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Transformer is the Backbone of Most ML Models

ChatGPT, GPT4V, Wisper

AlphaFold Transformer Diffusion Model (DiT)



Why Long Context?

• Longer Context = Higher Intelligence + Better Performance
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Transformers Scale Better than LSTMs due to 
Improved Use of Context

“Better use of context” “Better model performance”

Scaling laws for neural language models. Kaplan, J., McCandlish, S., Henighan, T., Brown, T. B., Chess, B., Child, R., ... & Amodei, D. (2020)
Slide modified from Hao Liu’s talk



Why Long Context?

• Longer Context = Higher Intelligence + Better Performance 
• Long context unlocks more applications
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book-level translation/
summarization personalized AI assistant videos and world models

code and hyperlinks Genome



Long Context is hard for Transformer
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– Expensive: quadratic complexity 
– Both time and space 

– : h heads and sequence length of nO(hn2)

• Complexity



FLOPs of Attention and Non-attention 
Operations

sequence length sequence length

FLOPs of attention is not negligible even for very large models!



8Image modified from Microsoft blog

• It is hard to do distributed training across the sequence dimension on multiple 
devices with Transformers

Full Attention: quadratic Complexity

Even with efficient attention or advanced 
sequence parallel implementations:


• Memory cost (2bnh) scales linearly with 
sequence length n (e.g. flash attention)


• Huge communication overhead and FLOPs 
(e.g. ring attention, context parallelism, etc)


• KV cache takes huge memory at inference 
time when the prompt is very long



Long Context is hard for Transformer
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– Expensive: quadratic complexity 
– Both time and space 

– : h heads and sequence length of nO(hn2)

• Complexity

• Inductive Bias on Length Generalization

– Hard to be extended to longer contexts than pre-training



Weak Inductive Bias on Length Generalization

• Transformer Hard to be extended to longer contexts than pre-training
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• Pair-wise interaction

• Order-invariant if no positional embeddings

A ∈ ℝn×nAttention score



Why not Chunk-wise Attention?

• Applying attention individually to each chunk with fixed length
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chunk-wise
Attention

Pros
• Efficiency: Linear complexity

• Inductive bias: No need for length extension

Cons

• Capacity: Limited contexts



Mega: Executive Summary

• Effective and efficient drop-in replacement of attention for long sequence 
modeling
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– Outstanding results on various types of data 
• text, images and audios

– Exponential Moving Average (EMA)

– Mega-chunk: linear complexity of time and space

Mega Layer:

EMA & Gated 

Attention

Input Embedding

Feedforward

Norm

Add & Norm
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chunk-wise
Attention



Mega Architecture: Outline

• Exponential Moving Average (EMA) 
– Local dependencies that decaying exponentially 

over time
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Mega Architecture: Outline

• Exponential Moving Average (EMA) 
– Local dependencies that decaying exponentially 

over time
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Mega Architecture: Outline

• Exponential Moving Average (EMA) 
– Local dependencies that decaying exponentially 

over time
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– Applying attention to local chunks of fixed length 
– Reducing quadratic complexity to linear



Mega Architecture: Outline
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• Exponential Moving Average (EMA) 
– Local dependencies that decaying exponentially 

over time

• Single-head Gated Attention 
– Adding a reset gate to the attention output 
– Theoretically proving that single-head gated 

attention is as expressive as multi-head one

• Mega-Chunk 
– Applying attention to local chunks of fixed length 
– Reducing quadratic complexity to linear



Exponential Moving Average (EMA)
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Exponential Moving Average (EMA)
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<latexit sha1_base64="3HoBZhLTlLFnaUOOCPkK4aHr8yY=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFqAtLUoq6LLpxWcFeoI1lMp20QyeTMDMRS+iruHGhiFtfxJ1v47TNQlt/GPj4zzmcM78fc6a043xbubX1jc2t/HZhZ3dv/8A+LLZUlEhCmyTikez4WFHOBG1qpjntxJLi0Oe07Y9vZvX2I5WKReJeT2LqhXgoWMAI1sbq28Ue5vEIl93zBZw9VPt2yak4c6FVcDMoQaZG3/7qDSKShFRowrFSXdeJtZdiqRnhdFroJYrGmIzxkHYNChxS5aXz26fo1DgDFETSPKHR3P09keJQqUnom84Q65Fars3M/2rdRAdXXspEnGgqyGJRkHCkIzQLAg2YpETziQFMJDO3IjLCEhNt4iqYENzlL69Cq1pxLyq1u1qpfp3FkYdjOIEyuHAJdbiFBjSBwBM8wyu8WVPrxXq3PhatOSubOYI/sj5/AHIqk2s=</latexit>

↵(1� ↵)2
<latexit sha1_base64="dBF4UmDnW46sNZCvW+aLgZ33IyQ=">AAAB+XicbZBNS8NAEIYnftb6FfXoJViEerAkUtRj0YvHCvYD2lAm2027dLMJu5tCCf0nXjwo4tV/4s1/47bNQVtfWHh4Z4aZfYOEM6Vd99taW9/Y3Nou7BR39/YPDu2j46aKU0log8Q8lu0AFeVM0IZmmtN2IilGAaetYHQ/q7fGVCoWiyc9Sagf4UCwkBHUxurZdhd5MsSyd7mAi55dcivuXM4qeDmUIFe9Z391+zFJIyo04ahUx3MT7WcoNSOcTovdVNEEyQgHtGNQYESVn80vnzrnxuk7YSzNE9qZu78nMoyUmkSB6YxQD9VybWb+V+ukOrz1MyaSVFNBFovClDs6dmYxOH0mKdF8YgCJZOZWhwxRItEmrKIJwVv+8io0ryredaX6WC3V7vI4CnAKZ1AGD26gBg9QhwYQGMMzvMKblVkv1rv1sWhds/KZE/gj6/MHQlOSxw==</latexit>

↵(1� ↵) <latexit sha1_base64="wEI8JztgPf6N92x6CusVkC/0LZg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oUy2m3btZhN2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5YCYJ8yMcSh5yisZKrR6KZIT9csWtunOQVeLlpAI5Gv3yV28Q0zRi0lCBWnc9NzF+hspwKti01Es1S5COcci6lkqMmPaz+bVTcmaVAQljZUsaMld/T2QYaT2JAtsZoRnpZW8m/ud1UxNe+xmXSWqYpItFYSqIicnsdTLgilEjJpYgVdzeSugIFVJjAyrZELzll1dJ66LqXVZr97VK/SaPowgncArn4MEV1OEOGtAECo/wDK/w5sTOi/PufCxaC04+cwx/4Hz+AI5vjyE=</latexit>↵

<latexit sha1_base64="1oBkIA9h05MHbVrD/C0AhuUOoo0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2m3bpZhN2J0Io/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xCzhfkSHSoSCUbTSQ9bHfrniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugP6EaBZN8WuqlhieUjemQdy1VNOLGn8xPnZIzqwxIGGtbCslc/T0xoZExWRTYzojiyCx7M/E/r5tieO1PhEpS5IotFoWpJBiT2d9kIDRnKDNLKNPC3krYiGrK0KZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwB1sI3t</latexit>yt

<latexit sha1_base64="MbTS1h+M8tSUvbDJaAPrpe2jaBU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VMPe+WKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1buont+dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AF0Ko3s</latexit>xt
<latexit sha1_base64="yEjHXyrA7HAsERBPkDNK20KG6fk=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS1GPRi8cK9gPaUDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGt1O/9ci1EbF6wHHC/YgOlAgFo2il1lMvw3Nv0iuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx27oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpr+TvtCcoRxbQpkW9lbChlRThjahog3BW3x5mTQvKt5lpXpfLddu8jgKcAwncAYeXEEN7qAODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w8Vio9q</latexit>xt�1

<latexit sha1_base64="e8vdtXzgG7NXjGSGCet8zKevs3o=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbAbgnoMevEYwTwgWcLsZJIMmZ1dZnrFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7glgKg6777eTW1jc2t/LbhZ3dvf2D4uFR00SJZrzBIhnpdkANl0LxBgqUvB1rTsNA8lYwvp35rUeujYjUA05i7od0qMRAMIpWaj31UryoTHvFklt25yCrxMtICTLUe8Wvbj9iScgVMkmN6XhujH5KNQom+bTQTQyPKRvTIe9YqmjIjZ/Oz52SM6v0ySDSthSSufp7IqWhMZMwsJ0hxZFZ9mbif14nwcG1nwoVJ8gVWywaJJJgRGa/k77QnKGcWEKZFvZWwkZUU4Y2oYINwVt+eZU0K2Xvsly9r5ZqN1kceTiBUzgHD66gBndQhwYwGMMzvMKbEzsvzrvzsWjNOdnMMfyB8/kDFw+Paw==</latexit>xt�2
<latexit sha1_base64="2riiQUGJ4Gg0/O9ZFXV8Q76hah4=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrQT0GvXiMYB6QhDA7mU2GzM4uM71iWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dfiyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEM15nkYx0y6eGS6F4HQVK3oo1p6EvedMf3U795iPXRkTqAccx74Z0oEQgGEUrNZ96KZ5dTHrFklt2ZyDLxMtICTLUesWvTj9iScgVMkmNaXtujN2UahRM8kmhkxgeUzaiA962VNGQm246O3dCTqzSJ0GkbSkkM/X3REpDY8ahbztDikOz6E3F/7x2gsF1NxUqTpArNl8UJJJgRKa/k77QnKEcW0KZFvZWwoZUU4Y2oYINwVt8eZk0zsveZblyXylVb7I48nAEx3AKHlxBFe6gBnVgMIJneIU3J3ZenHfnY96ac7KZQ/gD5/MHGJSPbA==</latexit>xt�3

