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1 : Sequence-to-Sequence Learning as
Beam-Search Optimization [Wiseman+]
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Machine Translation (BLEU)
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2 : Memory-enhanced Decoder for Neural
Machine Translation [Wang+]
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2 : Memory-enhanced Decoder for Neural
Machine Translation [Wang+]
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SYSTEM MTO03 MT04 MTO5 MTO06 | AVE.
Groundhog 31.92 34.09 31.56 31.12 | 32.17
RNNsearch* 33.11  37.11 33.04 32.99 | 34.06
RNNsearch* + coverage | 34.49 38.34 34.91 34.25 | 35.49
MEMDEC 36.16 3981 3591 35.98 | 36.95
Moses 31.61 3348 30.75 30.85 | 31.67

RNNsearch: 775> 3 > ff&seq2seq
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3 : Sequence-Level Knowledge Distillation [Kim+]
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Knowledge distillation
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Model Prune % Params BLEU Ratio

o
f{‘%ﬂefgggiggtfgaﬁ“% 4 % 1000 0% 221m 195  1x
E*EIDEEO)BLEU%EEE 2 X 500 0% 84 m 193 3><
o 2 % 500 50%  42m  19.3 5

NCESly ahy —
gi%;ngéf\g% 2 % 500 0%  17m 19.1  13x
=5 (CEsEH A AL 2 x 500 85% 13m  18.8 18%
2 % 500 90% Sm 185  26x

. [EFRE DBLEUZZER L D DEME(C A
» 3E4% : https://github.com/harvardnlp/seq2seg-attn




Seq2seqETI/LOMEREFE &

« EMNLP2016(CH VW TCIRENICNETFE

— 1EHE/4RE

HZBH| 2B TET DR DOFE [Wiseman+]

- T A—HFDXRY NIJ—DO%ZNE [Wang+]
— BT I)LOEAE [Kim+]

« INNBEDLDIRFERNDDIN ?

- BEO7AT 771 —TI)L L TEE
 [Wiseman+] DX S ICEEFRD 7 A 7 7= DAL
- EFI)ILOEZRIE, sTEDEZEL
« E5)LOEME [Kim+] BZEZ:EHD

 Convolutional NN/ EZFIFA U TCETEZ AL
— RNNECNNDFIsRZEL D J=EF)LE [Bradbury+ arXiv]



RNN vs. CNN
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« Convolutional Neural Network Language Models [Pham-+]

- EBEFI)L (O—48F9) ZCNNTEE, LSTMELEE
Model k w Penn Treebank
val | test | #p
| FFNN (Bengio et al., 2006) 128 - 156 | 147 | 4.5
Baseline FFNN 128 - 114 | 109 | 4.5
CNN — +CNN 128 3 108 | 102 | 4.5
+MLPConv 128 3 102 | 97 | 4.5
- +MLPConv+COM 128 | 345 | 96 | 92 8
RNN (Mikolov et al., 2014) 300 1 133 | 129 | 6
LSTM (Mikolov et al., 2014) | 300 1 120 | 115 | 6.3
LSTM (Zaremba et al., 2014) | 1500 | 2 82 | 78 | 48

. fEXDN,

Penn Treebank C@perplexity
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ﬁleggenc]e to Sequence Learning with Neural Networks [Sutskever+
14

Sequence-to-Sequence Learning as Beam-Search Optimization
[Wiseman+ EMNLP 16]

Memory-enhanced Decoder for Neural Machine Translation [Wang+
EMNLP 16]

Controlling Output Length in Neural Encoder-Decoders [Kikuchi+
EMNLP 16]

Neural Headline Generation on Abstract Meaning Representation
[Takase+ EMNLP 16]

Sequence-Level Knowledge Distillation [Kim+ EMNLP 16]
Online Segment to Segment Neural Transduction [Yu+ EMNLP 16]

Convolutional Neural Network Language Models [Pham+
EMNLP 16]

Quasi-Recurrent Neural Networks [Bradbury+, arXiv]



