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Why Traditional RNNs?

State-Tracking Tasks cannot be solved by
Transformerst and current SSMs (Mamba®!) !

Example Parity Task

* Given a sequence of zeros and ones, add a %igigéﬂg
zero or one, such that the total number of ones
IS even.

* Solved by a simple flip-flop, 1-bit finite-state automaton
* Cannot be solved by Transformer or Mamba in extrapolation
 Parity is only the simplest form of a State-Tracking Task [1]

BUT: Can be solved by
J ¥U Traditional RNNs
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Traditional RNNs

gates : (gﬁj)) states : (s§i))
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Traditional RNNs

e LSTMPD! — 4 gates, 2 states
states: yy, Cy gates: 1,1, %, 04
c: =0 (fy) -ci 1+ o (i) - tanh (z;)
y: = 0 (0¢) - tanh (c;)

* Elman Networks™ — 1 gate, 1 state
 GRUI®! — 3 gates, 2 states
 SLSTMU — 4 gates, 4 states
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Speed Optimization
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Speed Results
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I CUDA fused I Vanilla PyTorch PT nn.LSTM I CUDA fused I Vanilla PyTorch PT nn.LSTM
149.06 457.34
453.38
145.07
443 .44

439.96

440.18

—_ 135.6 135.34 —_
a 134.38 134.23 g 416.47
(0] (0]
E £
= 10. 11 =
8.9 9.0 25. 25
53 16.
3.0 4 11.
28 L3 2.0 5.21
B 18 l 14 113 71
00SM 00SM 00OSM 00SM 00SM 00SM 00OSM
DH=16 DH=32 DH=64 DH=128 DH=256 DH=768 DH=16 DH=32 DH=64 DH=128 DH=256 DH=768

NH=48 NH=24 NH=12 NH=6 NH=3 NH=1 NH=48 NH=24 NH=12 NH=6 NH=3 NH=1

J z U 30x — 140x speed up over vanilla PyTorch impl.

Seranens:  a bit slower than closed source cuDNN LSTM



Language Modeling Test and Parity

Language Modeling on SlimPajama®, 160M parameters: FlashRNN-based RNN
models with Transformer backbone are just 2x slower than Transformers

Model Heads Param. (M) Train Time (h) Median Step (s) Val PPL (val)

LSTM CUDA fused 1 190 9.9 0.535 22.1
LSTM CUDA altern. 1 190 10.8 0.575 21.9
LSTM PT nn.LSTM 1 190 4.5 0.285 25.8
LSTM CUDA fused 12 164 5.9 0.325 22.2
LSTM CUDA altern. 12 164 9.6 0.511 22.1
sLSTM CUDA fused 1 190 10.1 0.543 21.3
sLSTM CUDA altern. 1 190 10.9 0.577 214
sLSTM CUDA fused 12 164 6.8 0.342 21.7
sLSTM CUDA altern. 12 164 9.7 0.509 21.8
Transformer 12 162 2.9 0.190 17.9

Parity Extrapolated Validation Results: RNNs can do state tracking

J z U Model Transformer Mamba mLSTM | Elman GRU LSTM sLSTM
JOHANNES KEPLER Acc (Ext.) 0.52 0.56 0.54 1.00 1.00 1.00 1.00
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Conclusion
* Traditional RNNs can be largely accelerated on
modern GPUs

* Not as fast in training as parallelizable
Transformers

* Valuable for Tasks that need State-Tracking
Capabllities
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