<latexit sha1_base64="eOzMA8Igh4TU5jpgDzFgg5stYgA=">AAAB+3icbZDLSsNAFIYn9VbrLdalm8Ei1IUl0aIui25cVrAXaGM5mU7aoZNJmJmIJfRV3LhQxK0v4s63cdpmoa0/DHz85xzOmd+POVPacb6t3Mrq2vpGfrOwtb2zu2fvF5sqSiShDRLxSLZ9UJQzQRuaaU7bsaQQ+py2/NHNtN56pFKxSNzrcUy9EAaCBYyANlbPLnaBx0Mou6dzOHk479klp+LMhJfBzaCEMtV79le3H5EkpEITDkp1XCfWXgpSM8LppNBNFI2BjGBAOwYFhFR56ez2CT42Th8HkTRPaDxzf0+kECo1Dn3TGYIeqsXa1Pyv1kl0cOWlTMSJpoLMFwUJxzrC0yBwn0lKNB8bACKZuRWTIUgg2sRVMCG4i19ehuZZxb2oVO+qpdp1FkceHaIjVEYuukQ1dIvqqIEIekLP6BW9WRPrxXq3PuatOSubOUB/ZH3+AHOuk2w=</latexit>

↵(1� ↵)3
<latexit sha1_base64="3HoBZhLTlLFnaUOOCPkK4aHr8yY=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFqAtLUoq6LLpxWcFeoI1lMp20QyeTMDMRS+iruHGhiFtfxJ1v47TNQlt/GPj4zzmcM78fc6a043xbubX1jc2t/HZhZ3dv/8A+LLZUlEhCmyTikez4WFHOBG1qpjntxJLi0Oe07Y9vZvX2I5WKReJeT2LqhXgoWMAI1sbq28Ue5vEIl93zBZw9VPt2yak4c6FVcDMoQaZG3/7qDSKShFRowrFSXdeJtZdiqRnhdFroJYrGmIzxkHYNChxS5aXz26fo1DgDFETSPKHR3P09keJQqUnom84Q65Fars3M/2rdRAdXXspEnGgqyGJRkHCkIzQLAg2YpETziQFMJDO3IjLCEhNt4iqYENzlL69Cq1pxLyq1u1qpfp3FkYdjOIEyuHAJdbiFBjSBwBM8wyu8WVPrxXq3PhatOSubOYI/sj5/AHIqk2s=</latexit>

↵(1� ↵)2
<latexit sha1_base64="dBF4UmDnW46sNZCvW+aLgZ33IyQ=">AAAB+XicbZBNS8NAEIYnftb6FfXoJViEerAkUtRj0YvHCvYD2lAm2027dLMJu5tCCf0nXjwo4tV/4s1/47bNQVtfWHh4Z4aZfYOEM6Vd99taW9/Y3Nou7BR39/YPDu2j46aKU0log8Q8lu0AFeVM0IZmmtN2IilGAaetYHQ/q7fGVCoWiyc9Sagf4UCwkBHUxurZdhd5MsSyd7mAi55dcivuXM4qeDmUIFe9Z391+zFJIyo04ahUx3MT7WcoNSOcTovdVNEEyQgHtGNQYESVn80vnzrnxuk7YSzNE9qZu78nMoyUmkSB6YxQD9VybWb+V+ukOrz1MyaSVFNBFovClDs6dmYxOH0mKdF8YgCJZOZWhwxRItEmrKIJwVv+8io0ryredaX6WC3V7vI4CnAKZ1AGD26gBg9QhwYQGMMzvMKblVkv1rv1sWhds/KZE/gj6/MHQlOSxw==</latexit>

↵(1� ↵) <latexit sha1_base64="wEI8JztgPf6N92x6CusVkC/0LZg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oUy2m3btZhN2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5YCYJ8yMcSh5yisZKrR6KZIT9csWtunOQVeLlpAI5Gv3yV28Q0zRi0lCBWnc9NzF+hspwKti01Es1S5COcci6lkqMmPaz+bVTcmaVAQljZUsaMld/T2QYaT2JAtsZoRnpZW8m/ud1UxNe+xmXSWqYpItFYSqIicnsdTLgilEjJpYgVdzeSugIFVJjAyrZELzll1dJ66LqXVZr97VK/SaPowgncArn4MEV1OEOGtAECo/wDK/w5sTOi/PufCxaC04+cwx/4Hz+AI5vjyE=</latexit>↵

EMA
yt = α ⊙ xt + (1 − α) ⊙ yt−1, α ∈ (0, 1)

Damped EMA
yt = α ⊙ xt + (1 − α ⊙ δ) ⊙ yt−1, δ ∈ (0,1)

Relaxing the coupled weights

Notations: Assuming 1-dim input sequence ,  x = {x1, x2, …, xn} xt ∈ ℝ

Learnable 

Parameters



Efficient Algorithm for EMA

• Efficiently compute EMA outputs of all tokens in parallel
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yt = α ⊙ xt + (1 − α ⊙ δ) ⊙ yt−1

<latexit sha1_base64="1oBkIA9h05MHbVrD/C0AhuUOoo0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2m3bpZhN2J0Io/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xCzhfkSHSoSCUbTSQ9bHfrniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugP6EaBZN8WuqlhieUjemQdy1VNOLGn8xPnZIzqwxIGGtbCslc/T0xoZExWRTYzojiyCx7M/E/r5tieO1PhEpS5IotFoWpJBiT2d9kIDRnKDNLKNPC3krYiGrK0KZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwB1sI3t</latexit>yt

<latexit sha1_base64="MbTS1h+M8tSUvbDJaAPrpe2jaBU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VMPe+WKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1buont+dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AF0Ko3s</latexit>xt
<latexit sha1_base64="yEjHXyrA7HAsERBPkDNK20KG6fk=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS1GPRi8cK9gPaUDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGt1O/9ci1EbF6wHHC/YgOlAgFo2il1lMvw3Nv0iuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx27oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpr+TvtCcoRxbQpkW9lbChlRThjahog3BW3x5mTQvKt5lpXpfLddu8jgKcAwncAYeXEEN7qAODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w8Vio9q</latexit>xt�1

<latexit sha1_base64="e8vdtXzgG7NXjGSGCet8zKevs3o=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbAbgnoMevEYwTwgWcLsZJIMmZ1dZnrFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7glgKg6777eTW1jc2t/LbhZ3dvf2D4uFR00SJZrzBIhnpdkANl0LxBgqUvB1rTsNA8lYwvp35rUeujYjUA05i7od0qMRAMIpWaj31UryoTHvFklt25yCrxMtICTLUe8Wvbj9iScgVMkmN6XhujH5KNQom+bTQTQyPKRvTIe9YqmjIjZ/Oz52SM6v0ySDSthSSufp7IqWhMZMwsJ0hxZFZ9mbif14nwcG1nwoVJ8gVWywaJJJgRGa/k77QnKGcWEKZFvZWwkZUU4Y2oYINwVt+eZU0K2Xvsly9r5ZqN1kceTiBUzgHD66gBndQhwYwGMMzvMKbEzsvzrvzsWjNOdnMMfyB8/kDFw+Paw==</latexit>xt�2
<latexit sha1_base64="2riiQUGJ4Gg0/O9ZFXV8Q76hah4=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrQT0GvXiMYB6QhDA7mU2GzM4uM71iWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dfiyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEM15nkYx0y6eGS6F4HQVK3oo1p6EvedMf3U795iPXRkTqAccx74Z0oEQgGEUrNZ96KZ5dTHrFklt2ZyDLxMtICTLUesWvTj9iScgVMkmNaXtujN2UahRM8kmhkxgeUzaiA962VNGQm246O3dCTqzSJ0GkbSkkM/X3REpDY8ahbztDikOz6E3F/7x2gsF1NxUqTpArNl8UJJJgRKa/k77QnKEcW0KZFvZWwoZUU4Y2oYINwVt8eZk0zsveZblyXylVb7I48nAEx3AKHlxBFe6gBnVgMIJneIU3J3ZenHfnY96ac7KZQ/gD5/MHGJSPbA==</latexit>xt�3

