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1.1 HEE=

ANEIZED DOF o TV B HERCHFADEK - BUF R o4 2EBXR%Z, BAE
BN L TMMANBRAE N TES. £, ARMIIHEFLISZTH - Hih%
EICHFOERZHRAIL, ZRICEZ D LI RINERZRTIENTEZS. SibRe))
ZROANEICE o T, BASTEZHVWAMNGEE, AECaIa=r—>ar%2175
72O DBEG P OMRNBFETHEEERSD. ZDD, MEHIZ K-> TAR ETFR
AT LDAI 2=y = a YRENT SMEES AT AFINANOTEREIZEW. B
RT3 SiriV, Google Assistant?, Alexa® 2 ¥ D X 512, MEEIC L > TABDOEK
ZHIEL, X—OERRBRERA R RZ AT 21T 056 AT LB ERL X
NTW3. ¥/, DARYRZ7 7L Y RYD &SI, NHEMHEITS &5 &t
AT LABTFET S, ZOKIIL, Wahd AT MSEBRWVICHEBFEL TH
D, SHRIBFRIEMEFLARFINLE DT TH 5.

A s 32— X TOXMNGEDOEBTNAIT 7253 EH L 2o BAIITONTE
7z, FIEADNEES R T A TH B ELIZA 1] 1, HEXFDIL —X b DR -
7y FRESWTEHBRINIEBOISENL =NV TIEE RN T2DDOTH
5. TDEIBN—NAR—ZADKGES AT LI, ZONREL—LEANTFTRKEI
BT 2REDRDH 2 Zeh b, AT AR RL IR DD B 20D R
ZEO. V= WR=ZAFHRIIRD2F 77 Tue—F LT, MNEHEILEERET
V2] EMHEN B RIGEE 2 W D EERFIELES LT W5, MahnEERE
T IIHEIEIER 73 #7128 W THR R S 172 Sequence to Sequence (seq2seq) [3, 4, 5] <E

1)  https://www.apple.com/jp/siri/

2)  https://assistant.google.com/intl/_jp/
3) https://www.amazon.co.jp/meet-alexa/
4) https://www.rinna.jp/

5) https://airfriend.ai/ja/
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1.1 WNEREERETINOZEB EFRDKRF

THURIBEERICHEA LD THY, —2a—Fxy V=27 ZHVTHEEIN
T Y N E T HEESL TR TANR T 5. MEEINEERETAVIEK 1.1 D LS
WCRBIRL NS O — S R % FUCHGE L IV OMICEREFE T 5729, a— 2D
WX v 2300 5RKHDDI1IC, NFITEZ V=Bl R MIFEELRWE WS K
MERD., a—RADWERIZOVTIE, 777 RV =2 ¥ 7% AW TXEENZ INEE
L72bh, Twitter 72D SNS L6 2 —HRILONGEZINERT 2R Y, ki RTHE
EWMBZZENTELIDICKR->TVWS., ZTHLEERDHD, ITETIEHNEEICEE
BT TR T AN ANATORT WS, AFRICBWTD, MNEEHELRE
TN RE T 5.

1.2 MNREREERETILHEX 3RIROFE L AHAEDMU
=)

HEHINEERET MIZ OREZEZTWVWS [6]. AHITIIBETZE 2B OIF
B D7-D12, MEEICEERET VDB 2BIROFEE 5 DI T THEHNT 5.

XEEIA—/NADBRICEAT IMRE NEHINEEE 7 VT KRG, 3 — X %
HAWTHlE s, ZDDHWTNEE I — S ADOHWEIZZE D £ FREEI0EE
BET M EIZMPN S, HETIESNS DENPI TV RY =2V TED
TIv b7 —LDEGIC K o TEBD KRB NGEa — X2 EETE 2 X
oz, L L, BEESEEEEIN & & EM R NI L 72 0EEa — %
2%, BEOHMCE L L0 — "2 2B 203 MKA LTHLY. %
7z, SNS & S L KR a — X W2 56, Miie LTHD -
TVWREVWE S BREEDENT = EZNZ BRI o TWE5ELRDH L. £DRD,



MERELIWHFES R T 2 0BEM R T X5 BEEERD, 2OoMEIE L
7 — XX MES T 2RO FETNIEEZHETH 5.

HESXOERLGIERZICETIME MELEENET I LI UIIHGEICAD S
NEHRERIZIGZA B VAREEVWRICEZERT 22D 5. NI,
I—PPRANFTFAD 7= ERE ET VN IEMICHAETE THWRWZ 2 ICER
TReEZOND. ETADRLI-VORGERZHMTXRITNUL, 2—FIi
FUEROHKGE L ET VPR TE 2 EFTHARRBICEVIRZ TANT 24
EWEL S, 2—HFrOMHERIIa=Fr—2aryzHIia3, HiEENKEZ X
DIEFEICHEE T E % X 5 RENOEBBI AR TDH 5.

BIAMBBEREZBARACECHBEERICEAT 2ME NibIbEERE T TR
RISEEERTE LD, —HT (Z25TTh ° ThhrhEEA REDES
WED KD BFEFBIHLTINE L LTHRD IO KSR, BRI TROWIAHZE
BERHBIERLTLES. BIZNEEZRILEE 2 X5 RIBEZERTETHY
ThH, T L= RD 272 TOERE EFALIETRITIUIL—Y & G
WCaAI2a=r—>a vz eBTERV. F, 2—F2RDZLLLEDE
WEBENCEALNEDEaIa=r—yaroiffiifeih 5%, BAENR
BEREBRER L GALIBEDER I - e OMERaAI 2= —>a D
7= EREETITH 5.

WEEZWIESE DL ORIGEDREICEET IRE NEEIOEERE T IS 21
FESETLED EORMACICEZERT 22 e2dH 5. BFEEICIE, BAS
FEXE LTHD o TWIRW K S RIBE SR, HHVICIZIE LW AT E D R AH
NN E S RIEER, Hite 2 BEROBRVIGER EHKA BEEHDO S DN D
5. 2D, MNEESEERETNVDERICH Tz > TIEZ D & 5 BBHELE
AP TAENCHRB L 7 4 L2V 2275 5 X5 BEHBOFEH AR R
TH5.

ISEDXRZAIVICEATZME H2 —EHOXREOF T, ANEZEHEKGE—E L
AR A N (ZDONEEDOH - e, MEEHETF & OBIREICKE L - 518
W Y) TREEITY. WMl AT LB EZDI AT LDX v 7 7 XIZHINWT
—HLERZANLTIHETERIINE, 2—FICFERIEECZIETLES
AlREMED D 5. Lo L, KHRZNEE 2 — S RIZI3RR & TR R R A NV DISEDE
TN ehs, MENEERETLVOREAZA VIBE—B LRV, %



7o, mHLEIERAZANZRONGE 2 — XA Z2HBERT 2 7-DIZidENa X b
DRE LT85, —EHLEAXAINVTONGENELMRZ R K RIS 25062
AA[RTH 5.

AWFZEICBVWTIE, A XOABIca I a =y — 3 Y2175 MEEIn SR E
FTOAOMRERPEHNE TS, MERAI 27— a v ®197:0120F, KD 3DOD
P ICili- T BERDH D e EZOLNS. (1) 2—FIEXERZIHR LR WIHRE
BEFELITOIeDBDH 720, TETMIZD XS BRAEFEOEXZ KA S DED B
5. (2) /T, AT LZL—FBRRELREREZENER L GUOEENBRE L
TERENDH D, (3) ETADPERLLINEL 2 —F I L TH T 50, 20
JEEPEEERIESERLSBRBRLCR > TVWARWI L 2R T IDERD 5.

BEM ST OH T, (1) Z ko IHEEEXR O IEfMRBEMAICE T 5 &), (2)
W TEARNRIEREEAER  GUINEAERICE T 2R, (3) & TEE2 ke X
B2 EIRIGEOHRHICE T 2ME) BT 2HEL LTHNEST S-S, NfEb
BHERETNVICHET 3582 2 DOFEICOWTIEARIZETIEED b ung, W»
TNHEELRMEFRETDH 5. Waha — R AOHEICHE T 2M&E) 1220V TIEX
MR (7, 8,9 Ry, NIEEDZRZANVIZEET BRI 1I2DW TR [10, 11, 12] 72 &,
ZNENRE A RED AR I TV S.

1.3 FHXDIEHCHAERR

ARELEOHEKEHHT 2. 3, 52 BBV T, KX OISR THD %%
FEINEERETNYE, ZOFMEFEICOWTEHHT 2. 63,4, 5 BTIE, JLIc%
F7z (1), (2), (3) DIFFEBEINICIR » TIT 2 Z2IENEICOWT, TR ZNFRELT
5. UTFCZzolE%2RT.

F3EHRNBREFOEGCHNABREADERS WV RRICED SHFENEER
HEEICBWTABE U UIXEHOERSLERNZOWTEAWICE BT, il
RINIKBIT 2 203D 5. ANEIFHIRWLHTEICE TN 2 S OERKZHEH
L, FRUCEH DWW THEYIZINEERTZENTES. FIZIX, VAN VED
T —EL 2BV TZ—FRARL =X LT (HEHFERLRNDTT
D LB oG, ARV —RIFZDOHEGEIIE Do b LWEZTRRL TR



XV EWVWOIENOERPEEINTVR LR TE2. ANMeMEkaa=
r—a Y ETINEES AT LDEBRD DI, MR FEGEDSIMEER
INFEN (BARNRHEE) 2HE ST 2HMP AR THS. 5 3FTIE, X
Bk [13, 14] TR LU ZZMHERRICHE D T, MEEIGEEKICB W TR Z RN
BRFFENCHANCE VIR 2 FEZRE L, ERINCEHE L 2. AFKICBL
TEEY R WROERTE LGOI — N2 INETHEIE LR o2, 22T
AW TIE, MRV FETICHT 2MAETTORBICHFS T 57012, IR
IR FE R & BRI R R O X 2 & T itEE 2 — ¢ X DIRECT (Direct and Indirect
REsponses in Conversational Texts Corpus) Z 5 L 7-.

FEEATIE, MR L7z a— R O THRN I Z BRI G0 S Vit
ABETNEMHEL, 2O WHAMRZMREAEL 2. KEEZR a2 — X2 v
THUEEZ2To-XLya—REHWSE Z 2T, FHEICSWRIZ2HETE
3 e BRI N, RIRIZ, BV ETAEMGEICEERKE T LD ASIFE
FCEA L, FHRIE VIR ICE D WFEINEERE TV O HEREDREEZ 1T -
72, BRITESWIRZ 21T 7 MR TOFMER I B W Tl O EEISE LR
ETNLED S EWEREZ ER L 7.

B 4E SEOEFEZHIERRERMELEERETILDOBE
MEEISELERET M T25TT) 2 b D EEA BREDII YD L
I IRFEFTH L TH D 2D & 5 72)6% (dull response) ZHHZIZAMR L TL
F5WVWHEND B, ZNZR< 7D nEDEERMED A _EIWZE D #HA 7
FIZKFET 5. Lo L, AHEEBROXEGEICBWTEREDRVINE L &
WIEEZDBEWISELTHEVWDITWS., 20720, AN OMERaI 2=
r—aryDldiclE, HICEKREOESVINEEERT 2D TR, MFEIG
BEAERET NV HRBESCTREOEMREZHIETE 2 Z e EE LWV, 22
TH 4 BT, WK [15, 16) TRR LR RRICE S X, B ZHIE R 6E
REEICEAERE TV OMEE IS L TgE R T o 7. BRIICIE, gt &
CHET 2 HENE N2 0T ZEEEE W E WS RFBICHESWT, BED
B2 2 RE MaxPMI Z2i%EF L, ZhzBAEoflillo-o 0y L
THWz. %72, 52 oNMIEZEBICIE U THEE & OHEIBROEHEEDEN
MERZHEES 2 X5 2L T 7 VBN L 7.

