7.34
2.56
2.72
-1.07
-0.19
-3.44
-3.06
2.83
-1.46
-7.85
-1.59
-0.15
-0.81
-0.44
-1.89
-0.55
-0.55

-6.72
232
-0.87
2.63
-1.43
-6.72
433
-6.50
-0.40
-0.40
231
231
-0.58
-0.38
2279
-5.38
-0.95
-3.68
-7.45
-0.62
-3.53
-0.55
-0.74
-1.06
-0.62
-8.68
2.85
-6.00
-3.31
-0.96
-1.43
-0.26
-6.80
-8.75
-3.95
-6.99
-6.81
-1.75
-4.52
-1.16
-0.45
-4.14
-0.69
-0.69

-5.12
-1.53
-1.06
-2.83
-0.22
-3.52
-5.60
-7.95
-0.66
-1.32
-1.93
-1.93
-4.58
-0.82
-0.98
-5.31
-2.96
-4.25
-5.31
-0.15
-3.06
-0.68
-0.21
-0.87
-0.45
-4.29
-2.68
-7.87
-3.21
-2.43
-0.22
-0.63
-5.20
-4.60
-2.16
-2.91
-7.69
-1.88
-1.19
-0.95
-0.66
-2.68
-0.52
0.03

-2.41
-6.36
-7.83
-3.91
-17.03
-3.36
-7.94
-9.00
-9.64
-15.72
-6.62
-6.61
-16.52
-9.49
-17.89
-2.76
-11.43
-6.14
-4.21
-10.95
-3.24
-11.37
-13.60
-11.93
-12.28
-2.01
-5.39
-8.27
-4.91
-15.44
-17.03
-5.80
-6.45
-3.91
-14.87
-2.96
-6.70
-1.93
-3.24
-12.01
-10.73
-12.98
-14.80
-13.04

-0.36
-5.32
2.90
-1.91
-5.14
-0.68
-5.93
-6.86
-3.24
-5.03
229
229
2721
-3.32
-5.97
-0.43
-5.16
-5.50
-1.24
322
-0.88
-4.46
-4.61
-4.28
-4.28
-1.55
-1.74
-6.67
-1.74
-6.76
-5.14
-2.06
-3.97
236
-5.09
228
-5.37
-0.28
-0.58
-3.44
-3.17
-4.45
-4.84
-4.02



TNAZ
TNB
TNGU
TNT
TTNB
TZTN
xylene
RDX
HNS
TATB
DAAF
DAOAF
DATB
LLM-105
FOX-7
NQ

-1.44
-1.61
5.17
091
343
-4.07
-3.68

-1.33
-3.07
-0.78
-0.85
-2.09
-0.91
-19.28
-5.41

-0.52
-1.00
-5.83
-0.24
-4.83
-1.94
-5.88
-1.33

-1.05
-1.23
-1.21
-1.60
0.18
-17.16
-4.86

-2.94
-0.93
-71.71
-0.50
-6.16
-0.69
-3.47
-3.07
-1.05

-0.55
-0.10
-0.27
-0.27
-9.17
-2.86

-1.01
-0.91
-6.10
-0.60
-0.70
-3.01
-0.96
-0.78
-1.23
-0.55

-0.03
-0.42
-0.37
-10.41
-4.22

-1.97
-1.31
-8.40
-0.55
-1.83
-3.17
-0.79
-0.85
-1.21
-0.10
-0.03

-0.08
-0.08
-9.36
-3.72

-2.65
-1.74
-7.69
-0.77
-7.54
-2.04
-4.48
-2.09
-1.60
-0.27
-0.42
-0.08

0.08
-13.25
-3.90

-1.22
-0.79
-8.78
0.01
-2.36
-3.06
-2.93
-0.91
0.18
-0.27
-0.37
-0.08
0.08
-11.50
-4.12

-18.76
-12.98
-22.30
-14.42
-9.02
-11.61
-1.64
-19.28
-17.16
-9.17
-10.41
-9.36
-13.25
-11.50

-1.65

-6.11
-4.17
-9.57
-4.35
-3.28
-6.02
-0.02
-5.41
-4.86
-2.86
-4.22
-3.72
-3.90
-4.12
-1.65




Supplementary Table 13. Performance of the best 10 CCGNet models.

Model Loss Valid Accuracy
1 0.00037 1.0
2 0.00042 1.0
3 0.00055 1.0
4 0.00122 1.0
5 0.00272 1.0
6 0.00368 1.0
7 0.00412 1.0
8 0.00673 1.0
9 0.00977 1.0
10 0.02454 1.0




Supplementary Table 14. Heats of formation for H, C, O and N atoms.

