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Janus Modeling Motivation

Efficiently learn from every token with bidirectional understanding.

1. Global attention is stronger in modeling long-range dependencies in DNA, but it is
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3. Traditional masked modeling learns from only about 15% of input tokens per

Genomic Benchmark

training step —> resulting in low learning efficiency.

N

. Outperforms models 30x Iarger, including expert and SOTA models. 2. Hugo Dalla-Torre, et al. Nucleotide transformer: building and evaluating robust foundation models for

human genomics. Nature Methods, 22(2):287-297, 2025.
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Contributions

« JanusDNA introduces the first bidirectional DNA foundation model, leveraging a novel Janus Modeling paradigm that integrates autoregressive optimization efficiency with masked

3. Nguyen, E., et al. HyenaDNA: long-range genomic sequence modeling at single nucleotide resolution.
Neurips, 2024.

interactions. Nature methods, 18(10):1196-1203, 2021.
C - . . 5. Gu, A. and T. Dao. Mamba: Linear-time sequence modeling with selective state spaces. arXiv preprint
modeling's bidirectional comprehension. |
arXiv:2312.00752.
« |ts Hybrid Mamba—Attention—MoE architecture enables global long-range dependency modeling and single-nucleotide resolution processing of sequences up to 1 million base 6. Zhou, Z., et al. Dnabert-2: Efficient foundation model and benchmark for multi-species genome. arXiv
preprint arXiv:2306.15006.
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7. Cheng, Wenduo, et al. "Dnalongbench: a benchmark suite for long-range dna prediction @ 28 Tgan w SE Nl Shunet s

« JanusDNA outperforms models up to 250% larger and achieves state-of-the-art results across diverse short- and long-range genomic tasks.
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