FERCIIHAGE L FEFEZ N Z N DONEE T — X &2 FWT, HE o BEhRHili R E
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¥ NFFHMHEIEIC & - CRMii 21T - 72, BEIFHG & AFFHliom A icB0nT,
REFEDHIFIEICHART X D BN ZINEZERATRETH 5 2 & 21D
7o Fl2, BAEEOFIEME Y WO BRICBWTY, REFEOHD L IR L
BRMEERHECE 22 2R LTz, =7 —aicBnTi, IREFECHETF
FEOWFIZEBNWT, @EOMNGENEENET VLD BIHBITNGFE L FEZE 5
EOBIBEEERLTLED Zebho7z. ZHUTKILT 272912, AL
T B X O BEEHE R O THHEINEZ 7 4 VR ) Y 72—V X
T4 v I RFELREL, —EOMRIBFLNLZERLT.

B 7/ T 20 ICTEEL N SRR

MEEICEERE T MEIUIEUISHEEEBRE X 2 X5 RIDEEZERT 5. F
W2, BABETHELLZLS BNEDOEEMEZHIET 2 X 5 2FETIEWFE S
B X DBEBIAERLTLES. Z20kD, MEENEERETVOERLICH
7o TUEZ D X 5 BBHEINE % 2 —FICH T T 2 RNCEINSREIL 7 4 L X D
VTR LI BREBOEBDP AR THEEZ NS, Z I TH 5 ETI,
SCHR (17, 18] TRER LU HFERRICE S E, B35 o0 AR~ 27 4H
DIEHCBNT, ZTOMNGEEIEX 2 & 5722 2T LI0E 2 BRHIS 2 056
FEMHI & 2 2 ZEUD RHA TS, WEEIFE 2 T 2 BMEIIANIC K o TR 5729,
WEEHERE DT —X1E7 ) T — R X > T7 /) T— a Y OEANPKE R
5. RWETIE, 7/ T7—YaEHARESWTT ) TR 75 RAKR) v
7L, &7 I AXDMENE KM L FEM AR EHEEL, Zhoe 7 vy 7
V3B Z e ChkERm It R oM L Hfg L 7.
HATRBICBOTE, MoREBWL 7 3> TN TR IRET RO ET
W, 77— a MEARER T A RETFESREA LICAEMTH L Z 2R
L7z, 2Dk, MEEHFEMH OILF 2 2 7 TH 2 0faikEmHF v LY 3 0
Pl 7 — & % VT, 1RRTFIEDO NGRS L EREZ MEE L 7. EBR T, 42
RTPEDEROBHRETIE LD BV RE R > Z ¥ 2R L 7=
RIRIZ, 4 BITBWTHEL MEEISEERE T AP ER L BEITH L
TREFEL EDEROMGEBFERHE T Ve EA L 25, BEFED
BbEWEHMEREZ RO Z e R T X 7.

’RIZ, 6 BV T LD IR E Z e, SROBEZHEGRT 5.



E25 FHaAE

ATECIEIRTE L LT, ABROBIENSCD 3 MRS EAENT 7 1M 3
BBEITD. RF, MASEERE 7L ORI EICOWC S RHT 5.

2.1 NERIEBEMRETIL

ARG BT 2T RT D 200G EERE T ICOWT, ZOFFMEHAT
%, WESDFEBEEFMORBIHEN, —a—F1F vy b —2E2HWTHRSE
XEERT 2RABRRINDE LR K, BRN=z2—F L%y bV —
2 (Recurrent Neural Networks; RNN) % H\WT—HEETONRIC 2L/ T %5 RNN
BREETV (19 OBFFIZED, WG BARSEXZENRT 5 Z EDA[REIC R o 7.
RNN SEEET M, HBHEN yi,ys, ...y BDEADBNTE E, ZORDHEE y,
ETRITZ2ETLTHY, XOEKHER P(Y) ZLTFTTERbEh 3.

T+1

P(Y) - H P<yt|yt—17”'7y0)

t=1

Sequence to Sequence (seq2seq) [3, 4] & 1%, BWMBIR D FICTBVWTREI T,
RNN SRBET NN EZ XD OXNANDEMETNANCIIRLIZET L TH 5. HEIEHER
TEICB VT, seq2seq (IIER DIEFTHIBIMEIER T [20] IR THRIBRMEREDZE L
WA EZER L TWD. seq2seq 1 EX 21 D EHZ, Zrya—Xe7a—X il
N5 DD RNN IC &Ko THEN S, =¥ a—XIEHRIOHESZ AT LT
ZIUHY, ZONEZRT X5 RFHERZ b 2152, Ta—KEzra—
XOH N2 HIIRE L UTRITID, ZH¥ROHGES % —HiE S OIHICERT 5
HDOTHB. BB, FHEIWIHINCELED ID 2EIhiIRohTE D, ZOHEE
D ID IZF%Y T D ERDAD 1 THRY DERD 0 & 72 2BERUE~N2 bL (one-hot
RZ PLEMIINDE) ZHVWS I T=a—F0%y bADANHAREIZR 5.
seq2seq & RNN SREET VD7 a— Ry a—X0oHNhzFfEe LTMA &



£<
BB AR A P B U foer D

BlES TV T <> B < AER P EL B
2.1 Sequence-to-Sequence €7 I/LDHEEK]

SHWETNERS>TED, HEIANX X BEZ NI EOHNXY DFEMT =
R2FHTLETVE L THRADIENTES. £oT, Y OERMERIIUT
TEAMETE 2.

T
P(Y|X) = HP(yth,yt_l,...,yO)

t=1

2B, Hili7 RNN CREERBT XD IR EHORINT -2 %2 AT 5 L4
BRI 2R, S EL EZENTERLIRZ2MEIEL 2. £
D728 seq2seq DHEEEIWZB W TIXHEHF O RNN 12fH D LSTM [21] * GRU [4],
Self-Attention Networks (SAN) [5] 72 €W HN 5. LSTM (F# % D RNN & (35H
7Y, XEVERL IS NEREZ R T 270D L% AT & I3
FioTEBD, ZONEKREZ ED XS WCEHT 20%2RD2 AN =, BHF —
b, WA=t eMENs 32007 — 2R, AN —MIBEDORA LRT v
FZBTBANT =2 OERE EOBRER DAL ZIRD, BHF — MIRD XA
LRATy T OBRBHEONIREZE T 2R 5. 17— BHEDOH
HNIZEDREXE) LLDERERMEEI20%2HD 5. ZOMEICE > TRED
BERENBIIRFFT 22 e TE, AEHEEPEZIZCKRS. GRUIEXEY
A ZRLVD, BEONERREOGEICHEHEDONEIREZ ¥ ORERILX ¥ 5
DrRDBZVEy b= b, BEONEIREL EORBERD XA LAT v FITR
MLXE20%RDZEHT — bEFD. LSTM OfiEx2 L DR LzdDr L
THEMT 5, LSTM &b b E#ICEES 5. SAN & RNN &IXE7Z2 D BHIEH
RS R RS, HE2RALRT Yy TOMNZ ANRINFOETDORA LRAT v



DONHERIRFEEDE AN B L TRBT 5. £/, HADFREBMKIZSH AR
ZHWS. SAN %W seq2seq (& Transformer & FEIAL S [5].

seq2seq (IHEMBIER DM DL R X R 7 ANDFEHMEEETH 5. FIZIX, EX
T Z DERIIANEIT 5 X 22, 23] BRI, HEHXZFRUE®RER-oT-FF
HDSRD SN 5 A XA VAL 24, 25] R R D, MR L2 XE R T %
FHIZSUCENT 2 7 % 2 PG [26, 27] R R 7R EADIGHEFDH 5. &t
OB D B B FHE L T Z DFHE NI T BINEXNEHT 5227 2 UTHR
ZBIENTED. NEHISEERET IV [2] X seq2seq LD E TV % WaHILE K
WHEHLZETVOMITHD, AN L THAEXZZITID, WEXEAERT 5
EOBRETNT—FT 7 F ¥ o TWVD. MEEIGEERET VOELIZLD, Xt
A= RRABFIWCEGITHFE S AT LEMBETE L XS5k o7,

ITAETIX BART [28] % T5 [29] D & 512, Transformer &7 L% KB R 7 — &
ZHWTHA R Z A7 THETARR L2 E T AMREE L Twa. 2o OHERTEIFGE
AETNEZHNEZRAZ DF— X THIIMT 5 Z & T, MiHEEREZD 47
227 CHEMEREZRZER L TW5 [30, 31, 32, 33, 34].

2.2 XFEREENTET /L O

WG E AT TV DEREFHIT I B W THE—HRKICHOW ST WS HIEICD
WTHA T 2. BEMEFRICBL TR A AL TV 2 HEFHMERE & LT,
BLEU [35] 3% 6 5. BLEU &, % AN %252 6NKLRITE T VDL
L7 ERCD ¥, ZOAIXIIH L THATREER (B ORD n-gram
D—HREZHAREL R >TWS., I— ALK TO BLEU ZMU TOHEIZ L -
HEohs.

1 N
BLEU = BPBLEU . exp(ﬁ Z lngn)
n=1

—RINIC N=4 T2 nZWN. ZTIT,
SRS i ¥ B i T— L7z n-gram OREFEEL
b= S AR i HD A n-gram #
THYH, WML n-gram @ Precision ZH A IEE YU ERER->TWVWD. 72
L, % D Precision £I13HR7Z Y, TFIZBVWTE—EAY Y L% n-gram 13—




e Hw > b LW (Modified Precision). 5] Z XA AY {the, the, the, the, the,
the, the.} T, ZHEXH {the cat is on the mat.} THoXIHIRGELEZ S, H
i 72 uni-gram @ Precision Tl % EROTLEWRMERERXTH O BLS D
BboIEm RIS TL XS5 DITH L, Modified Precision (& 2 &7 b, KXbDHE
REICHN L 723218 523 Z e 3br 5. F72, BPpLgy (& Brevity Penalty &
XN, ERCOHGER c PERCOHEL r KD DEVBEIIRFIALT 4+ 25X
2IETHH, LT TEEREINS.

1 (c>r),
BPprey =

exp!™c  (c <),

FIERIC BV TR BB ORIRRIEMINEEIZ E D ZRRED R W20, — IV
BLEU 23T UEEWIEE RVWHIRAB TH 2 L EbN 5. ﬂﬁu&wvmi%ﬁz
INENZ 2 DERICH 2728, BLEU IZX 32 AT AR DHBHINT L ZY
THDHLIFERARWV. LhL, Liu b [36] % Zhao & [37] 1T kK 255 TlE, BLEU
ENFHiEi o BICIEHREOHELH D, oW OO HEFHMERE LD &0
MR ZRT ZEDBHL IR > TN S,

%7z, Perplexity dHHZBICHWOLNARED—DTH 5. Perplexity IXTTX B itk
ETNLOTGHEOFHMIICHWSLNTERETH 2. WEESEERET VBT
Perplexity 1%, 2 AN X L ZDX e RB2ZBHEIEE Y =y, y1, ..., yr BDEHIH
ez, UTFTEHREZNhS.

T+1 L

Perplexity = H Py X, Y15, Y0) "
t=1

WEEINE AT TS B Perplexity 1&, EHEMWIIZ X 56N/ XY
PHENTI2HELSOEEVWERT. DX, ZOMEINNIFUIPEIWVIEY, T
wkkof@%i%ﬁklﬁ%%kﬂbe%k&5%%%§%$&T5@#%$
THdeWVWHZe%ERT. XoT Perplexity lZ/NIWIFERWE ENb.

