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Generative Modeling for Science 
(and especially biomolecules)
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Not for today, but of great interest
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Mutations are constantly arising and now we can control them. What will they do?

We can read genomes at scale We can write and edit genomes
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Idea: Sequences arose via evolution, so their distribution reflects selection pressures of the 
past*.

Today’s sequences

Mutations arise, some fix and 
some are selected out

? 

*ignoring population structure, shifting evolutionary pressures, and many other reasons why this shouldn’t work
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Idea: Estimate likelihoods for unsupervised estimation of mutation effects

AQKLYLTHIDAEVEG
D
ADRLYMTKIHHQFDG
D
ADTLFITEVKQVFEG
D
ADRLYMTKIHHTFDG
D
ADKLYCTLIHNSFEG
D
ADRLYMTKIHHEFEG
D
ADRLYLTMIHQKFEA
D
TDRLYITHIDETFEG
D
ADRLYLTQIRNKFKG

1. Collect natural sequences 2. Learn a distribution 3. Compute likelihood ratios  
for new mutations
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The data can be weak, so simple and/or regularized generative models have been favorable 

Site-independent model Potts model 
(Markov Random Field) (Bayesian) VAE
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Sequence likelihoods predict experimental mutation effects, without training or fine tuning on 
experimental data

Hopf*, Ingraham,* et al. Nature Biotechnology (2017) 

Markov Random Field 
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Sequence likelihoods predict experimental mutation effects across many different assay types and 
functions 

What is function? 
 
Whatever the protein was 
selected to do in evolution.
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Interestingly, regularization was important, presumably because the data can be weak

(more) Bayesian VAE Standard VAE
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But there are so many protein sequences – Why settle for training on one family at a time?
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Interestingly, the one-family-at-a-time models can still be hard to beat 

Bayesian VAEs
LM

LM

Potts
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Most successful pure language method based on inference with retrieval

LM likelihood

Empirical first 
order 
frequencies
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These approaches have proven useful for interpreting human genomic data
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Future directions for generative models of genomic sequences

Genomic LMs? Unify with structure-oriented models?

Algorithms still matter!
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“Well-defined*” energy function

*classical approximation of QM! 
No bond breaking. This one is CHARM22

Well-defined distribution
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Molecular physics is … an inference problem?

“Well-defined*” energy function

*classical approximation of QM! 
No bond breaking. This one is CHARM22

Well-defined distribution

Sampling  
is 

Hard 
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Brute force molecular dynamics can fold small proteins… with great effort

Typical time step ~2.5 femtoseconds (10-15 seconds)  
→ ~400 million time steps for a microsecond!

MD with a Thermostat (Langevin-like dynamics)  
on the energy
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Can deep generative models help us attack this intractable sampling problem? 
Idea 1: Boltzmann Generators

1. Learn a normalizing flow by 
minimizing KL Divergence* 
(similar to distillation) 

2. Use importance weighting to 
clean up distributional 
inconsistencies 

*Finnicky, bidirectional KL + MLE side estimation used in practice

Energy LogDetJac

Normalizing flow

Importance weights
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Can deep generative models help us attack this intractable sampling problem? 
Idea 1: Boltzmann Generators

Boltzmann generators remain tricky to train and currently focus on 
only modeling equilibrium fluctuations around a known fold.  
(i.e. They are not modeling folding or structure from scratch) 

Lots of room for further development

In practice, need to pre-run some molecular  
dynamics for MLE co-training
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Can deep generative models help us attack this intractable sampling problem? 
Idea 2: Fine-tune a point estimate (e.g. AlphaFold) with Diffusion/Flow-matching

Add significant diversity with 
little cost to precision
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Proteins are routinely best in class solutions to complex problems

Cancer and complex 
disease

Nanotechnology and 
materials scienceInfectious disease

Beer brewing 
reactor

$200M EUV 
Machine?

Making these 
nanomachines 

requires?
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Most industrially relevant proteins at least today are edits of natural proteins, not designed from 
scratch

Directed Evolution of enzymes 
  

Cytochrome P450

Discovery of antibodies 

Human Antibody



28

In fact, Evolution discovered most interesting proteins ~3 billion years ago and then focused on 
mutating
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Why have there been so few new proteins?  
Proteins function by complex constraints that are unforgiving  

if not satisfied all at once

• Self-avoiding curve 
(polymer) 

• Need to “lock” into special 
conformations full of 
hydrogen bonds 

• To force a specific fold, 
must stabilize with 20 
letter side chain alphabet 
(sequence) 

Nanobody complex GPCR

Local hydrogen bonds in 
α helices

Long range hydrogen bonds in 
β sheets
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It’s not like images are without complex constraints?
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It’s not like images are without complex constraints?

