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Transformers: quadratic overhead, limited in 
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• Document-level machine translation

• Speech

• …




Overview

Transformers 
• State-of-the-art results in many sequence modeling tasks

• Quadratic complexity, less well-suited for long sequences


This Work: Random Feature Attention 
• Strong performance

• Scales linearly in sequence length
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Random Feature Attention

Construct      such that:  

• Linear time and constant space in decoding

• Drop-in substitute for softmax attention

• Suitable for finetuning applications
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Random Feature Attention

Construct      such that:  

• Linear time and constant space in decoding

• Drop-in substitute for softmax attention

• Suitable for finetuning applications

• Size of feature map: 64 or 128
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Random Feature Attention 
Recurrent Updates
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Random Feature Attention 
Recency Bias with Learned Gates
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Random Feature Attention 
Sequence-to-sequence decoding
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Random Feature Attention 
Sequence-to-sequence decoding
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Sequence-to-sequence decoding
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<latexit sha1_base64="rCWaNj8lZzZ2ekbI97JRtl1z6Ek="></latexit>z

causal attn.
<latexit sha1_base64="3Ys29DMK3vnfamqcBwE7R7d+L1U="></latexit>

O(1)

cross attn.

<latexit sha1_base64="3Ys29DMK3vnfamqcBwE7R7d+L1U="></latexit>

O(1)



Random Feature Attention 
Sequence-to-sequence decoding

<latexit sha1_base64="+7IARW3Wf6oNkzH9WhAsYfl2h1U="></latexit>

S1
<latexit sha1_base64="ZtJJaGg4m0pKpQwVeF31RXKP2Ww="></latexit>z1

<latexit sha1_base64="QCRLkquhRHw1oW0mMWCHPizxoYs="></latexit>�
�(k1),v1

� <latexit sha1_base64="GxbMWzeJ8ly4D+vfjyay851P7qo="></latexit>�
�(k2),v2

� <latexit sha1_base64="VBNPnX7d0+NBFyldKdm+weWAKa4="></latexit>�
�(k3),v3

�

<latexit sha1_base64="WtkntQ7qiAqmGH2pOfGH6AwpPB4="></latexit>

S2
<latexit sha1_base64="OyFv5MkOZYNq92wHVimYPos5q7w="></latexit>z2

<latexit sha1_base64="lfC2kFz3D76N/4QnGy0eYWnInK8="></latexit>

S3
<latexit sha1_base64="d43AIaniRdECbEA9aYgs8FQrd9k="></latexit>z3 <latexit sha1_base64="fHJqkNu+30Mb3nUytj80vMZxmCc="></latexit>· · ·

<latexit sha1_base64="GeHS4K94Y5eWKD1H4Oeo/I3kJb8="></latexit>

output1
<latexit sha1_base64="FU1Sf2tWdWNSASsrayRNYetGySk="></latexit>

output2
<latexit sha1_base64="QUtBGK9cZTjObhPqcTVIgTFxOSw="></latexit>

output3
<latexit sha1_base64="eUegmjqqPjCQIUIwWlq9IaC056s="></latexit>

�(q1)
<latexit sha1_base64="+rjRgXnacUx/Ekewmm8X900PZ5s="></latexit>

�(q2)
<latexit sha1_base64="/eYmmJLs/2EdGrnonvQ4i/OJDcc="></latexit>

�(q3)

S

<latexit sha1_base64="7qUPhaynYS97XqtSkYre9fwsox4="></latexit>

<latexit sha1_base64="rCWaNj8lZzZ2ekbI97JRtl1z6Ek="></latexit>z

causal attn.
<latexit sha1_base64="3Ys29DMK3vnfamqcBwE7R7d+L1U="></latexit>

O(1)

cross attn.