I o DM NIST [38], dist [39] ¥, kAR HEFMREIH LA T
5. AT 23— RRRXRAZIILL T, BYREBFMORELEBIAT 52
MEW. Fz, EETIIAFFHE & OB W BB R E % RE Y E N — 2D
FIETHET 2D HAIEE R I T WS [40, 37].
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HERZHINE LIeMEES AT 28 EOFHMIc BV TCIERIC, AFiHiiziTo 2
DEETHD. NFFHUDOHEDXRI7RETILVOHRGHMNICE > THATH 5.
Bl ZAX, SCHR [41, 16] TUX, BT ADER L ZIGE TN LT 3 BRET 0 FHifli 217
WV, ZOFEHEIZE > THOET L DHEZITo TV, F72, R [42, 43] &
ED XD, BT TRNEREZERERL, 2R IEOWTEROHER
TAFHIEZITObDbH 3. 2 ODDETADPERLIZGED I BELELDAEMN &
DEELWIEED (HeIREWELZ X DHZLTWE2) ZHEIXE, ZoBRD
B2 X5 RAFEERZ b H D [44. ZOHIEX, BERSTOHTRE
M CIX LD LW & S il 2 Bl S COE 2T A TEZ VWS XY v b
Dd5.

RFw X IZBW TS, BLEU = Perplexity DITHE & 72 HEFEGR E - NFRHii5
EEHWS. ZhZhoFMCOVWTIIRETUD THHT .

11






L3E .%@E%%@EWW&%ﬁA
IS W XICEDSNERRS

3.1 (FL®IC

HEEIZBVTAMIE LR VIR EEOERPERNIZOWTERNICE BT, IR
ANCRILT 5 [45]. ARBIINEEETF SRR FEFLZZ T2 &, ZhET
DMEERIER EDXIRICESOWTENOBERIZ#HATES. K3.11Z, LAV
DTRNBE S 202 B T 2 IR FG & BERNRFHF OB Z RS, ZofITld
ARV =D TALVA NIV ETHILETL? ) EVHIEMIIYLT2—FIE TF
BRDRODTER] LWHIFERRLTWS (P THRNZFEE). 0%
PRI TFREY OEKRE T EE R T S 2 AR — X DEMAD BRI 72 [BIZI2E R -
TWARW. LrL, IRV —RIEINGEEEZZER L TR ALVRXMI VLD
LWLV A ML TWS e, iILICALVAMNIVEIDBENB LR
FIUERRELTWS., ABMEMERaI 2= —2a 2T MES AT LDHE
D012, 22—V OMRNRFEITFICHERINEBEXK (BARNRHERE) 2HEES
BEMOEBPERETH 5.

KIETLNGE 3 — SR [46, 47, 48] L REFEHEMNC K D, EE T EE IO E A
% [49, 50] e XEEIRERIEES [51, 30] R EHRA R X A 7 1BV TEWIEREZ 7 5 Tk
PRESINT VWS, T/, B TIEHRNRRETEICHET 23— [52, 53] H
ENTWVWB. LoL, Pragst & [52] D3 — R AT — IR — X TH HEJITHEE
ENFea—RATHY, BHRESLPHARIICRITS. £7, Louis & [53] DI —r%R
¥ Yes/No B o—[M—ZFROERMICEN DA Z D a— X THYH, ZhHD
MRIBRFEEEIIIC T E RV, MRNVRFEEO BRI Z ER S 2 056> AT L DHE
BoD7zdizld, &b EME» D BRBMRIVEITEZ EONGEE T — S 2 ORI HE
TH5.

AL TIE K D BRI R R 2 HERE T 205 R T 20RO =91,
71,498 DRIV FF L, £ ORKIZIHRINICRILL 7 B2 REGFE O D 572 5

13



@
[ ALZRSVEFHLETH? “-
® IRL—%
. FENDGVNDTITH...... y SRR FEE
= Voo FUSE J mtwonnE
Wz HIPLEVWLRA NS VIEBDEEAN? |
..... D }E:ﬁ?ﬁ
[(BELS%MAASUFYLANSVABDET gg
TRL—%

3.1 WEEICHITIMRNLREE L EBNLHEFEOH. CNSDOHEBIIFHRED ICHEIRT
BLERRBBZEHZREOD, CONBERELICEVWTIIALERORFEL LTHRIRTES.

Xf5h 3 — %2 DIRECT (Direct and Indirect REsponses in Conversational Text)" %
MEST 2. BIFEONGES AT AMEORROBAHAZEZICT 570, Ka—,x
BREHEDRNLF EXA Y« v LF X — VDR ZIEFARGEE 2 — A MultiWoZ [48]
BILER U CTHERN S 5. BARIVICIE, MultiWoZ D& —FFHEFHF I LTI 77 K
V=T HAWT Ta—¥3EEL2 X DMRNCE R RG] ¢ [5G
Z XD BERMIZEWRZHEE) o ZINET 5. 2D, DIRECT 2 — 8%
WIITTDFEGE - MR LTS - BEARIRFEGED 3 DfBNERE 5.

TRV LI O BRI Z IEMICHERTZ 208 502t 272012, K
B2 Tld DIRECT 2 — %R ZHWT, MIRIRFAEZ BARNLHTENE VIR
BRATEHETT D, R=ZX 74 e LTRAMOHEMFEEBFASHEET L TH D
BART [28] CEDO K BWIRZET VEMEL, MEHAEZTo%. T, S0z
ETFAEAVTI—FDANKEFEZHINC LD ERNERRF IS WEZ 5 Z 2T,
WEEISE AR DO MERED M LT 5 Z & 2R L 7.

AREOMBZILT. 32HCTEIANKAOEEMKEZHENT 5. 3.3 HTIX
DIRECT 2 — S X DR FTRIZOWTHANT=DE, 7 — X FIEH 172 75 MG R
RO — R2ADFHHBIZOWTHAT 3. 3.4 HiTlE, MRNRIEEINEEISEE
BMETINDINEICPNETHELZRHAET 5. 3.5 HiTlE DIRECT a— 22 HW\WT,
MR RFEZF CERZFD XD BERNRREFBANE S WIRZ 2T V2L,

1) https://github.com/junya-takayama/DIRECT/
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ZOMRERFMES 5. 3.6 HiTIlX, ANFEGHEZ XD BEARPNLRFEFEANL T WIZ 5 2
Y CHEEIREE T TV DOMERED [ E§ 2 & 8 BERIIORT. ®mEZIC, AEDX
LH% 3.7 HITTIRS.

3.2 PBEHEMZE

3.2.1 HMRIGHFEICREHT DA

ARWFZFENC BT S TRV FERE ) &, FERFEITA [45) ZHRR 7 $ X b
N=Z2DANHE - A7 LABNGFETEI D 5 2HPHOMBEICRE L7z D & LTHE
DFohd. BERGF TALIX, TEREDOBREIZBR 2 NZ2ROHFEDOZ L
ThH3. FIZIEHZ2FICBVTARBIINL THOREEL2O2) ETH? ]
c@fce T 5. ZHUIFFREADIHERTIUL ThhrzarE 50 22T DE
X TH 22, B LTIZEDOREGED HODHAZHAZTIELWV] WS EiFx
LBRAZ2BDELHMT2ONPERTH 5. BERGETA LTI, KEOTHRED
DFERRDZ D F FHN71% T FHaE 2 ERFEH TR & PR, MG T A0 EE > R
TLATFICBWTHEERREL L TIDMHAENTE % 54, 55, 56] 23, BEMED
75 23 O F VIR Z B2 BRI o 72 2 — S X ORERITHUD #HATE DIEA
WD TTH 5.

HEANOBEREZMRINCRET 2 2 1%, MEHICBWTHWDI GO EERE%
HRDORVEIICT 220D KRT A bR RAMIED—DTH 3 [57]. XFhES AT L%
FIZBWTHRIA PARIEELRBLATHD, K74 PRIRZENE T 205
AT LDFEFNIENT TEZ K DN Z LRI TWS [58, 11, 59]. RBFFLIER T A
F A RAEREHERLS D DTIER WA, DIRECT 2 — 8 R1EKR 7 4 bR AWFRICTE WL
THIEHDARTE 5.

3.2.2 WEEICHITEIEVEZICEAT B

AR TIEINGEICBI 2T VWIAZIWCEH Lica— A2 MR T 5. £ ZTAH
T, MEY AT LAPFITBWTEWIEZ LR FEE & BARNFEE ORI
W 72BIERRERANT 5. XMEEICBI 2 HFEDO S VIAZ Eifo 72FHHl e LTIEX
Bk [60, 61] DFEFHNE. TS DAL TIEE WX ERREM 2 W THEDF W
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B2 BERT 2 8 TF—RERET, IOEERDOMRER E2ZERLTWS. L
L, FEFEOFTWHZICBVWTIEXFRNBREROAZERLTED, MRIVRFER
¥ BRI R FEEE O 5 WHLZ BARICIIAIE L TR, SR [52) 3R G &
BRI FEEGED & 72 % 5 VIR ZNDE NI 05E 3 — A Z )L — LR — X THBE
RWIDZFEEREL TV, T2, ARN=2—I 13y P EHOREEREE
w2 Z T, MEEHOMRLRIEZ Z DFE L [F U BRI Z HF2 BRI 72 #E I
BEHEIONDEILERLTWS., LEL, L—IARXR—ZATH 37D HENERA]
RER MG T — X DAREX—VIIReoNTED, ZREEICRITZa— 22 Eo>TW
%. SCHR [53] 1, Yes/No BEM Y, ZHIIHS 2 MRNLIEEDXT 34,268 12
B725 A=A MEL TS, FEMNEMNIN LTI, IWENERICNLTE
EEBEDELLDEREZRTODTHLEIPNT /) T —aryInTns, a—x%
AR DT> T ETEEODEINCHELR 10 82—V ONEES TV DWW
TUDCEDSCEMZE Y S Y =2 v 72 HWTIE L TE Y, BT EET
T3, 431 TH5. £/, TNZEHLOEMIIN L THRAT 10 FOIbEL 27 77 K
V=Y EROCTIELTWS., 207D, AL L L 2 o2 ERIEE
HRBIA—NRRAEBoTWS. LA L, —M—&F8)rD Yes/No B OERIGERIZ
FREZXNTED, Yes/No TEWHEZ SNV X S RIIFEIEE IS L Tk
V. KRR TIE NS OBERR L 13 E R D, AFTERINMFEEREICN LT
ANFCHIRNFHEE - BARNEFEO S VAN ZENT 5. ZD 7 DIRECT a—
NRZFIANE S UL ZRERFEPE Th, »OEME IR Z WS RH) D N5
aA— A TH 5.

