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* Typical attention mechanism in recurrent neural e et S
 network (RNNSs) builds attention upon subsequence ! Encoder cf L Decoder i
~ representation on source sentence. ’ l :
* Word Attention builds itselt upon clean and specific i iy i
word-level representation. o - i
* Enhance the model to extract more adaptive and i - i
- comprehensive source context vectors on different E i
abstractive levels. E St B R | i JI
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' We leverage source side word |level information to form a |
~ complementary attentive word context besides the '

* Text Summarization, Gigaword

- hidden context. Model RG-T | RG22 | RG-L
* We propose contextual gates to dynamically select the ABS 29.50 | 11.32 ) 2642
s . ABS+ 29.76 | 11.88 | 26.96
~amount of hidden context and word context. RAS.Elman 23378 | 1507 | 3115
* State-of-the-art result on WMT’14 English-French 12M | Feats2s 32.67 1 15.59 | 30.64
ning d Luong-NMT 33.10 | 1445 | 30.71
training data Shen MLE 32,67 | 1523 | 30.56
'''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' i +MRT 36.54 | 16.59 | 33.44
RNNsearch 33.67 | 15.68 | 31.67

+Word Attention 35.64 | 16.64 | 33.03

+Contextual Gates | 35.93 | 16.99 | 33.41
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' Compute word attention WE|ght5 based on word Table 1: ROUGE FI1 scores on abstractive summarization

embedding test set. RG-N stands for N-gram based ROUGE FI1 s-
| | core, RG-L stands for longest common subsequence based

exp(e ﬁ) B | ROUGE F1 score. Our work 1s significantly better than |
B;i = J er. = v} tanh(Wys;_1 + Upx;) | 5 ?
TRl v LTl pSict HUpxp) RNNsearch (0 < 0.01.
5 k=1 “¥PCix
* Word Context o Natiral Marhina Tranclat :  \NNT '110 En_Er IW/CIT 11 Do Fn |
. * Neural Machine Translation, WMT’14 En-Fr, IWSLT'14 De-En
s x
| B | | Model Data | BLEU
—_ i i Model Word | Params | BPE | Params ,
cC. = ﬁ i - X | ; LAU (Wang et al. 2017) 12M | 35.10
l 177] NPMT+LM 29.16 - - - Deep-Att (Zhou et al. 2016) 19M | 35.90
j —1 2-2 RNNsearch 2901 | 243M | 31.03 | 25.0M Deep-Att (Zhou et al. 2016) 360 1 3770
i 5 i +Word Attention 29.68 | 249M | 31.71 | 25.6M Deep-Att+PosUNK (Zhou et al. 2016) | 36 M | 39.20
i : : | i +Contextual Gates | 2991 | 25.6M | 31.90 | 26.3M GNMT (Wu et al. 2016) 36M | 3895
* Update target hidden state and predict next token e RNt e
5 a P - Table 3: BLEU scores on De-En test set for 2-layer models. +Contextual Gates [2M ] 39.10
S i — f Si— 1) yi— 1) C; ,C. . The BLEU number for baseline model “NPMT+LM" is re- o
l L i - ported in the original paper (Huang et al. 2017). Our work is Table 4: BLEU scores on En-Fr test set. Our work is signifi-

cantly better than 4-4 RNNsearch (p < 0.05).

a ﬁ significantly better than 2-2 RNNsearch (p < 0.01).
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* Contextual Gates to combine hidden and word context in
i § . looks
| _ a .o P B . like
0; = U(Woyi—1 t UpSi—1 + Co€i + (¢, ) e
_ a b e
si = f(Si—1,Yi-1,0; - ¢i, (1 — 07)¢; ) T
| | (a) Attention weights from RNNsearch. (b) Gated attention weights from our model.
and the wqud we now live in quks |i|~|(e this . <eos>
I
Contact Figure 3: Visualization of the gate units on one De-En trans-
o Wulijun3@mai|2.sysu.edu.cn lation case. This figure shows the target sentence. The deep-
er blue color refers to larger value of 1 — o;, which means

the decoder concentrates more on word context.



