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Response Dialogue-Act Prediction based on Conversational History
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Sequence-to-sequence models are widely used to implement a chatbot. One of their advantages is that a chatbot
can be trained in an end-to-end manner. On the other hand, its disadvantage is that a process of response generation
is completely black-box. To solve this problem, interpretable response generation mechanism is desired. As a step
forward in this direction, we focus on dialogue-acts and propose a method to predict a dialogue-act of the next
response based on conversational history. Specifically, we consider both histories of utterances and their dialogue
acts. Experiment results using the Switch Board Dialogue Act corpus show that our method achieves 8.6%and
1.2% higher F-score and accuracy on predicting responses ~ dialogue-acts, respectively, compared to a previous

method that only considers the utterance history.

1. ELC®»IC

HHETZPHZEIDHUGEY AT LAPBACHEINT VWD
[Vinyals 15]. HEZFEIC L D050 AT LT, KBEEZR
T —REFETEIET, AFILEBIREN—NPNRER—
VOB ETOTIEEEERTELZ L WO ALH L. —
BT, IWEERDA N AL T I IRy 2 ATHY, H5D
ANFEGRT T BIE N ER S N BE R 2 2 L IR T
Ho5. ZOMEEMFRT 5720, Zhao 5 [Zhao 18] IZfFFAT
BERINEERE T VOEENEEZ FREL TV, RIFETIE, &
BEROBIE 2225872 F000 & UTHEE T ACERL
REATAHEEICH Y MG, 72, IWEERICB W T ETA
BWAEHTH 2D Z LWRINTED [Cervone 18], IHED
REAT A HEET B Z L IZEE R OMREN EADF 5 & 1T
TE 5.

KEGIE— I RKEE L IGEDRIITH D, B DERNTERT
REBEDONFATAOHER TR EOFKEOBIE L EET 5 Z
EWEREEZS5ND. WAFAIZE K 18] TIEFGES - IeED
RINE W TINE ORGEIT A% HEE L TWED, BEOXNFET
FDRFNIHZREL TV, MEETADRFIEZMIZHET 5
Z T, BEDMNEATADRI L IRDIGE DX ET AL OB
FEBEMNCEETE LA TES. FIRE, THwob] ©
FEIR U TR — RIS E DX G T A DOHEE XN TH 5 23,
MBI DFEFLIZHNT [HWIb | ORTEV AN S NG E
i, TEH) OMFET R ZREDIGE i) 5, THfR] DOFEE
IZHNT TdWnos | OFFEENP AN I NEGE1IE, TEM] ©
NEEIT 2% FEDINE 2R T 5 E, W TRaDRINEANS Z L
TENEEZINE O T AMENTEEL 72 5 L HIff T E 5.

T 2T, AW TIIINE OB FEIT 2 % 558 O R & 5847
BDORIEHWTHET 2 FIERIRET 5. RBEFETE, 5
FEDORE L X % Recurrent Neural Network (RNN) & xf&%
1THADRINERZ D RNN 22 nFNREEL, ThEFholih
ERAWTIRDIGE DN GETRAZHET 5.

EETOREEHESEI L, KEEHIINFEIT AT/ 7— b
X 17z Switch Board Dialogue Act (SwDA) I—/8Z *! %

AL M BE, KRBRKZRZRE SR 2R,
tanaka.koji@ist.osaka-u.ac.jp
*1  https://catalog.ldc.upenn.edu/LDCI7S62

FH\, Precision, Recall, FHED~ 7 10y & 2{KD Accuracy
L U CiHiisEik 21T - 72, ZTOFER, KRS OFEE
BUTFEO~Z 0PI BWTIE 8.6%, KD Accuracy
ZBWTIE 1.2% KA £ 5 Z & RI Nz,

2. FEEMHR

X FEAT 2 HEE DWIFEIZIE, FEET F A M5 2 DFEFEOX
AT R B HERE T 2 FEE DN G T RIEE &, FaliDRIN M HIRD
I DRI FELT R % HEE T 2 6B DR FEIT RIEEDVFET 5.