3.2.3 EVEZICEAT B EEBER

SVWHZICHEETIMFEDO I — A E[NL, KR THR S MRV
HENLRAEFOZT WA DOMEBEMNITZRT. THLETRZELDFVHZ -3¢
2 162, 63] BIREX T WS, ik [62] 1X, Web =2 — R ESHFEO—HEL Y
WKHEHSL b2 — VAT 4 v 7 RFECL > TSRO 2/ L, 2hs
DXMWEVIEZICR > TVWELE S EANFTINUIFT 5 Z 8T, 5,801
DEVWHAZ = NZAZMELTVS (55 3,900 HBEVHEIMEHEZRL T
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%). XHR [63] & Twitter? E2SFT URL 28T 2 Y A4 — L ORE S WX %
xRt LTIEL, ZRHDY A — MABREWHRZICR o T0WEH0E S 02 AFT
FAOLFLTED, 51,534 FOBE W a— A ZMHELTWVWS (55 12,988
HDF VA EHEZINTVS). ThHDFVEZ O — R I THEERES
DXWRZFHEDZ NS DTH Y, MEEEREZHS MRNLREFEOSVRZICERHLE
I — S RITFEL R,

GREMGREREZ A 7T 53— %2 [64, 65, 66] AW L OBEARTEN. &
BRI, 22 H et Dol Ex, t DETHOHNUIEIZDOI L t, D
HTHL IR TER IORMBFROZIEEES. GREGRHa — AICI13F
FE D OERZZ VT TR S A ERD B FBEGRRESER L RFHAL
R BVHEESEENTVS. MBI 258MGBREHRK-7za— R LTI
DialogueNLI [67] 23® 5. ZD A= %RIEZ AT LADFFORNLY F & AT L4
L 755G e O OB Z—EMEoM L2 HIVE LTHEEINZHDTHS. X
WY FIERDIM G- X T MG 2 — R AT H 5 Persona-Chat [12] ZEiZ, <~y F
Bl &FE L O TOEEMRERZMNEG LTV 5.

BFED 2 — 2 2BV TIE, XREAEWEIBERICH 200X Rt e SE T
2 E S 0NE, ZOXBHVWLNL IRFLZRE T & b MHFRAERS L OHR
BEROAIHAFEL THIWIRETH 5. ZAUSH LA T S MR R FFEOF W
Bz Tk, FEEFALREWIRZBRICH 208 5 &M S 2 72 DI 56 R RS
DN ELELERE 725,

3.3 DIRECT J—/\R

MR 3EE & BEARNRAEGTFE O WA N o R 205 2 — "X 2 HET 5.
T —ZERa X b DRE Y, BIFEONEES X T L5 O B D 72912,
AT TIEEREFONGE 2 — R R 2R T 2 THAMZINET 5. BARNYIZIE
MultiWoz2.1 (BAR#IE MultiWoZ & Kal) [47, 48] 2 — R ZHEIZ, 77T FY —
TRV THENEINET 5.

AETIIETHFENONERFELFEONTT —XFNZDOWT 3.3.1 BTl T

2) https://twitter.com
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&3.1 HRORECEFNEFONEDI-OHDIETRE

Instructions

Read the following dialogue between the USER and the OPERATOR, please

rephrase the USER’s response written in red letters into two different types of

speech, following the instructions below.

Type-1 (Direct) : a more direct response that expresses the same intention
as the original response
Type-2 (Indirect) : a more indirect but natural response that expresses the

same intention as the original response

“Indirect response” means, for example, a response to a Yes/No question that
does not contain a “Yes” or “No”, or a response that does not directly refer to
the action you want the other person to do or your desire. If you have trouble
rephrasing, click the “Hints” button. You can see the goals that “USER” must

achieve in that interaction.

5. Fi, WELET— 2O MEFfG% 3.3.2 #iicTIT5. #EE L7 DIRECT a—
NRZDFHRHEEICOWT, 3.3.3 fiTIIMEINRBA2 ST 5. 3.35 Hilcs
WL, BEFEDO S WRZEHEE T L %E A WT, DIRECT EEFED S WX a— %
A DI 2T S .

3.3.1 HARHIGFHEE L BFRIGFHFOR DUNE

MultiWoZ & 10,438 X15E 2258 2 <ILF R X4 DO ILF X — Y DREGER X
ZEANGE 2 — %X TH D, MFTAPHEIREBREBERY /7 —> a YHITE
LTW3., S —F e o R 7T LD EDPRAIHET2HEATHY, 2—F
FEEIEET 71,524 HFFHE TS 5.

AFETIEZ 5 K Y —2 v 27— 2D Amazon Mechanical Turk® % VT,
MultiWoZ ZHEER 3 2 T TRV HEE & BRI R RGEON R INE T 5. (EEEFIC

3) https://www.mturk.com/
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WXEITE 31 DI RFLAEEMERRT S, £/, K32DK51C, BEEZEDME
M 121 MultiWoZ 2 S S N7 MEEEEN TR I 2. FRE R REE
JBIEICHEDWT, BEEFIIEE SN —VFEE (K 3.2 FORFOFEGE) &
RIVLFFE BRI RREFZOZNR TS WVIRZ, AN 7+ —2ICANT 3. &
B, WMiEBEREOATIEEOBERE HCHETER WSS I A, MHints) AR
VRS Z ¥ T MultiWoZ 7 &3k U 7= % OXfEE DN EE B % R T &= 2 BEHEZ 1F
i FIcFEET 3.

EEEDEE BHEOEIMMAPANZEZALPToTOVRWT =&, FUY
FILDHFEDEWIHZIZD R > TOVRWE IR T —XDINEEF 728, REDIL
LXRAZICEHT 2EREE 2 HINGEE L. BRIICE, 2Bl 1y &R
JEREMLUE. 2B, 2BHDORZAZIZBWTIE 1 HHDZ X Z7IZB8WTEEED
LRI EMRE LN T —XOMEAR Y ZHIHETRELZHOCEBIEL, AFD
RAZIZBVTHEHLZESD L RI—DRELMEH L. AFEXZAZIZBWTIE,
MR 72355 v BAK 2 FEE DM D BZEL XL D Jaccard FREAY 0.75 L EDF —
R HEIICABIRIC L. $7, BonlT —XDREITEMEDEML 2. &
BN, 2o OFBHFHIE & BEBRHMEICEH L7z 6565 AHD 536 ADIEFHEHIC
Ko TTF—2BER S N 7.

HKEWMDOINE 1 Db OEERMZYE 1 oL RES D, FEmmE 1 45
720 012K (RS20 7.2 K KL, 2021 £ 6 H 23 HEREDL — FTHA
PSS 2 24 799 ) & L7=. BRIKMICIE 71,498 15 DR IN 72 338 & BART
RFEEEONEINETE 2. Fo5N /27— &%, MultiWoZ & [Fl UE%E TRl T — &
Y FHifli 7 — 2 EI L 7.

F—2F IE LR BRI REGEOFI %R 32 1RT. BN
BI3AY I F LD —FHGE (MultiWoZ IZTC A2 PRI N TWB HEE) & H 3
Y, 2—VFRFHPENRMEHTOL A7 Y EFLELTWS Zehbhd. DR
PHRIVICETWILZ 725D E LT “I don’t want to overspend but remember its also
vacation” (HFE DHWT T/ TR WVWITIY, RIRTHHE WS Z e 2RV

4) J6A D MultiWoZ 7 — &Rk > X7 & (system) & 12— (user) Tk 2 _FHHNGEI O 5.
Lo LAIFFEICBWTIE, ABRLOMNGEICBWTHRICHEET S X5 RN HEZINET 7=
DIT, AT LEDFGEE “operator” IZ X B FFEE LTRIL, ANTIIZERINTZD D72 8
TR NWEIITT 5.

5 HARSFEX L LTHEDIL->TOWRW 26 DT — X ERI LI
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Dialogue Context

* You are planning your dinner in Cambridge
* You are a vegetarian

USER: | would like to have dinner in Cambridge
OPERATOR: Do you have a preference for restaurants?

USER(TGT): I'm a vegitarian

OPERATOR: OK, there are one vegetarian restaurant near the hotel.
Would you like to book?
USER: Yes, please.

Your Answer
Type-1 (Direct paraphrase):

Yes, | need to find a vegetarian restaurant

Type-2 (Indirect paraphrase):

| do not eat meat or fish.

32 U5URY=22 0 ZAVICHRNABREE L EFRNGRFEONOINEICAVWSER
EEfl

T) CWOFHENIE LNz, ZDHITIX “its also vacation” £ W95 7 L — A3 EAK
72 FEEFEIZEB T B “not too cheap” (LT EXRWV) XL TWS. FTEROHITI,
MR 72 F5E D HIZ “Do you know of any in town?” WS 7L —XNH 5. Xtk
B2 E BT, TR MAEHIH D) ZHIoTWERE S h%MS
72D DFEFETIE R L, BRI FEFEICBIT S “Can you find me a guesthouse...?” D
I TFRAMANTZREZRLTUILY EWHEREIRZ B1-DDHEMETHE I
DR AID .
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% 3.2 DIRECT O—N\ZXDF—4fl. “USER (3hRH)” & “USER (EFH)” IFZFhZEh
ARARICEWVWTITUVRY =22 FICL > TWNE L THRIEF L EFNHEZET, “USER
(FVTFIL)” 1 MultiWoZ IS LA VP FILORETHS.

Al FErk
(B, 2—FRFL AT E2ELTNWD)

SYSTEM Would you like to pick a different type of food?

USER Yes, what about British food please.

SYSTEM What price range are you comfortable with?

USER (A V ¥ )L) Something in the moderate price range would be good.

USER (fli5:HY) I dont want to overspend but remember its also vacation.

USER (EAR1Y) Can you choose something that is not too expensive and not too
cheap.

SYSTEM Do you have a preference as to what area of town you dine in?

speaker utterance

USER I need a place to stay in the north

SYSTEM OK im seeing alot of choices in hotels is there anything else You

need in the hotel that would help narrow it down

USER (FV Y1)

USER (fli5HY)

USER (ERI1)

I’d really like to stay in a guesthouse. I heard the ones in Cambridge
are very nice.

I am thinking of staying in a guesthouse. Do you know of any in
town?

Can you find me a guesthouse in Cambridge?

SYSTEM

How about the Acorn Guesthouse? It is rated 4 stars and is in the

moderate price range.

3.3.2 mEFH

FERIN DUNEEMR, HokH IR O ARl 2 SR L 7. BARRYICIEEHEL » b
IEEND 732 D —FHIHIIN L, 1§oN7MRIVZFHER & BARNRHE
AONDOMEE 7 7V RY =2 72 HWTEHME L7z, SEFHMEIC BV TIEES

WHRR U EEEE 0 F 2 X 3.3 12RT. EXEHE I

AHIN R & 72 2 B Wik 20

EZEDNEHBEZ R R L. ZORE, B WHRZ NI “Response-A”, “Response-B”
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Dialogue Context

USER: | would like to have dinner in Cambridge
OPERATOR: Do you have a preference for restaurants?

USER(TGT): I'm a vegitarian.

OPERATOR: OK, there are one vegetarian restaurant near the hotel. Would you like to book?
USER: Yes, please

Your Answer

Question 1.

If USER(TGT) is replaced with Response-A, will the content of this dialogue be retained?
Response-A: | do not eat meat or fish.

Question 2.

If USER(TGT) is replaced with Response-B, will the content of this dialogue be retained?
Response-B: Yes, | need to find a vegetarian restaurant

Question 3.

Which of Response-A and Response-B more direct?

almost the same

In principle, choose either "Response-A" or "Response-B".

