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VAE-Based Models
Maps molecules to a continuous latent probability distribution via 
encoder−decoder frameworks, enabling property optimization and 
structure interpolation.

Advantage
• The inherent smooth latent space is particularly advantageous for 

navigating the stringent physicochemical constraints of CNS 
drug discovery. 

Disadvantages
• Validity−quality trade-of.

• Latent optimization landscapes are rarely perfectly smooth.
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GAN-Based Models
Approximate data distributions via an implicit minimax game 
between a generator and a discriminator.

Advantage
• Capable of producing high-fidelity structures

Disadvantages
• Mode collapse.

• Reward hacking.
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RNN-Based Models
Particularly those using long-term memory (LSTM) units, served 
as foundational architectures for sequence-based generation. 
Typically operate on 1D string presentations.

Advantage
• Data efficient.

Disadvantages
• Long-term dependency failure.

• Error accumulation.

• Simple mature baseline.
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Transformer-Based Models
With its self-attention mechanism, the Transformer is
particularly powerful at capturing long-range dependencies
within molecular structures.

Advantage
• Captures long-range dependencies.

Disadvantages
• Data hungry.

• High compute cost.

• Chemical hallucination.
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Diffusion-Based Models
They operate in two stages: a fixed forward process that 
adds noise and a learned reverse process that iteratively 
denoises samples into valid molecules.

Advantage
• State-of-the- art for geometric deep learning

Disadvantages
• High computational cost due to iterative denoising 

process.

• Slow sampling speed.

• Memorization.
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Core Applications Of Generative Models

1. Distribution Learning

2. Goal-directed Generation
• Property-conditioned generation.

• Substructure-conditioned generation.

• Target-conditioned generation.

• Molecule optimization.

• Capture the probability distribution of large molecular corpora.

• Generate entirely novel molecules that are statistically indistinguishable from the training data.

• A model that successfully approximates this distribution demonstrates a foundational 
understanding of chemical plausibility.
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