

https://ictkc.github.io/teaching/

9 (£ Z A AE]




&) TENTRRT

g University of Chinese Academy of Sciences

Encoder-Decoder/5RIE

J5EI2RE, BRIA

<start> (] = ERE X <end>



Encoder-Decoderffm

AXX—TEEKERC, BE

(o))

<start> F{[] = ERE &KX <end>




o R
68 YT RRT
\ 4 University of Chinese Academy of Sciences

CBVER: IBRAMBER L4 1S

the late Emperor was taken from us before he could finish his life's work, the
restoration of the Han. Today, the empire is still divided in three, and our very
survival 1s threatened. Yet still, the officials at court and the soldiers throughout
the realm remain loyal to you, your majesty. Because they remember the late
emperor, all of them, and they wish to repay his kindness in service to you. This is
the moment to extend your divine influence, to honor the memory of the late
Emperor and strengthen the morale of your officers. It is not the time to listen to
bad advice or close your ears to the suggestions of loyal men. The emperors of the
Western Han chose their courtiers wisely, and their dynasty flourished.
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the late Emperor was taken from us before he could finish his life's work, the
restoration
survival 1s

e suggestions of loyal men. The emperors of the
s wisely, and their dynasty flourished.
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the late Emperor was taken from us before he could finish his life's work, the
restoration ¢f the Haph. Today, the empire 1s still divided in three, and our very
survival 1s fhreatengd. Yet still, the pificials at court and the soldiers throughout
the realm/remain loyal to you, yoyr majesty. Because they remember the late

emperor;/all of they, and they wish/to repay his kindness in service to you. This is
the monient. to extend your divigfe influence, to ho the memory of the late
Empergr and strgngthen themorale of yﬂﬁr officers. It 1s not the time to listen to
bad agdvice or cl oux-ears to the suggestions of loyal men. The emperors of the
Westérn Hanc theircourtigrs wisely, and their dynasty flourished.
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Luong, Minh-Thang, Hieu Pham,etc. "Effective approaches to attention-based neural machine translation." EMNLP 2015. 15



g University of Chinese Academy of Sciences

AR DN BIF L2 /E

[PDF] Neural machine translation by jointly learning to align and translate
D Bahdanau, K Cho, Y Bengio
arXiv preprint arXiv:1409.0473, 2014 - peerj.com

Abstract
Neural machine translation is a recently proposed approach to machine translation. Unlike

the traditional statistical machine translation, the neural machine translation aims at
building a single neural network that can be jointly tuned to maximize the translation
performance. The models proposed recently for neural machine translation often belong to
a family of encoder—decoders and encode a source sentence into a fixed-length vector

from which 2 decnder Aaenarateae a franceclatinn In thie nanar we coniactiirea that the 11ea Af
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Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Bengio. Neural machine translation by jointly learning to align and translate, 2014.
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the late Emperor was taken from us before he could finish his life's work, the
restoration of the Han. Today, the empire is still divided in three, and our very
survival 1s threatened. Yet still, the officials at court and the soldiers throughout
the realm remain loyal to you, your majesty. Because they remember the late
emperor, all of them, and they wish to repay his kindness in service to you. This is
the moment to extend your divine influence, to honor the memory of the late
Emperor and strengthen the morale of your officers. It is not the time to listen to
bad advice or close your ears to the suggestions of loyal men. The emperors of the
Western Han chose their courtiers wisely, and their dynasty flourished.
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