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1. Introduction 2. Fused Logit Attend Tiling (FLAT): Optimized Dataflow for Attention

Attention is a key primitive for Transformer architectures
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Attention operators exhibit different properties from prior DNN primitives Ameliorates oti-chip memory bandwidth and on-chip memory capacity demana
E.qg., Convolutions (CNN), Embeddings (recommendation models), Fully-connected (FC) Details Unique considerations entails unique engineering solutions
1. Fundamentally low operational-intensity i.e., memory-bandwidth bound e Intervening activation function (softmax) not element-wise
= Standard data-flow that exploit intra-operator reuse are ineffective Reduction requires specific slices of data = Imposes data dependencies
2. Quadratic growth in memory with sequence length e FLAT develops an effective tiling and data movement strategy that respects data
= Places pressure on off-chip memory bandwidth and on-chip memory capacity dependencies while enabling cross-operator fusion

3. Evaluation 4. Impact and Implications

- [1 Naive B FLEX FLAT is simple, effective and impactful
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= — T . . ® Enables improved performance on GPUs and TPUs (via XLA compiler) on deployed models
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:-g 0.6 E FLEX requires 2x more on-chip butter ® Enables use-cases not previously possible: long sequence, larger batch size

i ; to match the performance of FLAT o |

§°'4 : Implications for accelerator co-design
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§ 0.0 1Ll E ® Demonstrates importance of cross-operator fusion for foundational Transformer models

TG %04 %Oé/ o Cog, %, o De-facto for (current and) future accelerators (e.g., similar ideas in FlashAttention)

20 KB 200 KB 20 M8 2GB o Critical input in design-space exploration: e.g., on-chip buffer size, off-chip memory bandwidth
WSINR Raer S e New efficient attention algorithms present new compute-memory tradeoffs
o A new landscape of opportunities for dataflow and codesign!

Runtime Sequence Length (Batch Size=1)
(ms) 128 512 2K 4K 16K 64K 128K
Baseline 12 74 697 OOM OOM OOM OOM ,
L AT 1T 15 175 224 4599 64350 OOM FLAT enables larger batch size and FLAT on GPU
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Runtime Batch Size (Sequence Length=256) la rger sequence le ngt h on real 1 5 3 2 8
(ms) 1 16 64 128 256 1K 2K N (GPU) o X X X
Baseline | 36 630 2520 5230 OOM __OOM oom  >Ystems .
FLAT 28 480 1,870 3,740 7,560 34,010 OOM Speedup Seq uence Length Batch Size
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