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DYNAMIC GROUP ATTENTION (DGA) FOR LONG-CONTEXT MODELING
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Long-context modeling faces computational inefficiencies due to redundant attention computa-

Curse of High Dimensionality Issue in Transformer for Long-context Modeling

MORE EXPERIMENTS
* Results on EM score evaluated at lengths from 4K to 32K.
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Use s to divide tokens into focal and non-focal tokens.
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REDUNDANCY IN SELF-ATTENTION MECHANISM
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This group mechanism reduces both optimization dimensionality and attention redundancy,
cutting computational overhead while enhancing model robustness and etficiency.

* We propose Dynamic Group Attention (DGA) by aggregating less important tokens into meaningful groups to reduce
redundancy in attention computation while maintaining accuracy for long-context modeling.
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