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Outline

« Background: Transformer, Attention, Softmax, GPUs.
* FlashAttention.
* Results.



Transformer Architecture (GPT-2)
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Transformer block: communication + computation



Attention

Q (queries) — what am | looking for?

Inputs: Q, K, V K (keys) — what do | contain?
O = Dropout(Softmax(Mask(QKT)))V V (values) — if you find me interesting, here is what | will communicate to you
Q:Nxd K:Nxd A=QK: NxN A =Mask(A): N x N A = Softmax(A): N x N A = Dropout(A): N x N V:Nxd O=AV:Nxd
Attention Matrix Mask (optional) Softmax Dropout (optional)

Naively, attention has compute & memory quadratic in sequence length N
N: 1K, 2K
d: 64, 128



SoftMax

Output Softmax
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GPU Compute Model & Memory Hierarchy

S\ SRAM: 19 TB/s (20 MB)
SRAM

GPU HBM: 1.5 TB/s (40 GB)
HBM

Compute Compute

SRAM SRAM

VET Y Eelelp 2\ DRAM: 12.8 GB/s
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Memory Hierarchy with
Bandwidth & Memory Size

SRAM - static random-access memory
HBM — high bandwidth memory



Standard Attention implementation

Algorithm 0 Standard Attention Implementation

Require: Matrices Q, K,V € RV*¢ in HBM.
: Load Q, K by blocks from HBM, compute S = QK", write S to HBM.
: Read S from HBM, compute P = softmax(S), write P to HBM.

1
2
3: Load P and V by blocks from HBM, compute O = PV, write O to HBM.
4

: Return O.

» Slow: most of time is spent on HBM reads/writes
* Quadratic memory complexity

Streaming
Multiprocessors

Slow Data Transfer




FlashAttention

*  Reduce HBM reads/writes.
»  Compute attention by blocks (tiling).
*  Problem: Softmax need the whole row. Solution: rescaling.

Algorithm:
1. Load inputs by blocks from HBM to SRAM.

2.  On chip, compute attention output wrt that block.

3. Update output in HBM by scaling.

Dao et al. FlashAttention: Fast and Memory-Efficient Exact Attention with 10-Awareness. NeurlPS 2022.
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Online softmax in FlashAttention
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Figure 1: Diagram of how FLASHATTENTION forward pass is performed, when the key K is partitioned into
two blocks and the value V is also partitioned into two blocks. By computing attention with respect to
each block and rescaling the output, we get the right answer at the end, while avoiding expensive memory
reads/writes of the intermediate matrices S and P. We simplify the diagram, omitting the step in softmax
that subtracts each element by the row-wise max.



FlashAttention Backward Pass

* Problem: backward pass needs Attention matrix (N by N).
« Solution: recompute it.
* Less memory and faster.
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Attention module: 2-4x speedup

FlashAttention Speedup, A100
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Figure 5: Speedup over standard PyTorch attention at different sequence lengths, on A100.
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Attention module: 10-20x memory reduction

FlashAttention Memory Reduction
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Memory Reduction (X times less)
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« Memory is linear in sequence length, not quadratic.
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Faster Training (BERT Large)

Training time to hit an accuracy of 72% on Masked Language
Modelling, averaged across 10 runs on 8xA100 GPUs.

BERT Implementation | Training time (minutes)
Huggingface [91] 33.6+55
Nvidia MLPerf 1.1 [63] 200+1.5

FLASHATTENTION (ours) 174+1.4
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Faster Training (GPT-2)

Training GPT-2 from scratch on OpenWebText using 8xA100 GPUs.

Model implementations OpenWebText (ppl) Training time (speedup)
GPT-2 small - Huggingface [87] 18.2 9.5 days (1.0x)
GPT-2 small - Megatron-LM [77] 18.2 4.7 days (2.0x)
GPT-2 small - FLASHATTENTION 18.2 2.7 days (3.5x)
GPT-2 medium - Huggingface [87] 14.2 21.0 days (1.0x)
GPT-2 medium - Megatron-LM [77] 14.3 11.5 days (1.8x%)
GPT-2 medium - FLASHATTENTION 14.3 6.9 days (3.0x)
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Better Models With Longer Sequences

Model implementations Context length OpenWebText (ppl) Training time (speedup)
GPT-2 small - Megatron-LM 1k 18.2 4.7 days (1.0x)
GPT-2 small - FLASHATTENTION 1k 18.2 2.7 days (1.7x)
GPT-2 small - FLASHATTENTION 2k 17.6 3.0 days (1.6x)
GPT-2 small - FLASHATTENTION 4k 17.5 3.6 days (1.3x)
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Conclusion

FlashAttention:

Key idea: reduce HBM reads/writes - tiling, recomputation.
Faster model training.
Better models with longer sequences.
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