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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.