Fwh DX FEAT A HERE DO WFSE & L T, Kalchbrenner &
[Kalchbrenner 13] & F56E O J5 AT 2 F i & 2 2 7= RBL % 15
% Convolutional Neural Network (CNN) & F&&6 0D s
x5 RNN 2 WA FEEZEELTWS. SwDA I —2
A B HWTERU 7ZFEE, MAFOFMT S 2 W72 65517 4
W& DFiEE LR DHEE %ZER L TWD. 7z Khanpour 5
[Khanpour 16] i355i% AJj & §5%BD RNN 2% L T\
5. SwDA I — 2% HWTHEERU 2%, 80.1% DL T
Fah DX G T A DEE 2 WREIC L, BZEOWETYE 2 HW-F
#HE BRI DREEEZZERL TWS.

I DX T RAHEE DAFLE LT, KIS K 18] 135655
DEBLE/FD RNN EFEOR%E 1SS RNN 2iflAaahE,
B DN FET R EHEET 5. FHEEBRORER, ISEDNFEIT 4
W ITIIHFEO RGP AN THE I L ERLT WS, £
7=, J&EhE AJ1E UZ ORGEET R % HERE § 2 F6aG DN GE1T AodE
E LA, IRDIGE DX GEIT A% HEE T 5 I DR GEIT 2 HEE
DHNPWETH D Z L HRENT VS,

REFE

LICREFEOMEZRT. REFIEITFEGT & GG X
IRIGHR % R B 56T+ 2 b Encoder, X ah1T % D SCHRIG
W& ARFF 9 5085547 4 Encoder, X a7 A% HET 5 0K
MPHKD.
3.1 %EETF A~ Encoder

XEGET A N Encoder 1%, #&i% X2 bU{bd 5 RNN (F
7% Encoder) & ke X2 hLfbd % RNN (St Encoder)
Mo EING. AJIFEEZ BEDEIL 7% O % F5E Encoder

3.



1N2-J-9-04

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

DAty DAz
0% X
XAREncoder o \ P
————————— = D-\----->
c \ c
ﬁ%ﬁ?ﬁEnﬁ‘y o o
——————— ] D----—
c c
REREYY BEXEYY
F4&EEncoder
(9] (0] (9] (0]
= = = |[OOJO] = |[COO]
T T DA; DAy
Xi1 Xi,2 Xi;3 Xi+1,1 Xi+12 Xi+13

1: REFEOREN (@ BRI MLV OREEEREEZKT)

IZERINZ AN L, FEOR7 MVERBRZBSL, 22T, Ny
FII A T 57D DRINEER A B 720D T« v T %
1505, T4 VI OWRETGEER T MVIZED D L FEEON
WERIMTBEEZOND. XoT, FFERT FVIIAT 1 v
Z%ITOHIDO RNN DREZXZH WS, FL T, FonHKiaR
27 M V% SR Encoder 1IZ A1 U, #EDHKEERT NILD RS
EHEBUZXIRR Y MV EFS.

REGEE I 1 RAEHICHEEREE T LIRS T, AURK
DA CTEL T A ABIFMAT S, BEFIETIE, KES
[KIE 18] DFE L FRRZ, FFRT MIVICHEARBEDOAEE
RIWDIAANRY ML ZEKEL, Ik Encoder D AJ1 &3 5.

3.2 XEE1T4A Encoder

W FE4T 4 Encoder &, #EDHNFHITAHDRINDRY hLF
Bi% RNN 12 & - CEHET 5. i 7 AD R 2 F XK AS
TEZLT, BERONFTADEREZ XTI ML &G
5. AN DOXNFATHIET ORATORFTTI TG STV B IS
1iBTh5.

