
Model Test (Ours) Test (Zhou) MSR-ATC Overall

EncDec+sGate 8.60 5.97 6.11 6.71
EncDec+sGate+UAM 52.52 50.91 51.07 51.41

Table 3: Alignment Macro Accuracy (%)

(a) Attention matrix of EncDec+sGate

(b) UAM prediction of EncDec+sGate+UAM

Figure 3: Visualization of models. The x-axis and
y-axis correspond to the source and the target se-
quence respectively. Tokens in the brackets are
source-side tokens aligned at that time step.

that of the attention model. This result is consis-
tent with the empirical results reported by Koehn
and Knowles (2017) and Luong et al. (2015). The
attention alignment mistakes are mostly due to pay-
ing attention to either the sentence period or to the
token decoded in the previous time step. It is note-
worthy that the accuracy of the UAM alignment
exceeds 50% even though we trained the model in
an unsupervised manner. The fact that the UAM
prediction acquires reasonable alignment suggests
that the UAM has the potential to provide us a
better understanding of the model’s behavior.

7 Conclusion

In this paper, we introduced the Unsupervised
token-wise Alignment Module (UAM), which
learns to predict the token-wise alignment of to-
kens in the source and the target. Experiments on
the headline generation task showed that the UAM
can achieve comparable performance to the current
state-of-the-art sGate model. In addition, the UAM
obtained token-wise alignment that is superior to
that of the attention model. This finding suggests
we can use the UAM as an alternative to the atten-
tion matrix to attain a better understanding of the
token-wise alignment of EncDec-based model.
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② UAM Predictions
! Repeated alignments are rarely observed
! Alignments are more discrete than attention

" Attention values are distributed to several tokens
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