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Protein Language VS. Natural Language 



AutoregressiveVS. Non-autoregressive

ARModelforprotein[1,2] NARModelforProtein[3,4]

[1] Large language models generate functional protein sequences across diverse families. Madani et al.

[2] ProGen2: Exploring the Boundaries of Protein Language Models. Nijkamp et al.

[3] Biological structure and function emerge from scaling unsupervised learning to 250 million protein sequences. Rives et al.

[4] Evolutionary-scale prediction of atomic level protein structure with a language model. Lin et al.



Co-evolution Information is Critical

Comparison experiments conducted on CASP14, 

by ESMFold[1]

[1] Evolutionary-scale prediction of atomic level protein structure with a language model. Lin et al.        [2] MSATransformer. Rao et al.

Top-L long-range contact precision comparison on 

14,842 proteins conducted by MSA Transformer[2]
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What Makes a MSA Profile ?
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Unified View between                                         

Single Sequence and MSA
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What is the Bayesian Flow?

Bayesian update through Bayesian rule



Extension to Profile Data



Profile Bayesian Flow

Transformer Output profile Noisy profileInput profile

MSA profile

Iterative sampling

Training Objective

The           symbol stands for bayesian flow process
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Results: Sampling Efficiency

Evodiffsampling time 

increases rapidly

ProfileBFNshares the same 

complexity with single seq 

models



Problems in Parameterized Evaluation



Non-paramerized Evaluation

CCMPRED



Results: Profile Better than MSA



Results: Visualization



Summary of Contribution 

ÅModeling protein in profile space 

rather than sequence space

ÅDeriving a new kind of BFN 

for family protein design

ÅProposing evaluation metric 

that is more convincing



Thank You! 

Welcome to Join Us at Poster Session 15：00

at  #16  for In-depth Discussion!

Bncd O`odq

Thank All Co-Authors’Hardwork! 
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Theorems



Paramerized Results



Applications: Enzyme



Applications: Antibody



Applications: Folding



Representation Learning



MSA Depth


