BACKGROUND

* Problem: Self-attention in LLMs suffers from quadratic computational complexity and redundant

token interactions in long sequences (e.g., 128K tokens), leading to inetficiency.

OVERVIEW OF CORE CONTEXT AWARE ATTENTION

Our CCA-Attention includes two components: 1) globality-aware pooling module encapsulates
the input tokens into core tokens according to the importance, serving as representative proxies
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* Comparisons on LongBench-E. We report the latency and memory footprint of LLaMA2-7B-32K
and LLaMA2-7B-80K with 32K and 64K contexts on A800 GPUs, respectively.
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retaining redundant tokens, leading to inetficiency in long-sequence modeling.
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e Comparisons of different models on multi-document EM score evaluated at lengths from 4K

— - — - ___—— a to 128K. We report the latency within a context of 128K on two A800 GPUs.
- LLM is a computational - capable of language - or other natural language processing tasks GLOBALITY-AWARE POOLING MODULE Methods 4K SK 16K 32K 64K 128K Avg. FTL (s)
\ . . . LLaMA2-7B-80K (Vanilla Self-Attention) 394 37.8 37.6 36.2 34.6 30.3 36.0 124.85
Insight: Computational resources can be dynamically allocated to core contexts. StreamingL.LM 336 260 32.2 30.6 27.4 25.1 292 | 34.74 (3.6x)
“u ] . .. o . B . LM-Infinite 31.6 25.6 324 32.2 28.2 26.3 294 32.57 (3.8 %)
W \w W — = — _\g‘y‘_ — e . Solution: We divide X=|x1;...;x| into m= LL /g| groups and derive core token c¢; for each group Minference 3.0 3 4 37.4 36.0 3 789 343 2018 (6.2x)
C!(x,)(Redundant Context) C?(x,;)(Core Context) C3(x,)(Core Context) C"(x;)(Redundant Context) X CCA-LLM (Ours) 9.5 392 504 514 59-3 52.0 44 1589 (7.9x)

ng
7 (1)

where X7 EIR{QXd is the i-th group and Q;, is the last query in the group. We adopt core tokens
C=[c1;Ca; . ..: Cm] to calculate the key and value matrices for the query Q;

c;=softmax ( ) XI cRY™ ;=1,....m,

e Comparisons in terms of both computational and storage overhead on LLaMA2-7B-80K.

Our Goal: 1) preserve core contexts for accurate attention computation; 2) compress the redundant
information within the long context to reduce computational cost.
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CONTRIBUTIONS

* We propose a plug-and-play Core Context Aware Attention for etficient long-context modeling

LOCALITY-PRESERVING MODULE

Insight: Core tokens focus on coarse-grained global context, overlooking fine-grained local one.
Solution: We further adopt s + ((i—

Latency (s)

by taking a set of core tokens as efficient proxies for attention. Unlike traditional efficient

Memory Footprint (GB)

attention methods that require extensive retraining, our CCA-Attention can be easily integrated

into pretrained LLMs with minimal fine-tuning effort. s) mod g) local tokens for each query Q; to
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e We develop a dynamic globality-aware pooling module that adaptively derives core tokens (a) Pre-filling Latency (FTL) (b) Decoding Latency (ITL)

Ky, =[Ky; - Ki], Vi, =[Vi;--; Vi), k=max(1,i—s—((i—s) mod g)) (3)

based on their importance. By compressing input tokens into core tokens, our method captures
the most relevant global context, leading to more accurate and etfective long-term dependency

CONTACT INFORMATION AND CODE

DIFFERENTIABLE FUSION OF GLOBAL AND LOCAL MODULES

We concatenate the key and value matrices from both module to calculate the outputs for Q;

modeling than static or random token selection approaches.

* We achieve significant improvements compared with other baseline methods in both long-context * Email: chenyaoto@gmail.com

modeling performance and computational etficiency, achieving a 7.9x speedup and 93% KV  Email: mingkuitan@scut.edu.cn

e Code: https://github.com/chenyaofo/CCA-
Attention
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We represent the final output of our CCA-Attention as Att = [Att;; Atts;. ..

cache memory reduction compared to full self-attention when processing 128K token contexts,

(4)

Att; = softmax( )[{//'G,{//_ZI/‘,]

while outperforming existing etficient attention mechanisms in long-context modeling. Att;]
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