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Previous Work

Sparse Structure
» Local Attention (Parmar et al., 18’)
» Sparse Transformer (Child et al., 19’)
» Longformer (Beltagy et al., 20’)
» Reformer (Kitaev et al., 20’)
» Sinkhorn Attention (Tay et al., 20’)

Kernel Methods
» Lambda network (Bello et al., 21°)
» Performer (Choromanski et al., 21°)
» Random Feature Attention (Peng et al., 21°)
» Randomized Attention (Zheng et al., 22’)

Low-rank Approximation
» Linformer (Wang et al., 20’)
» Nystromformer (Xiong et al., 21°)
» Nested Attention (Max et al., 21°)
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Previous Work

(Alman & Song 23’) High quality (1/poly(n))
entrywise approximation of Att(Q, K, V') requires
nearly quadratic time assuming SETH
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Previous Works

No End-to-End approximation (in some works)
. Only approximate matrix A = exp(QK7)

Would like to:
. Compute Att € R™*4 such that
-l Att — Att(Q, K, V) llopis small

These methods do not support causal masking
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Q K Ver Self Attention

1. Approximate nXxm mXxXd
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Q K Ver™> Self Attention

1. Approximate nxn
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Approximate D; ; = 2. exp({q;, kj))
€[n] JE[n]

Find ‘Heavy elements of A = exp(QKT) Estimate ‘Light’ elements of A via

uniform column sampling
' e
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Approximate D; ; = 2. exp({q;, kj))
€[n] JE[n]

Find ‘Heavy elements of A = exp(QKT) Estimate ‘Light’ elements of A via

uniform column sampling
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Algorithmic Acceleration

Theorem (informal). If the maximum squared column norm in softmax(QK™") is
1_10(1) and the ratio of max and min row sums in A = exp(QK™") after removing heavy
n

~

elements is n°(1) then Att can be computed in O (dn'*t°M) time with:
I softmax(QK")V — Att ||, < € I| softmax(QK") llopll V oy

nr q 1 :
Column norm bound non-trivial — allows for entries as large as — —in softmax(QK™)
o

nz~
Estimating the contribution of light elements is non-trivial

Tested assumption of squared column norms in first attention layer of T2T-ViT on ImageNet

For chatgim2-6b-32k and LongBeach, only the lexicographically first few columns had large norm
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Algorithmic Acceleration

Finding Heavy contributions in practice

| | less important

A = exp(QKT”
p(Q ) ) A GPU-friendly algorithm to compute
memory/runtime: 0 (n*) heavy entries and minimize I/O
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Algorithmic Acceleration

Finding Heavy contributions in practice

| | less important

A = exp(QK")

memory/runtime: O (n?)

A Permutation algorithm that gathers
heavy entries around the diagonal
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Self Attention

| | less important

A = exp(QK")

memory/runtime: O (n?)

How can entries be gathered?

= SortLSH (Locality Sensitive Hashing)
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Algorithmic Acceleration

Self Attention

Apply SortLSH to gather similar entries

q
o qs 06 ES
Sort rows/cols by 4 O qs 1;4 Kk,

bucket IDs with S O N

hamming dist. 1 SimHash | Similar points are hashed to
same or neighbouring buckets

q: kiq,Ke a3 Kyqg Ks qs K3 qs K,
@ © 0 ¢ O ¢ O ¢ 0 ¢ O ¢
100101101

34



Algorithmic Acceleration
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Algorithmic Acceleration

Causal Masking

eXp(QKT) @ Mcausal

Output embeddings only depend
on input embeddings in the past
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eXp(QKT) @ Mcausal
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