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An Investigation of Controllable Neural Conversation Model with Dialogue Acts
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Dialogue act is known as an essential component of the dialogue system, which captures the user’s intention
and produces the appropriate response. In this paper, we propose a controllable response generation model given
dialogue acts. Recent neural conversation models are based on the end-to-end approach that learns a mapping
a mapping between dialogue histories and response utterances. However, it was difficult to control the contents
of the response generated by the model. Several models tackled the problem of generating responses under the
specified dialogue acts as a condition; however, these models still have problems on conditioned generations. In this
paper, we introduced an extended framework of the generative adversarial network that optimizes both conditioned
generator and discriminator which explicitly classifies dialogue act classes. Experimental results showed that our
conditional response generation model improved both the response quality and controllability of neural conversation

generation.

1. ELC®»IC

WEE T A EIE, FHEPFEFIIBVTROMMLLSD [EX)
HDEVIEFEEHZ BT HEE) TH Y, TOREKPHEREDFER
& UTHER T AR 7 INEHI NS [Boyer 10, JHF 18]. K&k
TAF, RNEFEETVICBT2EARENO DL LTHHAIN
TETHEDL, FROEE, MBI 2 KR OMEFERZET
WLE 3 ETEMATH S Z EARISNTWS [Yoshino 15]. L
MU, EELELSHWSNT WS =2 —F )LIEEE TV (Neural
Conversation Model; NCM) Tl&, Z95 UG TAICL-
TYAT LR IRIEMES 5 Z L AR TH L. 22T
AWIETI, VAT LIRNED RO FE T AOERE b LT
AN 72BN AR B A O Pl A %2 NCM B AT 5. BARIYIZ
1%, 520N W5iTAIZEDWTINE 2 4K T % Generator
&, Generator DVERK U 72 G EDHRE U 72 MGE T A1 KD W7z
Y7 DTH B % HHT % Discriminator ZHEL, Zh
50D 2 DDET N EREICHNINZHIRG 2. 205 K%
BOVFHADEAIZ LD, NCM WMEEDNEH T 24123\
WY RINEZERT 2 Z LD HREN E D D OFHT & 17 - 7=.

2. FEEMR

K EEAT R DR % FI N THREEEE1T 5 7258 & LT, Wen
X Zhao © DOW%EN D D [Wen 15, Zhao 17]. Wen o I,
VAN VENFFTED KAAL IZBWT, EEONGETA
(e.g. Inform) &ZDZABvy MEM, (e.g. food=Chinese,
name=Seven_Days) %\ THGGAEK (e.g. “Seven Days
serves Chinese.”) %175 =a2— 7 )V SiEE T/ (Semantically
Conditioned LSTM; SC-LSTM) Zf#Z& L CT\5%. SC-LSTM
T, LSTM SFEETMC [FiAAART — b | LIFEND 75—
T4 VIR B AT A Z T, HEOAKRIZ, BT
U255 T A& A8y MEIRD 5 5 O Z 5 2 Ofil#E %
75, LLADS, SC-LSTM RSN/ KA VDR A
R ENRE L TWS 28, B H D FGEOHF AN K72 A —

ARG B, RGBT AERAE, T 630-0101, &R
VAR S L 8916 Fihid 5, kawano.seiya.kjoQis.naist.jp

TYRA VDI R A EANGE Y AT LBV THH L &5
L UGE, Niifthae ATy MEROW 5% 7L —0Hk
U RT3 Z LIFBIER TR,

¥ 72, Zhao 51X NCM 2S#E I —Bib S nz)eE 2KT &
WS I [Li 16a] 12X LT, WETADEREH NS Z LT
&0 ZRD OB G B E1T 5 KgCVAE (Knowledge-
guided Conditional Variational Autoencoder) Z#Z% L T\
5. KgCVAE Tli%, Encoder @ ifER D 5 IGE DX GHIT Ay
ZTHIL, Tz Decoder NDEMEE UTHEHLTWS., 77,
FkEkD T 70 —F & LT, NCM 281} % Decoder (ZJ&IF T~
IWRFEHE T NV GME UTHML, NCM 2B 2058 NEZ
L &S & T2ETLVBREINT WS [Zhou 18, Li 16b].
I 5D NCM &, SCE (Softmax Cross Entropy Loss) (2
£D\\WT Decoder D HGEERA T v TI2H 1 5 HEEFH D
B L2175, LU INSDETIVIENT U ERI NG
EDRE L7 XNTEDWHE) RIEE TH B Z & ZRFEL
. ZOMEIERHC, [JEED T NV THETH S, T,
AT — R i2B T 2 TV OH/HEDMR Y IZEKT S [Zhou 18].

