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Models trained on the genome develop ICL
in similar ways to models trained on human
language - indicating ICL is a consequence
of next-token training on complex data.

Our Contributions:

- First demonstration of Emergent ICL in Meta ICL Fmergent ICL
genomics models (prior demonstrations are
Meta ICL) , ) o Explicitly trained for - model Emerges naturally as a

- Controlled cOmparison between li nguistic is taught to infer function byproduct of training on a
models and genomic models from few-shot examples. complex modality (language,

- Comparison across model scale and shot count - g genome).
performance improves with both in linguistic and | .2 #8
genomic models 2 &

- These findings challenge the notation that ICL is Tells us little abou.t the ”ljells us whether some form of

content of the trained intelligence can emerge from

language-specitic and explanations of ICL that modality, more about prompt predicting a given modality.
rely on properties of human language alone. format.

They instead suggestion a
compression/prediction view of ICL.



