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Delta Attention - Motivation
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<+— Star Attention [1]
e Linear prefill (like Streaming LLM)
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e Designed with distributed RAG in mind.
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e Dense decode maintains all tokens in

When working with sparse prefill / dense decode we made a
surprising discovery

Even if relevant context fits in the window (like NIAH tasks)
The dense decode can fail to find the relevant tokens

the KV cache for possible future usage.
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Delta Attention - Motivation

e However, we discovered a simple and effective way to fix this with minimal added
overhead.

e Our method works in conjunction with existing sparse attention kernels, for example in
RULER MKS3 we increase Streaming LLM from 0% — 44% accuracy.

e In the standard setting, we maintain 98.5% sparsity, which makes our model 32X
faster than Flash Attention 2 at 1M token prefills.
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Delta Attention - Introduction

Sparse Attention introduces a shift in the attention distribution and thus a shift in the
distribution of cosine similarities of the outputs.

@ st LM @ Str. LLM + A

e Both methods compute cosine similarity and rank correlation with
respect to full attention.

® Therefore, a cluster in the top-right corner (1, 1) would be a good
approximation to full attention.

. i ® Streaming LLM causes a large shift from full attention.
Zos) o ) .' ’ ® Thought experiment: How does this distribution affect the

transition from sparse prefill to dense decode?
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From layer (1) to layer (1+1), the outputs determine the (Q, K, V) matrices of the next layer.
This means that decode queries will no longer align with prefill keys and therefore will
fail to retrieve important context from the prompt...
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Delta Attention - Method

Delta Attention assumed we have access to some existing key-sparse attention kernel such
as Streaming LLM [3], MiInference [4], or HiP Attention [5].
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1. We perform query sparse attention 2. We take a difference of outputs with an arbitrary
sparse attention (making a delta) 3. Repeat the delta and sum with sparse attention output.
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Delta Attention - Method

This requires only two attention kernel calls. 1. A query sparse attention kernel and 2. An
arbitrary key-sparse attention kernel.

1. Query Sparse Attention 1. Key Sparse Attention
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After these two kernel calls, everything else is simple and lightweight sum in the output
space. Therefore, delta attention creates minimal added overhead.
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Delta Attention - Method

Intuitively, we view the difference of dense/sparse outputs as representing the portion of the
attention which is missing from the sparse output
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Therefore, as there is likely not a large change in the queries and sparse mask from qg; to
gi+1, we may re-use this “missing attention” in subsequent rows of the outputs.
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Delta Attention - Method

We study the analytical difference between the delta correction and the “missing attention”

region. With the sorted attention scores and H being the head attention scores (smaller)
and T being the tail scores (larger).

Lemma 1. w.l.o.g. Consider an arbitrary row in the attention matrix a and arbitrary column of the
values v, with both a and v being sorted according to rank of a such that a = (a,,(l) < apg) <

-+ < ap(N))- For a top-k sparse attention matrix which only computes the top-k attention scores,

N .
one only needs to compute a*'v = ZN—k—H a*;v,. With A =a'v — a*Tv, we may bound the
error of our attention approximation as,

N—k
A — E a; V;
i=1

Proof. See Appendix G. 0
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We found that the difference is bounded by the value vector magnitude and a function of the
normalization constants of the sparse and dense attention matrices.
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Delta Attention - Method

Looking at the bound given in the previous slide, we studied it empirically for both an oracle

top-k sparse attention, and Streaming LLM.
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(a) Oracle top-k sparse attention.
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(b) Streaming LLM.

We found that the real empirical error tends to be much lower than the upper bound.
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Positive Attributes of Delta Attention

e Can be applied to existing sparse attention methods.
e Performs well when calculating 1/64 queries (98.5% sparsity)
e 32X faster than Flash Attention 2 for prefilling 1M tokens with Streaming LLM.

e At RULER 131K with Str. LLM, we recover 95% of the accuracy of full attention
(up from 31%)

e Since we work in the attention output space, we can utilize all existing low-level
sparse attention kernels (Minference, HiP, Str. LLM, etc.)

e Very simple to implement, and only requires a simply modified flash attention
kernel for the query sparse attention.
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RULER: Long Context Needle-In-a-Haystack Tasks

e Overall, Delta Attention is better.
e (Left) Largest increase in performance is always at the longest context length.
e (Right) Performance gains incur minimal added latency overhead.
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Delta Attention: Latency Overhead

e \We add latency overhead because we use (sparse attn. + delta correction).

e However, the latency overhead is negligible.
e Str. LLM is 32X faster than FA2 at 1M.
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Ablation: Recomputing Tokens is not Enough

Densely recomputing some tokens without making the full delta correction is not

enough to fix the shift in attention outputs.

@ st LM @ Str. LLM + Recompute @ Str. LLM + A .
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At 131K, the full delta correction still shows an approximately 12%pp accuracy
improvement over ‘recompute’.
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InfiniteBench and Delta Justification

Left: InfiniteBench Results show a similar pattern to RULER, Delta Attention
shows a significant average improvement over all baselines.

1.0
Model  Method Ctx Len. EnMC EnQA EnQAR EnSum Passkey Number KV  MathF | Avg.
Flash Attention 126K 64.19 3589 44.69 3159 99.13 99.83 9240 248616157 03
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Right: Computing the delta correction on all rows (no skipping) we find a high cosine
similarity within a gamma window, justifying reusing the delta within those rows.
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