Response-A

K33 5URY—=2FBVWO-NAOREHEICAVIEEXEREA

DINNV%EZYRELIEID LT, 500 MRN (H2WIZEMER) mIEsHE L
TRESINLT —=XDPOPORVWEIIZLE. EREIIEET, S0EIXHN
FEZ MultiWoZ DAV P F NV DHEFHEL R LENZRETETW2E2 I 2
“Yes”, “No” D _MHTFHf L TH 5 o 7. XXIZ, Response-A & Response-B D €5
SR XD BRI ONWTHFHEL TH H o7, 28, HWIIK-HEDA “no
difference” ZERZ L ZFFAE L. 1 FD 7D DIERITH 0 5 FHK % 30 B &
RED D, FIIHRME 1 HFH7D 0.06 K (L KEDEDTE 72K L. 2021
F6 723 HEEDOL — P THARMRE T2 28 799 ) & L7, &5V
FLTH5 NDIEEFICX M2 INE LTz, &R RFHEEIZZ DZERIT X -
THRELT. BB, FHMiiX A ZI2BWTIE, INEXZX 72BN L AERED BT
ERR L7 7 — &2 BT 2 Z e DR WK D IEREZEOEID B TE2IT- 7.
FHMiAG R 2 2% 3.3 IZ7RF. Intention-accuracy JUXE L7HFFED S B, AV I F
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*&3.3 FHET— X OmBEFHER &34 WELLESVERZINOBEER

Metric Ratio [%] RE fiE [HEE]
Intention-accuracy (fH5HY) 95.0 aa Y A X (R 72 3E55) 6,273
Intention-accuracy (EARHY) 99.7 et A X (BARRYRFEEE) 4,664
Directness-accuracy (Exact) 81.4 FERE (MR HEGE) 15.59
Directness-accuracy (Relaxed) 89.4 TR (BRI FEEE) 12.38
8000
mmm [ ength(Indirect) - Length(Direct)
6000
4000
2000 I‘ I
0 __--.lIII IIIIIIIIIII..I-—_
-20 -10 30

3.4 HIRIHEZCEFNEFEENTNOXROADH

NDFEFHEFCERZREL TW2 LHIENLb0DEETH 5. MRIVRFE
FANDE WX TIE 95.0%, BAARKZHETADFT VIR T 99.7% L /HWEIE
DT —=ZBAVIFNVERUEBEREZR>TWb ZeBnbhrd. HIRNERFETED
Intention-accuracy 25 BRI R HEFHEDHE L D 4.7% KWFER 2o 72, Z i,
I—HFOERKZHRIVICRIAL TWVWE7-912, ABOFHIEIZL - Td R
LB RANZDVDEEINT VIO TH S EZ HNS. Directness-accuracy
%, Response-A & Response-B D ¥5 553 K H BAREY 2 & DR WIZx L, BiRRY
RFEFHE L TINESINLAOREFEPIEL S BIXNLHETH S, “Exact” 1 “no
difference” L HIWi S N7 T — X ZFFAE LR WVERE, “Relaxed” 3FFE LLRETD
Directness-accuracy TH D, ZFNZ4L 81.4%, 89.4% L &EHWE|E 7 -7-. DIRECT
= RRAZBVTE, IO DFHEi 7 L biEMts 3

3.3.3 ®EHRIDR

DIRECT 2 — S RIZBITF 2 MR HEE e BEAANRFETE DS VWL Z N O
WEHSHPIZTE012, £FTh—27 VEATOHEN O 2175, £3412
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HEEL L TOMEMERE RS, &B, HESENICIE altk® 68) 74 77V D
‘word_punct_tokenize()” XV v RZHWk. 7z, KCF/PSCFERXAIL TV,
7, BBEYA XIOVWTIE, MIRNZRAEFDOTHBEMAIRHETFLD B 1.3 HEE
REWZ ebrd. T, FALEREZR EHAETH-TH, BIRIITKRIEL
7HE LD BHMRIICRBLGEDOHI B LD ZHBERB LMD G2 Z e Z2REL
TWa. £z, XK GERHICEINZ FIHEEL B L TR, MRVRHEST
1% 1559, BARIYZRFEFETIX 12.38 T, MIRNARRKFTHO AR EV. FHXEIZOWV
T Wilcoxon DMRE [69] ZFHEM LIz 25, 0.1% FEKETHE TH-7-. K 34
2, MY MR & BANLRHEFEONRDAEDL A M7 L%2RT. NE
H2Y, XEOEZPREDMNIHEY 228, BOMANCHZ L DML TWVWS I h
HARND. ZOZers, FHUXRIRAELZEIDNY, Hifiz XD EEICEL
PaZ BPRCHICEZES T2 2B TLHAME VI DT TIER W Z & HRE
5.

Rz, WMRIVIZFEGE e BARNRREGECBOWTHHAINS 7L —XDEVERAES
. 3518, TAZNCET % HEE trigram OEE A7 20 g3 5. £%
H2r, BARNRFEGED tri-gram 1Z1E “book” R “find” R ¥ L —FIR AR — X
LTHRLWZ & 2 BRI R 2 2 BFA%°, “the reference number” @ X 5 IZFFED A
TV PRIET 7L XPHEBICEENTNDE Zehbrd (RPKRFTEED.
—7%, WMRBFEFED tri-gram 121%, BARNZFEZETIIBHEH TR W “is there any”
X0 “I think that” ZED 7 L —XANEEFNTWS. DU EDZens, MRLFEGE
¥ BRI FGE T, Th2BH T2 7L —XGEVWDDH 5 2 e DFAINS.

3.3.4 EMRSR

DIRECT 2 — RZIZBWT, BEFHEGE e MR L THRIVAEGEICIZED K5 7%
FHED D 200 AET 2720, AT — X0 & HAEAITHH U7z 300 o FEaEHC
OWTHILEHRA S, F—FH X2 0MOMER, EFENILITD 5 20¥HEAY
WRAITE 7z, UTIcREROEG ZOHAZIET. BB, #HRoBEMEY T
BHREED D oT270, ElEDOHNE 100% 12— L W,

ERPITHOEERE (54.0%) BANFE TIEIIIRINCE XT3 ZRPAT

6) https://www.nltk.org/
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3.5 SEEEAI 20 5D tri-gram

PRI 72 T8RS BRI 72 7858
trigram freq | trigram freq
i want to 2387 | find me a 2617
i need to 2223 | i want to 2442
would like to 1969 | can you find 1971
i would like 1903 | please find me 1924
is there any 1762 | all i needed 1807
that would be 1588 | thanks for the 1643
you help me 1584 | in the centre 1628
thanks a lot 1407 | i need to 1623
in the centre 1402 | for the help 1539
i think that 1312 | you find me 1531
i think i 1270 | that’s all i 1403
a place to 1246 | can you get 1376
you have been 1242 | give me the 1358
would be swell 1056 | i need a 1206
such a great 1042 | you get me 1200
i think you 1027 | i would like 1145
you have done 1011 | please give me 1097
a great help 981 | get me a 1094
have been such 979 | book it for 1086
been such a 979 | the reference number 1060

FIZOWVT, MRNFEFETIE I DERICR > TV H 0.

Bl 1 (=YD R TV EHRLTWSEXRT)

BARIYFEES: Find me a good gastropub in town.

HRIYFERE: It would be ideal if there were good gastropubs in town. ( [#8L T
S TRABIR S AT VAR

fll 2: (> X7 LD [Pizza Hut Cherry Hinton serves Italian food on the south part
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of town. Would you like their phone number? | &\ 9 FEFEIZH L T)
BARHYFEEE: Yes, you can get me the phone number.

FHMRIFEFE: 1 will want to call them. ( [(BFEFSZ) #ELTIELY]) v
5 ERDHR STV

WROBEEBE (18.3%) EMARRGE CERIRMICE IR TOW 3R iE&ico

W, HRVAEGETIE I VBRI TWS 3 0.

B 1: (BREEE D TRIDTFHEATZET)

BRIIFEGE: Yes, I also need the address of the theatre?

FHMRIIFEFE: Dve never been there. I'll need help finding it. (theatre 23E Mg X 41
TW35)

5l 2: (A7 2D [T'm sorry but I was unable to book you for that time. Would
you like to try another day or another time slot?]) & W5 FEEHIIHT LT
BARIYFEGE: No thanks, any other restaurant for a similar time?

FHRIIFEGFE: Nah, got anything else like it? (restaurant VEME I LTV 3)

MERTICEKEFELBZVWEWRZ (10.3%) BARIFEELICHB T 2 H 2 RKBIH, Xfah
R L2 WBET L DR ARBUCEWIRZ 6N TV 2 H .

Bl 1: (AT LD 2—F I DAL % BV HRT)

BARIYFEEE: Yea the north sounds like it would work out for me.

R AYFEEE: 1 am just hoping to be as far from the south side as possible.
(NERIRIIC & 537, Tnorth) & Tas far from the south side as possible] 1XF W
2 FTRE)

B 2: (>R T L3 —PFIZEIRIE DOfikg T D L Z H W72 XK T)
BARIYFEGE: A reasonably priced lodge would be wonderful.

FHRHYFEES: 1 only stay in affordable lodges, without exception.. (X FGIKFLIC
& 573, lreasonably priced] & [laffordable| 135 WX AlHE)

TEE - EFAVToORE (41.3%)  HRIVFHEFHITBNT, BAEFEEHITHERT
IO TERSWVEIL (“Could you " % “Would you =" 72 &) LWIE Z ) 5
EOREXY T 4 KB (“I think -7 % “maybe” 2 E) 25N TVWEHD.
B 1:

BARHYFEEE: Please book for 4 people on Tuesday at 12:00
5 FEE: Can you make a reservation for 4 people at 12:00?
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£3.6 SVRADESHOHEICHEREOFENSXZXEDRAERER
BWRZ LHE S NEIE (%)
NERRESE RS D NEEE R L

TMRAIFES - 4V O FILFEEE 96.0% 83.6%
BARBIFEE - 4V O FILFEE 99.6% 94.8%
A 2:

BARFEGS: French food please. Any price range is fine.

HRAYFEGE: Can i get some French food? Any price range is fine.
HEMTODEM (7.0%) HEFEENZHRIVIEZ 572012, HEIRET 21055

DIFHZEBML TV DD,

B 1:

BARRYFEGE: Yea can you find me a place to eat that is in the expensive category.

5 HYFEE: T want to take my girl to the nicest place to eat in town.

B 2:

BAKRYFEES: 1 have to leave Cambridge after 20:30.

MRBYFFE: 1 will finish my meeting and can depart from Cambridge only

after 20:30.

ZDHb, TERLITAHDEKRM) & TRHEOBKL) OV TIIHMRIAEFTOE
X DR FEBIEICKIEL TEDD 5 2dD CIFEBEICKEFELZSWIRZ) T
HHEERDL. INOLTODEMDOA R DL LL—HIET 57 —20HE
1% 60.3% THo7. k5T, DIRECT 2— 82D 5% 6 HIFLEIINEEE R ICKE
L7ZBWHZDITONTWwWE EEZI LN,

RIZ, FIFEOEXZ NEHER T 212, NEGEBEROEEN Y OREHER S
A5 ET L. MAET — XD S HAERITHIE U7z 500 A D FEGEIHIT DWW,
Amazon Mechanical Turk Z W T, ZA 604 P FILDHEGE & WX BERIC
HHENEI D, MEEEBEZIRR LGS TR LRVWEEDZNZIUTDOWTY]
ELTH O o7, BRIFEICOE 5 NDERFICLI2HEZTo72Db, ZHIRIC
Ko TR SNV EBERE LT, £ 3.6 XSV LHEINLEEEZRT. X
EREZTR LGS, MR - BERNFREEIZE HIZERTORENA Y O Fu
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mwwm DIRECT
MRPC
10 Twitter URL Paraphrase

6 -

: ||| II|I||||||I
0 !--lllll-__ I I
0.8 1.0

0.0

Percentage [%]

Cosme Slmllanty
3.5 Sentence-BERT ZRAWTHEH LAEWMEI XD OY 1 VELUEDDH

e AFBRIEZEHEZINTWE Z b2 b, —ATHEBRZIERLRVWES
iF, R LA ICHRTHRNAEFE TIET VIR CHE I NLEED 12.3% K
W, ZDZ 5, DIRECT I — S 2 IZIEMNEEERED EMOEE L S WL 53
Pded 2% EBEEEEATHI EHEZNS. LrL, ZoOfEIZEOEEL
WKBWT THFRBEICKET 25 WA L LT —2DEETH S 60.3% &
WEA0/hE V. 2R, “I'm looking forward-++” & “Find me " D X 51243 T
FRVWIFE A EDRIICBWTERWICFEA CERTHW SN S X 5 RFEFHEXTDI,
MNEEEREZIRR LB o BETHEVWIHRZAHEGE LTHESNATLE o2 D
FARZEEZ 6N 5.