Atoms HEatoms,298) [a.u.]? AH; (atoms,298)b
(Hartree/Particle) (kJ/mol)
H -0.500991 218.2
C -37.786156 717.2
0) -74.991202 249.5
N -54.522462 473.1

“ the calculated values by CBS-4M method
b the experimental values'’



Supplementary Table 15. The impact sensitivity and heat of explosion calculated for

coformers 5, 7, 8, 10.

Cofomers Impact Sensitivity (IS) Heat of explosion (Q, cal/g)

—
|
NN
”@W@N 1.5941 1.483%10°

Coformer 5

'O\

N=l
O, 2.3146 1.484x10°

Coformer 7

0]
1

/N+
o B 3
© 2.8939 1.174x10

Coformer 8

N/ 6.2555 0.797x103
Coformer 10




Supplementary Table 16. Crystal data and structure refinement for CL-20/1-Methyl-

4-nitropyrazole cocrystal.

CCDC no. 2107286
Empirical formula CI10H11IN15014
Formula weight 565.34
Temperature 296 K

Crystal system Orthorhombic
Space group Pbca

Unit cell dimensions

a=119344(12) A a=90°
b=10.9427(10) A  b=90°
c=314363)A  y=90°

Volume 4105.4(7) As
V/ 8

Density (calculated) 1.829 g/cms3
Absorption coefficient 0.170 mm-1
F(000) 2304

Crystal size

0.33x 0.3 x 0.28 mm3

Theta range for data collection

2.143 to 30.466°.

Index ranges

-16<=h<=17, -15<=k<=11, -44<=]<=44

Reflections collected

39289

Independent reflections

6237 [R(int) = 0.0290]

Completeness to theta = 25.242°

99.90%

Absorption correction

Semi-empirical from equivalents

Max. and min. transmission

0.7461 and 0.6897

Refinement method

Full-matrix least-squares on F2

Data / restraints / parameters

6237/0/353

Goodness-of-fit on F2

1.043

Final R indices [I>2sigma(I)]

R1=10.0480, wR2 =0.1171

R indices (all data)

R1=10.0640, wR2 = 0.1282

Extinction coefficient

n/a

Largest diff. peak and hole

0.312 and -0.351 e.A-




Supplementary Discussion

Attention Visualization

The interpretability of the deep learning model has been a challenge. Herein, we
introduce the attention mechanism to further optimize the feather space on one side,
and make the model interpretable on the other side. The attention can weight important
patterns associated with the target property. Supplementary Figure 1 representatively
selects some cocrystals to exemplify, where the attention weights are mapped to
corresponding atoms in 2D structures, in turn visualizing some important patterns
hidden under the data. For WAWDEE (Cambridge Structural Database refcode) in
Supplementary Figure 1(a), the attention weights highlight on the nitrogen atoms and
hydroxy groups involving the intermolecular H-bonding and the benzene ring involving
the weak intermolecular n-n interaction with the pyrimidine ring. The crystal structure
of KARHAM shows that the co-crystalization is mainly driven by the intermolecular
n-n stack while the attention coefficients just capture these groups involving the
interaction, as reflected by the 2D structure in Supplementary Figure 1(b). The other
examples in Supplementary Figure 1 similarly reflect that the attention weights can
capture the atoms and groups involving the important interactions between a pair of

cofomers.



Supplementary Methods

Construction and Bayesian optimization of the competitive models

In the section, we briefly describe the construction of the seven competitive models
and Bayesian optimization on their hyder-parameters, along with their best
configurations determined by the optmization.

RF and SVM are conventional machine learning (ML) models. RF (Random Forest)
is an ensemble learning method that contains multiple decision trees. For the
classification task, the output of RF is the class selected by most trees. SVM (support-
vector machine) is a supervised learning model for the classification and regression.
SVM maps training samples to points in space so as to maximize the width of the gap
between the two classes. New samples are then mapped into that same space and
predicted to belong to a class based on which side of the gap they fall. We implement
RF and SVM by using Scikit-learn'®.

DNN-FP and DNN-desc are Deep Neural Networks composed of dense layers.
DNN-FP is also derived from the work of Devogelaer et al'® and used the extended-
connectivity fingerprints (ECFP) as the feature descriptor. Following Ref.!°, we build
its framework (see Ref.!” for more details). For DNN-desc, it is constructed by
sequential dense layers and adopts the concatenation of the 12 molecular descriptors of
a pair of coformer as input. DNN-FP and DNN-desc are implemented by TensorFlow?’.

