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We propose a novel neural responding machine.

In this model, batch normalization is applied to attention

mechanism to help optimization. We also build a system can collect enormous amount of conversational tweet
for training the model. Experiments result show that the model achieves lower perplexity with at least 1.4 times
faster in training time, and outperforms a state-of-the-art attention-based model. Furthermore, qualitative analysis
reveals that the model can generate natural responses to unseen tweet.
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Table 2: 7 A b F— 212X 9 2 JHE AR DB

Queryl <NUMBER> th, and yes , i recently had my first trip there <EOS>

Responsel | aw <REPEAT> that ’s so exciting ! <REPEAT> <EOS>

Response2 | i’m glad you enjoyed it ! <REPEAT> <EOS>

Response3 | i’m glad you had a good trip <EOS>

Query?2 i just spent <NUMBER> minutes of my life watching joe sugg play a video game . <REPEAT> and i 'm
about to do it again . <EOS>

Responsel | i’m watching it right now . <REPEAT > <EOS >

Response2 | do you have a link to the video ? <EOS >

Response3 | do you have a link to the game ? <EOS >

Response4 | i’m so glad i 'm not the only one watching this <EOS >

5. F, AL T — 2 IR 2R AR 1 IR Y. 51T,
BIH30 DE—L Y —FICX BT AL F—FIIHNT BIE4 K
DOF %2 IR,

Aot

Fexld, KEEY A — P2 RBBEERT 2> 27 L Z2F5E L, N
LT — 2 1IN LT, a2 hatifl & sl a3l 217
Z % batch normalized attention-based neural responding machine
ZEREL BUE VTV A4 L TOFEETIE 2 LT, bach
normalized attention mechanism %2> L 72 & D W2y 7 —
7, LD RBEOREFEY A — M TOFEZHH LT 5.
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