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Designing novel proteins with desired properties is hard

Plastic
degrading 
enzymes

Vaccine 
development

Antibody 
therapeutics

and much more…



Current all-atom methods iterate between sequence and 
structure design

Chu, A.E., Lu, T. & Huang, PS. Sparks of function by de novo protein design. Nat Biotechnol 42, 203–215 (2024).



All-atom design as a multimodal generation problem

Placing the continuous 
sidechain atom positions 
require knowing the discrete 
sequence.

→ Can we sample from 
p(sequence, structure)?



Motivation: Can we repurpose priors from pretrained 
models?

RT-2: Vision-Language-Action Models Transfer Web Knowledge to 
Robotic Control

Vision-language models 
trained on internet-scale 
datasets capture useful 
priors for robotic tasks.

How can we apply this to 
biology?

https://robotics-transformer2.github.io/
https://robotics-transformer2.github.io/


Can we sample all-atom structure from the 
joint distribution p(sequence, structure) 
and use priors from pretrained protein 

folding models?
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Uses an explicit 
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harness additional 
sequence-based priors

learn structural features 
from sequence latents

generate structures



The base components: protein folding model architectures

AlphaFold2: 

Uses an explicit 
retrieval step

ESMFold: 

Replaces retrieval 
step with a language 
model

harness additional 
sequence-based priors

learn structural features 
from sequence latents

generate structures



Observation: at inference, 
the pairwise input is 
initialized as zeros…
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→ Sequence 
representation 
contains all 
information about 
the structure!

Observation: at 
inference, the 
pairwise input is 
initialized as zeros…

Generating this 
embedding would only 
require the sequence 
during training.



Sequence data is more abundant than structure



→ ~33% of the eukaryotic 
proteome is disordered!

Sequence data has different coverage than structure

can we use sequence to 
define the data distribution?



PLAID v0.5: Training a latent diffusion model

let’s learn to generate this latent!



PLAID v0.5: Inference-time all-atom generation



What’s preventing the 
model from learning?

PLAID v0.5: Generating Protein Sequence and Structure Without Structural Training Data
Amy X. Lu, Kevin K. Yang, Pieter Abbeel
ICML 2024 Workshop on Machine Learning for Life and Material Sciences

PLAID v0.5: Early attempts
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Issues and hypotheses
● Latent space requires regularization

Rombach et al. High-Resolution Image Synthesis with Latent 
Diffusion Models, CVPR 2022

https://arxiv.org/pdf/2112.10752
https://arxiv.org/pdf/2112.10752
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● Overcome O(L2) memory constraints 
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Issues and hypotheses
● Latent space requires regularization
● Overcome O(L2) memory constraints 

and increase protein length to 512
● Large latent space corresponds to 

high-resolution image generation
○ Rombach et al. latent space:

HxWx4 = 64 x 64 x 4
○ Ours:

Lx1024 = 512 x 1024



ESMFold latent space exhibits pathologically large values

Magnitude

Channel 
dimension

Latent space will require 
regularization for diffusion to work.



ESMFold Large transformers latent space exhibits 
pathologically large values

→ a pervasive issue across LLMs, ViTs, etc.



What if we just remove these wacky channels?



What if we just remove these wacky channels?



Learning an autoencoder to compress the latent space

Turns out the latent space is highly compressible!
Sequence information is easier to retain than structure.



What about function information?

Performance degradation with 
compression is more gradual…

…for some functions.
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Noising the original latent space does not affect the structure…



…noising the compressed latent space does map to corrupted 
structures



Training the PLAID latent diffusion model…

Dimensions:
L x 1024



compress from 512x1024 -> 256x32

…but add embedding compression with CHEAP



Adding compositional function + taxonomic conditioning

Sequence databases have more sample-annotation pairs!
-> unlocks new axis of controllability.



PLAID Inference with CHEAP decoder



PLAID unconditionally generates diverse all-atom 
structures



PLAID unconditionally generates diverse, high-quality folds

baselines

teal: quality (↓)
(ccRMSD between generated structure and 
predicted structure of generated sequence)

purple: diversity (↑)
(# of foldseek clusters /

# of samples)



PLAID unconditionally generates diverse, high-quality folds

baselines

PLAID better balances diversity 
and quality, especially at longer 

sequence lengths.



Function-prompted generations learn active site sidechains

PLAID not only learns that 
cysteines coordinate the 

iron ion, but also the 
sidechain positioning…



Function-prompted generations learn active site sidechains

…despite these key 
residues not being 

adjacent in the 
sequence.



Transmembrane proteins exhibit expected hydrophobicity 
patterns

Hydrophobic residues 
are found at the core, 

as expected.
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