<latexit sha1_base64="aQ2cFU2hfQsLpSXTdY4Driyn0fI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBiyWRoh6LXjxWsB/QhrLZbtulm03YnQgh9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSyFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZaJEM95kkYx0J6CGS6F4EwVK3ok1p2EgeTuY3M389hPXRkTqEdOY+yEdKTEUjKKV2mk/wwtv2i9X3Ko7B1klXk4qkKPRL3/1BhFLQq6QSWpM13Nj9DOqUTDJp6VeYnhM2YSOeNdSRUNu/Gx+7pScWWVAhpG2pZDM1d8TGQ2NScPAdoYUx2bZm4n/ed0Ehzd+JlScIFdssWiYSIIRmf1OBkJzhjK1hDIt7K2EjammDG1CJRuCt/zyKmldVr2rau2hVqnf5nEU4QRO4Rw8uIY63EMDmsBgAs/wCm9O7Lw4787HorXg5DPH8AfO5w8XFI9r</latexit>yt�1

<latexit sha1_base64="MbTS1h+M8tSUvbDJaAPrpe2jaBU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VMPe+WKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1buont+dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AF0Ko3s</latexit>xt
<latexit sha1_base64="yEjHXyrA7HAsERBPkDNK20KG6fk=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS1GPRi8cK9gPaUDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGt1O/9ci1EbF6wHHC/YgOlAgFo2il1lMvw3Nv0iuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx27oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpr+TvtCcoRxbQpkW9lbChlRThjahog3BW3x5mTQvKt5lpXpfLddu8jgKcAwncAYeXEEN7qAODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w8Vio9q</latexit>xt�1

<latexit sha1_base64="e8vdtXzgG7NXjGSGCet8zKevs3o=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbAbgnoMevEYwTwgWcLsZJIMmZ1dZnrFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7glgKg6777eTW1jc2t/LbhZ3dvf2D4uFR00SJZrzBIhnpdkANl0LxBgqUvB1rTsNA8lYwvp35rUeujYjUA05i7od0qMRAMIpWaj31UryoTHvFklt25yCrxMtICTLUe8Wvbj9iScgVMkmN6XhujH5KNQom+bTQTQyPKRvTIe9YqmjIjZ/Oz52SM6v0ySDSthSSufp7IqWhMZMwsJ0hxZFZ9mbif14nwcG1nwoVJ8gVWywaJJJgRGa/k77QnKGcWEKZFvZWwkZUU4Y2oYINwVt+eZU0K2Xvsly9r5ZqN1kceTiBUzgHD66gBndQhwYwGMMzvMKbEzsvzrvzsWjNOdnMMfyB8/kDFw+Paw==</latexit>xt�2
<latexit sha1_base64="2riiQUGJ4Gg0/O9ZFXV8Q76hah4=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrQT0GvXiMYB6QhDA7mU2GzM4uM71iWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dfiyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEM15nkYx0y6eGS6F4HQVK3oo1p6EvedMf3U795iPXRkTqAccx74Z0oEQgGEUrNZ96KZ5dTHrFklt2ZyDLxMtICTLUesWvTj9iScgVMkmNaXtujN2UahRM8kmhkxgeUzaiA962VNGQm246O3dCTqzSJ0GkbSkkM/X3REpDY8ahbztDikOz6E3F/7x2gsF1NxUqTpArNl8UJJJgRKa/k77QnKEcW0KZFvZWwoZUU4Y2oYINwVt8eZk0zsveZblyXylVb7I48nAEx3AKHlxBFe6gBnVgMIJneIU3J3ZenHfnY96ac7KZQ/gD5/MHGJSPbA==</latexit>xt�3

<latexit sha1_base64="3HoBZhLTlLFnaUOOCPkK4aHr8yY=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFqAtLUoq6LLpxWcFeoI1lMp20QyeTMDMRS+iruHGhiFtfxJ1v47TNQlt/GPj4zzmcM78fc6a043xbubX1jc2t/HZhZ3dv/8A+LLZUlEhCmyTikez4WFHOBG1qpjntxJLi0Oe07Y9vZvX2I5WKReJeT2LqhXgoWMAI1sbq28Ue5vEIl93zBZw9VPt2yak4c6FVcDMoQaZG3/7qDSKShFRowrFSXdeJtZdiqRnhdFroJYrGmIzxkHYNChxS5aXz26fo1DgDFETSPKHR3P09keJQqUnom84Q65Fars3M/2rdRAdXXspEnGgqyGJRkHCkIzQLAg2YpETziQFMJDO3IjLCEhNt4iqYENzlL69Cq1pxLyq1u1qpfp3FkYdjOIEyuHAJdbiFBjSBwBM8wyu8WVPrxXq3PhatOSubOYI/sj5/AHIqk2s=</latexit>

↵(1� ↵)2
<latexit sha1_base64="eOzMA8Igh4TU5jpgDzFgg5stYgA=">AAAB+3icbZDLSsNAFIYn9VbrLdalm8Ei1IUl0aIui25cVrAXaGM5mU7aoZNJmJmIJfRV3LhQxK0v4s63cdpmoa0/DHz85xzOmd+POVPacb6t3Mrq2vpGfrOwtb2zu2fvF5sqSiShDRLxSLZ9UJQzQRuaaU7bsaQQ+py2/NHNtN56pFKxSNzrcUy9EAaCBYyANlbPLnaBx0Mou6dzOHk479klp+LMhJfBzaCEMtV79le3H5EkpEITDkp1XCfWXgpSM8LppNBNFI2BjGBAOwYFhFR56ez2CT42Th8HkTRPaDxzf0+kECo1Dn3TGYIeqsXa1Pyv1kl0cOWlTMSJpoLMFwUJxzrC0yBwn0lKNB8bACKZuRWTIUgg2sRVMCG4i19ehuZZxb2oVO+qpdp1FkceHaIjVEYuukQ1dIvqqIEIekLP6BW9WRPrxXq3PuatOSubOUB/ZH3+AHOuk2w=</latexit>

↵(1� ↵)3
<latexit sha1_base64="dBF4UmDnW46sNZCvW+aLgZ33IyQ=">AAAB+XicbZBNS8NAEIYnftb6FfXoJViEerAkUtRj0YvHCvYD2lAm2027dLMJu5tCCf0nXjwo4tV/4s1/47bNQVtfWHh4Z4aZfYOEM6Vd99taW9/Y3Nou7BR39/YPDu2j46aKU0log8Q8lu0AFeVM0IZmmtN2IilGAaetYHQ/q7fGVCoWiyc9Sagf4UCwkBHUxurZdhd5MsSyd7mAi55dcivuXM4qeDmUIFe9Z391+zFJIyo04ahUx3MT7WcoNSOcTovdVNEEyQgHtGNQYESVn80vnzrnxuk7YSzNE9qZu78nMoyUmkSB6YxQD9VybWb+V+ukOrz1MyaSVFNBFovClDs6dmYxOH0mKdF8YgCJZOZWhwxRItEmrKIJwVv+8io0ryredaX6WC3V7vI4CnAKZ1AGD26gBg9QhwYQGMMzvMKblVkv1rv1sWhds/KZE/gj6/MHQlOSxw==</latexit>

↵(1� ↵) <latexit sha1_base64="wEI8JztgPf6N92x6CusVkC/0LZg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oUy2m3btZhN2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5YCYJ8yMcSh5yisZKrR6KZIT9csWtunOQVeLlpAI5Gv3yV28Q0zRi0lCBWnc9NzF+hspwKti01Es1S5COcci6lkqMmPaz+bVTcmaVAQljZUsaMld/T2QYaT2JAtsZoRnpZW8m/ud1UxNe+xmXSWqYpItFYSqIicnsdTLgilEjJpYgVdzeSugIFVJjAyrZELzll1dJ66LqXVZr97VK/SaPowgncArn4MEV1OEOGtAECo/wDK/w5sTOi/PufCxaC04+cwx/4Hz+AI5vjyE=</latexit>↵
<latexit sha1_base64="3HoBZhLTlLFnaUOOCPkK4aHr8yY=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFqAtLUoq6LLpxWcFeoI1lMp20QyeTMDMRS+iruHGhiFtfxJ1v47TNQlt/GPj4zzmcM78fc6a043xbubX1jc2t/HZhZ3dv/8A+LLZUlEhCmyTikez4WFHOBG1qpjntxJLi0Oe07Y9vZvX2I5WKReJeT2LqhXgoWMAI1sbq28Ue5vEIl93zBZw9VPt2yak4c6FVcDMoQaZG3/7qDSKShFRowrFSXdeJtZdiqRnhdFroJYrGmIzxkHYNChxS5aXz26fo1DgDFETSPKHR3P09keJQqUnom84Q65Fars3M/2rdRAdXXspEnGgqyGJRkHCkIzQLAg2YpETziQFMJDO3IjLCEhNt4iqYENzlL69Cq1pxLyq1u1qpfp3FkYdjOIEyuHAJdbiFBjSBwBM8wyu8WVPrxXq3PhatOSubOYI/sj5/AHIqk2s=</latexit>

