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Introduction
Existing AMP generation methods largely rely on protein language models such as ESM-2, which are trained on full-length proteins rather than peptide-specific distributions, leading to 
representation mismatch. Moreover, current approaches struggle to generate sequences that align with AMP classifier signals, despite activity prediction being the most critical objective in AMP 
design. We introduce AMP-DiT, a conditional discrete diffusion framework that generates peptides directly in sequence space, avoiding reliance on pre-trained protein language models. Our 
method uses classifier conditioning from Macrel to bias generation toward high antimicrobial activity, improving functional quality during sampling. Conditioning on a single predictor 
generalizes across multiple AMP prediction models, indicating that AMP-DiT captures underlying antimicrobial features rather than overfitting. Overall, AMP-DiT outperforms existing AMP 
design methods across almost all available AMP-classifier metrics while maintaining diversity.
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Conclusion 

We presented a conditional discrete diffusion framework for antimicrobial peptide design, where a DiT-style denoiser learns reverse transitions in sequence space under biological 
conditioning from Macrel-derived AMP and nonhemolytic safety scores. Across benchmark metrics, our model maintains high uniqueness while improving key generation properties 
such as diversity and fitness relative to baseline methods. Complementary analyses with external AMP predictors and physicochemical descriptors further indicate that generated 
sequences are both functionally plausible and aligned with natural AMP-like profiles. These results support discrete, controllable diffusion as a practical foundation for AMP discovery. 
Future work will focus on wet-lab validation, targeting specific bacteria, and extending this framework to broader protein and peptide engineering tasks.
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Results
* AMP-DiT consistently outperforms baseline generative models across multiple independent AMP 
predictors, including AMP-Scanner, AMPlify, HydrAMP, APEX, and Macrel.
* Achieves near-perfect predicted AMP activity, with 1.00 AMP-Scanner and 1.00 AMPlify AMP rates.
* Shows strong predicted potency with HydrAMP AMP = 0.97 and HydrAMP MIC = 0.80, while 
achieving the lowest APEX MIC (236) among compared methods.
* Maintains 100% uniqueness and the highest diversity (47), indicating that improved activity does 
not come at the cost of sequence diversity.
* Conditioning only on Macrel also improves scores from independent predictors, suggesting that 
AMP-DiT learns general antimicrobial characteristics rather than simply overfitting to its conditioning 
classifier.
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Method
Peptide sequences are tokenized and corrupted through a 
categorical diffusion process. A DiT-style transformer 
denoiser predicts clean amino-acid tokens from noisy 
tokens, timestep embeddings, and biological conditioning 
values. The Macrel-derived AMP probability and 
non-hemolytic safety score are embedded through an MLP 
and injected into each transformer block using adaLN-Zero 
modulation.
Generation starts from random discrete noise iteratively 

applies the reverse transitions from t= T to 1. Generated 

sequences are decoded to characters. In our current 

implementation, conditioning is fixed to c = [1,1] for all 

samples, corresponding to high antimicrobial activity and 

high non-hemolytic safety.

an important goal for AMP generation is not only to 

produce diverse and novel sequences, but also to generate 

peptides that consistently align with independent AMP 

classifier signals.