—7/T, NCM (ZHONHER & v b7 —2 (Generative Ad-
versarial Net; GAN) A4 5 Z LT, X0 Ek»DEME
RINEERE TN OMEI G TN TS [Li 17a]. BRI
&, IEFEEE KT D Generator &, 52 O N7z INENF
BT — XD Generator DEH HIZHEKT 2 EH D2 2T S
Discriminator 253 5. 2N 5D 2 DDET IV AR AIZHL
HHNZFHES 5 Z & T, K ERGHEFHEERLES LT
ATHB. ZOE57%, FEHORMAHHAKD NCM & Hui
UCHEBEN DERAEZER L2 ehEInTn5.
AL T S Uz GAN IZEED K EE Ol A%, HE L 725
SRS LWIREEERT A I L2 HNE LTEAT 5.

3. REFZE

AWFETIE, HIfi T~z NCM IZ8B1F 5 GAN IZHD <5
FEEDOMAAZ IR L, INE DN TAE R LTHWS
NCM (FfA & NCM) IZjtHd 5. BAEMIZIE, GX 6Nk
K FATRIZEED W TIRE Z AT 5 Generator (G) &, G WY
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AR U IR DR E U 7 EE T I B D Wl R s D TH B
2% i 9 % Discriminator (D) ZH%EL, ThoH6D 220D
TV E L FICHOS IS 5. AFEIE, G2k 2I6%
Al DT & BB TR DT O, B DX TR
DIERZPRIIZE AL TWS S THEETIE [Li 17a) & Hg
5. AHETIE, ZOXDRINEDONEETAOERERMMHEL 2
GAN OFlADEAIZ L D, NCM MMEEDORFH T A IS
WY R R KT B 2 L DSERED & D DO FHi &

3.1 WETAICLIRMHFE NCM

KEEAT 2512 & B R S INEER T, NEEEE M =
{Mifl, Mifz, ey Mifn} Zﬁﬁ%@iﬁﬁﬁ% d; = HW\WT, ’IJ\L;
%%gﬁ Ri = {w1,11)2, e ,’w[} %iﬁk’é’é Z :VC“, n iiiﬁﬁ
E, JIIKERETH L. AFETIE, &H IR NCM OILR
LT 1DEST, WER7Z Encoder-decoder € 7 V2 £k
< NCM[Tian 17] 26 LT, FiED T 3 — FRRCHRAIZ
WNEETADOEREGZ2ETIVEEEL -,

W% D Encoder-Decoder € 7V TCld, Decoder IZH 1) %%
HEEHMN AT v 7 I28WT, EATORIIRE by EBHED
HEE w, O MVERB o, PASE UTHAINS. — /T,
REFNTIE, EATORIIRTE by IZIMAT, NFETR d O
R MIVEH e & oy OEFERTZ MLy, =edae ZASIE L
THHT 2 LT, fELLNETAIIEDVWZINE %2 NCM
NERT D &2 fFd s L

RNN (Zi&, LSTM % GRU & b U C 3d ¢ Hllfsi v o] i
THhdZEeMPHS5NTWS SRU (Simple Recurrent Unit)
[Lei 17] Z A\ 7z, FEMIZEERTIX, Encoder XU Decoder T
S % SRU D@t 2, WOt 1024, DA
ANRZ NV DIRTEIE 256, WaifT AHOIAA R T MLORILIE
100 £ U7z. %7z, Encoder 2B 2 ANTERE n X 5123
ELT. EFVOHMIL SCE 12X V7w, Bty MzBY
% Perplexity ¥ x® R > 72 € TV % I HHT 5.

