eccDNAMamba: A Pre-Trained Model for Ultra-Long eccDNA Sequence Analysis
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Background Model

No existing models support full-length circular eccDNA due to sequence truncation and
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Introduce eccDNAMamba, the first bidirectional state-space model for circular DNA, (~5 bp per token)
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Circular-aware input — appends the first 64 tokens to the tail so head-to-tail

dependencies are preserved during training and inference Downstream Tasks

Pre-trained on eccDNAs from diverse species, cell lines, and disease states (= 101 M :
BPE tokens) and fine-tuned for various downstream tasks, positioning it as a versatile RESUltS & AnalySIS
foundation for circular-genome analytics
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Train model on CG/motif balanced datasets to extract other biologically significant sequence features