Graph-CNN is a spatial-based graph convolution network proposed by Felipe et
al?!, where key components are Graph-CNN layers and Graph Embedding Pooling
(GEP) layers. The two kinds of layers perform the message passing phase. The readout
phase is a flattening operation. Excepting for the final output layer, batch normalization
22 and ReLLU ?* are applied in each layer. Since the graph convolution of our CCGblock
follows the Graph-CNN layer framework (see Methods in the text for details of Graph-
CNN layer). Here we mainly introduce the GEP layer, as shown in Supplementary

Figure 4.



Like pooling layers in conventional CNNs, the GEP layer is used to reduce
dimensions of the input, which eliminates redundant information and also improves

performance of computation. GEP transfers a graph with node number N to a given
number N’. For this purpose, an embedding matrix Xem, € RV*V " s produced by a

filter tensor Hopp, € RYN*NXCXN' The calculation of Xepyp is similar to the multiple

filters Graph-CNN (vide Methods), where the learnable filter Hgp,, 1s multiplied by

the node features X;,. It is defined by Supplementary Equations (1-2):

c
() _ (en') g ()
Xemb - Hemb Xin +b (D
c=1
Xemb = softmax(GConvep, (Xin, N') + b) (2)
where Hgg{)’) € RV*N is a part of Hgpp,. Xg;’l%) is a column of Xepyp € RVV'. The

pooled graph data will be calculated by the next operations (Supplementary Equations
(3-4)).

Xout = Xrel;mbxin 3)

Aout = XembAinXemb (4)

where A;, € R¥V is adjacency matrix, Agy € RV V' is pooled adjacency matrix.

Xout € RV xC g pooled node feature matrix. Finally, a pooled graph that has Ayt

and Xyt is produced by GEP. Graph-CNN is built by using TensorFlow?’.

enn-s2s, proposed by Gilmer et al 2%, has two phases (a message passing phase and
a readout phase), as shown in Supplementary Figure 6(g). In Gilmer’s work, enn-s2s is
a regression model. Here, in order to extend its application to the classification
prediction of the cocrystal formation, we modified the architecture of enn-s2s by
changing the dimension of output layer. The message passing phase includes two
functions, i.e., message passing function and update function. The message passing

function is used to propagate node features, as reflected by Supplementary Equation

(6).

xt=wxi"t + Z x{~" - MLP(e; ) (5)
JEN(D)



Where x! is the feature of node i in #-th time step, W is trainable weights, (i) is
the adjacent nodes of node i, e;; is the feature of edge between node i and j. MLP is
multi-layer perceptron.

The update function used to update node features is Gated Recurrent Unit (GRU)%,
as described by Supplementary Equation (7)

h! = GRU(h!™%, x}) (6)

Where h! is the hidden state of node i in #th time step.

For the readout phase, a feature vector for the whole graph is computed by enn-s2s
that is based on iterative content-based attention from Vinyals et al 2 (Supplementary

Equation 8-11)

q; = LSTM(q;-,) 7
exp(X; * q;)
o = (8)
bt Zjea exp (X; - qq)

N

r. = Z At X €©)
i=1

q; =q; Il r; (10)

where i indexes through each node feature vector X;, q; is a query vector which
allows us to read r, from the memories at #-th time step, a;, is attention coefficient
of node i at ¢-th time step, and LSTM is Long Short-Term Memory >’ which calculates
a recurrent state. G is the graph to which node i and j belong. N is the number of
nodes in graph G. || is concatenation. ¢ is the step index, which is the number of times
that the state is computed. enn-s2s is implemented by Pytorch Geometric?®.

% and its

GCN was developed by Devogelaer et al for cocrystal screening '
algorithm was mainly derived from Refs. 2° and *°. The graph convolution operator of
GCN trains a distinct weight matrix for each possible vertex degree, as shown in
Supplementary Equation (11).

