Scaling Laws and Architectural
Frontiers in Metagenomic
Foundation Models

Foundation models for genomics have the potential to revolutionize therapeutic design, yet the optimal architectural
choices for modeling the vast and diverse distribution of metagenomic data remain under-explored. In this work, we
present the machine learning methodology behind EDEN, a family of metagenomic foundation models scaled up to 28
billion parameters and trained on 9.7 trillion nucleotide tokens. We provide a systematic empirical study of architectural
trade-offs between autoregressive Transformers (Llama-style), State-Space Models (Mamba), and Long-convolutional
architectures (Hyena) for nucleotide-level modeling
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Modeling the Complexity of Biology
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