S =

72.
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Dialogue Encoder Decoder

1: AFET R & 2 5 E NCM D%

3.2 WEITAICLIZFREMEHENERRY hT—72

AWFFE T, BOTAEREE (GAN) OFEE LT SeqGAN
(Sequence Generative Adversarial Net) [Yu 17, Li 17a] D
Ptz R L, SEETAZ & 2 5044 S B LA IGH 9
5. FFHEO X S REECRY T — X OERIZ GAN 2EHAT 5
Y6, Generator O HJJITHEEDHEBED RF 2 HifE L § 572
&, Disciriminator 2* 5 Generator NDOABDEH %175 Z
EHREEL . ZOMBIZHE LT, SeqGAN TlE, #LFE I
£ 37 7a—F % Generator DEFIZHNS Z & T, B

RRIT—ZIZGAN 2 EHTERZ L2 RLTWVWS. BRI
GAN %3%5D Generator, Discriminator D&% R 7.
3.2.1 Generator (G)

Generator T, IBEERIZB I HEEND Jov A%<
VA TPEHIBEL AR, BAT Y TICBI B HELEEDH S
BURIZHE D W TERI N T L o TIRETIND EH RS,
SeqGAN T, Discriminator IZ & o> THE XN/ I0E X DF
WHEIZDOWTDRAITT Q(M, R,d) % Generator DR & LT
FMAEU, Z ORI % K A{bd 2 & 51Z Generator % iR
BFIEIC & W FEHT S [Williams 92]. AWFZEC 81 5 65617
P X B EREERICIBWTIE, TOHMEK J 24
flEXRTEHRTS 2. 22T, 7 ldhE R DEFERTD
5. KW TIE, Biffi TR 72T A & B 5T E NCM
% Generator & U CTHW3.

J(0) = Er~p(rim,a)(Q(M, R, d)|0) (1)
VJ(0) ~ Q(M,R,d)Vlogm(R|M,d) (2)
=Q(M,R,d)V >, logm(we|M,d,wi..—1) (3)

3.2.2 Discriminator
Az T, DATD 2 fi¥EO Discriminator (2 2W T HE!

g =

Z179.

e Implicit-Discriminator; M=E/EE M, IGEFHEE R, XET4A
dEANLLT, 525607 ROVAY (F8T—Xdk0L D)
W (Generator HZRDE D) TH D0 D 2 7 5 A5 EAT
5. Generator IZ &> THEKINZ RVAYTH D LHEEI N
%% Q(M,R,d) L UTHMHT 5. Zhixk, N TAXI%
FEAMZ Discriminator D AJJ & UTHW, AFERHIES
2ZLaiifdoEDTHS.

Explicit-Discriminator; X GHERE M, &84 d (269 5
JINEFEFE R # AJ12 LT, R Generator HEDHDTH D
L EBY), FET-XHEKDEDTH D & EZT DT E D
9 % & 512 Discriminator Zilffd 5. D%, WNiETAOHE
B E N ULEE N+1JTADEY I ARMEITS. T
2T, Q(M,R,d) 1%, Generator |2 &> THEBEI Nz R HFE
BT — RO TR d Thd LHEINDIMRTH L. &
BRSNS BT B DR KL L T\ % 5 % Discriminator %
HIRBNC PR 2 Z 22 kD, a7 2 DR A ST K
MxnsdZ ez ds.

Discriminator IZ 1, 2 1Z/”F & 5 7% Utterance Encoder
& Dialogue Encoder THERN S 115 i # RNN % Discrimi-
nator & UCTHWA. Z7z, Generator DA & FEEIZ, RNN
1Z1% SRU % Discriminator D FIFHD E# b D7z DIZERHT 5.
SRR IZ B WTIE, SRU OEHUE 1, REE DI 1024,
BAGEHL DA AN 7 MILDIRTEIE 256, X GHfT A4 DIAANR 2 K
IVDRIGIE 100, 2FEAEIZS1T 2 REEOYITIE 512 ITHE
U7=. F72, Discriminator DFEH 21} B HELEEUZIX SCE
EHWS.

