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« Conference on Empirical Methods in Natural Language Processing
« EMNLP 2016 (ZAustin, Texas TEfE CKETOREIZ4EE)
s BARERBUWERDELRERRZDOO LD
« ACL special interest group on linguistic data and corpus-based approaches

SIGDAT, the Association for Computational Linguistics

special interest'group on linguistic data and corpus-based
approaches to NLP, invites you to participate in EMNLP
2016.

The conference will be held on November 1-5, 2016
(Tue-Sat) in Austin, Texas, USA.
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Long Papers Short Papers &5t

747 438 1,185
Bit s 1= a% 687 400 1,087
PRI 177 87 264
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Day 1 Invited Talk

/Z:\n%ézi\{zlg @4‘ = Ey, Sessio

A= Half Minute Madness
) Kn& j: 11/2 3 47 3E| El Poster Session & Dinner

c 11/12Fa—FYTI+T—0 g3y

e 11/5 127 —20 3w Day 2 Invited Talk
'EI: ’f_.l'n%/ﬁi\'g'fh
c 20D EEFHRKX LY 3~

e [Half minuteFH 3k + RX X —FREX]|H2[ Half Minute Madness

e« HMM Cié\i*ﬂ&bf @Eﬁdy Poster Session & Dinner
C OV SRS DR R —FRE DB
Day 3 Invited Talk
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Sessio

Best Paper Session
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« Learning in extended and approximate Rational Speech
Acts models
. Christopher Potts (Stanford University)

* EL:EEL (pragma’ucs) @H% {Pragmatic Speaker}
Ratlonal Speech ActET L
e MENE OBIRT HZHLEEEL T beard glasses tie Pragmatlc Llstener
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Ef& © http://web.stanford.edu/~cgpotts/talks.html - tie 0 .33 -




Learning Models of Language, Action and Perception for

Human-Robot Collaboration
« Stefanie Tellex (Brown University)

c Oy bz BASEBTIRIET 55
- Partially Observable Markov Decision Process (POMDP)

o 1 — —U-ﬂ%nﬁa) .EE%q:
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« VI AF YRR DIERE
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BfR : https://www.youtube.com/watch?v=0zWTyH4nGlcv



* You Talking to Me? Speech-based and multimodal

approaches for human versus computer addressee detection
- Andreas Stolcke (Microsoft Research)

e 5 ("Hey Siri”" %3 &) L T —HYICRILT DFEDEE

 Addressee detection task

s SEFEHEL Y H EESEHELER
o VRTLIZMEITTCEFHETEE, AFLYBRBEIZEET
« Monaco Dataset (3E/NF)
e 2 3ANTCEENFEI—V Vv b ETART— 14
s WA UERE, hAXATBERZCEK
e BRIBIIEIH X VIRICILI= W
- HBEIEXH DDV EESFHEICHENTHL

B£R : https://www.microsoft.com/en-us/research/wp-content/uploads/2016/11/EMNLP2016-addressee-detection.pdf
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== * Multi-view Response Selection for Human-Computer Conversation
ZRE o Addressee and Response Selection for Multi-Party Conversation
=z + Deep Reinforcement Learning for Dialogue Generation

%
=&« Conditional Generation and Snapshot Learning in Neural Dialogue
Systems

4— * Real-Time Speech Emotion and Sentiment Recognition for Interactive
=v ., Dialogue Systems

 Nonparametric Bayesian Models for Spoken Language Understanding

iz« How NOT To Evaluate Your Diglo%ue System: An Empirical Study of
Unsupervised Evaluation Metrics for Dialogue Response Generation
J—/NX

o The Teams Corpus and Entrainment in Multi-Party Spoken Dialogues
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« Multi-view Response Selection for Human-Computer Conversation
- Addressee and Response Selection for Multi-Party Conversation
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« Deep Reinforcement Learning for Dialogue Generation
« Conditional Generation and Snapshot Learning in Neural Dialogue

— Systems

- Real-Time Speech Emotion and Sentiment Recognition for Interactive
Dialogue Systems

_» Nonparametric Bayesian Models for Spoken Language Understanding

+ How NOT To Evaluate Your Dialogue System: An Empirical Study of
Unsupervised Evaluation Metrics for Dialogue Response Generation

