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Research on the fundamental principle of
the attention module in sequence-to-sequence model
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[ Abstract] The encoder-decoder attention matrix has been regarded as the (soft) alignment model for conventional neural ma-
chine translation (NMT ) models such as RNN-based models. However, it is shown empirically that this is not true for the
Transformer. On comparing the Transformer with the RNN-based NMT model, the paper finds two inherent differences, and
accordingly presents two methods of capturing word alignments in the Transformer. Experimental results demonstrate the feasibility
of the proposed methods. For the Transformer, both the accuracy of the word alignment and the performance of machine translation

are improved using the proposed methods.
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Fig. 1 Three attention matrices
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Tab. 1 Experiment results of the baseline system

EX AER BLEU (MT02) BLEU (THU)
RNN-NMT 18.9 22.11 11.21
Transformer 28.2 25.50 28.18
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Tab. 2 AERs of different heads of the transformer

kS 0 1 2 3 4 5 6 7

AER 31.6 31.8 31.9 30.7 30.1 346 292 282
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Tab. 3 Effects of modifying the number of heads of self-attention

mechanism
ESo AER BLEU (MT02) BLEU (THU)
#=1, hy, 31.3 23.35 28.30
#=2, hy, 27.9 23.87 27.82
#=4, h,,, 30.1 24.76 28.03
#=8, hy, 28.2 25.50 28.18
#=16, h,,, 29.1 25.24 28.55
#=8, aver 32.3 25.50 28.18
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Fig. 2 Evolution of AER and word-level BLEU score
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Tab. 4 Experiment result of supervised attention mechanism

£ AER  BLEU (MT02) BLEU (THU)
RNN-NMT( #£48) 18.9 22.11 11.21
RNN-NMT( A ¥E) 171 22.21 11.72
Transformer( J£4% ) 28.2 22.50 28.18
Transformer( A M)  21.5 23.52 25.67
GIZA++ 19.3 - -
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Tab. 5 Effects of adding encoding masks

E30) AER  BLEU (MT02) BLEU (THU)
$£2% (Transformer) 28.2 25.50 28.18
-+ I 1) 2t A 3285 25.1 26.66 27.49
+ 5[] & Ly 25 B8 25.4 25.92 28.08
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Tab. 6 Experiment results of adding bidirectional RNNs

LSTM AER  BLEU (MT02) BLEU (THU)
ifidaR (#=1) 29.3 25.12 28.32
AR (#=2) 25.6 25.88 27.86
D (#=1) 28.6 25.76 28.33
RS (#=2) 25.2 26.33 28.00
It s+ ge (#=2) 253 26.10 28.43
FELL 28.2 25.50 28.18
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