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Why do we need to do better?

1. We already computed these dot products 2. Since the model is causal, we don't care about the attention
In the previous steps. Can we cache them? of a token with its successors, but only with the tokens before it.

3. We don't care about these, as we want to predict the
next token and we already predicted the previous ones.
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KV Cache based (Forward Masked) Attention
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Sliding Window Attention
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What happens to the KV Cache?

Since our sliding window size is 4, we only want the dot-product of the
current token with the previous 4 (including the token itself)

The motivation
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We don't care about these either, as we want the output
token to only depend on the previous 4 tokens!
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ent. Improve people’s lives
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Do we lose out on something?

e Decline in performance quality

e Training instability
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What can still go wrong?

e Decline in performance quality

Tenining inctabil
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What did we gain? !
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50 are we all set? Key

e GQA/MQA Aim: To reduce the need for storing a large
C amount of KV cache
o

LLM server can handle more requests, larger batch sizes and
increased throughput

T,
e Cannot significantly reduce the cg_r”l_glutational load %\‘)4
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e Quality degradation remains




