
1 Supplementary Information473

Figure S1. Randomly sampled molecules generated by MolCode trained on QM9.
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Table S1. Substructure analysis of the generated molecules. The KL divergence of the bond lengths (upper part) and bond
angles (lower part) between the training set and the generated molecules are shown below.

Distances/Angles E-NFs60 G-SchNet24 G-SphereNet43 EDM42 MolCode (w/o bond) MolCode

CC 0.53 0.44 0.30 0.36 0.32 0.24
CN 0.87 0.68 0.45 0.37 0.43 0.30
CO 0.49 0.32 0.24 0.26 0.25 0.21
NO 0.39 0.27 0.20 0.24 0.19 0.17

CCC 1.25 0.96 0.65 0.48 0.66 0.25
CCO 0.98 0.85 0.41 0.33 0.47 0.23
CNC 1.44 1.37 0.71 0.56 0.64 0.42
CCN 1.30 0.95 0.74 0.84 0.62 0.37
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Table S2. Properties of the test set molecules and the generated molecules by different methods in structure-based drug design
(the upper part shows the results of baselines and the test set; the lower part shows MolCode and its variants). We report the
means and standard deviations. The best results are bolded.

Method Vina Score
(kcal/mol, ↓)

High
Affinity(↑) QED (↑) SA (↑) LogP Lip. (↑) Sim. (↓) Div. (↑)

Testset -7.143±1.76 - 0.477±0.18 0.642±0.17 0.924±2.06 4.443±1.18 - -
LiGAN74 -6.184±0.96 0.146±0.16 0.240±0.17 0.482±0.13 -0.125±2.48 4.146±1.29 0.412±0.17 0.580±0.09

AR44 -6.237±1.24 0.188±0.18 0.581±0.13 0.640±0.17 0.232±1.78 4.662±0.54 0.423±0.18 0.733±0.11
GraphBP46 -6.368±1.65 0.236±0.15 0.454±0.20 0.459±0.18 0.512±2.13 4.574±0.44 0.413±0.11 0.687±0.15

Pocket2Mol47 -7.206±1.82 0.544±0.14 0.649±0.16 0.704±0.18 1.134±1.88 4.905±0.14 0.388±0.21 0.650±0.16
MolCode -7.412±1.74 0.618±0.15 0.652±0.19 0.708±0.16 1.225±2.16 4.924±0.08 0.371±0.20 0.693±0.14
w/o check -7.076±1.48 0.472±0.13 0.663±0.15 0.664±0.15 1.054±1.85 4.912±0.12 0.382±0.19 0.686±0.12
w/o bond -6.895±1.67 0.414±0.14 0.620±0.17 0.642±0.13 0.926±1.93 4.829±0.18 0.390±0.21 0.676±0.16

In Table.S2, we show more qualitative evaluations of the generated ligand molecules in structure-based drug design. We474

choose metrics that are widely used in previous works44, 46, 47 to evaluate the qualities of the sampled molecules: (1) Vina Score475

measures the binding affinity between the generated molecules and the protein pockets; (2) High Affinity is calculated as the476

percentage of pockets whose generated molecules have higher affinity to the references in the test set; (3) QED68 measures how477

likely a molecule is a potential drug candidate; (4) Synthesizability (SA) represents the difficulty of drug synthesis (the score is478

normalized between 0 and 1 and higher values indicate easier synthesis); (5) LogP is the octanol-water partition coefficient479

(LogP values should be between -0.4 and 5.6 to be good drug candidates82); (6) Lipinski (Lip.) calculates how many rules the480

molecule obeys the Lipinski’s rule of five83; (7) Sim. represents the Tanimoto similarity84 with the most similar molecules in481

the training set; (8) Diversity (Div.) measures the diversity of generated molecules for a binding pocket (It is calculated as 1 -482

average pairwise Tanimoto similarities). In our work, The Vina Score is calculated by QVina69, 70 and the chemical properties483

are calculated by RDKit71, 72 over the valid molecules. Before feeding to Vina, all the generated molecular structures are firstly484

refined by universal force fields73. To sample molecules, we apply 5 independent runs with random seeds.485
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Table S3. Results of random molecule generation on GEOM-Drugs. We follow the preprocessing procedure in previous
work76. Validity calculates the percentage of valid molecules among all the generated molecules; Uniqueness refers to the
percentage of unique molecules among the valid molecules; Novelty measures the fraction of molecules not in the training set
among all the valid and unique molecules. Time records the sampling time for 10,000 molecules. The best results are bolded.