↵(1� ↵)2
<latexit sha1_base64="dBF4UmDnW46sNZCvW+aLgZ33IyQ=">AAAB+XicbZBNS8NAEIYnftb6FfXoJViEerAkUtRj0YvHCvYD2lAm2027dLMJu5tCCf0nXjwo4tV/4s1/47bNQVtfWHh4Z4aZfYOEM6Vd99taW9/Y3Nou7BR39/YPDu2j46aKU0log8Q8lu0AFeVM0IZmmtN2IilGAaetYHQ/q7fGVCoWiyc9Sagf4UCwkBHUxurZdhd5MsSyd7mAi55dcivuXM4qeDmUIFe9Z391+zFJIyo04ahUx3MT7WcoNSOcTovdVNEEyQgHtGNQYESVn80vnzrnxuk7YSzNE9qZu78nMoyUmkSB6YxQD9VybWb+V+ukOrz1MyaSVFNBFovClDs6dmYxOH0mKdF8YgCJZOZWhwxRItEmrKIJwVv+8io0ryredaX6WC3V7vI4CnAKZ1AGD26gBg9QhwYQGMMzvMKblVkv1rv1sWhds/KZE/gj6/MHQlOSxw==</latexit>

↵(1� ↵) <latexit sha1_base64="wEI8JztgPf6N92x6CusVkC/0LZg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oUy2m3btZhN2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5YCYJ8yMcSh5yisZKrR6KZIT9csWtunOQVeLlpAI5Gv3yV28Q0zRi0lCBWnc9NzF+hspwKti01Es1S5COcci6lkqMmPaz+bVTcmaVAQljZUsaMld/T2QYaT2JAtsZoRnpZW8m/ud1UxNe+xmXSWqYpItFYSqIicnsdTLgilEjJpYgVdzeSugIFVJjAyrZELzll1dJ66LqXVZr97VK/SaPowgncArn4MEV1OEOGtAECo/wDK/w5sTOi/PufCxaC04+cwx/4Hz+AI5vjyE=</latexit>↵

EMA weights are input independent

We can compute the weights for each input tokens in advance and compute EMA with FFTs.



EMA: Summary

• Strong Inductive Bias 
– Favors recent, local contexts

– In principle, can peek unbounded context history
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<latexit sha1_base64="1oBkIA9h05MHbVrD/C0AhuUOoo0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2m3bpZhN2J0Io/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xCzhfkSHSoSCUbTSQ9bHfrniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugP6EaBZN8WuqlhieUjemQdy1VNOLGn8xPnZIzqwxIGGtbCslc/T0xoZExWRTYzojiyCx7M/E/r5tieO1PhEpS5IotFoWpJBiT2d9kIDRnKDNLKNPC3krYiGrK0KZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OZI58V5dz4WrQUnnzmGP3A+fwB1sI3t</latexit>yt

<latexit sha1_base64="MbTS1h+M8tSUvbDJaAPrpe2jaBU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VMPe+WKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1buont+dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AF0Ko3s</latexit>xt
<latexit sha1_base64="yEjHXyrA7HAsERBPkDNK20KG6fk=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS1GPRi8cK9gPaUDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGt1O/9ci1EbF6wHHC/YgOlAgFo2il1lMvw3Nv0iuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx27oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpr+TvtCcoRxbQpkW9lbChlRThjahog3BW3x5mTQvKt5lpXpfLddu8jgKcAwncAYeXEEN7qAODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w8Vio9q</latexit>xt�1

<latexit sha1_base64="e8vdtXzgG7NXjGSGCet8zKevs3o=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbAbgnoMevEYwTwgWcLsZJIMmZ1dZnrFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7glgKg6777eTW1jc2t/LbhZ3dvf2D4uFR00SJZrzBIhnpdkANl0LxBgqUvB1rTsNA8lYwvp35rUeujYjUA05i7od0qMRAMIpWaj31UryoTHvFklt25yCrxMtICTLUe8Wvbj9iScgVMkmN6XhujH5KNQom+bTQTQyPKRvTIe9YqmjIjZ/Oz52SM6v0ySDSthSSufp7IqWhMZMwsJ0hxZFZ9mbif14nwcG1nwoVJ8gVWywaJJJgRGa/k77QnKGcWEKZFvZWwkZUU4Y2oYINwVt+eZU0K2Xvsly9r5ZqN1kceTiBUzgHD66gBndQhwYwGMMzvMKbEzsvzrvzsWjNOdnMMfyB8/kDFw+Paw==</latexit>xt�2
<latexit sha1_base64="2riiQUGJ4Gg0/O9ZFXV8Q76hah4=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrQT0GvXiMYB6QhDA7mU2GzM4uM71iWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dfiyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEM15nkYx0y6eGS6F4HQVK3oo1p6EvedMf3U795iPXRkTqAccx74Z0oEQgGEUrNZ96KZ5dTHrFklt2ZyDLxMtICTLUesWvTj9iScgVMkmNaXtujN2UahRM8kmhkxgeUzaiA962VNGQm246O3dCTqzSJ0GkbSkkM/X3REpDY8ahbztDikOz6E3F/7x2gsF1NxUqTpArNl8UJJJgRKa/k77QnKEcW0KZFvZWwoZUU4Y2oYINwVt8eZk0zsveZblyXylVb7I48nAEx3AKHlxBFe6gBnVgMIJneIU3J3ZenHfnY96ac7KZQ/gD5/MHGJSPbA==</latexit>xt�3

<latexit sha1_base64="aQ2cFU2hfQsLpSXTdY4Driyn0fI=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBiyWRoh6LXjxWsB/QhrLZbtulm03YnQgh9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSyFQdf9dgpr6xubW8Xt0s7u3v5B+fCoZaJEM95kkYx0J6CGS6F4EwVK3ok1p2EgeTuY3M389hPXRkTqEdOY+yEdKTEUjKKV2mk/wwtv2i9X3Ko7B1klXk4qkKPRL3/1BhFLQq6QSWpM13Nj9DOqUTDJp6VeYnhM2YSOeNdSRUNu/Gx+7pScWWVAhpG2pZDM1d8TGQ2NScPAdoYUx2bZm4n/ed0Ehzd+JlScIFdssWiYSIIRmf1OBkJzhjK1hDIt7K2EjammDG1CJRuCt/zyKmldVr2rau2hVqnf5nEU4QRO4Rw8uIY63EMDmsBgAs/wCm9O7Lw4787HorXg5DPH8AfO5w8XFI9r</latexit>yt�1

<latexit sha1_base64="MbTS1h+M8tSUvbDJaAPrpe2jaBU=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VMPe+WKW3VnIMvEy0kFctR75a9uP2ZpxBUySY3peG6CfkY1Cib5pNRNDU8oG9EB71iqaMSNn81OnZATq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTsiF4iy8vk+ZZ1buont+dV2rXeRxFOIJjOAUPLqEGt1CHBjAYwDO8wpsjnRfn3fmYtxacfOYQ/sD5/AF0Ko3s</latexit>xt
<latexit sha1_base64="yEjHXyrA7HAsERBPkDNK20KG6fk=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS1GPRi8cK9gPaUDbbTbt0swm7E7GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6Lrfzsrq2vrGZmGruL2zu7dfOjhsmjjVjDdYLGPdDqjhUijeQIGStxPNaRRI3gpGt1O/9ci1EbF6wHHC/YgOlAgFo2il1lMvw3Nv0iuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx27oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uw2s/EypJkSs2XxSmkmBMpr+TvtCcoRxbQpkW9lbChlRThjahog3BW3x5mTQvKt5lpXpfLddu8jgKcAwncAYeXEEN7qAODWAwgmd4hTcncV6cd+dj3rri5DNH8AfO5w8Vio9q</latexit>xt�1