3.3 ILWBEDHFETRIEE

REFIETIE, WEfTAfEEE2 2 7 An%MEE LTE
AMbd 5. WFETF A N Encoder & X547 %5 Encoder 7 515
SNFzRY MVERBZEKL, 74— N747—FN=a—-F)L
2 N7 =2 2T ADHETE 2175,

4. FHMEER

4.1 EB®RT—¥

KT —XIEHCTORFEEEFESRIL, NEEfTAR TR
5 U7 SwWDA 2 —RNA%2 WS, SwDA I —RNRIIff5 X
NTWBIEETA1E damsl 27 2 (IZHEHLL TW B D, (5.3
NIRRT OEPDIRNEDWPFEL, +RICFEVRTEhvE
Ezohd., 22T, fi5% damsl[fR 09 22%129 2D X
ZIZHIR L 726 D& WS, SWDA I — N2 IZ& T D8
BUL 1,155, FahE 219,297 TH Y, 1 WEGIcEEN DG
BITFII 189 TH 2. 1 DDOFGEHITE TN DTG - InE DR
DIEHIZE WD, KEBRTIZ 1 NEHICE ENHKE - I6E R
JIEZ52L, Y1X5074 VKD E2ATA4 KNSELHI L
THFEEEy MEHET 5. TORE, FBRIZHWS T —X 0N

%2 https://web.stanford.edu/ " jurafsky/ws97/manual.august1.html

# 1: FBRT—XND R T DA

2 R 7 D1 E BRI
Statement e 576,005
Uninterpretable 74 7 — 93,238
Understanding ~ Pfi# 241,008
Agreement Eib=3 55,375
Directive ey 3,685
Greeting e 6,618
Question =il 54,498
Apology ELEE 11,446
Other I, BEERZYEEE 19,882
20 FBEER
Precision Recall Fff Accuracy
KIS 30.9 25.1 23.8 68.5
REERTFIE 52.7 325 32.4 69.7
DAseq only 44.7 28.7 279 67.1
DAseq + Utterance 45.8 29.0 293 68.2
DA + Utterance seq 30.1 19.5 18.9 65.1
Utterance 24.4 21.6 216 66.7

EBUE 212,367, FEEREUE 1,061,835 Loz, X DA
EF =R DR IO/ EE 1ITRT. I, BAFEHE, b
FizF =&y % 80%, 10%, 10% IZXFEHEAITT ¥ X A
WZHAEIL TR 5.

4.2 EBRBRE

AREERTIX, RNN & LT Gated Recurrent Unit (GRU)
[Cho 14] ZH\», HFE Embedding ORILENIE 300, F&Ef En-
coder ® GRU DR 7EEUE 512, SCHR Encoder @ GRU DX
JUEIE 513, MEE{T4 Embedding DIRIEEI 100, X FH{T4
Encoder ® GRU OXFLHIE 128 £ § 5. F7-, HHEHBOA
T ORI 641, PIEEORTTEIE 100 LT 5. 1 AR
IZRAT Y b Y-, KEIZd Adam[Kingma 14] %
AL, 28313 0.00005 £ 5. ZEIRY Z7HIE30 &L,
BRI T — 2 OO AR M NMEZ R U R RO EAZ FWNT
IS 5. F72, FHEREIC £ X557 A Encoder ~D AT A
NI EINTWBIEMON R T AZHAVWEED LT 5.

RIS NDLED, BUFETLADHBEBILS IR E
W, = Z TEMiitEREE LT, @RD Accuracy (ZH1Z, MEHT
AHETE D Precision, Recall, FAED~ 27 0% H\\5.

4.3 HRFE

AEERTITHRATIHE T D DK S DFIE L REFIE L % ik
TBHI LT, N TARNNEZET 2ANMEEMEET 5. £z,
REFRIZBI KTV R—32 v NOMBREZMGEEST 5720, &
ST R DSURD A2 S HEE %2175 ET IV (DAseq only) , 3
KON EEAT R D SR & IERT D FERE TG A% N THEE & 4TS
E7 )V (DAseq + Utterance) , [ERTOXNFHT 4 & FahR5 D
SHEEZETTS ET I (DA + Utterance seq) , ERTDFEZED
ARIPSHEE % 1T D ET IV (Utterance) % W THEZD LK%

P

17.

