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Goal



Predict protein localization  
in silico.
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Transformer

MVCFRLFPVPGSGLVLV
CLVLGAVRSYALELNLT
DSENATCLYAKWQMNF
TVRYETTNKTYKTVTI
SDHGTVTYNGSICGDD
QNGPKIAVQFGPGFSWI
ANFTKAASTYSIDSVSF
SYNTGDNTTFPDAEDK
GILTVDELLAIRIPLND…

Protein Sequence Nucleus Image Predicted Localization

CELL-E 
Transformer

MVCFRLFPVPGSGLVLV
CLVLGAVRSYALELNLT
DSENATCLYAKWQMNF
TVRYETTNKTYKTVTI
SDHGTVTYNGSICGDD
QNGPKIAVQFGPGFSWI
ANFTKAASTYSIDSVSF
SYNTGDNTTFPDAEDK
GILTVDELLAIRIPLND…

Protein Sequence Nucleus Image Predicted Localization



Why?



Proteins dictate biological function.

Source: Khan Academy



Predicting localization allows us 
to gain fundamental 

understanding of biology. 



Source: Genome Research Limited



Correct localization is necessary 
for function.

Mislocalization can result in 
dysfunction and disease.
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CELL-E 2



Drawbacks

• Small dataset 

• Not many proteins in OpenCell 

• Unidirectional 

• Can do text-to-image but cant tell 
you what text should be there with a 
localization pattern 

• Autoregressive generation is slow
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Finetuned Model Comparison
Glycerol-3-phosphate acyltransferase 4
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CELL-E  vs CELL-E 2
On OpenCell Validation Set

Nucleus % MAE Pixel Image 
MAE PDF MAE SSIM FID IS

CELL-E .0347 ± .0294 .3671 ± .1117 .3653 ± .1008 .2060 ± .1846 10.5555 2.4762 ± .0866

CELL-E 2 .0170 ± .0160 .3449 ± .1305 .3487 ± .1340 .1881 ± .1541 19.2683 3.6083 ± .2013





66x Faster  
with Better 

Performance!
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De novo Protein Design
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Source: Molecular Biology of the Cell, 4th Edition





Procedure

• Pre-select number of masked 
positions 

• Generate 300 candidates per terminus 
with sequence model 

• Feed predicted sequence to image 
model to cross-validate
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ICTTGKLPVPWPTLVTTFSYGVQ
CFSRYPDHMKQHDFFKSAMPEGY
VQERTIFFKDDGNYKTRAEVKFE
GDTLVNRIELKGIDFKEDGNILG
HKLEYNYNSHNVYIMADKQKNGI
KVNFKIRHNIEDGSVQLADHYQQ
NTPIGDGPVLLPDNHYLSTQSAL
SKDPNEKRDHMVLLEFVTAAGIT
HGMDELYK
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NLS Properties

• Short (5-15 Amino Acids) 

• Highly Basic (R and K) 

• Clustered





Highly Dissimilar
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DeepLoc 2.0 Prediction: 
- 89% Nuclear Localizing Proteins 
- 91% contain NLS 

 



Future Directions

• Leverage more data 

• Incorporate structural information 

• Validate de novo candidates



Thanks!