<latexit sha1_base64="e8vdtXzgG7NXjGSGCet8zKevs3o=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbAbgnoMevEYwTwgWcLsZJIMmZ1dZnrFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7glgKg6777eTW1jc2t/LbhZ3dvf2D4uFR00SJZrzBIhnpdkANl0LxBgqUvB1rTsNA8lYwvp35rUeujYjUA05i7od0qMRAMIpWaj31UryoTHvFklt25yCrxMtICTLUe8Wvbj9iScgVMkmN6XhujH5KNQom+bTQTQyPKRvTIe9YqmjIjZ/Oz52SM6v0ySDSthSSufp7IqWhMZMwsJ0hxZFZ9mbif14nwcG1nwoVJ8gVWywaJJJgRGa/k77QnKGcWEKZFvZWwkZUU4Y2oYINwVt+eZU0K2Xvsly9r5ZqN1kceTiBUzgHD66gBndQhwYwGMMzvMKbEzsvzrvzsWjNOdnMMfyB8/kDFw+Paw==</latexit>xt�2
<latexit sha1_base64="2riiQUGJ4Gg0/O9ZFXV8Q76hah4=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrQT0GvXiMYB6QhDA7mU2GzM4uM71iWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dfiyFQdf9dnIrq2vrG/nNwtb2zu5ecf+gYaJEM15nkYx0y6eGS6F4HQVK3oo1p6EvedMf3U795iPXRkTqAccx74Z0oEQgGEUrNZ96KZ5dTHrFklt2ZyDLxMtICTLUesWvTj9iScgVMkmNaXtujN2UahRM8kmhkxgeUzaiA962VNGQm246O3dCTqzSJ0GkbSkkM/X3REpDY8ahbztDikOz6E3F/7x2gsF1NxUqTpArNl8UJJJgRKa/k77QnKEcW0KZFvZWwoZUU4Y2oYINwVt8eZk0zsveZblyXylVb7I48nAEx3AKHlxBFe6gBnVgMIJneIU3J3ZenHfnY96ac7KZQ/gD5/MHGJSPbA==</latexit>xt�3

<latexit sha1_base64="3HoBZhLTlLFnaUOOCPkK4aHr8yY=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFqAtLUoq6LLpxWcFeoI1lMp20QyeTMDMRS+iruHGhiFtfxJ1v47TNQlt/GPj4zzmcM78fc6a043xbubX1jc2t/HZhZ3dv/8A+LLZUlEhCmyTikez4WFHOBG1qpjntxJLi0Oe07Y9vZvX2I5WKReJeT2LqhXgoWMAI1sbq28Ue5vEIl93zBZw9VPt2yak4c6FVcDMoQaZG3/7qDSKShFRowrFSXdeJtZdiqRnhdFroJYrGmIzxkHYNChxS5aXz26fo1DgDFETSPKHR3P09keJQqUnom84Q65Fars3M/2rdRAdXXspEnGgqyGJRkHCkIzQLAg2YpETziQFMJDO3IjLCEhNt4iqYENzlL69Cq1pxLyq1u1qpfp3FkYdjOIEyuHAJdbiFBjSBwBM8wyu8WVPrxXq3PhatOSubOYI/sj5/AHIqk2s=</latexit>

↵(1� ↵)2
<latexit sha1_base64="eOzMA8Igh4TU5jpgDzFgg5stYgA=">AAAB+3icbZDLSsNAFIYn9VbrLdalm8Ei1IUl0aIui25cVrAXaGM5mU7aoZNJmJmIJfRV3LhQxK0v4s63cdpmoa0/DHz85xzOmd+POVPacb6t3Mrq2vpGfrOwtb2zu2fvF5sqSiShDRLxSLZ9UJQzQRuaaU7bsaQQ+py2/NHNtN56pFKxSNzrcUy9EAaCBYyANlbPLnaBx0Mou6dzOHk479klp+LMhJfBzaCEMtV79le3H5EkpEITDkp1XCfWXgpSM8LppNBNFI2BjGBAOwYFhFR56ez2CT42Th8HkTRPaDxzf0+kECo1Dn3TGYIeqsXa1Pyv1kl0cOWlTMSJpoLMFwUJxzrC0yBwn0lKNB8bACKZuRWTIUgg2sRVMCG4i19ehuZZxb2oVO+qpdp1FkceHaIjVEYuukQ1dIvqqIEIekLP6BW9WRPrxXq3PuatOSubOUB/ZH3+AHOuk2w=</latexit>

↵(1� ↵)3
<latexit sha1_base64="dBF4UmDnW46sNZCvW+aLgZ33IyQ=">AAAB+XicbZBNS8NAEIYnftb6FfXoJViEerAkUtRj0YvHCvYD2lAm2027dLMJu5tCCf0nXjwo4tV/4s1/47bNQVtfWHh4Z4aZfYOEM6Vd99taW9/Y3Nou7BR39/YPDu2j46aKU0log8Q8lu0AFeVM0IZmmtN2IilGAaetYHQ/q7fGVCoWiyc9Sagf4UCwkBHUxurZdhd5MsSyd7mAi55dcivuXM4qeDmUIFe9Z391+zFJIyo04ahUx3MT7WcoNSOcTovdVNEEyQgHtGNQYESVn80vnzrnxuk7YSzNE9qZu78nMoyUmkSB6YxQD9VybWb+V+ukOrz1MyaSVFNBFovClDs6dmYxOH0mKdF8YgCJZOZWhwxRItEmrKIJwVv+8io0ryredaX6WC3V7vI4CnAKZ1AGD26gBg9QhwYQGMMzvMKblVkv1rv1sWhds/KZE/gj6/MHQlOSxw==</latexit>

↵(1� ↵) <latexit sha1_base64="wEI8JztgPf6N92x6CusVkC/0LZg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oUy2m3btZhN2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5YCYJ8yMcSh5yisZKrR6KZIT9csWtunOQVeLlpAI5Gv3yV28Q0zRi0lCBWnc9NzF+hspwKti01Es1S5COcci6lkqMmPaz+bVTcmaVAQljZUsaMld/T2QYaT2JAtsZoRnpZW8m/ud1UxNe+xmXSWqYpItFYSqIicnsdTLgilEjJpYgVdzeSugIFVJjAyrZELzll1dJ66LqXVZr97VK/SaPowgncArn4MEV1OEOGtAECo/wDK/w5sTOi/PufCxaC04+cwx/4Hz+AI5vjyE=</latexit>↵
<latexit sha1_base64="3HoBZhLTlLFnaUOOCPkK4aHr8yY=">AAAB+3icbZDLSsNAFIZP6q3WW6xLN4NFqAtLUoq6LLpxWcFeoI1lMp20QyeTMDMRS+iruHGhiFtfxJ1v47TNQlt/GPj4zzmcM78fc6a043xbubX1jc2t/HZhZ3dv/8A+LLZUlEhCmyTikez4WFHOBG1qpjntxJLi0Oe07Y9vZvX2I5WKReJeT2LqhXgoWMAI1sbq28Ue5vEIl93zBZw9VPt2yak4c6FVcDMoQaZG3/7qDSKShFRowrFSXdeJtZdiqRnhdFroJYrGmIzxkHYNChxS5aXz26fo1DgDFETSPKHR3P09keJQqUnom84Q65Fars3M/2rdRAdXXspEnGgqyGJRkHCkIzQLAg2YpETziQFMJDO3IjLCEhNt4iqYENzlL69Cq1pxLyq1u1qpfp3FkYdjOIEyuHAJdbiFBjSBwBM8wyu8WVPrxXq3PhatOSubOYI/sj5/AHIqk2s=</latexit>

↵(1� ↵)2
<latexit sha1_base64="dBF4UmDnW46sNZCvW+aLgZ33IyQ=">AAAB+XicbZBNS8NAEIYnftb6FfXoJViEerAkUtRj0YvHCvYD2lAm2027dLMJu5tCCf0nXjwo4tV/4s1/47bNQVtfWHh4Z4aZfYOEM6Vd99taW9/Y3Nou7BR39/YPDu2j46aKU0log8Q8lu0AFeVM0IZmmtN2IilGAaetYHQ/q7fGVCoWiyc9Sagf4UCwkBHUxurZdhd5MsSyd7mAi55dcivuXM4qeDmUIFe9Z391+zFJIyo04ahUx3MT7WcoNSOcTovdVNEEyQgHtGNQYESVn80vnzrnxuk7YSzNE9qZu78nMoyUmkSB6YxQD9VybWb+V+ukOrz1MyaSVFNBFovClDs6dmYxOH0mKdF8YgCJZOZWhwxRItEmrKIJwVv+8io0ryredaX6WC3V7vI4CnAKZ1AGD26gBg9QhwYQGMMzvMKblVkv1rv1sWhds/KZE/gj6/MHQlOSxw==</latexit>

↵(1� ↵) <latexit sha1_base64="wEI8JztgPf6N92x6CusVkC/0LZg=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ae0oUy2m3btZhN2N0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqKGvSWMSqE6BmgkvWNNwI1kkUwygQrB2Mb2d++4kpzWP5YCYJ8yMcSh5yisZKrR6KZIT9csWtunOQVeLlpAI5Gv3yV28Q0zRi0lCBWnc9NzF+hspwKti01Es1S5COcci6lkqMmPaz+bVTcmaVAQljZUsaMld/T2QYaT2JAtsZoRnpZW8m/ud1UxNe+xmXSWqYpItFYSqIicnsdTLgilEjJpYgVdzeSugIFVJjAyrZELzll1dJ66LqXVZr97VK/SaPowgncArn4MEV1OEOGtAECo/wDK/w5sTOi/PufCxaC04+cwx/4Hz+AI5vjyE=</latexit>↵