3.3.5 EFILZAWVE=9

AEITE, RAERO XTSRS VWA E T VEH W T, DIRECT
I—RNRREBFOEVHZ a - ADHBHAELZITS. £3, DIRECT 2 — %
A, MRPC [62], Twitter URL Paraphrase 21— %Z [63] D Z 2D F W2 0t
(DIRECT 2 — R BWTIFHRIVFEE & BANRETEOX) £TIZOWT, X
518 Sentence-BERT? [70] Z W T Z DX a4 Y HELERFHET 3.
X 35 IRTEBED A 75 L% R 2%, DIRECT 3fhdBEfFD o — 22kt
NTHEHMEMEWEWIEZANNZ NI DD 5. Sentence-BERT &, LR DEEL
ErHEEST 5 XA TH% STSBenchmark [71] Z W THAGFIM S €T LT

7) https://www.sbert.net/ IZ TR E LTV 2 ‘stsb-roberta-base’ €7 /L% 7z,
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100

80
6
4
2
0

DIRECT MRPC Twitter PAWS(Wiki)PAWS(QQP)

o

Recall [%]
o

o

3.6 MRPC, Twitter URL paraphrase d—/NXATI7 74 >Fa1—=>% L7 BERT IC
FOTEWMBERELREIN-EVRANDEIE

100

80

60

40

-
0

DIRECT MRPC Twitter PAWS(Wiki)PAWS(QQP)

Recall [%]

o

K 3.7 PAWS I—/NXATI7 74 >VFa—=->J LT=BERT IC&>TEW R LRSS
nﬁ. = L‘@Kﬁ@%‘]é

Y, XMEEELLZOL NIV TOXDOEKRNELEZKS EFLER>TWS.
DIRECT Tld a4 YHEUEMENFE WA MRKRBICEET 2 Z 06, Xk
EERBLRINEIEVIRZIZ L TER VLI REWIEINNEZ L EERTVS
DR TE 5.

Rz, BFEOFVWHEZ a - 2A2HVTIlMan 5 0B zBBET L%
DIRECT a2 — RRARHEFD 2 — X 2 A L THEBES 21T 5. BEARNIZIE,
BERTY [72] #EFDE WA RBBHA I — R TI 7 A v Fa—=V LS
WA Z BT T AN, ERICEVWHA L ERCTELSVBRANOE S ZETE
T5. k7%, FHEOBRRZZFVHMZIERMET LV TOEHOENELGNT 2729

8) FEEEITIX transformer 7 4 77 VU https://huggingface.co/transformers/ @ version 3.5.1 % H
Wiz, F7z, HHEREIEATT L E LTI “bert-base-cased” & W7z
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MRPC & Twitter URL Paraphrase 2@ — S A THll#f L7z E 7 WIZHN X, Paraphrase
Adversaries from Word Scrambling (PAWS) [73] Till# L 7= E T LIZDOWTH otz
1T5. PAWS a— SRIFHEEOEHEDEHVWE W N 2K S 2 — 2T, MRPC
R Twitter I — SRR THEL L XA TOHMDRRERa— 275 TWNW5.
Xl 3.6 I MRPC ¥ Twitter URL Paraphrase Z FHWT 7 7 4 v F a2 —=V 7 L71=3
BORERE, K37 PAWS ZHWT 7 74 v F 2 —= v L EGEOEREE
3 5. M36,37%R5L, DIRECT 32— X2 EBLDEFAIZBVWTHE
WA Z LRI N B DEIEHNZNZEN 64.9%, 35.3% LI DKW L AHATN
3. ZDZehs, BFEOEEPHEIL RNLTOEWRZIICEH LEEF LTI,
DIRECT I2& 2 HIRHY « BEANLHEFE O S WIRZMEH2Icikz2nwZ )3
RIS,

3.4 HIRHFEFBNNEIGEERICE X B RE DKL

AIFFLTIE, MEEOEERE T E o TXERNZ 2 —FHGED T BRI 72
I—HFHEHHRTIDIELWVINEZER LR TV E WHREIHE D E, A7
ZHANC X D BERINICEWIRZ 2 2 & CHEEICEE RO ERER E2 HiES. AHIT
X, HEIE VWX ICE D S FEOMEITKEDH T2 o T, T —HFHHEOEARIEDXFHIC
EERICHEZ 2B 2 HEL, IWEOZUMZMRALT 5. MALD HEL LTIEE
J, DLIREOEEMEME TS L REFAEMEET S (341 H). X, 2D
E7 L% HWT MultiWoZ OFHii 7T — XIZBT 24 P F LD —FHih R
1y - BEAENOWTAICIRD 70 5. 2N HEINFEEIN L, RIEEHD
End-to-End & 2 27 8 EEIGELERET NV TH S UBAR [74] ZH VTS 2T LG
ErERT 5. RN —FHEEINT 205 D mE D BN R FEZHITNT 2 b
DEDHRNZ 2R T 2 (3.4.2 Hi).

3.41 EBFMEHEETILOEE

BIE AHTE, »22—VHREDFOBMRUEZHET 2 L5 RET NV ZMET
%. DIRECT a— S R12i%, ZHZFNDNEEE I LT MultiWoZ O A V) ¥ F
VDFERE, RS, BERNRHETED 3 DOREIFEGIhTWE. Zhoo
I EARMEDEOIEICIER S & BRI FEEGE, 4V O FLORE, RIS
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-

BERT

t t f 1 t 1 t 1
[CLS]I[USER] U, [SYSTEM] R; -+ [QUERY] U, [SEP]

3.8 BEfMHEEETIOT—FTIFv

DIEIZI2 5. BT ADPHEE LI ANREEDOEMEKER a7 ZHWT 3 DORZ R
JEZ G R 72 & ZS, ZNHFEEOBMAEDIETEE D IS ATWIUR, €TV
BLEARMEHETETVWEILEEZXS. £oT, 3D0DHFEELELL FVF 7T
X2 X5 RHNBEBEAWTEREET VORET RTS8 T 5.

BERMHEEETILORS BAMHEE T LE, MEE{TAHEE [75] X ahIkEE
IBER [76] 72 ¥ DNEET — X0 T 2 KX X 7 I2BWTEERE L 7 2 HiEE 5
AETIN BERT 2FHICHET 2. ETL7—F77F v 2K 38 (c) ITRT. T
BREOHEE N R T D 5 Fih e MEGER TRk b — 27 V2 H A THERS L T BERT
Tya—RIZANTS. ¢[CLS]” b —27 ZHIGT 2 RKE DN 2B IC AT
LTCRAA 7 —HIZZ L, sigmoid BIEZ@E L T (0,1) OHPHDOR A 7 —fHZ15 5.
BRI 2 AT SN RGO BERME L RT R a7 e AT,

333 Wi CHAm L7z D, BERNAREGE RN AKETFOZLZICBVWTHY
LR TWVWEHEERL 7 L —XDHEICIEIKRZREVDLD L ZebhroTWVWS. Z
ZC, HfRHEEEL NV OREED ERMHEE I OREGEN» ZBAES 5729,
Bag-of-words R — Z DFFEEIIFEFVICEH L TH B EITO I 8T 5.

ETNADEEIIZ, FoF 2 7%E (17 FA 7 TEILHWHNS Pointwise 85K
¥ Pairwise 8% H\\ 3. Pointwise 2L TlX, #EME & EDBARER a7 DR
DY AT RMET 5. BB, SHEXELNREREE UT, MRS
12 0.0, &V I F VDG 0.5, BIKRYZHEGEIC 1.0 DRa72EH D IR2.

Pairwise 18K1%, X D EARNRHEGTFOMER a7 OHIFELID bRELI RS
EORBERBEBTH L. FlZIX, BEARINZREE A bR RHE B BH-T, Z
DHEEARA AT % s4, sgp & L7282 X, Pairwise BRI T TERINS:

1

_ log 1+ 67(514733)
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+ 3.7 ERMMER XU OFHMEmER

ETI HIBIEL | Exact match  Kendall’s tau
BERT w/o history Pointwise 0.785 0.803
BERT w/o history Pairwise 0.816 0.846
BERT w/ history  Pointwise 0.784 0.804
BERT w/ history  Pairwise 0.813 0.841
LR w/o history Pointwise 0.540 0.616

BERT R—RZADETIILDEEIZIX transformers 74 77 VBV, £72, FHRil
HEAETILE LT “bert-base-cased” Z M H L 7=. #REEIIFE TV DFEIEIZIIHK
B FEE T L — 17— 27 TH 3 scikit-learn (version 0.23.1)? Z W7z, £7=, xf
FEREANTHETAE LBEWETILVEMEL 7.

HEMREDFME DIRECT 2 — SRDFHli7—&2ZHWT, BEREHEETV
DOHEEMREZ FHEI S 2. FHMERE L LT, #ER a7 I W=7 v %0 7L IEf#
DZFTIINLT, ZhoPEe—RT 585 (Exact match) & 2405 D
D Kendall's tau [78] ZH\W 5. K 37T ICEBERELRT. KB, KFE t BEDH
R 1% KETHORE DBEEENZEDOLNT2DDERT. KFTRINZ2ET L
MITIEREERRD LN D o 72, Exact-match £ Kendall’s tau Dj/FIZHBWT,
WEEEEEFH L WET L AT 2ETATRIZEED LR WEE RoTWVD
bbb, ZOZenrs, BRI OVWTIEINEEREEHVWT S 7L — X%
HEDAZTE2FELPD L LTHEIEETHAREROTIERVWNAEEZLNS.

#IEEEE 7L (LR w/o history) @ Exact-match (% 0.540 T, Z4UIF ¥ ¥ X
L—FD 0.167 XD BEEDIEWVEE o TWb. Z4UE, BERT XR—ZADET
MR 72N DD, HifliZz Bag-of-Words FHEE T D Bk %2 H 2 FEEHEE AT
RETH B Z RSN

3.42 XEINEERICEIT3MRNRFBOCERE

341 FICTHELLEAEH#HET TV EZHVT, 22—V HFOBKERS X T 4
IWEDERICGA2ZEHEZMHAET LS. £, K37 TROEAMETD -7z BERT

9) https://scikit-learn.org/stable/
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w /o0 history @ Pairwise ##KE 7V % HWT, MultiWoZ DFHi7 — & D 21— 3
a2 RN - BEENOWTRICIRD 717 5. 22T, IRD T ORIMEIE 0.5 1ITR%

EL, TREIDEVDDIEFEKN, ZALTOdD0RHMRNE T 5. R, RN
7o — P REEEE Y BRI 2 — P RGERE O Z h 20t U TR D End-to-End
XX ZIRAIMNGEET NV TH 5 UBAR [74] ZHHWTS AT LIBEERERT 5. 2B,
KT 227 LI0ED BLEU %

FHICIFEEODRNELTWEZR2 ) P2V 10 2hzhoa—FFGE
10.25, BARRZFEGERICT LTI 14.00 7o 7. ZOFMER2S, MEEY AT 412

FIELZE 25, MRIZFEFERIIHN LTI
& o TR EAZ 2 — Y HFED T BRI IZ 2 — P HFHTHRTE D S 27 A 00E
EEMLRTVWEWIREIZZYTHLEERD. £oT, 2—¥FHAAETDHLD
HETZD2LEZONS.