OpenAI DALL-E 3

How can protein ML also 
see these benefits?
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Spoiler: In the past few years, deep generative models “ate” computational protein design

The classic approaches

Deeply iterative search methods with 

handcrafted, semi-physical energy 

functions – 

can and did work in many cases, but 

need lots of tuning and less robust
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Spoiler: In the past few years, deep generative models “ate” de novo protein design

Structure-conditioned sequence design +Backbone / Full de novo design

+ many more! Fast moving area.
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(as we know) Diffusion models handle complex constraints by breaking them into a sequences 
of smaller changes

1. Define a forwards diffusion process

* equivalently, score function, flow predictor, etc…

3. Reverse the diffusion process with our learned model

2. Train a neural network denoiser*
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Programmable 
generation

Subquadratic 
architecture

Likelihood that is useful 
and controllable
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Should structural ML really need quadratic cost?

Image diffusion modelsStructural ML 
(typical)

O(N)O(N2)  
O(N3)

But wait, 
proteins need 
interactions!! 
What about 
long-range 
context?

Scales with number of pixelsScales with number  
of interactions

Computational physics

O(N log N)

Scales hierarchically
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Architecture trick 1: Sparse long range connections are subsquadratic while preserving long 
range context



38

Architecture trick 1: Sparse long range connections are subsquadratic while preserving long 
range context
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Architecture trick 2: distance-preserving diffusions avoid breaking polymer structure
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Architecture trick 2: distance-preserving diffusions avoid breaking polymer structure
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Putting together with some other things, a fast polymer diffusion model
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Likelihood (aka free energy) has been a north star in protein biophysics and design

Energy landscape 
Energy answers questions like: 

• What state(s) will proteins fold up into and what competes? 

• How stable is your molecule? 

• How specific is your binder? 

• What mutations are possible?
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We can evaluate likelihood and also control it with a new low temperature sampling algorithm

Increases likelihood
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Low temperature drives towards high likelihood and favorable structural properties

Higher likelihood More hydrogen bonds
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Three properties we find important for a protein generative model

Programmable 
generation

Subquadratic 
architecture

Likelihood that is useful 
and controllable
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We are most excited about programmability
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We have built a “zoo” of conditioner models, which can be mixed and match to solve for functional 
proteins

Cyclic, Dihedral, 
Icosahedral… 
(coming soon) 
Crystal, helices

Nanomaterials 

Vaccines 

Vectors

Motif grafting, 
Protein infilling 
Outfilling

ProCap: Textde novo binders 

Enzyme 
miniaturization 

Copy-paste protein 
engineering

Arbitrary 3D  
shapes

ProClass: 
 Secondary structure 
 CATH 
 

Computer, give me 
a protein now

Pores, 
Interaction 
geometry control 

Cryo EM
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Diffusion conditioning: How can we make it modular, composable, extensible?
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Key idea: diffusion conditioning as state and energy transformations

Some related ideas in

State transform 
(e.g. change of variables)

Energy adjustment 
(e.g. classifier guidance)

MCMC-enriched  
reverse diffusion

When state transform is identity, 
energy adjustment is zero, 
and pink terms are 1, 

This is standard reverse diffusion
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All of our conditioners as state and energy transformations
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All of our conditioners as state and energy transformations
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Because input-output types are matched, Conditioners are composable
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Programmable Symmetry in Complexes (scales)



Programmable Symmetry in Complexes (scales)



Programmable Symmetry in Complexes (scales)



Programmable Substructure









We are beginning to see benefits of semantic programmability
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Symmetry-conditioned samples can refold in silico
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Shape-conditioned samples can refold in silico



60

Class-conditioned samples can refold in silico
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Text-conditioned samples can refold in silico
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We designed an experiment intentionally to test sufficiency

• Only sample using the base 
model, no external ML models or 
energy function filters
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We saw samples from Chroma have favorable expression
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We saw samples from Chroma show evidence of folding and biophysically behaving as 
predicted
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We saw direct samples from Chroma show atomic agreement within the width of an atom (X-
ray Xtal)
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Three properties we find important for a protein generative modeling framework

Programmable 
generation

Subquadratic 
architecture

Likelihood that is useful 
and controllable
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Generative models are influencing many fields of science,  
algorithms still needed!

Genetics Molecular  
Physics

Likelihood estimation Amortizing intractable inference

Molecular 
Engineering

Controllable generation

function
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APPENDIX
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Globular Covariance model

Chain springs Burial springs
boundary condition

Inverse covariance 
for our diffusion  
process

Linear time matrix-vector products & analytic determinant
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Inter-residue consensus algorithm enables distributed pairwise representations to synethesize a 
self-consistent atomic structure

Analytic pose averaging = Weighted average with prediction

Confidence weights

Every node in the 
graph predicts the 
relative poses of all 
neighbors together 
with per-edge 
confidence values. 
  
We update the 
position of each node 
to the confidence-
weighted average.

Pose is a rotation and translation
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Low temperature, Langevin-enriched “Hybrid SDE” enables low temperature and other perturbed 
sampling with re-equilibriation 

Diffusion in … whitened space

     … correlated space

Reverse diffusion SDE (Song et al 2021)

Hybrid SDE = sum of Reverse SDE + Langevin

Langevin Dynamics at inverse temperate λ0

Time dependent annealing for reverse SDE based on Gaussian case 