4.4 EERFER

BETIVOFHMFER %L 2 1877, £2 & D2IRD Accuracy
CBWTREFEPRDEWMETH 5 69.7% 2R U7, KIE
SOFELIIRL T, BEFIEN 1.2% @\ Accuracy &3 L
2. ZOZE XD, N TARIEZRT 5 Z EDIEEDR
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2: RFEATHI : EHTOXFET 2 &I DR FET 2 D BFR

FTAMEICBWTAEMTHD Z W nhb. £/, HATD
KEGAT A & F5aER51 % WD DA 4 Utterance seq & L L
T, EEFIED 4.6% B\ Accuracy ZR- L, KE S DFIEN
3.4% i\ Accuracy 2R U7z, ZDZ X &Y, EATOXEE T
BDAEFRT DGE, HEIEYEEL6T 2N
5. ZhiE, ERTOXNFE TR LINEONFETADOMHENENZ
EWFERTHDEEZOND.

2 \ZHERTDFEEE & IE DX FET ADORFITTE %2R, K2
L0, WEETAE LT [Statement] D5 XN TWBFEELIT
X9 B IE DX T4 [Uninterpretable] X [Statement |,
[Understanding] 7 £ 25 < 77 — ADMWHEIZZ WA, Z DA
DXFETHDEBIZDOWTIEAEDB KR EL, NiETAERDH
Mol N R—=VIFBHITE RV, 202 eh s, WNEETAZ M
WBIGE, RAEBET LI THEICARZRIERZ RS
LZENEBETHD I NN NSE. £7-, NifTADRILE
A DFFHEHRD A% AWV D DAseq + Utterance & LR L T,
REFIED 1.5% @\ Accuracy 2R L7z, ZOZ & kb, &
FEDRINE INE DN GETAMCIZBE VWTHEMNTH S Z LD
b,

FHEOY 70 PEIBEVWTHREFENRLEVVETH S
32.4% &MUtz WETRARNEAVTWSET LT (RE
F¥%, DAseq only, DAseq + Utterance) (ZHBWT, KJE S
OFELUMUTEH W FEOT 70 E2RLTWD I en
5, InEDONGETAMEEIIB I NG TADRINEZET 54
SIEDRIH S LR o 72, BIRD Accuracy (28Tl DAseq
only & DAseq + Utterance (Z K 6 O FyE & g U TR
B, KESDTFEDD LRED R IR U@ g THEE
MAECTH B, DR 7T U TIIHEEREMENZ &5
FHHRThdEZEZLND.

£ 3IHRETE, KESOFETBIT 2 X TR F HExR
T. K3 KV, RTCONGHETARTIZEVTIREFIEL KK
S5OFEIVEHVFHERLUEZ. R, BHERZ7THD
[Agreement] X [Greetingl, [Question], [Apology] Z¥
WTIX, 6.1% 05 34.6% DRERBEZELZR-7-. THIT, K
J& 5 DFEETIE [Directive] ® [Other] X 712D WTIHIEL
SHETETORWD, REFETEFHEBNSWAEL S
WETEL T —ADPGFHET DI 0h5. Zhik, Seifth
DRINEBHZE-Z 2 Z 212 & D TTRD S DRIUH R Z 7272
DIZ, HBBPDINRTBHETES DIz H

* 3. X7HID F K

2 B RETFE KFESOFE
Statement 576,005 80.8 80.4
Uninterpretable 93,238 4.7 2.6
Understanding 241,008 69.5 67.6
Agreement 55,375 23.1 15.3
Directive 3,685 2.7 0.0
Greeting 6,618 81.3 46.7
Question 54,498 8.1 2.0
Apology 11,446 22.7 11.3
Other 19, 882 3.6 0.0
AbNb.

