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Novel Molecular Generation 
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Novel Molecule Generation 
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Representation of molecuels 
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𝑬𝒏𝒄𝒐𝒅𝒆𝒓 

molecules SMILES 

𝑧 𝑫𝒆𝒄𝒐𝒅𝒆𝒓 
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SMILES 

(simple) VAEs for moleucles 



Ensemble Method 

“Ensemble methods use multiple learning algorithms to obtain better predictive 

performance than could be obtained from any algorithms alone.” – Wiki.

with auto-regressive decoders

 



Multi-decoder based VAE (1/2) 
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MDdif: different z 

MDcol: collaborative loss 

molecules SMILES 
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Multi-decoder based VAE (2/2) 



Experimental Result (Reconstruction) 

(a) An example of SMILES in ZINC DB: 
COc1ccc(N2CC(C(=O)Oc3cc(C)ccc3C)CC2=O)cc1 

(b) Distributions of 3-property 

*Huajie Shao, et al., “Controlvae: Controllable variational autoencoder. International Conference on Machine”, ICML, 2020 



Experimental Result (Reconstruction) 

(d) Reconstruction success rate: x-axis=model size (mb) 
     Seen DB=ZINC250k, Unseen DB=ZINC310k 

(c) Reconstruction loss: x-axis=model size (mb). 
    In case of MD, #decoder has increased (3~7) 

Best 

Best 

*Unseen case: relative improvement 4.8% *140mb: relative reduction 36.2% 

Model model size Recon. Loss KL Loss Reconstruction success rate (Unseen) 

Vanilla VAE 142MB 17.276 0.000 0.783 

Control VAE (Base) 142MB 6.851 15.168 0.880 

3-Decoder 138MB 7.001 15.207 0.898 

3-Decoder+collaborative 138MB 5.508 14.937 0.891 

3-Decoder+different z 138MB 6.555 15.145 0.902 

3-Decoder+collaborative   
             +differenct z 

138MB 4.482 15.068 0.909 



Experimental Result (Generation) 

(a) Molecular Generative Efficiency (%) 

*RDkit calculations 

*relative improvment 9.3% 

  In-domain Condition Out-of-distribution Condition 

  molWt logP QED molWt logP QED 

Control VAE  
(Base) 0.1520 0.0008 0.0041 0.0800 1.3598 0.0008 

MD 0.0940 0.0003 0.0040 0.1740 0.0204 0.0015 

MDcol 0.0497 0.0013 0.0042 0.0760 0.0069 0.0002 

MDdif 0.0797 0.0007 0.0041 0.0470 0.0003 0.0002 

MDdif,col 0.0513 0.0004 0.0041 0.0620 0.0013 0.0006 



Experimental Result (Generation) 

 Property value range of 
    ZINC-250k DB 

Property Value 

molwt 

Max 500.00 

Min 150.12 

LogP 

Max 8.252 

Min -6.876 

QED 

Max 0.9484 

Min 0.1166 


