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K. Noda, Y. Yamaguchi, K. Nakadai, H. G. Okuno, and T. Ogatq,
Applied Intelligence, Vol. 42, Issue. 4, 2015.
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LipNet

Y. Assael et al., 2016 (DeepMind)
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Figure 1. Watch, Listen, Attend and Spell architecture. At each time step, the decoder outputs a character y., as well as two attention
vectors. The attention vectors are used to select the appropriate period of the input visual and audio sequences.

input (120x120) convl conv2 conv3 conv4 convd fcb

I

conv conv conv
max max max
norm norm

Figure 2. The ConvNet architecture. The input is five gray level frames centered on the mouth region. The 512-dimensional fc6 vector
forms the input to the LSTM.

[28] K. Noda, Y. Yamaguchi, K. Nakadai, H. G. Okuno, and
T. Ogata. Lipreading using convolutional neural network.
In INTERSPEECH, pages 1149-1153, 2014.

[29] K. Noda, Y. Yamaguchi, K. Nakadai, H. G. Okuno, and
T. Ogata. Audio-visual speech recognition using deep leamn-
ing. Applied Intelligence, 42(4):722-737, 2015.
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Nextage Robot Controller
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Translation quality

Time |

[ Question | ([ Answer |
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I
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' “what” “empowered” “humanity”
.
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S N,
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. D
1
1
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, 4

“what” “is” “moral” “ <eos> ' ‘“what” “empowered”
Encoding > | Decod|ng>

perfect translation
* neural (GNMT)
phrase-based (PBMT)

English  English  English  Spanish  French  Chinese

> > > > > >
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Translation model

Conversation 5: Morality

Human: what is moral ?
Machine: what empowered humanity , what in-
tellectual the essence is .

Human: what is immoral ?

Machine: the fact that you have a child .
Human: what is morality ?

Machine: what is altruism ?

Human: what is the definition of altruism ?
Machine: if you don ’t believe in god , then you
don ’t know .

Human: ok ... so what is the definition of moral-
ity ?

Machine: well , the truth is , you ’re not a be-
liever in god almighty .

Human: rell me the definition of morality , i am
quite upset now !

Machine: i 'm not ashamed of being a philoso-
pher !

Human: rell me the definition of morality .
Machine: i don ’t have ethics .
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