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Foundation models (FMs)

FMPre-training

Versatile, reusable
Foundation Model

One-time
costly training w/
billions of training 
samples

Wide range of 
downstream 
applications

Lightweight finetuning w/ 
only thousands of samples

Splice site
prediction

Chromatin
profiling

Species of 
origin clf.

• HyenaDNA is a foundation model
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Limitation of current genomic LLMs

• Genomic sequences are long, 
relevant info may be far apart
• Attention is a quadratic operation
• 1K tokens = 1M operations
• 1M tokens = 1T operations

• Current methods to address this:
1. Tokenization
2. Dilation / downsampling
• e.g. Enformer and Borzoi dilate via 

convolutions and pooling
• Both methods lose information

https://www.researchgate.net/figure/A-visualization-of-attention-weights-showing-soft-alignment-between-source-and-target_fig1_332160864
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A possible solution

Poli et al. Proceedings of the 40th International Conference on Machine Learning (2023)
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A quick note

• Disclaimer: the math is too complicated for me
• I will try to share my intuition rather than concrete proofs
• For more information, I recommend these sources:
• Post-Transformers – Hyena Hierarchy, Alex Mackenzie
• The Annotated Hyena, Jonathan Skowera
• Hyena Hierarchy: Towards Larger Convolutional Language Models, 

Michael Poli et al. 
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The Hyena Operator

• Hyena is a “subquadratic drop-in replacement for attention 
constructed by interleaving implicitly parametrized long 
convolutions and data-controlled gating”

7
Poli et al. Proceedings of the 40th International Conference on Machine Learning (2023)

Let’s break down this definition...



The Hyena Operator

• Hyena is a “subquadratic drop-in replacement for attention 
constructed by interleaving implicitly parametrized long 
convolutions and data-controlled gating”
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Subquadratic: For an input sequence of length L, 
Hyena is O(L log2 L) rather than O(L2)

Achieved through a Fast Fourier Transform (FFT)

1M inputs = 20M rather than 1T operations!



The Hyena Operator

• Hyena is a “subquadratic drop-in replacement for attention 
constructed by interleaving implicitly parametrized long 
convolutions and data-controlled gating”
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Drop-in replacement for attention 
= 

can substitute for an attention module in an LLM



The Hyena Operator

• Hyena is a “subquadratic drop-in replacement for attention 
constructed by interleaving implicitly parametrized long 
convolutions and data-controlled gating”
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Input DNA:

Short convolutions:

Slide along the sequence, capturing local information

Long convolutions:

Span the entire sequence, capturing global information
Enables the model to learn long-range interactions without attention!  



The Hyena Operator

• Hyena is a “subquadratic drop-in replacement for attention 
constructed by interleaving implicitly parametrized long 
convolutions and data-controlled gating”
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Input DNA:

Short convolutions:

Slide along the sequence, capturing local information

Long convolutions:

Span the entire sequence, capturing global information

Implicitly parameterized = filters are learned rather than hard-coded

Enables the model to learn long-range interactions without attention!  



The Hyena Operator

• Hyena is a “subquadratic drop-in replacement for attention 
constructed by interleaving implicitly parametrized long 
convolutions and data-controlled gating”
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Controls how much of each data point is passed to the next layer



The Hyena Operator

• Hyena is a “subquadratic drop-in replacement for attention 
constructed by interleaving implicitly parametrized long 
convolutions and data-controlled gating”
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Poli et al. Proceedings of the 40th International Conference on Machine Learning (2023)



Hyena intuition
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• Hyena produces several 
(3 or more) linear 
projections of the input
• Analogous to Key, 

Query, Value matrices 
of attention
• These projections 

contain biologically 
meaningful information 
at a global scale



Paper overview
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HyenaDNA architecture
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• Decoder-only
• Seq-to-seq



