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Attention heatmap per peptide

Amino acid importance for classification

Average amino acid importance per position

Catalytic [1] Self-assembly [2] AVP [3] Permeability [4] AMP [3, 5]

Size: ~100 ~400 ~1,000 ~7,000 ~10,000

Ratio: 68 : 31 67 : 33 61 : 39 69: 31 56 : 44

Acc: 95% 82% 85% 82 % 92%

AUC: 0.95 0.86 0.88 0.78 0.97
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UMAP visualization of LLPS peptides

PepBERT representation

Embedding amino acids in 
320-D latent space

Gaussian noise injection

Synthetic instance

Data Representation Acc F1 MCC

AMP PepBERT (320-D) [7] 84.6 0.80 0.68

AMP SeqProps (28-D) [3] 79.6 0.73 0.57

LLPS PepBERT (320-D) [7] 73.7 0.74 0.48

LLPS SeqProps (28-D) [3] 84.2 0.84 0.69

Settings Acc F1 MCC

PepBERT + Gaussian injection
(noise =0.5, fraction = 100) 84.2 0.85 0.70

SeqProps + Gaussian injection
(noise =0.1, fraction = 100) 86.0 0.86 0.72

Baseline Gaussian aug. Manifold aug.

59 LLPS positive [6] 41 LLPS negative
for testing only

50 LLPS motifs [6]

59 scrambled sequences

178 LLPS positive
208 LLPS negative

0.89 ± 0.08        0.94 ± 0.05

F1

0.88 ± 0.13        0.95 ± 0.07TPR

Baseline       vs     Transfer

0.89 ± 0.07        0.94 ± 0.05

Acc
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Attention-derived identification of motifs
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