
Why generate proteins?
All UniProt sequences: ~2e8 sequences;    <<     All medium-size proteins: 20400~2.6e520

Most sequences are useless, just as “most” images → we need to sample “good ones”

Diffusion/flow models are good for images → let’s try to use them for proteins, which are also 
high-dimensional objects with complicated correlations, but with protein-specific tweaks



Chroma: Controllable (bio)physics-informed generation of proteins
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Is it just picture-making? - no, seems to work in experiments
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Diversity of (unconditioned) samples: PDB-wide or better



The pipeline overview



How they get there

1) The dataset
2) Protein-specific tricks: domain knowledge helps (reverse bitter lesson?)

a) Protein-structure-inspired separation of degrees-of-freedom (DOFs)
b) Protein-structure-inspired loss for protein substructure alignment
c) Protein-structure-based correlations in the initial noise
d) Protein-structure-inspired selection of important DOFs
e) Physics-inspired approach to sampling more “low-energy” structures
f) Physics-inspired approach to AA orientation

g) Physics-inspired side-chains and simple sequence distributions
3) Ablation study (which parts are important) 
4) Supported conditioning modes
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The dataset: 30k PDBs, <2.6A resolution, 80/10/10 split
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Protein-specific factorization of the structure
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Training: ELBO + heuristic

ELBO-weighted MSE

Emphasis to protein substructures

Inter-residue geometry

R = variance 
specific for 
proteins
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Atom correlations: previous ideas, e.g. gas of AAs

AlphaFold2 (effectively):



Atom correlations: incorporating known polymer statistics

Independent random walk (AAs):

Correlated random walk:
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Which AA pairs are considered? Because “all” are too many
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Sampling: uses the trained denoiser x0(xt,t)

Variance-preserving:

Tweedie relationshipSDE:

ODE:

Inference-time 
steering Classifier



Low-temperature sampling

What (naive) approach does not work: constant score rescaling



Working approach 1 (probably motivated the naive approach):
Near-equilibrium overdamped langevin sampling

Not good:

Good:

Why good works:



Working approach 2: Time-dependent score-scaling

Good:



They use both (again, physics-informed) and engineer the mix

ψ=2
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Denoiser representation
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Sequence and side-chains: simple/empirical distributions

+MCMC 
sampling
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Ablation studies (how important the components are)

Far-connections if 
atom-pair graphs:
Pretty important

Loss in X-space 
(not z-space):
Pretty important

Rg-statistics:
somewhat  important

Rg-statistics:
somewhat  important

*1) Heuristic losses help refolding (19% vs 2%) *2) λ=10,ψ=2 low-Temp sampling helps a lot
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Inference-time guidance

Backbone structure conditioning:



Inference-time guidance

Motif conditioning:



Inference-time guidance

Symmetry conditioning:

Cyclic

Tetrahedral

Composed



Inference-time guidance
Label conditioning:

Natural language (GPT-Neo embeddings) conditioning:

ProClass = P[class | protein Xt]

ProCap = P[caption | protein Xt]



Workbench



Chroma: Controllable (bio)physics-informed generation of proteins

“Crystal structure of a 
Fab antibody fragment”



Forward diffusion: gaussian, but with biophysically motivated correlations