<latexit sha1_base64="3Ys29DMK3vnfamqcBwE7R7d+L1U="></latexit>

O(1)



Random Feature Attention 
Sequence-to-sequence decoding

<latexit sha1_base64="+7IARW3Wf6oNkzH9WhAsYfl2h1U="></latexit>

S1
<latexit sha1_base64="ZtJJaGg4m0pKpQwVeF31RXKP2Ww="></latexit>z1

<latexit sha1_base64="QCRLkquhRHw1oW0mMWCHPizxoYs="></latexit>�
�(k1),v1

� <latexit sha1_base64="GxbMWzeJ8ly4D+vfjyay851P7qo="></latexit>�
�(k2),v2

� <latexit sha1_base64="VBNPnX7d0+NBFyldKdm+weWAKa4="></latexit>�
�(k3),v3

�

<latexit sha1_base64="WtkntQ7qiAqmGH2pOfGH6AwpPB4="></latexit>

S2
<latexit sha1_base64="OyFv5MkOZYNq92wHVimYPos5q7w="></latexit>z2

<latexit sha1_base64="lfC2kFz3D76N/4QnGy0eYWnInK8="></latexit>

S3
<latexit sha1_base64="d43AIaniRdECbEA9aYgs8FQrd9k="></latexit>z3 <latexit sha1_base64="fHJqkNu+30Mb3nUytj80vMZxmCc="></latexit>· · ·

<latexit sha1_base64="GeHS4K94Y5eWKD1H4Oeo/I3kJb8="></latexit>

output1
<latexit sha1_base64="FU1Sf2tWdWNSASsrayRNYetGySk="></latexit>

output2
<latexit sha1_base64="QUtBGK9cZTjObhPqcTVIgTFxOSw="></latexit>

output3
<latexit sha1_base64="eUegmjqqPjCQIUIwWlq9IaC056s="></latexit>

�(q1)
<latexit sha1_base64="+rjRgXnacUx/Ekewmm8X900PZ5s="></latexit>

�(q2)
<latexit sha1_base64="/eYmmJLs/2EdGrnonvQ4i/OJDcc="></latexit>

�(q3)

S

<latexit sha1_base64="7qUPhaynYS97XqtSkYre9fwsox4="></latexit>

<latexit sha1_base64="rCWaNj8lZzZ2ekbI97JRtl1z6Ek="></latexit>z

causal attn.
<latexit sha1_base64="3Ys29DMK3vnfamqcBwE7R7d+L1U="></latexit>

O(1)

cross attn.

<latexit sha1_base64="3Ys29DMK3vnfamqcBwE7R7d+L1U="></latexit>

O(1)

space 
<latexit sha1_base64="3Ys29DMK3vnfamqcBwE7R7d+L1U="></latexit>

O(1)

<latexit sha1_base64="MA8AZn8N/VoNTEGj9RtQq4FJFz0="></latexit>

O(N) time



Experiments: Machine Translation
Dataset: WMT’14 (Bojar et al., 2014) 
• EN->DE, 4.5M training instances

• EN->FR, 35.8M training instances


Implementation: 
• Based on transformer base (Vaswani et al., 2017)

• Replace decoder causal and cross attention with random feature attention

• Random feature size: 64 causal, 128 cross

• Trained for up to 350K steps; beam size 4; average 10 checkpoints



Test set BLEU on WMT’14 EN->DE
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beam size 4, average 10 checkpoints



Test set BLEU on WMT’14 EN->FR
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Baseline RFA, w/o gate RFA, w/ gate



Experiments with Language Modeling

Dataset: 
• WikiText-103 (Merity et al., 2016). 103M training data, 268K vocab size


Implementation: 
• Based on Baevski and Auli, 2019

• Replace all self attention with random feature attention

• Random feature size: 64; context window 512, not “stateful”

• All models trained for 150K steps
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Baseline RFA, w/o gate RFA, w/ gate



Decoding Speed & Memory vs. Lengths
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• RFA:

• Linear complexity attention with random feature methods

• Well-suited for tasks involving long sequences

• Recurrent style update; intuitive ways to connect to gated RNNs


• Experiments:

• Strong performance in language modeling and machine translation

• 1.9x speed up in MT decoding; more for longer text

• The only model that is competitive in both efficiency and accuracy in 

long text classification (Tay et al., 2021)

Wrap-up



• RFA:

• Linear complexity attention with random feature methods

• Well-suited for tasks involving long sequences

• Recurrent style update; intuitive ways to connect to gated RNNs


• Experiments:

• Strong performance in language modeling and machine translation

• 1.9x speed up in MT decoding; more for longer text

• The only model that is competitive in both efficiency and accuracy in 

long text classification (Tay et al., 2021)


• Notes:

• Harder to achieve time saving when input is fully revealed: encoder, 

teacher-forcing training 

• Using 128/64 feature maps; smaller ones works with larger batches

Wrap-up
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