Training Long Sequence Models
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• Training directly on long 
sequences affects stability
•  Instead, begin with short 

sequences and scale up
• Start with 64bp sequences and 

double the length at each step
•  While keeping the batch size the 

same

• Warmup results in better 
performance with less training



Pretraining
• Data: 160kbp seqs from the 

human reference genome
• Proxy task: next nucleotide 

prediction
• Architecture: decoder-only 

transformers
• Hyena operators instead of 

attention

• Result: much faster 
inference at longer contexts
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Final pretraining recipe
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Short-length test 1

• Finetune on 8 
regulatory element 
classification 
datasets
• HyenaDNA reaches 

SoTA on 7/8 tasks

• 1k - 300k seqs
• 200 - 2000bp

Gresova et al. BMC Genomic Data (2023) 20



Short-length test 2

• Compare against Nucleotide 
Transformer, a SoTA model
• BERT-based architecture
• 6mer tokenization of 1kbp 

sequences
• 500M – 2.5B parameters
• 1 – 3200 genome pre-training

• 18 finetuning tasks
• 200-600 bp seqs
• Reg. elts, splice sites, etc.

• HyenaDNA excels
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In-context learning (ICL)

https://ludwig.ai/latest/user_guide/llms/in_context_learning/

• Unlock model abilities 
without finetuning
• Pass in question/answer 

pairs and a final question
• Model learns the pattern 

just by parsing the inputs
• Widely used for natural 

language tasks
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ICL example with ChatGPT
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In-context learning for genomics

• Main challenge is working with HyenaDNA’s limited vocabulary
• Vocab is {A, C, G, T, N, [PAD], [SEP], [UNK]}
• How do you convey a question/answer pair?

Ideal Reality
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ICL for genomics: Few-shot prompting

• Y labels for binary classification are A or N, same as model output prediction
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• Performance increases with # of examples, but not necessarily number of shots



ICL for genomics: instruction tuning

• Prepend 2 – 32k tokens to prompt
• Tokens are tunable, and tuned for up to 20 epochs
• Performance increases with the number of prepended tokens

Input sequence X [SEP]Tuneable tokens

26



Long-context predictions

• Predict 919 chromatin features 
from DeepSEA dataset
• TF binding profiles, histone mark 

profiles, DNase I-hypersensitivity 
sites

• 8kbp length sequences
• 2M training samples, 200k test
• Try 1kbp and 8kbp inference
• HyenaDNA outperforms SoTA 

with 10x fewer parameters

Predict 
region Right contextLeft context

200bp400 or 4k bp 400 or 4k bp

1
0

Track A
Track B
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Embedding comparison

• Compare token 
embeddings of 
SoTA models
• DNABERT – 6mers
• NT – byte-pair 

encoding
• HyenaDNA – single 

nucleotide
• HyenaDNA learns 

biologically 
meaningful 
features
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Ultralong sequence species classification

• Classify species origin of sequences
• Randomly selected from 5 species
• Human, lemur, mouse, pig, hippo
• Closely related species are hard to 

distinguish within small windows

• HyenaDNA excels on long sequences 
up to 1M bases
• Transformers cannot compete due to 

computational cost 
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HyenaDNA strengths

• Only SoTA model with single-nucleotide resolution
• Outperforms other SoTA models despite many fewer parameters 

and smaller training sets
• Inference on ultralong sequences of 1M bases
• Unlocks abilities on sequence classification and long-range interactions

• Hyena, in-context-learning can be used in any genomic LLM

30



HyenaDNA limitations

• No interpretability analyses
• What is the model actually learning?

• Very shallow model, only 2-8 layers
• Can complex features be learned?
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Future work

• Train on more genomes
• Multi-modal training data such as protein sequences 
• Increased model size and compute budget
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Next meeting

• Date and Time: Tuesday, November 19th, 12 - 1pm
• Location: Malone 228 and Zoom
• Presenter: TBD, volunteers needed!
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Sign up to present this semester!!! à