F A TREFE L KE S OFEZ AT T AE 2175
7HlE RS, RA4D1DEHOHILD, R1IZBWTXITHD I
BN TAgreement | X 212 DWTKIE S DFIETIERH
ELTWEY, EFETEHELLHEETETVWEZ R Hn
5. 403 DHIINFENR, WEETARIINTZ=HZE L T
LHENRHELRFITHSD. 2 DB 3 DEBDHITIE, NEETH
DRINFHFEL L, 2 DHOHITIHRETIE - KESDOFEE S
CIELU K REDNFE T RZHETETWS. L, 32HD
BITIEEL SDOFELHEITRML TS, 3 DHDONFEICS
7% 5 DH®D¥:E land it’s kind of dangerous.] (243 2 )&
BEDOREET AL, 2 OHDHKGEIZE TS Taerosol] DfEMM:IZ
DWTHEFHFHEEL TV H, T2b5EEE ORI KT
5. ZOMEEZBIT L0121, 2—TFOERE2HERFT S
BREZE VTR =V F T4 XETFIRBENDLEEZLND.

5. F&®H

AFFGETIE, WEE IR E A FEIT DRI Z B E L 72 InED
W EEAT R HEE FIRZfRE L 2.

SwDA I —/ 82 % AW CHHEEER 21T 5 72486581, 2RO Ac-
curacy IZBWT 69.7%, FAD~ 7 0 EZEWT 32.4% %
ERL, BEFEOMEZZNTN 1.2% 8 LU 8.4% UiE
L7z,

SHBOBEE UT, 6B OXEETAHEERS R 2 HWZIn%
EREITD PETH 5.

& Xk
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# 4 HEERERM] (DREETR ] B3 ZORFEORGFTAERL, IEMRX Y] BI6E (RDOHEE) ONFETH/THD.)

HKEETF AN CWEFEITR) gz EETFIEL RIS DFik

1 what are they , (Uninterpretable) Statement Statement Statement

2 the, (Statement) Statement Statement Statement

3 Iknow , (Statement) Statement Statement Statement

4 a Rabbit ’s one , diesel (Statement) Agreement Understanding  Understanding

5 Uh-huh , (Agreement) Agreement Agreement Statement

1 I hope so too .(Statement) Statement Statement Statement

2 You know . Right now there ’s a lot on the market for sale Understanding Understanding Understanding
because of people having lost Yes .(Statement)

3 Yes .(Understanding) Statement Statement Statement

4 and everything(Statement) Statement Statement Statement

5  so that ’s , you know , that keeps prices down (Statement) Understanding Understanding Understanding

1 It does n’t seem like ,(Statement) Statement Statement Statement

2 but I guess when you think of it everybody has some sort of Understanding Understanding Understanding
aerosol in their home (Statement)

3 Yeah .(Understanding) Statement Statement Statement

4 you know ,(Statement) Statement Statement Statement

5 and it ’s kind of dangerous .(Statement) Agreement Understanding  Understanding

[Khanpour 16] Khanpour, H., Guntakandla, N., and
Nielsen, R.: Dialogue Act Classification in Domain-
Independent Conversations Using a Deep Recurrent Neu-
ral Network, in Proceedings of COLING 2016, the 26th
International Conference on Computational Linguistics:
Technical Papers, pp. 2012-2021 (2016)

[Kingma 14] Kingma, D. and Ba, J.: Adam: A Method
for Stochastic Optimization, International Conference on
Learning Representations (2014)

[Vinyals 15] Vinyals, O. and Le, Q. V.: A Neural Conver-
sational Model, in Proceedings of The 32nd International
Conference on Machine Learning (ICML) (2015)

[Zhao 18] Zhao, T., Lee, K., and Eskenazi, M.: Unsuper-
vised Discrete Sentence Representation Learning for In-
terpretable Neural Dialog Generation, in Proceedings of
the 56th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pp. 1098—
1107 (2018)

[BEKF 00] BEAT TIRE, B0 Kk, S BB HMM 2
& BIER A IR EE Y AT L DR, B EOEE
DA XEE D, 15 - ¥ A7 A = The IEICE transactions
on information and systems (Japanese edition), Vol. 92,
No. 4, pp. 542-551 (2009)

[KIE 18] KJE BBV, (i FIbe, 5 B, S Es, s
JI B BEJER RNN %2 W 255 12 81 2 I8E O 55474
FHI, SR A 24 [I4ER K2 (2018)