Xj = Wl(deg(i))xl- + Wz(deg(i)) Z X; (11)

JeN (D)

where deg(i) is the degree of node i. Wl(deg(i)) and Wz(deg(i)) are the trainable



weights for the node with degree deg(i). Xx; is the feature vector of node i. N (i) is
the neighborhoods of node i. x; is the feature vectors of neighborhoods of node i.
Following the GCN framework described in the work'® (see Ref.!” for more details),
we build GCN by using DeepChem, and TensorFlow?’ is used for the backend.
Bayesian optimization is a sequential design strategy®!, which is usually
employed to optimize hyper-parameters of ML models'**2. Thus, we, in the work, also
use it to search the optimal hyper-parameters of all the models, based on our cocrystal
dataset. Concretely, we randomly split cross-validation set into a training (90%) and
validation (10%) set. The value of the loss function as the objective of Bayesian
optimizer. In each iteration, the model is trained for 100 epochs and the optimizer
optimizes the hyperparameters of model for the next iteration based on the current
hyperparameters and minimum loss in the validation set. In this work, we set the
number of iterations as 100. After thel00 iterations, Bayesian optimizer will give the
optimal hyperparameters. Supplementary Tables 2-3 list the searching space of hyper-
parameters for CCGNet, Graph-CNN, enn-s2s, SVM, RF and DNN-desc. The
searching spaces of DNN-FP and GCN are adopted from Devogelaer’s work ', thus
not repeatedly listing them (see Ref.!? for details). The best configuration of each model
is shown in Supplementary Figure 5. Herein, Bayesian optimization is implemented by

Python package Hyperopt 3.

Construction of energetic cocrystal (ECC) dataset

In order to finetune CCGNet model trained on the CC dataset to perform the transfer
learning strategy, a training set composed of 243 energetic co-crystals is constructed
(called as ECC dataset below), of which 116 positive samples are collected from CSD
(Supplementary Table 11). Unfortunately, there are currently no public reports on failed
experiments about the energetic cocrystals. Thus, we constructed the negative samples
based on experimental experiences and a calculation criterion. In general, energetic
molecules with strong rigidity and large steric hindrance are found to be difficult to

interact with heterogeneous molecules. In addition, due to the competitive mechanism



of co-crystallization, molecules that have strong potential of homogeneous H-bonding
tend to form single crystal will disfavor the formation of cocrytal between
heterogeneous molecules***>. Therefore, we select nine energetic molecules with these
characteristics as coformers of potential negative samples for the energetic cocrystals,
as shown in Supplementary Figure 7(a). We combine the nine molecules with the
coformers from the positive samples of the energetic cocrystals, and initially yield 864
possible negative-samples of the energetic cocrystals. To further reduce the probability
of the false negatives, we use the intermolecular site pairing energy (ISPE) proposed
by Hunter et 3 as a screening criterion, which is based on the gas phase molecular
electrostatic potential surfaces (MEPS) of each coformer to calculate the intermolecular
interaction energy, as reflected by Supplementary Equation (12):

AE = E.. —nE; —mE, (12)
where E; and E, are ISPE values of conformer 1 and conformer 2, respectively. E..
is ISPE of the cocrystal with stoichiometry ratio of n:m (1:1 in this work). The smaller
the AE, the higher the probability of co-crystallization. All coformers are optimized at
the level of B3LYP/6-31G (using Gaussian 09°7) while MPES is calculated by
Multiwfn 38, The threshold of AE is set to be -11 kJ/mol that was adopted from Hunter
et al. *°. Supplementary Table 12 shows ISPEs of the 864 negative samples, 815 of
which satisfy AE>-11 kJ/mol. Considering the fact that the negative samples are
combined by the computation method and only 116 positive samples from CSD in the
training set of the energetic co-crystals, we randomly selected 118 negative samples
from the 815 computational combinations into the training set. In addition, we also add
nine negative samples from fifteen failed experiments in the co-crystallization with CL-
20 in our laboratory to the training set, as shown in Supplementary Figure 7(b), and the
remaining six failed combination pairs are selected into the independent set.
Consequently, the ECC dataset that are used to finetune CCGNet contains 116 positive

samples and 127 negative ones.



Calculations of the impact sensitivity and heat of explosion to select

the conformer of CL-20 for experimental synthesis

Impact sensitivity (IS) of energetic materials (EMs) is often evaluated by hsg, that
is a height of 50% probably in causing an explosion. Therefore, The higher hs,, the
lower impact sensitivity. In this work, we used the empirical formula from Keshavarz

39 to evaluate hs, (Supplementary Equation 13).

52.13a + 31.80b + 117.6 ), SSP;
log(hso) = i (13)

Where a and b are the number of C and H atoms, respectively. The SSP; is the

specific structural parameters that can decrease or increase impact sensitivity. It can be
specifically calculated according to molecular structures as: 1) The existence of amino
derivatives as substituents in central heteroarene; 2) Attaching an aromatic ring (e.g.
picryl) to nitrogen and presence of one nitro group in specific position; 3) The
attachment of an aromatic ring to nitrogen in position 1 of nitro-1,2,3-triazole
explosives. However, if one of substituents in polynitroheteroarenes contains another
more active site for initiation of decomposition, e.g. R-NO», the value of X SSP; can
be taken as zero. (see ref 3° for more details).

