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Causal (Forwa rdMasked) Attention
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Zoomr-in! (simplified without Scale and Softmax)
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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. Canwe 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

Step 1
Q KT QKT Vv Attention
Query Token 1 = Q,k, Value Token 1 Token 1
“ 2
N =
S0 ot
(1, emb_size) (emb_size, 1) 1,1 (1, emb_size) (1, emb_size)
""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" KV Cache Storage = O(N*d)
Q K" QK" Vv Attention
QueryTOken 1 = QK Value Token 1 Token 1 (ZXN xd) XS|Ze Of a. float
S '§. _ ) 2VS. .
S X | & = X = (3xNx=d+N<)xSize of a float
(9] =
o )y;
(1, emb_size) (emb_size, 1) (1,1 (1, emb_size) (1, emb_size)
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Sliding Window Attention

(a) Full n* attention (b) Sliding window attention
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Sliding Window Attention
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Attention(Q,K,V) = softmax | — |V
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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

T h e m oti va Ti 0 n current token with the previous 4 (including the token itself)

We don't care aboutthese either, as we want the output

= QKT = token to only depend on the previous 4 tokens!
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Going back to year: 2017, NeurlPS

Google Brain Team

Make machines intelligent. Improve people’s lives.
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Multi-Query Attention (MQA)

Multi-head Multi-query
Values Values KV cache size is
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Do we lose out on something?

* Decline in performance quality

* Training instability
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Uptraining: Converting MHA to MQA
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What can still go wrong?

* Decline in performance quality

SR
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Grouped Query Attention
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What did we gain?

Model | Tinger Average | CNN  arXiv PubMed MediaSum MultiNews WMT  TriviaQA
‘ S I Ry Ry R R, R, BLEU F1
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So are we all set? Key Takeaways takeaways

* GQA/MQA Aim: To reduce the need for storing a large amount of KV cache
* LLM server can handle more requests, larger batch sizes and increased throughput
®* Cannot significantly reduce the computational load

* Quality degradation remains
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