• Efficient to compute and easy to learn 
– Parallel computation

– Less parameters & capacity

– Extremely simplified state space model



Mega Architecture: Outline
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<latexit sha1_base64="4g+gLfVoawQt19vUfZI7YmK05fI="></latexit>xLayer input

          EMA output
<latexit sha1_base64="el2kjuNXNN2bQyuJnh8mmSf2tms="></latexit>

x0

Gate <latexit sha1_base64="hIx9XThzvl7x2xjmgVyuOd5J6w8="></latexit>�Gate

<latexit sha1_base64="Mrl2vq5bVFJELBEYLieOI/8A3Hw="></latexit>

Q&K
<latexit sha1_base64="2HaIAi1Jf/AGYMfCqPHwvOdcjxo="></latexit>

V

Single-head 
Attention Unit

          
<latexit sha1_base64="JpQnjIh7n8RpJCW2YBxIFM4w54g="></latexit>

O

          
<latexit sha1_base64="V3BeyDsuveqBpLfrKPbEH4B1hwQ="></latexit>

Ĥ

          output <latexit sha1_base64="2O3+1QMud3zy0/zUmPNhWeDMDUg=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7EPbUjJppg3NZIbkjlCG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHj6Uw6LrfTmFldW19o7hZ2tre2d0r7x80TZRoxhsskpFu+9RwKRRvoEDJ27HmNPQlb/njm8xvPXFtRKTucRLzXkiHSgSCUbTSYzekOPKD9GHaL1fcqjsDWSZeTiqQo94vf3UHEUtCrpBJakzHc2PspVSjYJJPS93E8JiyMR3yjqWKhtz00lniKTmxyoAEkbZPIZmpvzdSGhozCX07mSU0i14m/ud1EgyueqlQcYJcsflHQSIJRiQ7nwyE5gzlxBLKtLBZCRtRTRnakkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABgqe4RXeHOO8OO/Ox3y04OQ7h/AHzucP0QyRBg==</latexit>

Y

<latexit sha1_base64="APcQOUhvW043goGB/0d6cURq+ao="></latexit>�
<latexit sha1_base64="APcQOUhvW043goGB/0d6cURq+ao="></latexit>�

<latexit sha1_base64="VYegSXrWFWGv9Msy7Nh/i0Rq2IE=">AAAB7nicbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2A9ol5JNs21oNhuSbKEs/RFePCji1d/jzX9j2u5BWx8MPN6bYWZeqAQ31vO+UWFjc2t7p7hb2ts/ODwqH5+0TJJqypo0EYnuhMQwwSVrWm4F6yjNSBwK1g7H93O/PWHa8EQ+2aliQUyGkkecEuukdm9CtBrxfrniVb0F8Drxc1KBHI1++as3SGgaM2mpIMZ0fU/ZICPacirYrNRLDVOEjsmQdR2VJGYmyBbnzvCFUwY4SrQrafFC/T2RkdiYaRy6zpjYkVn15uJ/Xje10W2QcalSyyRdLopSgW2C57/jAdeMWjF1hFDN3a2Yjogm1LqESi4Ef/XlddK6qvrX1dpjrVK/y+MowhmcwyX4cAN1eIAGNIHCGJ7hFd6QQi/oHX0sWwsonzmFP0CfP344j68=</latexit>'

• Exponential Moving Average (EMA) 
– Local dependencies that decaying exponentially 

over time 
– Connection with State Space Models (e.g S4)

• Single-head Gated Attention 
– Adding a reset gate to the attention output 
– Theoretically proving that single-head gated 

attention is as expressive as multi-head one

• Mega-Chunk 
– Applying attention to local chunks of fixed length 
– Reducing quadratic complexity to linear



Single-head Gated Attention

• Adding a reset gate to the attention output

22

O = softmax ( QKT

τ(X)
+ brel) VAttention:

          
<latexit sha1_base64="el2kjuNXNN2bQyuJnh8mmSf2tms="></latexit>

x0           
<latexit sha1_base64="4g+gLfVoawQt19vUfZI7YmK05fI="></latexit>x

Dense
SiLU

Dense
SiLU

          
<latexit sha1_base64="JpQnjIh7n8RpJCW2YBxIFM4w54g="></latexit>

O

          
<latexit sha1_base64="Mrl2vq5bVFJELBEYLieOI/8A3Hw="></latexit>

Q&K           
<latexit sha1_base64="2HaIAi1Jf/AGYMfCqPHwvOdcjxo="></latexit>

V

<latexit sha1_base64="FaVM9E5KqZ5R92YoAvwTez5Ogpg="></latexit>

f

✓
QKT

⌧(X)
+ brel

◆
V



Single-head Gated Attention

• Adding a reset gate to the attention output
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Attention:

          
<latexit sha1_base64="el2kjuNXNN2bQyuJnh8mmSf2tms="></latexit>

x0           
<latexit sha1_base64="4g+gLfVoawQt19vUfZI7YmK05fI="></latexit>x

Dense
SiLU

Dense
SiLU

          
<latexit sha1_base64="JpQnjIh7n8RpJCW2YBxIFM4w54g="></latexit>

O

          
<latexit sha1_base64="Mrl2vq5bVFJELBEYLieOI/8A3Hw="></latexit>

Q&K           
<latexit sha1_base64="2HaIAi1Jf/AGYMfCqPHwvOdcjxo="></latexit>

V

<latexit sha1_base64="FaVM9E5KqZ5R92YoAvwTez5Ogpg="></latexit>

f

✓
QKT

⌧(X)
+ brel

◆
V

<latexit sha1_base64="APcQOUhvW043goGB/0d6cURq+ao="></latexit>�
Gate <latexit sha1_base64="hIx9XThzvl7x2xjmgVyuOd5J6w8="></latexit>�

Gated Attention: γ = 𝒢(X)

OSHGA = O ⊙ γ

 is a transform, e.g. an MLP 𝒢()

O = softmax ( QKT

τ(X)
+ brel) V



Single-head Gated Attention

• Adding a reset gate to the attention output
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Attention:

          
<latexit sha1_base64="el2kjuNXNN2bQyuJnh8mmSf2tms="></latexit>

x0           
<latexit sha1_base64="4g+gLfVoawQt19vUfZI7YmK05fI="></latexit>x

Dense
SiLU

Dense
SiLU

          
<latexit sha1_base64="JpQnjIh7n8RpJCW2YBxIFM4w54g="></latexit>

O

          
<latexit sha1_base64="Mrl2vq5bVFJELBEYLieOI/8A3Hw="></latexit>

Q&K           
<latexit sha1_base64="2HaIAi1Jf/AGYMfCqPHwvOdcjxo="></latexit>

V

<latexit sha1_base64="FaVM9E5KqZ5R92YoAvwTez5Ogpg="></latexit>

f

✓
QKT

⌧(X)
+ brel

◆
V

<latexit sha1_base64="APcQOUhvW043goGB/0d6cURq+ao="></latexit>�
Gate <latexit sha1_base64="hIx9XThzvl7x2xjmgVyuOd5J6w8="></latexit>�

Gated Attention: γ = 𝒢(X)

OSHGA = O ⊙ γ

 is a transform, e.g. an MLP 𝒢()

• Single-head gated attention is as expressive as multi-head one

: Suppose the transformation  is a universal function approximator.  
Then, for each  there exists  such that    

𝒢
X γ = 𝒢(X) OSHGA = OMHA

Theorem

O = softmax ( QKT

τ(X)
+ brel) V



Mega Architecture: Outline
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<latexit sha1_base64="4g+gLfVoawQt19vUfZI7YmK05fI="></latexit>xLayer input

          EMA output
<latexit sha1_base64="el2kjuNXNN2bQyuJnh8mmSf2tms="></latexit>

x0

Gate <latexit sha1_base64="hIx9XThzvl7x2xjmgVyuOd5J6w8="></latexit>�Gate

<latexit sha1_base64="Mrl2vq5bVFJELBEYLieOI/8A3Hw="></latexit>

Q&K
<latexit sha1_base64="2HaIAi1Jf/AGYMfCqPHwvOdcjxo="></latexit>

V

Single-head 
Attention Unit

          
<latexit sha1_base64="JpQnjIh7n8RpJCW2YBxIFM4w54g="></latexit>

O

          
<latexit sha1_base64="V3BeyDsuveqBpLfrKPbEH4B1hwQ="></latexit>

Ĥ

          output <latexit sha1_base64="2O3+1QMud3zy0/zUmPNhWeDMDUg=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7EPbUjJppg3NZIbkjlCG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHj6Uw6LrfTmFldW19o7hZ2tre2d0r7x80TZRoxhsskpFu+9RwKRRvoEDJ27HmNPQlb/njm8xvPXFtRKTucRLzXkiHSgSCUbTSYzekOPKD9GHaL1fcqjsDWSZeTiqQo94vf3UHEUtCrpBJakzHc2PspVSjYJJPS93E8JiyMR3yjqWKhtz00lniKTmxyoAEkbZPIZmpvzdSGhozCX07mSU0i14m/ud1EgyueqlQcYJcsflHQSIJRiQ7nwyE5gzlxBLKtLBZCRtRTRnakkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABgqe4RXeHOO8OO/Ox3y04OQ7h/AHzucP0QyRBg==</latexit>

