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Pervasive attention: the aggregation

n state-of-the-art encoder-decoder models, the source and target sequences are
orocessed separately. The decoder, equipped with an attention mechanism,

@@@@ To aggregate activations across source posi-
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Experimental results

Encoder
Inputs: source sequence x = (X1, Xo, . .
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Depending on the chosen architecture, the encoder computes the source rep- Sub-word segmentation

Pre-processing: Sequence length

- » Tokenization (Moses). » BPE (Sennrich et al., 2016).  m=n =
resentations. _ | oo Bl NN
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Recurrent Convolutional Self-attention Comparison to the stat-of-the-art
De—En #prms En—De #prms
Decoder P P
sRNNsearch (Bahdanau et al., 2015) 29.98 13M @ 25.04 15M
Inputs: source codes (s, . .. 7S|x|) and target sequence y = (y1, y>, . . . ,)/|y|)- Varational attention (Deng et al., 2018) 33.10 - - :
At every step t: smConvS2S (MLE) (Gehring et al., 2017) 31.59 21M | 27.18 22M
» Under the architecture, compute the hidden state h; causally. ConvS2S (MLE+SLE) (Edunov et al., 2018) 32.84 - - -
» Given the new state, the attention mechanism yields a context c;. = [ransformer (Vaswani et al., 2017), V1 3442 46M | 28.23 48M
_ . sn [ ransformer (Vaswani et al., 2017), V2 34.44 52M @ 28.07 52M
» h; := combine(h;, ¢;).
Pervasive attention (ours), V1 33.86 11M 2721 11M
. . . P | ttentl V2 34.05 22M 2797 22M
Pervasive attention: the input ervasive attention (ours),
B models we trained using either our implementation or fairseq. B 10 averaged checkpoints.
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» Causality: with masked filters in the target direction.
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> Cont?xt. grown with stacked convolutlohs. | | (3) Max-pooling (b) Self-attention d) Self-attention
» Padding: throughout the network to maintain source/target resolution.
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Due to memory/compute limitations, O(|x|.|y|) instead of O(|y| + |x]|), we
truncate sequences longer than 80 tokens when training which affects the per-
formance on long sequences.

» Using a single-block DenseNet (Huang et al., 2017) with L layers.
» FEach layer grows its input channels by g.

» A sequence-to-sequence model outside of the encoder-decoder paradigm.

» A convolutional architecture, proving they work well for NLP problems.
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