BARINZE W TNEEINEERET VICATIT 5 Z 2T, MERINEERDOMEREX
115.

3.5 HRHGHZFOEBFHEHEBEANDSWVEZ
3.5.1

AEHTIINEEICEERE T MBI 5 2 —FHEFED X b BRI IR FEGE N D HH]
BVRZETILOBE

BWRZ DDIZ, MRILFHETZ BAICEWIRZ 2 X X7 it L, iz

REAZIIANEINTFGEE BN ERFF L2 FF L0 BRIV R Z A LICHE X
ZABDARANEBERR I THDLERD. 2T, G (79 7 + —~<
ZHL[80] RED AR A NEER Z 7 I2B W TEWERE

PIDRATIDODR =574 L THWS, R—ZASAVETLDT—FT 7

F ¥ 22X 391RT. Kk b —27 > & LT “<user>”, “<system>”, “<query>” %81
T 5. “<user>” b—72 ¥, “<system>” b —727 V& ZNEFNNEEBEIREP O 2 — GG

FEER L TW % BART [28]
DERH, YRATLARFEOERINEG T2 LT, TETANRENEZNDOHEDEE

10) https://github.com/TonyNemo/UBAR-MultiW0Z

ERAILRTVWESICT 2. £, SVIRANRTDH 2 IR LFER DERTICIE
“<query>” b —27 YNNG 5. MNEHEET DOFERE & F VAR O FHE & KRS

33



<s> ygirect  </s>

t t t

BART Encoder — BART Decoder
1 1 1 1 1 1 ) t
<s> <user> U; <system> R; ... <query> yindirect /s>

3.9 WMRMLERFEHNSEFNGHBEADEMEIETIL

& 3.8 HRHLHEFEISEMNGREANDEMEIZ I DRERER

Model BLEU Perplexity
Transformer w/ history | 25.23 2.66
BART w/o history 32.51 2.15
BART w/ history 33.77 2.16

JEWZH#AE L, BART Oy a—XWZANT 2. B, ANMT—=2D =27 VE»
512 #BR-GEERE®LS 512 h—2 VHETOAZANTS. EFLDT 74
VFa—= I/ uRTy hub—EBEEPHWTITS.

3.5.2 HERERT

FIEIZIX transformers [81] 74 77V ERMH L. £/, FFiEEEAET IV
¥ LT “facebook/bart-base”™ & W7z, 77 14 <A F ¥ LT AdamW [82] %
AW, #BEF 252 L. Ny FH A I CGPURXREVAR LD ERE R
28 ZEALEY. J7T—2D557 X AT 2,000 fFE g =87 X=X
Fa—=V T HOMIET—& & LTHIML, BY ZAlBICHW?. 30 =Ry 70D
FERERT, ROMALT — X TOEKI/NEWE T IV ZFHI 7 — X T Ol H
Wz,

7, WEEEROHXEZRTEST 272012, MaEEZ AT LKRWET L (BART
w/o MEHEE) HWR L7z, HAFEEH ORMREZMALT 572012, HiiFHE I AT

11) https://huggingface.co/facebook/bart-base
12) MEET — R ICBVWTRHERIVNE K22 L5 ITEAT.
13) f#M L7 GPU i GeForce RTX 2080 Ti, 11GB Memory.
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X 3.9 HMRNLEFBOEBNBHEFEADETEVERIZRIICET S EEBNRAETED LS

USER Hi, I'm looking for a place to eat some indian food.
SYSTEM Do you have a price range in mind?
W57 355 (AJ1) 1 want it to be the best place in town.
BART I want it to be an expensive place.
- w/o N E g Can you find me something expensive?
Transformer Can you find me an attraction in town?
R I was hoping for a much more expensive place if possible.
(omitted)
SYSTEM Yes, The Cambridge Belfry is a cheap hotel in the West.
USER Do they have free internet?
SYSTEM Yes, they have internet would you like me to book it for
you?
57355 (A1) idont think so on the booking. address and phone num-
ber though.
BART dont need to book it. address and phone number for
them though.
- w/o XTEEIEIE address and phone number isn’t needed.
Transformer no...just give me the address and phone number.
B address and phone number is all i need right now.

72\ Transformer E7 L% DIRECT 2 — 2D AZHWTIIF L 7= F/LI2oW0n
THiHi 21T - 72, 7B, Transformer ETNMIIOWVWTIELya—&K - Fa—x4t
W EE O I RITTEUR ¥ D& AN =05 X — &% BART t[f—0fH
WCRE LTz,

AR ¥ L TiX BLEU & Perplexity Z W2 Z 2 & L7z, 202 DFEM
Z 22 22NV, HICDIBRZE I, KRERATIZARXANERRZ 7 D—
B L TIZA2ZeMNTES. BLEU X7 + — < VHEEH [80) IZBWTHHAWS
NTV3 X511, REANEHIUZEB T 2EENLRAEFMRNEO—2>TH 5. £
72, ANXZETMIANLEROZRXDOERINSLT X2 % Perplexity & £#
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M3 3.
353 ERERERCEE

£ 383 ICKETNDFHM T — X 123815 % BLEU & Perplexity /83 . BART %
FAW=ETFLTIE, WiGBREERT3ETLONH BLEU Za 73EW. 2
X, MRV FEGEINFEEEZ E B LR U IEREIC BRI R FEEAND T WX 2
TERVWIEEZRBLTVS.

BART & Transformer IZ2WTI& BART @745 BLEU, Perplexity HI2 K& < |
BloTW3Z bbb, ZOMREIS, MOZ ODARSTENHE X X 7 b [FAkk
2, WMRIRFEED © BRI RREFEAND T W ICBWTHHFIFEIC L - THES
N2 HERDNRINAER T 2 2 e hbnb.

2 3.9 AR N BEERN RGO Z RS, EBROFITIE, BART €7 /UIEH
R FEGED “the best place” £ WD 7 L — X 2k FICE 3 2 RIAZ L T =
TWBZ e bH, —J7 T Transformer E7 /LT Z DFEFITKBLTWSE. T
Bt DHNI RO Z BOFHCEEREITH 5. XtEEEEEFIH L7\ BART (BART
w/o XMEEERE) T, ZRX BT OEKZFOXZAERLTLE->TWVWS., —
i, NiEBEEFHT2 2 20T LIS A CEKO LR ERTET
W35,

3.6 XEREERNDFEREWVIRZDER

WaE S AT 2T o TERNR 2 —FFHEEDO T DRI IR 2 — P REEICHART X
DIELWIREZER LR TV WIHIREICES X, ANFFEL2 BRI S WRZ -
Fair BT D MNEEICEERET VOMBEL FMZ1TS. BRI, RAehmoxs
AN EEMET IV TH S UBAR [74] 1L, ANFHFHIMATZENEZ XD EAERY
WEWHZ /D DHERIT 2L CETLEHRET 5.

3.6.1 EFNLGHERIFADEVERIZZERLICHEICEENSFDOER

UBAR FHFIEHEADT ¥ A MERETILTH S GPT-2 [83] £ L THE
E N7z End-to-End B D & X ZF5[AEHEISEERET AV TH D, MultiWoZ 7 — &K
KBTI I0EERICBVTEWEREZLEHLTWS. UBAR DET LT —F7 7

36



£ 3.10 XFERZFER OISR

ETIN YNVE E BLEU INFORM SUCCESS COMBINED
UBAR FVIFNLDA 15.07 90.6 77.8 99.27
UBAR w/ BRIV 3855 + BN FEEE (AR 15.39 91.1 78.8 100.34
UBAR w/ BUAKIGR RS+ BSRE (BI0 | 1527 917 794 10082

F ¥ %X 3.10 (a) IZ/R"F. UBAR Tl GPT-2 X L THEEEREF ORI D 2 —3
HeEr AL, TOANREIL, 2—FD% RO TOTDBFER I THIR N
D, BUROXGEIRELZ THIT 2. TN NGRREEZHICKAT ARV S
YDEXEMENBIRINT T —AR=AEMEKRL, FHFCAER LV a—-F%
GPT-2 IZAN$2% (K TDBY). 2D, RICED XS RICEZERT 2 XEH
RIRT NG TAZHEL, REBICV AT AINEEZENT 5. ROL—FFHFEB AT
SN BOFRROUIEZ D RS Z 2T, MEEREEZER LB OINEEZAEMR LT
W X RETILERSTWVWAS.

ARFEFRTIE UBAR ND AN —HFHGFIIH LT, 2 UCENZFDEMRK
2355 %2 K 3.10 (b) D XS IWHEE L TANT 5 22T, ANFHEEFENCERE
B W G B DIDEAEREREZ AL S 5. kB, THXNRDIEEDERTD
I—HRFEDAEZTVIHIAMNRE LT3, JIFFCIZEAN R TG L TSR
¥ (DIRECT a — SR 2RI N TV 2 BRI FEGE) 2RV 5. FHMliR I,
5% 3.5 i THIER L - BRI R HGFEND B VIR Z E 7L 2 W T A 352 BRI
SWHZ b0 EHWS. £, S0 Ick 3 MM ED EREZFAE ST 229
2, BE L LU TIHMERICS B2 WIGEOWEEIC O W TG T 3.

AR ER 8T X = RIZOVWTIEFETDETMIOWT Yang & [74] TOHEIC
WEPLL 7=, BEEFFEESLNFALTWERZ Y F D 2R\, MultiWoZ DI
T =R Tl T — X NDOREHED 3.5 HiX Yang & [74] DRRELFEETH 5.

3.6.2 EFMERE

#Hfi R B 13 BLEU, INFORM, SUCCESS, COMBINED @ 4 iz H\w2%. 20
5% INFORM, SUCCESS, COMBINED & MultiWoZ [47] ¥ ®D & X 7 {gAIMNGE T —
Kty MEHVZIEERERICB W TRENCHH S ATV 23R ET

14) https://github.com/TonyNemo/UBAR-MultiW0Z
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(a) UBAR
SHEREE,

XEE T

m ... B

GPT-2 Decoder

e = =

(b) UBAR SWMEZXEBETIL

e HEEATH, m ... B (T,

GPT-2 Decoder

¢ 1R, + ST R,

3.10 MERBEERETILOETILT—FTI/Fv

H%. INFORM EaE k2@ L TRRLEZ YT 474 (RT7T VAPV R
NI Y) DIERE B LEHETHY, 2—FOHECERL BT
EPRENTEZ»EI»E2RZRETH 5. SUCCESS IFERx W@ MM (E
FieTiES, FIEEBERY) P EMICHNITELEEGTHD, TREDORK
NEREXBRETHS. COMBINED ZZh s 3 DDOREEZHAE LD DT,
COMBINED = BLEU + 0.5 - (INFORM + SUCCESS) TalH X1 3.

3.6.3 RERERCEE

T — XIS BT ISR 2R 3.10 ISRT. RED, ETOREBICBVWTE
EWINZEVIRZ e — S REEEEEB LT UBAR DRa 7% EEl-TW\w3
e b b. INFORM IZDOWTIEE WX ETILIC K o TEBRI I BRI
HFrHORBHBET 05 RA Vb, ZRXZHVEHET 11 R4 Y P ERLTY
5. FiERBANICE WA T, AT ARLA LI VIR T 32— OmE
Z XD IEMICRAID, HRICERLGZIRRTE 2 X5 1CR o7 2 & H/RE
INb. F72, SUCCESS IZBWTIEERXZHWESGET 1.0 KL v b, BIEX
EFRHOWEBAETI6 XA Y M ERLTWS., iz L BEAWICSWRZIZZ L
T, ETADRLI—FOERE XD IEMICHETZ S X512k, THDORIIEIM
bl rmgansg. UEORER»S, 2 —VRFEDOBEARNRFETFANDF VR
ZAIMEEIEEEROMREF LICH 5T 2 2 e b otz £, AR SEE
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R U 72354, BLEU MANO L TORETSIBXDIGE DT HHEERE W Z L 25T
AENDE. ZDOZehs, IHEHEESVWVEIETLEERETZI LT, 615
JINEERERED A B HIAD 5.