The heat of explosion (Q) refers to the total amount of energy released in the
explosive reaction and is of great significance for gauging the explosion performance
of the energetic compounds. Here Kamlet-Jacobs equations*’ are used to compute the
heat of explosion Q (cal/g). For the energetic compound C,H,O.N,;, Q can be

expressed by Supplementary Equations 14-16:

28.9b + 94.05a + 0.239AH b
Q= 298K <if c>2a+ —) (14)
M 2
28.9b + 94.05 (% - %) + 0.239AH, 05 b b
Q= o (Lf§<c<2a+§> (15)
57.8¢ + 0.239AH b
Q= - 298K (if c<2a+ 5) (16)

where M is the molecular mass (g/mol) of C,H,O.N,;. AH,q9gx is the heat of
formation derived from the atomization energy method that breaks down molecules into

atoms and uses known isolated atoms to calculate the heat of formation and CBS-4M



electronic enthalpies*!***. The CBS-4M electronic enthalpies are calculated by using the
Gaussian 09 program®’. The heat of formation (kJ/mol) can be calculated by the

atomization energy method, as expressed by Supplementary Equation 17:
A1-12981( = H(molecule,298) - Z Hgatoms,298) + Z AH]: (atoms,298) (17)

Hmolecule,298) denotes the calculated value of the heat of formation of molecules at

298K. Hgatoms,zgg) is the sum of calculated heat of formation over all atoms at 298K

while AH; (atoms,208) 18 the sum of the experimental values of standard heat of

formation over all atoms at 298K. Supplementary Table 14 lists the heat of formation
values of the H, C, O and N atoms, derived from CBS-4M calculations and

experiments'”.

Supplementary Table 15 lists the impact sensitivity and the heat of explosion for
the coformers 5,7,8 and 10. Due to the high sensitivity of CL-20, we tend to choose the
coformer with the relatively low sensitivity. The higher IS, the lower sensitivity. For
the four coformers, the sensitivities of the coformers 8 and 10 are lower than those of
the coformers 5 and 7. Despite the lowest sensitivity for the conformer 10, its explosion
heat Q calculated is also the lowest (0.797 X 103cal/g), which may disfavor the
explosion performance of the cocrystal explosive. Compared to the coformer 10, the
coformer 8 has a higher explosive heat Q (1.174 x 103cal/g). Thus, trading off the
impact sensitivity and the heat of explosion, we finally select the conformer 8 to make

an attempt to synthesize its cocrystal with CL-20.

Energetic cocrystal synthesis and characterization

Material preparation. 2,4,6,8,10,12-hexanitrohexaazaisowurtzitane (e-CL-20) was
provided by the China Academy of Engineering Physics (CAEP). The 1-Methyl-4-
nitropyrazole and other reagents used in this study were purchased online without
further purification.

Synthesis. The raw materials e-CL-20 (438 mg, 1 mmol) and 1-Methyl-4-nitropyrazole



(127 mg, 1 mmol) were put into a round-bottom flask with anhydrous methanol (100mL)
at room temperature. Then a magnetic stirring was used to stir the mixed solution until
all the solids dissolve completely. The solution was filtered into a glass bottle which
was sealed with a perforated seal film. Then solvent was evaporated at room
temperature. After several days, CL-20/1-Methyl-4-nitropyrazole cocrystal was
obtained.

Single Crystal X-ray Diffraction (SXRD). Single crystal Xray diffraction data for the
cocrystal were collected using a Bruker APEX-II-CCD diffractometer with graphite-
monochromated Mo—Ka radiation (A = 0.71073 A). The crystal was kept at 296 K
during data collection. The data were processed using Olex2 software. The structures
were solved and refined with SHELXL. All non-hydrogen atoms were refined
anisotropically, and hydrogen atoms were refined using the riding mode. A high quality
cocrystal of CL-20/1-Methyl-4-nitropyrazole was characterized by SXRD. The
crystallographic data for the cocrystal are illustrated in Supplementary Table 16. The
crystal structure is shown in Supplementary Figure 8(a)-(b). Supplementary Figure 8(a)
is ORTEP plot of the cocrystal. The CL-20 molecules and 1-Methyl-4-nitropyrazole

molecules stack together in a sandwich-like style shown in Supplementary Figure 8(b).
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