Method Validity Uniqueness Novelty Time

G-SphereNet43 39.16% 96.45% 98.70% 2746
EDM42 44.71% 100.00% 100.00% 25284
MolCode (w/o check) 72.30% 98.75% 97.43% 3162
MolCode (w/o bond) 63.46% 98.14% 98.77% 3488
MolCode 98.82% 100.00% 100.00% 3950
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Figure S2. Influence of temperature hyperparameters on Validity and Uniqueness in the random molecule generation task.
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Figure S3. (a) The RMSD of the atomic positions between the generated and the corresponding relaxed molecules with force
fields. Following previous works on molecular conformation generation38, 85, we use the empirical force field86 to optimize
molecular conformations. (b) The internal energy change between the generated and the corresponding relaxed molecules
(Erelaxed−Egenerated). Following cG-SchNet26 and G-SchNet24, we use the pretrained SchNet87 models from SchNetPack88 to
predict the internal energy at zero Kelvin of generated molecules.
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Algorithm 1 Training Algorithm of MolCode
Input: Molecular dataset M , learning rate η , Adam hyperparameters β1,β2, batch size B, GoGen model with trainable
parameter w, latent distribution pZV , pZA , pZd , pZθ

, pZφ
, maximum number of atoms n

Initial: Parameters w of MolCode
1: while w is not converged do
2: Sample a batch of B molecule mol from dataset M
3: L = 0
4: for G ∈ mol do
5: Set n as the number of atoms in G and order the atoms in G
6: for i = 1, ...,n−1 do
7: Get Vi,di,θi (if i≥ 2), φi (if i≥ 3) and the reference atoms ( f ,c,e)
8: Get zV

i ,z
d
i ,z

θ
i (if i≥ 2), zφ

i (if i≥ 3) with the flow modules in MolCode
9: L = L− logpZV (z

V
i )− logpZd (z

d
i )

10: L = L− logpZV (z
θ
i ) (if i≥ 2)

11: L = L− logpZV (z
φ

i ) (if i≥ 3)
12: for j ∈ { f ,c,e} do
13: Get Ai j and zA

i j

14: L = L− logpZA(z
A
i j)

15: end for
16: Add the binary cross entropy loss for the focal atom selection to L
17: end for
18: end for
19: w← ADAM( L

B ,w,η ,β1,β2)
20: end while

Algorithm 2 Generation Algorithm of MolCode
Input: GoGen model with parameter w, latent distribution pZV , pZA , pZd , pZθ

, pZφ
, maximum number of atoms n, maximum

number of trials to sample bond types T
1: for i = 1, ...,n−1 do
2: Initialize molecular graph G1 with one carbon atom, whose coordinate is R0 = [0, 0, 0]
3: Sample zV

i ∼ pZV and generate Vi
4: Get the candidate focal atom set by the atom-wise classifier
5: Get the reference atoms { f ,c,e}
6: for j ∈ { f ,c,e} do
7: Count = 0
8: Get zA

i j ∼ pZA and generate Ai j
9: if ∑ j |Ai j| ≥ Valency(Xi) or ∑i |Ai j| ≥ Valency(X j) and Count ≤ T then

Reject Ai j and sample a new zA
i j; Count+=1

10: else
Assign no bond to Ai j

11: end if
12: end for
13: if the candidate focal atom set is empty or ∑ j |Ai j|= 0 then
14: Output Gi
15: else

Random select the focal atom f from the candidate focal atom set
16: end if
17: Sample zd

i ,z
θ
i (if i≥ 2), zφ

i (if i≥ 3)
18: Generate di,θi (if i≥ 2), φi (if i≥ 3) and get Ri, update Gi to Gi+1
19: end for
20: Output Gn
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24. Gebauer, N., Gastegger, M. & Schütt, K. Symmetry-adapted generation of 3d point sets for the targeted discovery of341

molecules. In Advances in Neural Information Processing Systems, 7566–7578 (2019).342

25. Wang, J. et al. Multi-constraint molecular generation based on conditional transformer, knowledge distillation and343

reinforcement learning. Nature Machine Intelligence 3, 914–922 (2021).344

26. Gebauer, N. W., Gastegger, M., Hessmann, S. S., Müller, K.-R. & Schütt, K. T. Inverse design of 3d molecular structures345
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