Y

<latexit sha1_base64="APcQOUhvW043goGB/0d6cURq+ao="></latexit>�
<latexit sha1_base64="APcQOUhvW043goGB/0d6cURq+ao="></latexit>�

<latexit sha1_base64="VYegSXrWFWGv9Msy7Nh/i0Rq2IE=">AAAB7nicbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2A9ol5JNs21oNhuSbKEs/RFePCji1d/jzX9j2u5BWx8MPN6bYWZeqAQ31vO+UWFjc2t7p7hb2ts/ODwqH5+0TJJqypo0EYnuhMQwwSVrWm4F6yjNSBwK1g7H93O/PWHa8EQ+2aliQUyGkkecEuukdm9CtBrxfrniVb0F8Drxc1KBHI1++as3SGgaM2mpIMZ0fU/ZICPacirYrNRLDVOEjsmQdR2VJGYmyBbnzvCFUwY4SrQrafFC/T2RkdiYaRy6zpjYkVn15uJ/Xje10W2QcalSyyRdLopSgW2C57/jAdeMWjF1hFDN3a2Yjogm1LqESi4Ef/XlddK6qvrX1dpjrVK/y+MowhmcwyX4cAN1eIAGNIHCGJ7hFd6QQi/oHX0sWwsonzmFP0CfP344j68=</latexit>'

• Exponential Moving Average (EMA) 
– Local dependencies that decaying exponentially 

over time 
– Connection with State Space Models (e.g S4)

• Single-head Gated Attention 
– Adding a reset gate to the attention output 
– Theoretically proving that single-head gated 

attention is as expressive as multi-head one

• Mega-Chunk 
– Applying attention to local chunks of fixed length 
– Reducing quadratic complexity to linear



Mega-Chunk: Efficient Mega

• Split input sequences into multiple chunks with fixed length 

26

<latexit sha1_base64="It/2IDMLNjO4ss55PNk/MLtJy6s=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXsquFPVY9OKxgv2Qdi3ZNNuGJtklyYpl6a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Hrqtx6p0iySd2YcU1/ggWQhI9hY6f7pIS17p5Oe1yuW3Io7A1omXkZKkKHeK351+xFJBJWGcKx1x3Nj46dYGUY4nRS6iaYxJiM8oB1LJRZU++ns4Ak6sUofhZGyJQ2aqb8nUiy0HovAdgpshnrRm4r/eZ3EhJd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmVLAheIsvL5PmWcU7r1Rvq6XaVRZHHo7gGMrgwQXU4Abq0AACAp7hFd4c5bw4787HvDXnZDOH8AfO5w/C/o+9</latexit>

x(1)
1

<latexit sha1_base64="U1mTW5AgsVKNcvoQTlFxUu1/bn8=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSLUS9ktRT0WvXisYD+kXUs2zbahSXZJsmJZ+iu8eFDEqz/Hm//GtN2Dtj4YeLw3w8y8IOZMG9f9dlZW19Y3NnNb+e2d3b39wsFhU0eJIrRBIh6pdoA15UzShmGG03asKBYBp61gdD31W49UaRbJOzOOqS/wQLKQEWysdP/0kJa8s0mv0isU3bI7A1omXkaKkKHeK3x1+xFJBJWGcKx1x3Nj46dYGUY4neS7iaYxJiM8oB1LJRZU++ns4Ak6tUofhZGyJQ2aqb8nUiy0HovAdgpshnrRm4r/eZ3EhJd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmlLcheIsvL5Nmpeydl6u31WLtKosjB8dwAiXw4AJqcAN1aAABAc/wCm+Ocl6cd+dj3rriZDNH8AfO5w/Ego++</latexit>

x(1)
2

<latexit sha1_base64="Nr8Xg4jdZ04mGEtrKYmBcP60kno=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSLUS9nVoh6LXjxWsB/SriWbZtvQJLskWbEs/RVePCji1Z/jzX9j2u5BWx8MPN6bYWZeEHOmjet+O0vLK6tr67mN/ObW9s5uYW+/oaNEEVonEY9UK8CaciZp3TDDaStWFIuA02YwvJ74zUeqNIvknRnF1Be4L1nICDZWun96SEveybh71i0U3bI7BVokXkaKkKHWLXx1ehFJBJWGcKx123Nj46dYGUY4Hec7iaYxJkPcp21LJRZU++n04DE6tkoPhZGyJQ2aqr8nUiy0HonAdgpsBnrem4j/ee3EhJd+ymScGCrJbFGYcGQiNPke9ZiixPCRJZgoZm9FZIAVJsZmlLchePMvL5LGadk7L1duK8XqVRZHDg7hCErgwQVU4QZqUAcCAp7hFd4c5bw4787HrHXJyWYO4A+czx/GBo+/</latexit>

x(1)
3

<latexit sha1_base64="jC3ABW1lS/B9DSTaPCMpeGSmJa8=">AAAB8HicbVBNTwIxEJ3FL8Qv1KOXRmKCF7KLRD0SvXjERD4MrKRbCjS03U3bNZINv8KLB43x6s/x5r+xwB4UfMkkL+/NZGZeEHGmjet+O5mV1bX1jexmbmt7Z3cvv3/Q0GGsCK2TkIeqFWBNOZO0bpjhtBUpikXAaTMYXU/95iNVmoXyzowj6gs8kKzPCDZWun96SIrl00n3rJsvuCV3BrRMvJQUIEWtm//q9EISCyoN4VjrtudGxk+wMoxwOsl1Yk0jTEZ4QNuWSiyo9pPZwRN0YpUe6ofKljRopv6eSLDQeiwC2ymwGepFbyr+57Vj07/0Eyaj2FBJ5ov6MUcmRNPvUY8pSgwfW4KJYvZWRIZYYWJsRjkbgrf48jJplEveealyWylUr9I4snAEx1AEDy6gCjdQgzoQEPAMr/DmKOfFeXc+5q0ZJ505hD9wPn8Ax46PwA==</latexit>

x(2)
3

<latexit sha1_base64="n7KxY/757cDD+cuIqtT/9GViU8A=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSLUS9ktRT0WvXisYD+kXUs2zbahSXZJsmJZ+iu8eFDEqz/Hm//GtN2Dtj4YeLw3w8y8IOZMG9f9dlZW19Y3NnNb+e2d3b39wsFhU0eJIrRBIh6pdoA15UzShmGG03asKBYBp61gdD31W49UaRbJOzOOqS/wQLKQEWysdP/0kJYqZ5NepVcoumV3BrRMvIwUIUO9V/jq9iOSCCoN4VjrjufGxk+xMoxwOsl3E01jTEZ4QDuWSiyo9tPZwRN0apU+CiNlSxo0U39PpFhoPRaB7RTYDPWiNxX/8zqJCS/9lMk4MVSS+aIw4chEaPo96jNFieFjSzBRzN6KyBArTIzNKG9D8BZfXibNStk7L1dvq8XaVRZHDo7hBErgwQXU4Abq0AACAp7hFd4c5bw4787HvHXFyWaO4A+czx/GCo+/</latexit>

x(2)
2

<latexit sha1_base64="idvnBRYpPQtmHzqXvRSyn/LVhEk=">AAAB8HicbVBNSwMxEJ31s9avqkcvwSLUS9ktRT0WvXisYD+kXUs2zbahSXZJsmJZ+iu8eFDEqz/Hm//GtN2Dtj4YeLw3w8y8IOZMG9f9dlZW19Y3NnNb+e2d3b39wsFhU0eJIrRBIh6pdoA15UzShmGG03asKBYBp61gdD31W49UaRbJOzOOqS/wQLKQEWysdP/0kJYqZ5Oe1ysU3bI7A1omXkaKkKHeK3x1+xFJBJWGcKx1x3Nj46dYGUY4neS7iaYxJiM8oB1LJRZU++ns4Ak6tUofhZGyJQ2aqb8nUiy0HovAdgpshnrRm4r/eZ3EhJd+ymScGCrJfFGYcGQiNP0e9ZmixPCxJZgoZm9FZIgVJsZmlLcheIsvL5Nmpeydl6u31WLtKosjB8dwAiXw4AJqcAN1aAABAc/wCm+Ocl6cd+dj3rriZDNH8AfO5w/Eho++</latexit>

x(2)
1

EMA
sublayer

chunk-wise
Attention

• Applying attention individually to each chunk

– Linear complexity & easy implementation
– Losing contextual information between chunks
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– Fortunately, EMA preserves the information from previous chunks