« The Teams Corpus and Entrainment in Multi-Party Spoken Dialogues




Multi-view Response Selection for
Human-Computer Conversation
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Utterance Embedding

word-level gated recurrent unit layer __——— word sequence view ———

T e e T e e e S e D Y=

Edk@EY D
BEZE L ~LRNN

word embedding layer

BITY Y Y 1)

temporal convolutional
layer with padding size 1

Utterance O max pooling layer Reséonse |

embedding u,, ®) embedding 7,
H=lChnA 7= -
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utterance-level gated recurrent unit layer . utterance sequence view —
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["D = Z(pw(li)p—u(li) -+ pu(li)p—w(li))
Le= Z(l — puw(l:)) + Z(l — pu(l))
e Ubuntud —/NX TOFHM, 1IEEA EAIKEICEENSEIEH M E
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Model/Metrics linlOR@1 | 1inl0R@2 | 1in I0R@5 | 1in2R@1
Random-guess 10% 20% ' 50% 50%
TF-IDF 41.0% 54.5% 70.8% 65.9%
Word-seq-LSTM (Lowe et al., 2015) 60.40% 74.50% 92.60% 87.80%
Word-seq-GRU 60.85% 75.71% 93.13% 88.55%
Utter-seq-GRU 62.19% 76.56% 93.42% 88.83%
Multi-view 66.15% 80.12% 95.09% 90.80%




Conditional Generation and Snapshot
Learning in Neural Dialogue Systems
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Generation Network
<v.name> serves great <v.food>

Intent Network

Can | have <v.food>
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Snapshot Learning
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Deep Reinforcement Learning for
Dialogue Generation

c REEREOHBEDLIDIL DX 0L WEENEMRS NPT LY

c I—2Y ¥ MR ZRES B TAHIADNETE

c ICIC RBEDTZ v IH—IL] ITELDIENDDD

- L FEORIEAZEHT S

c REMNEERPTVREERZIT) FEORE (B TR)

Baseline mutual information model (Li et al. 2015)

A: Where are you going? (1)

B: I'm going to the restroom. (2)
A: See you later. (3)

B: See you later. (4)

A: See you later. (5)

B: See you later. (6)

X &Y EIA

A: Where are you going? (1)

B: I'm going to the police station. (2)

A: I’'ll come with you. (3)

B: No, no, no, no, you’re not going anywhere. (4)
A: Why? (5)

B: I need you to stay here. (6)

A: I don’t know what you are talking about. (7)




Deep Reinforcement Learning

 JREEZZARNNDOXR Y MLTRIBLI-FETIL
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1. %E%ﬁ ICEonsd T mELCHEWVIRE] # AFTERE
“| don’t know what you are talking about”, “I have no idea”, 7 &£ 8%&%8
s INBLEFEST-BYA T XDE
2. FTILWERZEL L O BRFICHNZ 52 5
hps'hpm
[Pop | Ay |
FFRFEPZRNNTIZ >y O—FL7=RT b
-meﬁﬁt@:#47ﬁwﬁﬁﬁuﬁaiu
3. XEELTELORFKENL I

backward

rg = TlogpschSeq(alq'z pt)+vv_ log Dseq2seq (Qzla)
« RNND' S DAEREXRAT LI E LW

N

—logcos(hp,, hy,,,) = —log



e T—2 Y MAEZDOEFE N LY RIS LD ICH o7
e LLESFIED mutual information [£Seq2seqd X B

Model
SEQ2SEQ

mutual information
RL

# of simulated turns

2.68
3.40
4.48

cWEEXFELY HLEENRENCT Z ) BRENERTETLS

Input Message Mutual Information Model RL

How old are you? I'm 16. I’'m 16, why are you asking?
What’s your full name? I have no idea. What’s yours?

I don’t want to go home tonight. Really? Why?

Do you have any feelings for me?
How much time do you have here?
Shall we get started?

Do you play football?

We’d have to talk to him.

How come you never say it?

I don’t know what you are talking about.
Not long enough. Sorry, sir.

Of course!

No, i don’t

I mean, he’s a good guy

Because I don’t want to hurt you.

I don’t want to hurt your feelings.
Ten seconds.

Yes. We've got a lot of work to do here.
Yes. I love football!

About what ?

I don’t think it’s a good idea to say it.