4. FHHZEER

41 FT—%tvh

RFEIT 2T & 2 504 & NCM OFIFH & 5T 12 1 DailyDi-
alog Corpus|Li 17b] Z W7z, AR —/ 2120, 13,118 X576
IZHB T 2 FEGC, Inform (4,6532 F&&G) , Questions (29,428
¥5E), Directives (17,29 ¥5%), Commisive (9,724 ¥5E) @

1 AMHEE wy LOETE d 1ZHDAARE 2 FHNTHERZ M LE
Bl oz, e NEEHING.

*2  AEFZE T AL D 72 DI XK TH— O 2 S L T\ 5 5
IZEEI N,
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F 1 AFETRIT & DM E NCM D #f
T H Perplexity [ Average [ Greedy [ Extreme [ Distinct-1 | Distinct-2 | Accuracy
S E NCM (greedy) 36.6614 0.7912 5.5075 0.5298 0.0336 0.0160 0.8644
Adversarial-Implicit (greedy) 39.2864 0.7882 5.6239 0.5394 0.0297 0.0069 0.8585
Adversarial-Explicit (greedy) 39.6993 0.7867 5.6661 0.5395 0.0311 0.0010 0.8843
ZftAFE NCM (sampling) 36.6614 0.7917 | 5.1785 0.4905 0.0767 0.2650 0.8176
Adversarial-Implicit (sampling) 39.2864 0.7870 5.2566 0.5035 0.0594 0.2093 0.8062
Adversarial-Explicit (sampling) 39.6993 0.7865 5.2782 | 0.5041 0.0583 0.1186 0.8573
St E NCM (beam) 36.6614 0.7847 5.5680 0.5381 0.0325 0.0006 0.8707
Adversarial-Implicit (beam) 39.2864 0.7793 5.6668 0.5411 0.0267 0.0031 0.8615
Adversarial-Explicit (beam) 39.6993 0.7796 5.7167 | 0.5431 0.0274 0.0017 0.8865

Embedded Dialogue act

<Explicit-Discriminator>

e, — ]
<Implicit-Discriminator>

——@—-EI— Real or Fake

\ ) L ;o L )

I I Y T

Utterance Encoder

Assigned DA
or Fake

1
1

Dialogue Encoder Hidden Layer Softmax Layer

2: Implicit-Discriminator, Explicit-Discriminator OHfZE

A DDONEETHRTHT ) T—YaryInTwb., KRifsET
&, ZOa—X2%FI (11,118 x17%), BAFE (1,000 K&E),
AR T — & (1,000 RFEE) 122 EI U, SEET AT K B S
& NCM DI & G W=, FEFY 1 Xl 2,5000 12 3% E
U, RAGEERHRGE S “UNK? IC@E SR 725 2 Till#iz 17
. NFETAIZE é%ﬁiﬁ’%l‘jﬁ(ﬂﬁgﬁiﬁk% v b — 2 DI
HIZDOWTE, Li 5 OFE [Li 17a] 225 I FOFETLT
9 D-step, G-step (282 AT v 7HIEZTNZEN, 4, 2012

HE L, batch size 1% 32 & U7z, £7z, Disciriminato O ¥ Hr
k 13 SGD (F&# le-3), Generator DHEHIZIE Adam (FE
K le-5) & MW7z *3.

Algorithm 1 ST EHOSHER A v b7 — 2 OFIFE
1: for number of iteration do
for number of D-step do
sample (M, R, d) from training data
generate response R using G on (M, d)
update D using (M, R,d) and (M, R, d)
for number of G-step do
sample (M, R, d) from training data

generate response R using G on (M, d)
compute reward r for (M, R, d) using D
update G on(M, R, d) using r

H
QL P AP RN

4.2 WETHICK B RMM S HBEERDE T
R FEAT RN K B Sl E IR E LR DT DWW T, B
(Relevance), kM (Diversity), #lfi#iff: (Contorollability)

D 3 DDBWR S LTI T Z4T 5.

o [HME (Relevance); I N GERKGEEL L 7 7 LV VY ADIS
BHFRIT BT 2 BB KRB OBEULIZ & 0 3217 5. FHEL
& DOF W 51512 1% Embedding Average, Greedy Matching,
Vector Extreme @ =D O i1 [Liu 16] % AL 7z *4.

