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GLMs are essentially representation encoders
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Background

Genetic Domain

showEncoder

CLIP DINO v2, v3 BEiT, Florence

Diverse SSL approaches have enabled

Compression of images to vectors, which can solve:



GLMs are essentially representation encoders
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Background

Genetic Domain e.g. AlphaGenome

show

Encoder

Input: Genomic Sequence -> Output: Representation

Either trained with SSL (autoregressive, MLM) or SL (label guidance)

Can solve DNA -specific tasks such as 
DNA contact map prediction, etc.



In this work, we focus on tokenization
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Motivation

showDivide input sequence into 6 bp -length chunks, each with unique numbering.

Predefine a set of chunks that are statistically – merging frequent pairs of characters.

Natural Language : I  / love / genomic / language / models

Many meaningful separation exists – ex. spaces already divide input in a semantically-aware manner

Genomic Lanugage: ATGCATTACATGCATTACATGCATTAC...

No natural separation exists
Thus, people have naively used NLP -style tokenizations



Prior approaches are ‘semantically blind’ of DNA
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Motivation

show

Question: Does prior tokenization preserve the known “ Grammar (motif)” of DNA?

Answer: NO! in fact, it ACTIVELY fragments it!

Single Motif -> BPE divides it into 2.47, K -Mer into 2.32 tokens on average



Why Not Use Pre-annotated Gene Elements as Guidance?
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Motivation

show

TL;DR: Lack of annotation across genomes 1. Conservation -based reasoning

2. Association -based reasoning

3. Experimental Assays ...

✓ Highly conservative == Important

✓ Lack of lineage-specific functionals

✓ Statistically associated with disease

✓ Correlation != Causal

✓ Hard to obtain...

Furthermore, we do not know 
WHICH are best for tokenization



DNAChunker: Unsupervised, Data-driven tokenization strategy

7

Method

show

TL;DR: Learn the tokenization strategy from data!

✓ First approach to use learnable tokenization in gLMs

✓ Enforce bidirectional nature of DNA sequences

✓ Almost NO inductive bias

✓ SOTA performance on Benchmark Tasks



Grouping similar tokens to a singular chunk
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Method

show

1. Calculate cosine similarity among adjacent embeddings
2. If similarity > 0.5; assign to different chunk
3. Else; assign to same chunk

TL;DR: Merge adjacent tokens using cosine similarity



Decoding chunks back to original resolution
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Method

show

1. Embeddings are upsampled to original resolution
2. Bidirectional EMA scan is applied

3. + Residual connections (like U -Net) to original embedding

TL;DR: Tricks need be in place for gradient propagation

Trick to ensure gradient propagation to the chunking module 

(via mixing between boundaries)



[MASK] are different from other letters
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Method

✓ [MASK] is NOT seem in test data. -> Train vs. Test gap exits

✓ Learning a chunker WITH [MASK] makes the tokenization mask-dependent

A A G G G A T T A A

Chunking Layer
Trick#1: [MASK] Protection Mechanism
• [MASK] should not be merged with other 

tokens (A,T,G,C,N).



[MASK] are different from other letters
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Method

✓ [MASK] is NOT seem in test data. -> Train vs. Test gap exits

✓ Learning a chunker WITH [MASK] makes the tokenization mask-dependent

A A G G G A T T A A

Chunking Layer
Trick#1: [MASK] Protection Mechanism
• [MASK] should not be merged with other 

tokens (A,T,G,C,N).

Dehunking Layer

Trick#2: Residual Gating of [MASK]
• If residual connection is ALSO given to the 

mask, encoder leaks information to decoder



[MASK] are different from other letters
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Method

✓ [MASK] is NOT seem in test data. -> Train vs. Test gap exits

✓ Learning a chunker WITH [MASK] makes the tokenization mask-dependent

A A G G G A T T A A

Chunking Layer

Dehunking Layer

[MASK] handeling is crucial for performance
Linear probing upon NT -revised Benchmark in MCC



Loss Function
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Method

Standard MLM loss + Repeat region down -weighting + Ratio Loss

▪ Following formulation of Evo2[1], down -weight repeat regions

▪ Repeat regions lack biological significance

[1] Brixi et al. Genome modeling and design across all domains of life with Evo 2



Loss Function
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Method

▪ To avoid collapse to trivial solutions (i.e. assigning each character to a separate chunk)

▪ Loss attains minimum when the fraction of selected boundaries(       ) and boundary 

probability (       ) becomes the target compression ratio (       )

[1] Hwang et al. Dynamic Chunking for End -to-End Hierarchical Sequence Modeling

Standard MLM loss + Repeat region down -weighting + Ratio Loss [1]



State-of-the-art upon Benchmarks
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show

Results

▪ On average, BEST performance

▪ Evaluated upon:
▪ NT-Benchmark (Best avg. Perf. & Rank)

▪ NT-revised Benchmark (Best avg. Rank)

▪ Genomics Benchmark (2 nd avg. Rank)

▪ BEND Benchmark (Best avg. Rank)

▪ DNALongBench (Best avg. Perf. & Rank)



DNAChunker learns biological grammar
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Analysis

show

▪ Scatter Plot upon chunk size distribution in chromosomes, divided by annotation.

▪ Large chunk sizes assigned to repeats – where chunk sizes are larger than 150+ bp



Revisiting ‘semantic blindness’ to biological grammar
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show

Question: DNAChunker preserve the known “ Grammar (motif)” of DNA?

Answer: Yes! in fact, it assigns in average, 1.22 tokens to motifs, ACTIVELY preserving it.

Single Motif -> BPE divides it into 2.47, K -Mer into 2.32 tokens on average

Analysis
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Data-driven tokenization is beneficial for DNAs!

Summary

✓ First approach to use learnable tokenization in gLMs

✓ Enforce bidirectional nature of DNA sequences

✓ Almost NO inductive bias

✓ Learned tokenization respects biological grammar

✓ Currently working on cancer-subtype classification with 

DNAChunker on patient data

TL;DR: Learn the tokenization strategy from data!

Personal Link Paper Link
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