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Proteins are biology’s actuators

e Human cells contain 1-3 billion
proteins each

e Structure, metabolism, and signaling

luciferase

Thomas Splettstoesser 2



Diversity arises from 20 building blocks

Glycine (Gly, G)

H amine H O

side chain



We need proteins with new functions
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Generate new proteins to expand functional space

/

Natural
sequences

Biology

Encoded
structure

Cellular
function

\
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Generating new, designable structures expands functional space

MGTGDHDD... :

6 Wu, Yang, van den Berg, Alamdari, Zou, Lu, Amini; Nature Comm 2024



Proteins are polypeptide chains
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Protein structure is determined by bond
angles
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Protein structure is determined by bond
angles

These six angles (for every consecutive pair of amino acids) fully determine the structure



We generate backbone structures
represented by and bond angles
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These six angles (for every consecutive pair of amino acids) fully determine the backbone structure
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FoldingDiff uses diffusion to generate angles

Vanilla transformer
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Diffusion on 3D coordinates requires equivariances
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Evaluate generations at 3 levels
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Generated angles match test distribution

noise > » compare to true distribution

¢ distribution, KL=0.0412
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Generated distributions match natural distribution of individual angles
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FoldingDiff captures correlations between angles

noise » sample » compare (P, P) co-occurence
True Generated
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FoldingDiff generates correlations that define common structural motifs
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Generated secondary structures match test structures

Number of a helices
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Generated structures look reasonable

Generated structures
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Measure designability of structures with self-consistency TMscore
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Many generated structures are designable

scTM scores, 780 generated protein backbones
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Significant improvements over point cloud diffusion model
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FoldingDiff structures are better than random baseline

scTM scores, naive baseline vs. generated structures
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Generated structures are diverse

Max training TM ~ Generated (ours)

b
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s

OmegaFold

59 residues 68 residues 107 residues 126 residues
scTM = 0.46 scTM = 0.54 scTM = 0.46 scTM = 0.46
max training TM = 0.63 max training TM = 0.60 max training TM = 0.71 max training TM = 0.69

23



FoldingDiff is first step towards generating new functions
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Generate protein backbones by mirroring the folding process
Realistic, diverse samples

Internal coordinates Structural motifs
0.9
0.8
0.7
N ,Ql C pﬁ Ca @
\/ \/\/N >/ §0.6
Ca N =
2 TR ,
0.4 K
Y o X
0.3 o '“'.“.\' &N . length |
1 ® short(=70aa)
0.2 1 @ long(>70 aa) |
‘ ’ github.com/microsoft/foldingdiff T
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Seguence is the universal protein design space

MGTGDHDD...
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Sequence is the universal protein design space

MGTGDHDD... :




EvoDiff: evolutionary-scale diffusion

Neural network denoiser
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Controlled corruption

MGTGDHDD...

Alamdari, Thakkar, van den Berg, Lu, Fusi, Amini, Yang; bioRxiv 2023 27



EvoDiff: evolutionary-scale diffusion

Neural network denoiser
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Controlled corruption

OADM — MG##D#DD...—>» MG#GD#DD... — MGTGDHDD...

.
------

Alamdari+ bioRxiv 2023 28
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EvoDiff: evolutionary-scale diffusion

Neural network denoiser
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EvoDiff: evolutionary-scale diffusion

Neural network denoiser
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EvoDiff: evolutionary-scale diffusion

Neural network denoiser
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EvoDiff: evolutionary-scale diffusion

()

EvoDiff-Seq
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EvoDiff: evolutionary-scale diffusion

Neural network denoiser
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Controlled corruption

()2

EvoDiff-Seqg — MG D/DD...— /@™ M
CHH HOHOF A HHHHHHHHHHHHTF
CHHHHT L HH R H R
CHH H H

Alamdari+ bioRxiv 2023
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EvoDiff-Seq generalizes masked and autoregressive language models
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EvoDift enables controllable generation of plausible, diverse proteins

Evolutionary-scale training
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EvoDiff-Seq generates highly-plausible proteins

Generated
sequence
—» [T TITTTT]
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Generative training results in better sequences
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EvoDift enables controllable generation of plausible, diverse proteins

Evolutionary-scale training
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EvoDiff-Seq recapitulates natural functional distribution

Test Sequence-Based
sequences Embeddings Diffusion
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Evolutionary-scale diffusion improves FPD
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EvoDift enables controllable generation of plausible, diverse proteins

Evolutionary-scale training
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Many functions are mediated by a motif stabilized by a scaffold

Epitope Viral Receptor Active Sites Protein-Protein
Presentation Traps Interactions

PN

Wang et al., Science 2022

Can we scaffold motifs in sequence space?
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EvoDiff can scaffold functional motifs

1PRW: binding site of
compact calmodulin
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EvoDiff can scaffold functional motifs
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EvoDiff can scaffold functional motifs

1PRW: binding site of
compact calmodulin
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EvoDiff can scaffold functional motifs

1PRW: binding site of
compact calmodulin

No structure needed! ! conditional h

generation
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EvoDiff can scaffold functional motifs

EvoDiff-Seq

1PRW: Binding site of compact calmodulin

Functional motif Generated sequence

ADQLTEEQIAEFKEA FISDVENA M

MRSLGQNPTEAELQDM RSLGQNPTESELQDM
e o Model # Successful (< 1ARMSD) # Problems solved
EEIREAFRVFDKDGNGYISAAELRHVMT DRDNNGLISAAELRHVMTNLGEKLTDDE
NLGELTDEEVDEMIREADIDGDGQVNY VDEMIREADVDGDGQVNYEEFVTMMTA RFdiffusion 610 13/ 17
EEFVQMMTAK KSLDYNDD
pLDDT 83.3 .
motifRMSD 0.73A EvoDiff-MSA 522 13717
TMscore 0.54 _
EvoDiff-MSA EvoDiff-Seq 149 8/17

5YUI: Binding site of carbonic anhydrase metalloenzyme
Native structure Functional motif Generated sequence

HWGYGKHNGPEHWHKDFPIAKGERQSP SWAGDAMLSGGGLSGDYSVAE

VDIDTHTAKYDPSLKPLSVSYDQATSLRIL GSTNTAGSEHTINNIRHAAELHLVHVSNR

NNGHAFNVEFDDSQDKAVLKGGPLDGTY FGTIEEAARVRNGVAVLGVFFEVGEINAG

RLIQ GSLDGQGSEHTVDKKKYAA LEPITDKLRHLAGRGTHEPVNPLAPHEYM

ELHLVHWNTKYGDFGKAVQQPDGLAVLG PSSDDFFTYTGSLTTPPCSTGVLWYVF & .
IFLKVGSAKPGLQKVVDVLDSIKTKGKSAD DRPTRISVHQ conditional
FTNFDPRGLLPESLDYWTYPGSLTTPPLL pLDDT 90.1 _
ECVTWIVLKEPISVSSEQVLKFRKLNFNGE motifRMSD 0.47 A generat|on
GEPEELMVDNWRPAQPLKNRQIKASFK TMscore 0.88 48 g
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EvoDiff can scaffold functional motifs

EvoDiff-Seq vs. EvoDift-MSA

EvoDiff-Seq (# successes)

MSA usually more successful

Orthogonal strengths
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EvoDiff-Seq best

Not many homologs

Seq usually more novel
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EvoDitf: controllable protein sequence diffusion
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EvoDitf: controllable protein sequence diffusion
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Preprint: https://doi.org/10.1101/2023.09.11.556673 ‘ ’ github.com/microsoft/evodiff
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EvoDitf: controllable protein sequence diffusion
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