*3 800 iteration 1T L 728D E TV % FHi 2 L 7=
x4 25 DFERINT DWW TIREGR [Liu 16] 2 2E N7\, ARFE

o LM (Diversity); MY AT ADHHTLL AT L TY
% Distinct-1 & U Distinct-2 12 & Y #fli %47 5. Distinct-1
(Distinct-2) 1%, F A b F — &Ikt U TERS Wiz GG Faah
BB B 1= — 27 unigram (bigram) O %, LRI N7z
FRTOD unigram (bigram) O TATr —V V7 U-$EETH
% [Li 16a].

Hil#M: (Contorollability); AJJ& UTHA L 7E7 /L, 5
BRI AR E N7z BB ST BT D W GEAT £ DHEERE R D — B

(Accuracy, Precision, Recall, F1) IZEDWTEHGT 5. Ik
EXDMFATRIZDOWTIE, SFRTFIEL 72 858517 20 88 5 12

L BHEERE R (Rt 7 — 22 B 1) B HEERE X, 0.8303) % IE
fiige LCHWS

5. RERER

K 1ITHFEAT AT & B A& NCM O H B 3Tl 5 12
DWTRY. ZIT, &MfE NCM & SCE (2 & Yl
N7ZETIVTH Y, Adversarial-Tmplict €75 )V, Adversarial-
Explicit € 7 VIEZ N1, Implicit-Discriminator, Explicit-
Discriminator 2 L7z GAN IZ X v illfiEh=ET L TH
B, REXDERIZEWTIE, BRI HF BEE ‘EE?R'T%
B (greedy) L ZHNHFIZHEDWTY Y T VI %1754
(sampling), beam search (& — Al 5) 2175 %% (beam) 0)
3D 2L 7.

5.1 EEKKER O

GAN %I A U7z Adversarial-Implicit € 7V Tl, WTh
® decoding FiEZ WG EIZHWVWTH, GAN ZHWVARW
T E NCM &I LT, BEMERE D Vector Extreme f)‘
M ELTWSZ MR TES. — T, M - Hlf
L‘T IXBEDHERTER N o7, £72, sampling ZfHH T Z)

BT, greedy IZNEEERT 2HG L LT, M

iaﬁzf‘é@% 7T, WX 0.0523 KA v~ O T AR
TE7z. L ULAAS, Adversarial-Explicit €7V T,
TND deocding FiEEH WA TH, GAN ZHVWR\WE
fEfFE& NCM & ik U CREEME (Greedy Matching & Vector
Extreme) & filfHMEDS—BE L THHELTWD. K2, MM
BWTIX, greedy IZ0E % LK T 256 1% 0.0199 K1 > b,
sampling Z {9 54 Ti% 0.0396 K1 > b, beam search
AT 2HEA T 0.0157 BT ¥ M OUEDHATE, R
ETNVOEMIEDPRBINEHER L 257,

Adversarial-Explicit € 7V TlE, IEXH Generator 7
BT—20YH5ICHKT 2300 RT3 LR, BR
BN BT ADHEE ZT> T WA, ZHUIR LT, Adversarial-
Implicit € FIVTIE, RS N7z 8B DR FET 7 % PRI

Tl¥, wikiepedia 7— & THlf & 172 fastText (2 & % HGE/ K
B (300 ¥Rot) & Wz,
x5 Explicit-Discriminator £ [FFRD 7 —F 727 F v Z AL 7.
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L TESTHIEED R a7 HEICd2RB S oz #
ZoNb. £7z, GAN 2H ALz 2 DOETI T, GAN
VR WEM(TE NCM & g U T Perplexity Dol H
RTE o7z, GANIZLETFFAMNERETADVBITLDE
Peprlexity %t U 72\ Z L IXSEATIZE [Tevet 18] 125\ T
LIS N TV, T, BOTHIAE R 13 HEE T O fo#
L2 BN LARWEOTH 5.

