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Motivation: DNA is a Language (with Challenges)

e DNA as Language: Genomic sequences can be treated like natural language
o 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)
o Long-Context Information: Some features require large genomic span (e.g., biosynthetic gene clusters).
o Repetitive Elements: Huge portions of genomes are repeats (e.g. ~50% in humans’ genome)
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Genomic Language Models
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LLMs Don’t Count ! But Biology Needs Counting

ChatGPT 5 v

dna|

Write a meaningful paragraph that exactly includes at least 10 DNA ,
10 protein, and 10 RNA .

In modern biology, DNA serves as the foundational blueprint for life, encoding the instructions that guide
the synthesis of RNA and protein. Within every cell, DNA replication ensures the faithful transmission of
genetic material, while RNA transcription translates these DNA sequences into functional messages.
Messenger RNA, transfer RNA, and ribosomal RNA each play crucial roles in interpreting DNA information
and guiding protein assembly. The resulting protein molecules fold into intricate shapes that define their
biological functions. Enzymatic protein complexes regulate DNA repair and RNA processing, ensuring
stability across generations. Structural protein frameworks provide cellular integrity, while signaling
protein molecules control responses to environmental cues. Ultimately, the interplay among DNA, RNA,
and protein forms a dynamic triad—each DNA, RNA, and protein interaction sustaining the continuity and

adaptability of life.
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Can We Force an LLM to Behave like a Word Counter?
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Transition Matrix Loss: Teaching the Model to Count

e Ground-truth transition matrix: Row-normalized bigram frequency matrix from
the actual sequence.
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Transition Matrix Loss: Teaching the Model to Count

e Ground-truth transition matrix: Row-normalized bigram frequency matrix from
the actual sequence.

e Predicted transition matrix:: Computed from model outputs via pairwise
probability products.
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Transition Matrix Loss: Teaching the Model to Count

e Ground-truth transition matrix: Row-normalized bigram frequency matrix from
the actual sequence.

e Predicted: Computed from model outputs via pairwise probability products.
e KL divergence loss:

Pij
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Markovian Nature of In-Context Learning in Transformers

Key Point :
In-context learning in Transformers often follows a The Evolution of Statistical Induction Heads:
Markovian pattern . In-Context Learning Markov Chains
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Ezra Edelman* Nikolaos Tsilivis*

the entire sequence histo ry. University of Pennsylvania New York University!
ezrae@cis.upenn.edu nt2231@nyu.edu
Enables use of sliding-window attention instead of full Benjamin L. Edelman Eran Malach Surbhi Goel
. 21 Harvard University Harvard University University of Pennsylvania
attention ?: bedelman@g.harvard.edu emalach@g.harvard.edu surbhig@cis.upenn.edu

From Self-Attention to Markov Models:
Unveiling the Dynamics of Generative Transformers

M. Emrullah Ildiz'  Yixiao Huang!  Yingcong Li!
Ankit Singh Rawat?> Samet Oymak®

! University of Michigan, Ann Arbor
{eildiz,yingcong,oymak}@umich.edu, yixiao.huang@my.cityu.edu.hk

2 Google Research NYC
ankitsrawat@google.com



CARMANIA: Our Long-Context Genomic LM

e CARMANIA is a 160k-context genomic Transformer language model.

e This Markovian nature of Transformers aligns with transition-matrix objectives (TM-Loss).
e Enables use of sliding-window attention instead of full attention.

e Reduces complexity from O(N?) = O(kN)-
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Fast Inference Time!
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Genomic Task Performance Gains

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

CARMANIA Performance Advantage Across Genomic Tasks
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Genomic Task Performance Gains

e Scope: Compared CARMANIA with top models on 40 genomic tasks.

e Wins: Outperformed competitors on 20 out of 40 tasks.

e Gains: Achieved up to 33% improvement, setting a new state-of-the-art benchmark across all evaluations.
e CARMANIA outperforms prior models on BGC classification (100,000 DNA sequences).

CARMANIA Performance Advantage Across Genomic Tasks
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Summary

e 160k context: Longest-context genomic Transformer to date

e TM-loss: Markovian regularization improves global consistency

e Fast inference: 2.5x speedup on long sequences
‘.
CARMANIA
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Thank you!

CARMANIA
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