Experiments

• Long Range Arena (LRA) 
– 3 tasks on byte-level text classification 
– 3 tasks on pixel-level image classification

27

• Machine Translation 
– WMT’14 English - German

• Language Modeling 
– Enwiki8 (character-level) 
– WikiText-103 (Word-level)

• Image Classification 
– ImageNet-1K

• Raw Speech Classification 
– Speech Commands



Experimental Results
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LRA WMT’14 WikiText-103 ImageNet Raw-SC

XFM 59.24 27.68 18.66 81.80 31.24

S4 85.86 — 20.95 — 97.50

Mega 88.21 29.01 18.07 82.31 97.30



Analysis on LRA: Accuracy & Efficiency
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• A benchmark of 6 tasks for long-range sequence modeling 
– Intentionally designed to be challenging 

• Tasks 
– Long ListOpts: 

 
– Byte-level text classification on IMDB (> 4k tokens) 
– Byte-level document retrieval on ACL Anthology Network (ANN) (> 2k tokens) 
– Pixel-level image classification on CIFAR-10 (32x32 = 1024 tokens) 
– PathFinder (32x32 = 1024 tokens) 
– Path-X (Extreme Length: 128x128 = 16,384 tokens)



Analysis on LRA: Accuracy & Efficiency
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Limitations of Mega

31

– Limited capacity of EMA sub-layer 
– Mega-chunk fails behind Mega w. full attention

• Mode Capacity vs. Full Attention



Analysis on LRA: Accuracy & Efficiency
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Limitations of Mega
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– Limited capacity of EMA sub-layer 
– Mega-chunk fails behind Mega w. full attention

• Mode Capacity vs. Full Attention

• Architectural Divergence on Difference Data Modalities
– Not only for Mega, but for almost all architectures 
– Different normalization layers on different positions 

– Batch Norm vs. Layer Norm vs. RMS Norm vs Scale Norm vs. … 
– Pre-Norm vs. Post-Norm vs. QK-Norm vs. … 

– Different attention functions 
– Softmax vs. ReLU2 vs. Laplace vs … 

– …



Analysis on LRA: Accuracy & Efficiency
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Unified Architecture for Multi-Modality

• Why a Unified Architecture Important 
for Multi-modality? 
– A unified foundation model learning from 

various types of signals

35

We want a unified architecture that works well across different modalities!



Limitations of Mega
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– Limited capacity of EMA sub-layer 
– Mega-chunk fails behind Mega w. full attention

• Mode Capacity vs. Full Attention

• Architectural Divergence on Difference Data Modalities
– Not only for Mega, but for almost all architectures 
– Different normalization layers and positions 

– Batch Norm vs. Layer Norm vs. RMS Norm vs Scale Norm vs. … 
– Pre-Norm vs. Post-Norm vs. QK-Norm vs. … 

– Different attention functions 
– Softmax vs. ReLU2 vs. Laplace vs. … 

– …

• No Evidences or Results for Mega’s Scalability
– Large-scale pretraining with Mega?



Megalodon: An Improved Version of Mega

•Complex Exponential Moving Average 
- Extending EMA to the Complex Field 

•Timestep Normalization 
- Auto-regressive group normalization across sequential dimension 

•Numerical Stability 
- Normalized Attention 
- Pre-Norm w. Top-hop Residual

37



Complex EMA

•Directly inspired from state space models (SSMs) 
- Almost all matrices diagonalizes over the complex plane 

•Extending EMA to the Complex Field

38

yt = α ⊙ xt + (1 − α ⊙ δ)(cos θ + i sin θ) ⊙ yt−1

complex term in polar form

Still preserving the decaying structure in kernel weights



Time-step Normalization
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•Auto-regressive Group Normalization 
– Allowing to normalize across the sequential/spatial dimension 
– Reducing internal covariate shift (same as Batch & Group Normalization) 

•Fused Cuda Implementation 
– Efficiently calculating the cumulative mean and variance

                                        

                                        

                                        

                                        

                                        

                                        

                                        

                                        

                                        

                                        

                                        

                                        

                                        

                                        

                                        

(a) Layer Norm (b) Group Norm (c) Timestep Norm
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Numerical Stability

•Normalized Attention 
– Normalized attention mechanism: simplified version of Mega attention
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41Image modified from Microsoft blog
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Chunk Parallel

Megalodon introduces chunk parallel

• It is hard to do distributed training across the sequence dimension on multiple 
devices with Transformers

Revisiting Quadratic Complexity in Attention
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Chunk Parallel

Megalodon introduces chunk parallel

Chunk Parallel

• Communication (point-wise) is cheap:

• last hidden states of CEMA

• cum mean and var of timestep norm

• Minimize communication cost:

• hide communication costs in 

computation



Megalodon: Results on Small-Scale Benchmarks
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LRA SC ImageNet Enwiki8 WT103

S4 85.86 97.50 — — 20.95

XFM 59.24 xx 81.8 1.08 18.66

Mega-chunk 85.66 96.92 — 1.02 18.07

Mega 88.21 — 82.35 — —

Megalodon-chunk 87.62 98.14 — 1.00 17.23

Megalodon 88.63 — 83.12 — —

Importantly! All the experiments were conducted using exactly the same architecture!



Megalodon on LLM Pretraining

•Pretraining Data 
– 2 trillion tokens 
– Exactly the same with Llama2 for head-to-head comparison 

•Architecture Hyperparameters 
– Closely following Llama2 
‣ 7B parameters 
‣ 32 blocks, model dimension 4096 
‣ Rotary positional embedding (RoPE) 

– Differences 
‣ 4 attention heads (32 in Llama2) 
‣ 32K context length w. 4K attention chunk size (4K full attention in Llama2)

44



Efficiency of Megalodon-7B

•Data Efficiency
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Efficiency of Megalodon-7B

•Compute Efficiency
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Long-Context Modeling

•Long-Context Evaluation of Megalodon-7B 
– Perplexity w. various context lengths 
– Long-context QA tasks in Scrolls

47
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Existing Problems of Megalodon

•Validation losses on positions before and after chunk boundaries 
increase significantly
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Gecko: An Improved Version of Mega

• Inherent Capability of Length Generalization 
– Inherently processing sequences with unlimited contexts 

• No length extension 

– Better capability of in-context learning 
– Three new components: 

• Timestep Normalization -> Timestep Decay Normalization 
• Chunk-wise attention -> Sliding chunk attention 
• Adaptive working memory via online softmax linear attention

49



Timestep Normalization
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(a) Layer Norm (b) Group Norm (c) Timestep Norm
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Timestep Decay Normalization
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Sliding Chunk Attention
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Chunk-wise Attention Sliding Window Attention Sliding Chunk Attention



Adaptive Working Memory
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Working Memory via Linear Attention Chunk 1 Chunk 2 … Chunk n

Ms = Ms−1 + ϕ(Ks)TVs

position-independent



Adaptive Working Memory
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Working Memory via Linear Attention

Ms = Ms−1 + ϕ(Ks)TVs

Chunk 1 Chunk 2 … Chunk n

Adaptive Working Memory

Ms =
zs−1

zs
⊙ Ms−1 + ϕs(Ks)TVs

ϕs(Ks) =
exp(Ks)

zs

zs =
s

∑
c=1

exp(Kc)

Chunk 1 Chunk 2 Chunk n…

position-dependent

position-independent



Pre-training Loss
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Long-Context Modeling
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•Long-Context Evaluation (7B) 
– Perplexity w. various context lengths 
– Long-context QA tasks in Scrolls

NaQA Qasper QMSum

Llama2 18.8 19.8 10.1

Llama2-L 23.5 28.3 14.5

Megalodon 23.9 28.0 13.1

Gecko 26.4 31.8 15.4



Thanks! 
Q&A

Code: https://github.com/XuezheMax/megalodon

https://github.com/XuezheMax/megalodon


Megalodon: Efficient LLM with Unlimited Context Length

•Efficient unified model architecture beyond Transformer for long-
sequential data from various modalities
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Unified Architecture

– A unified model architecture learning 
from various types of signals 

– No architectural divergence on 
different modalities: 
• Different normalization layers and 

positions 
– Batch Norm vs. Layer Norm vs. RMS Norm 

vs. Group Norm vs. … 

– Pre-Norm vs. Post-Norm vs. QK-Norm vs. … 

• Different attention functions 
– Softmax vs. ReLU2 vs. Laplace vs. … 

• …


