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Motivation

* Recently, Linear RNNs with gating have become competitive to Transformers with softmax attention
o Gated Linear Attention, Mamba, GatedDeltaNet
°© mMLSTM (XLSTM with matrix memory)

* First frontier labs scale up (hybrid) attention alternatives, e.g. Qwen-Next or Kimi-Linear

* Two main drivers of this success:

Linear scaling in compute AND fast kernel implementations (Flash Linear Attention)

with runtime benefits over Flash Attention
Compute

Self-Attention

However, linear RNN kernels based on FLA often
cannot fully utilize modern hardware,

> because they materialize too many memory states
Sequence Length

Linear RNNs

‘ Tiled Flash Linear Attention fully utilizes the GPU
by introducing an additional parallelization dimension

v
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Chunkwise-parallel computation & Limited chunk size

FLA kernels leverage a chunkwise-parallel formulation of linear RNNSs:

intra-chunk tilin .
l N fing compute scales quadratically

l with chunk size

outputs (1) outputs (2) / but linear overall

Sequence: t2‘1234‘5678‘9101112‘
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stored and loaded memory states

chunk-size

Simplified model of the GPU

, fast
Problem: Chunk size in FLA kernels is limited by physical SRAM size. SRAM Caosmputations
(all inputs & outputs per chunk must fit in SRAM) $$$$

= We need to load & store many memory states! > Slow!

slow memory
transfer

= Solution: TFLA introduces an additional tiling dimension within the chunks!
(only inputs & outputs per tile must fit in SRAM, use more tiles for larger chunk size)
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Tiled Flash Linear Attention: Two levels of sequence parallelism
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TFLA divides the sequence into chunks
and parallelizes over chunks
(1st level of sequence parallelism)

The recurrent kernel materializes the (first) memory
state for each chunk



Tiled Flash Linear Attention: Two levels of sequence parallelism
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TFLA divides the sequence into chunks
and parallelizes over chunks
(1st level of sequence parallelism)

The recurrent kernel materializes the (first) memory
state for each chunk

The parallel TFLA kernel divides every chunk further
into smaller tiles

TFLA additionally parallelizes over the chunk tiles
(2nd |level of sequence parallelism)



Results

-

Time [ms]

previous

\ limit

Trade-off between memory & runtime

E Time [ms] I GPU Memory [GB]

64 128 256 512 1024 2048 4096
Chunk Size

—

runtime
optimal

GPU Memory

JX U |NXA

-

Time [ms]

-

State of the art training kernel runtimes

~

™ Flash

—-—
_—: Attention —* Mamba .- TFLA

et =

—————

512 1024 2048 4096 8192 16384 32768 65536

Sequence Length

Training kernel runtime j

=

TFLA kernels are faster than FlashAttention
& 2x faster than Mamba



Come and see us at our poster for more details!

* Application to xLSTM & faster mLSTM variant
* More kernel benchmarks

* Theoretical runtime and arithmetic intensity
calculations
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* Recording link: https://recorder-
v3.slideslive.com/?share=105189&s=0b7d7709-45dd-4507-9a44-

2851afcObe33
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