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Almost the tull picture
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Attention

[ntermediate Memory

. Attention (per head)
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. Never compute S,, P, € RV
explicitly

- Easy on CPU

. Tricky on GPU
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Flash Attention

U (for illustration only)
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Flash Attention
On CPU (tor illustration only)

Inputs: V, K, Q

Output: o
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Flash Attention

On CPU (tor illustration only)

Inputs: V, K, Q

Output: o

for 1 = 1..N:

o1 =20 P]fpSh = RNXN

n =0

for J = 1..N:

S_ij = K_j @ Q_1
o_1 += exp(S_13) V_3
n += exp(S_173)

o1 /=n



Flash Attention
On CPU (tor illustration only)

Inputs: V, K, Q
Output: o

for 1 = 1..N:

n =20

for J = 1..N:
S_ij = K_j @ Q_1
0.1 += exp(S_13) V_73
n += exp(S_17j)

o1 /=n

Memory (local)

Memory (global)

O(ND)

O(ND)

O(D)

O(1)

O(1)

O(D)

O(1)




Attention

Backward

- Regular attention stores (for backward)

o Sh — QhK}-lr, Sh = RNXN

pP,.S, € RVN

. P, = softmax(S,); P, € RV

. FlashAttention

. Recomputes $,, P,

e SAVES Memory
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Flash Attention

Discussion

- Faster than regular attention

. ~2x PyTorch Attention

« 30-40% of just matmul (upper bound)
- More memory efficient

. Attention computed but never storead
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[1] Tri Dao, et al. FlashAttention: Fast and memory-efficient exact attention with io-awareness. 2022.
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[1] Tri Dao. FlashAttention-2: Faster attention with better parallelism and work partitioning. 2023.
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- New GPU specific ops

- More parallelism; 75% of max possible

[1] Jay Shah, et al. FlashAttention-3: Fast and accurate attention with asynchrony and low-precision. 2024



Other operations

- Fused operations

. Special kernels: e.g. Matmul + non-

linear

- E.g. https://github.com/linkedin/Liger-

Kernel

- Chunking

- Breaking single forward call into

multiple cal

s with less memory each



torch.compile

- Optimize PyTorch model automatically
» Fuse OPs in Triton

- Backend / GPU specific ops

ranslation to runtime engines (e.g.
'ensorRT)

- Similar to programming lang. compilers

- Not as fast as custom kernels yet, but
SOON



T'he tull picture

Memory use
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