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éRecurrent Neural Networks have been widely used for sequence learning, like LM, NMT.
However, successful RNN models are usually big, which are time-consuming and memory-costly.
éOur work aims to design an efficient RNN architecture for sequence learning with better parameter efficiency.
Main approach (an divide-and-conquer approach):
- 1. Divide the hidden states into different disjoint groups to learn intra-group temporal correlation efficiently
- 2. Rearrange the representation to recover the inter-group temporal correlation with almost no cost

a. Group recurrent layer for intra-group correlation b Representation rearrangement layer for

* Split input and hidden states in to K disjoint groups inter-group correlation

* Each group performs recurrent learning independently  * rearrange the hidden representation, to make sure
é K times more efficient w.r.t parameter and computationéé the subsequent layers, or time steps, can see features

from all input groups
* The operation is parameter-free and simple

@ Representation ability drops since failing to capture the
inter-group correlation '
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Our proposed Group RNN

hy¢ = concat(hi, h, ..., hi%)

Vanilla RNN RNN with group recurrency
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