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DNA as Language: Genomic sequences can be treated like natural language 
Long-Range Dependencies: Many genomic features depend on far-apart elements (enhancer–gene links have a median distance of
~28 kb and can extend up to ~1 Mb)
Long-Context Information: Some features require large genomic span (e.g., biosynthetic gene clusters).
Repetitive Elements: Huge portions of genomes are repeats (e.g. ~50% in humans’ genome)

Motivation: DNA is a Language (with Challenges)
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Model Time Complexity Max Seq Length Models

Transformer O(n²) <4-10k bp NT,  DNABERT2 , glM2, MetaBerta

Hyena O(n log n) 160k-1m bp HyenaDNA, EVO

Mamba O(n) 131k bp Caduceus

Transformer Hyena Mamba
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effectiveness efficiency

Genomic Language Models 
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 LLMs Don’t Count ! But Biology Needs Counting 



Can We Force an LLM to Behave like a Word Counter?
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Transition Matrix Loss: Teaching the Model to Count
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Ground-truth transition matrix: Row-normalized bigram frequency matrix from
the actual sequence.



Transition Matrix Loss: Teaching the Model to Count
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Ground-truth transition matrix: Row-normalized bigram frequency matrix from
the actual sequence.
Predicted  transition matrix:: Computed from model outputs via pairwise
probability products.



Transition Matrix Loss: Teaching the Model to Count
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Ground-truth transition matrix: Row-normalized bigram frequency matrix from
the actual sequence.
Predicted: Computed from model outputs via pairwise probability products.
 KL divergence loss: 
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Markovian Nature of In-Context Learning in Transformers

Key Point :

In-context learning in Transformers often follows a
Markovian pattern .

The model primarily depends on a few preceding tokens, not
the entire sequence history.

Enables use of sliding-window attention instead of full
attention ?!



CARMANIA is a 160k-context genomic Transformer language model.
This Markovian nature of Transformers aligns with transition-matrix objectives (TM-Loss).
Enables use of sliding-window attention instead of full attention.
Reduces complexity from 𝑂(N²) → 𝑂(kN)-

CARMANIA: Our Long-Context Genomic LM
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Fast Inference Time !



Scope: Compared CARMANIA with top models on 40 genomic tasks.
Wins: Outperformed competitors on 20 out of 40 tasks.
Gains: Achieved up to 33% improvement, setting a new state-of-the-art benchmark across all evaluations.
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Genomic Task Performance Gains
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Genomic Task Performance Gains

Scope: Compared CARMANIA with top models on 40 genomic tasks.
Wins: Outperformed competitors on 20 out of 40 tasks.
Gains: Achieved up to 33% improvement, setting a new state-of-the-art benchmark across all evaluations.
CARMANIA outperforms prior models on BGC classification (100,000 DNA sequences).
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Summary

160k context: Longest-context genomic Transformer to date

TM-loss: Markovian regularization improves global consistency

Fast inference: 2.5× speedup on long sequences



Thank you!

Power your pipeline with CARMANIA’s 160k-context understanding

https://huggingface.co/MsAlEhR/carmania-big-10k-prok-genome