5.2 BWETAY VEICST D HIEMEOFE

#* 2, #31xTNTN Adversarial-Explicit €7 IVIZHWT,
beam search & sampling %/ U CTIGE LR E1T > 72551
BB, BXFET AR 78O HIEE QRS RIC DO W TR
TWwa. fHNE, GAN ZHWRWERAR & NCM 12515
AATEDENTHD. 2T, TAMEY MZBIFEEX
ST AR 7 OHBEIL, Inform 1 2639, Questions I 1679,
Directives 1% 938, Commisive |& 484 TH 5.

F 20 BNEEAT AR T HIZH T A HIEYE (beam search)
e H Precision [ Recall [ F1

Inform 0.8855 0.9231 | 0.9039 (40.0125)
Questions 0.9699 0.9976 | 0.9836 (40.0060)
Directives 0.9263 0.6695 | 0.7772 (40.0622)
Commisive 0.5976 0.7211 | 0.6536 (4+0.0187)
Macro Avg 0.8448 0.8278 | 0.8296 (40.0249)
Weighted Avg || 0.8926 0.8864 | 0.8854 (4+0.0111)

3 BWTT AR BT A (sampling)

KEEAT AR T H Precision [ Recall [ F1

Inform 0.8766 0.9075 0.8918 (+0.0256)
Questions 0.9086 0.9774 | 0.9418 (4+0.0214)
Directives 0.7963 0.6375 0.7081 (+0.1126)
Commisive 0.6364 0.5930 | 0.6139 (40.0587)
Macro Avg 0.8045 0.7789 | 0.7889 (4+0.0546)
Weighted Avg 0.8526 0.8573 | 0.8530 (4+0.0293)

%2, £3 &b, GAN 2 HVARWVEMATE NCM & gL
T, Adversarial-Explicit € 7V Tl¥, TR TONEEITAX T
TFEDPEELTWD ZEDVHERTE 2. £72, SR TAR
W28 B FIEO~ 7 oYy, MESEYEE EBRICEE L T
52 DR TE 2, FRIZ, sampling 2 L 725&I28 W
TlE, SEEO L VHERIEIHRTES., LrLARDS,
Quenstions X Z1ZBWTIE, BWFETHR 7 DR THRE/NS
REFMEOUGEIZE ¥ E 572, 2L, Questions X 7 DSEERIRT
X 5WI1H O & 5 2 BGEE W 2 d AFRE SR — X 7z XX
WS E2 RO, MM (BRI R—ZF 1 VDRI
M ZFEB L TWD) THD I e WRNLZLHfRINE. —
JiTC, Directives X 712D WTIX, beam search Z{# {3 %
AT 0.0622 KA1 > 1, sampling Z{#fH 3 2355 Tl 0.1126
KAV MO F EOEE R REDRERTE 5. Commisive X 7
IZBWTHHEERIZ, beam search %3 5354 TlX 0.0187
RA > b, sampling 23 2545 Tl 0.0587 K1Y FDF
TEDOUWE DR T E 72,

6. HHYIC

AWIZETI, EEON ATV CIEE TGO LR 21T
S SN EHOS LR AR Y b T — 2 2 REL, FOiET o
7o, FOFHR, BEETNVIER—ZA51 VETILE]IIELT,
BN, HIEMEIC B 2 RBIEHMARE L REINDE Z L %2R L
Tz, UL S, AU TIREBRHNERIC L 2 IRETHED

FHl DAL EE D, AR DREIZDWT & D BB G
B7DIZIEAFICLDFHAZITD ZLDRBETHIEHFRAS
N5, X517, Generator O FHH OBRIZ T 2 WiE D&
IZZRRERHGER R EDIEREEAT HZ 2, B4R
F v NI =2 OFHFEZOEDOOWEEITH I L EEETH
LLeEZOND. Fz, SRBRIFBEFEOME A S (BRIFP R
WY FEFEUZISNEAERZR L) 1281 2 EMEOKG D
5FETHS.

R

ARFEIE, JST  &EA) (JPMJIPR165B) 8 X JST CREST
(JPMJCR1513) OF$E% %) 7=.
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