*x HZawX &Y EIH
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How NOT To Evaluate Your Dialogue

System: An Empirical Study of Unsupervised Evaluation
Metrics for Dialogue Response Generation

* XEEY AT LOBHFHEFEICE Y 5 HRE

e HODLOHAEIN-Ground-Truth/lo& & DFBELUEICE LW TWA
« FEROFHMICEHNSBLEUR, Z2HOFMICHEHLNHROUGELR &

« A D & 5 mModel Response®
BLEUX 2377130275

« AFFHil & DeEEZBA O HICT S

EREE WKV

Context of Conversation
Speaker A: Hey John, what do you want to do tonight?
Speaker B: Why don’t we go see a movie?

Ground-Truth Response

Nah, I hate that stuff, let’s do something active.
Model Response

Oh sure! Heard the film about Turing is out!
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« BLEU-N : N-gram® —2{3
« METEOR : BATRIJICEZEZ 7 74 A > b L7 E COEHBE—HDF-measure

« ROUGE-L : Longest Common Subsequence (LCS) (ZE 2 < F-measure
« Embedding X — X F%&
« Greedy Matching : EHEEDword embedding® 3 Y A > FELUE DA
- REEE, b3V VBUEOSVEEBZHEFIESR
« Embedding Average : XEDNY FILIFEREZZEONR Y MILOFHET 3

e ZO YA VELUEAES
e Vector Extrema : XEBEDAR T MMILDOED %, BREZORAKES T35

« ZDaAY A AELEAIS
e WVINDH, Ground-Truthé& ENFEIFEITWBH %S
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o FEEEIRNEF;
« TF-IDF : X7 M IILOFEMEN S WLFEE % FEIR
« Dual Encoder : X[k Z RNNIZH [T THE SN 5 Embedding D&
FEL 7 FEIR
FHamE T

AU DY

« LSTM : RBbHERORETWVRREIZT ) —T 4 IZBB L CTEB TR LT
« Hierarchical Recurrent Encoder-Decoder (HRED) :
13551 X7 b LICHRS L72RNNIZ & B Encoder-Decoder
Ubuntu Dialogue Corpus Twitter Corpus
Embedding Greedy Vector Embedding Greedy Vector
Averaging Matching Extrema Averaging Matching Extrema |
R-TFIDF | 0.536 £ 0.003 | 0370 £ 0.002 | 0.342 £ 0.002 | 0483 = 0.002 | 0356 = 0.001 | 0.340 = 0.001
C-TFIDF | 0571 £0.003 | 0.373 £ 0.002 | 0.353 £ 0.002 | 0531 =0.002 | 0.362 = 0,001 | 0.353 = 0.001
DE 0.650 £ 0.003 | 0413 £0.002 | 0376 £ 0.001 | 0.597 = 0.002 | 0.384 = 0.001 | 0.365 = 0.001
LSTM | 0.130 £ 0.003 | 0.097 = 0.003 | 0.089 + 0.002 | 0.593 = 0.002 | 0.439 = 0.002 | 0.420 = 0.002 |
HRED 0.580 £ 0.003 | 0.418 £ 0.003 | 0.384 = 0,002 | 0.599 = 0.002 | 0,439 = 0.002 | 0.422 = 0.002
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« 25 NDFHIE D1 D 55D R4 — )L T100F 5% % 5H
- BEIFHMEFE & DIRGIARIEIERICTEWC LA DD o 7:
Twitter Ubuntu
Metric Spearman p-value | Pearson p-value @ Spearman p-value | Pearson p-value
Greedy 0.2119 0.034 0.1994  0.047 0.05276 0.6 0.02049 0.84
Average 0.2259 0.024 0.1971 0.049 -0.1387 0.17 -0.1631 0.10
Extrema 0.2103 0.036 0.1842  0.067 0.09243 036 | -0.002903  0.98
METEOR 0.1887 0.06 0.1927 0.055 0.06314 0.53 0.1419 0.16
BLEU-1 0.1665 0.098 0.1288 0.2 -0.02552 0.8 0.01929 0.85
BLEU-2 0.3576 <0.01 | 03874 <0.01 0.03819 0.71 0.0586 0.56
BLEU-3 0.3423 < 0.01 | 0.1443 0.15 0.0878 0.38 0.1116 0.27
BLEU-4 0.3417 <0.01 | 0.1392 0.17 0.1218 0.23 0.1132 0.26
ROUGE 0.1235 0.22 0.09714  0.34 0.05405 0.5933 | 0.06401 0.53
Human 0.9476 < 0.01 1.0 0.0 0.9550 < 0.01 1.0 0.0
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