3.7 8HDIC

AWFFLTIE 71,498 K DOIMR AV FEEE & BRI R RGO 2 ELxtEghia — <2 %
ML L7z, £/, MR BERNRIEERICE VIR 2 X A7 2#ET L, &
I DHREEEASEE T VOB LI T 2 UHENZRE L. 25
12, MEEISEERICBOTEARNLREFANDSVIZ EF L2 HWT ARG &
b BRI FFEICE VIR 2 2 2T, WEEROMREDNM LT 2 Z & 2R L 7.
SRIZ XD ERDOEWE WL £ 7L OMFITHLD AHTs.

AL TIE X R ZHEANGEES AT 22 WRE LTa— SAZMELLY, H1E
THBNZ XD, MEESRAT LCIFMRTHNE LD DB ZFET 5. Mk
W EE IS X R 7 FE AN EEIC AR TEEEDEIL S FEhE D BT H 2720, X D RO
LWHHIRINZZFGEDFET 2 e EZ 6N 5. EEOMESIEE S R 7 2 3TG 72 02
EEKT2—ATLRULIEEEE LTI LAWK S RINEEEMR L TL F S RE
BB 6. XAZIBEDGE R, Z OREIXMRN LI Z BRI ViR
252 THIHEERENRETD 2 RTINS, HHMNEEICB T 2 MRV FEEE
WEHBHLZI— " ZAOMEDLIERIVZHEE LTE T 6N 5.
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£485 LEDEMKMNZ HIEE6E 2N EE
ICEERRTETILDEBE

41 (FL®IC

FEENER 0B 12 B W T A < AW BT & 72 Sequence to Sequence (seq2seq) [3] 2
DET N2 EABIEH U 70 IDEERE T L 2] PEREINT WS, seq2seq
FANSCE MO R Z EZENICEE T2 ET LV THHD, FEHT—XRL
L TREDHF LGN 2 HETIUILENRG R0 E X 2 EN T2 e N TE 5.
L2 L, seq2seq (IHEIMENERD & 51T AN & EBRINICEEMI L 722§ 2 2 X
7 TIEEREEIRSERND T E 50, HIRKICED K 51 AN U THRER INE DS
ZHBRRAZITBVWTX 25T 2 Thhrd) krewol, A[EERH TR
b MEECEBE R)ILE (dull response) ZAEML TLESMEZIZ TWS [39).
ZAUZ, seq2seq DANFEFE I T 205 L TSHRYPER I NS MHERZ RK
L3 2 L2 EN270THLEEZHND [84].

COMEZ RS XL, IWEDEKEZA EXE D X5 BFEB NI TITSL
RBRINTWVD (39,85, 86]. LarL, EEDOABFRELOMGEIIEWTIEX 4.1 O X
I, HBFEFHIIHLTHD 5 3)0EFe LT, BEREDERVIEEDLSEWINEE T
BR2 RIS EDFEET 2 [7. 2% D, ABIZSEDBEMKMEZBEZIG T THEWIT T
TW3EERD. 2070, NHEEBARLBMNEZITONGES R T LDWBEDT-DIZ
X, WWEDOEBREZHIEHTE 2 X5 BRFELAAIRTHS. LrL, EROHFED
X OB EDOBAEE 2 EX 85 FETIE, BREZHWIIT5Z 8T
AQAN

Z TTAMETIE, WEDEBMEZ IR EERTFEZRET 5. Hanh
DHFECHE L LT VWHEN T EN L IHFFEERELI SV E WS BERKITED F,
TFD XS HEINEERET NV ERRT 5. 9, HEMOIEDHHATER
&= (Positive Point-wise Mutual Information; PPMI) & HWT, % AJ1FEE Xt
LTHELRTVWHEIH I ZNL T RS X CHFESEERET VDT a—
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DS 20NE
/J\ 4 )

SesE skt I €3TIN )

[ B9E5.. W, BWNTT -

ERS IhVEWK S5z DIF R &
ﬁ \_ S

41 RFrHBZOEREDH. HBIRZFICKHLTED S BNEICIZEFEDRLSZ WL
DHDIERFEHH S .

REWRET 5. £72, PPMIIZE DOV THEX L IEEXDHLEZH 2 MaxPMI &
WHOREZRITL, TLZ2HWTERF— X ICRa7zHHNINET S22 T
Distant Supervision ZE A3 5. #@FFICIMEEDR a7 %2 AN T 5 Z & THEMRX
OEEMEEHIETE 2 X513, £, MaxPMI © FREEA SIS L > T—
RIEF 2729, TOfEZ AN THUEATIFENN L TEREDNRAR L 725 % H
NTBZEHAREL R D.

Twitter 2 SH U7z HARGEXTEE 7 — & & DailyDialog & FEIE 2 JLgBNGE T —
ZERAWTERZITV, BEEHME e NCRHEiZ21T o7, HEhEHE & AFFHmO M /5
WHBWT, BEFREIBEFFELD bHBUCEMAREZHIEIARETDH 5 2 & Z iR
L7z

4.2 PBAEAZE

PGB E T IZEBITF B dull response DHIZ X - 72521 2L F THRA
WAThbTE. MMI [39] T, ST 2HEBFRENBVEEERT -5
2, FEEX X LAY OB D PMI % (1 — A)logp(Y|X) + Aog p(X|Y) TilfBl
L, FRRHICZONZHWTY 20 F 0 7 2ToTW0W5. LaL, ZOFETIIHE
WHEBREZRAKIE LW, p(Y|X) 12X 3 N-best ERICEBWTZ LMD
EWVEED I XN o 78 k@ifﬂ%ipﬁﬂ FTERW, dull response 12X L TR
FNANT 42525 X5 ICHNBEBEZREL TETAZIIMT 2 FIEDERIERX
nTws. RENLFEL LT, EERLFEEZHWFE (87, 88] RHOMAYAE L
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my name is : John Semantic-based & Specificity-based Generation
P(“John”) = Py, (“John”) + Ps(“John™)
Response
Decoder
h ‘ Gaussian Kernel Layer H
Y.
: Specificity
1 Variabl

Utterance £ v Control Variable
o IIIII IIIII

© Semantic Representation ~ Usage Representation

what is your name ?

X 4.2 %%1THAZE SC-Seq2Seq D ETILEIER (Zhang 5 [41] & D5IH)

v VT — 7 BEALTFIE[89, 85 ¥ HITFONE. Tz, HEHEEDOKWE
FENZVINFIZE BHRNTH 5 & WO RFUITED &, BHEDE SN C TR D
HRBEBZEADT TS XS LFEDBIREREI ATV [90, 86, 43, 91].

INE D BMREOHIEE B L7z Fike LTIX, Zhang & [41] @ SC-Seq2Seq 235
ot b, SC-Seq2Seq DE T IUVHER %X 4.2 127RF. SC-Seq2Seq TIEHH 7 —
X DIGE X DEAEM 2 RS A a7 % HE) T 5 L Distant Supervision 12 & %
YEETO LT, HAIXOEKREZFIEITZ 2. XOoBKEORE L LTI, H
FEBEE 2SR WEE 2 O ST BAMED TV & W S REH D 5 EXET S A7z Normalized
Inverse Word Frequency (NIWF) ZHWTW5. & % HEE y OWHHE IWF, 132D
HEZ?BUINEXDRE f, e 27— 28 |R| ZHWTMTTREIN 5.

IWF, = log(1 + |R])/ f,-
Zhang HIXZNZHWT, JEEX Y OWHEE IWFy 2L T TERLTWVA.
IWFy = max (IWF,) .

JEEX Y O NIWF 2271k IWFy % [0,1] OFFEICIERELZZd D LTWA3.
SC-Seq2Seq Tl NIWF 2 Z# e L1zH v R A —3I)VE%E T a—XDOHJEIBM
LTEY, @RI Ra7Z2EELTTa— F3 % Z e TEAKREOHIFEINAIRET
3. L2L, NIWFIZY DA TRETIEHTHE IR, TURH—
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gl

P RE e &R T BB BR IS

—
-
o
-

-

= IS </s> <s> E»

4.3 ETIOEER

FVBBANCIHRAGKELEWEE R TWE Z s, BERNTIED > THH
AT BB E VI T AR WVIEED LIX LITERE NS, I0E XDl %z
His L 7=FE e LTSN [92] R5CHk [42] D3FET 5. 2O IENEETRAS
JEEX DE X ERER U A RBHICE SO W RS EFIETE 2. LarL, B
T 7NNVEIRT —XIBIMTTY ) 77— a v 33208085 5.

4.3 ®EEFE

REFEOMELZK 43 1ZRT. IRBFIETE LT PPMIICES S HERE
MaxPMI Z FHHW T AN REFE X ICEXOHEEEVWERT IV HETT /
T—>ar§ 3 (6 431 8. ETFOUVIENCEE L PPMI & MaxPMI 12D
WTXAERRZITS (58 4.3.2 fi). F#E KX Distant Supervision OFHHAZFH L,
FEEHEN L FHHifT 5 Lz 7 L2 B2 TS (55 4.3.3 ). HEGRERICIMT
HOBEEMEERa7 LTANT 2 HEL, 2a70 EREEHELTANTSH
B Ko TXERZITS (85 4.3.4 #i).
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ANT—% Lookup Table BEENRT NLF

“fH1)F" 5432 [[0.11, 0.16, 0.78..., 0.53]
ng 11237 126 [0.49,0.63,0.34, -, 0.12] [([)03928,8-;? 8-;45---, %8‘?:]%]
ol 71 A 127 [032 025 076, -, 063] [0.53, 0.07, 0.08,..., 0.85]

‘</s>” 2 128 [0.53,0.20,0.11,, 0.91] [0.32,091,0.71..., 0.65]]
4.4 Embedding E DHIEZE

4.3.1 FHEXICHTIREBEXDOHEESEWVLDHETE

AR TIF AT TG SN T 2B XD EFREOEEVEZEAZNICEEN S H
REF L OO X ITHET 2 L WO ERICHEDE, PPMI N— 2D HMIZRILRR
B MaxPMI ZHER$ 2. X5, M7 — &2k 6 HFERT O PPMI 2 HATICE
BLTEE, ThzHERITINCRET 5. HEE ¢ BFEFE - &I A
LMERZ ZNEN px(z), py(x) &L, HGEE z,y 3D 2 FHEEIGE N CRIFFICHEN S
% p(r,y) £ L7z =, PPMI AT CRIEINS.

PPNHCuy):nnax<k%2pxé§fiﬁ«yyo>

B 5FEFIMILDHFEIN % X = {21,29,..., 7%}, THIK T 255D HEEH| %
Y ={y,42,...,yy} £LHTEE, MaxPMI ZLA T CERT 5.

MaxPMI(X,Y) = max_PPMI(z,y)

reX,yeY

72720, ETLVOEERRRCE IR [0,1] O#HIPNCEFRLLZZDDZHW5.
43.2 ETILIEE

BRERETNMIT seq2seq DT —F 77 F ¥y ZRRER LD THD, =ra—Ke75
a—XERD.

I>O—4 %3, A7 —RIFHFEIIXIE U7 one-hot X7 LM &5 47>
RERIN T — 2 X = {x1,X2,....,Xn} £ L THEZHN%. Embedding BlZZHNETHLD
HAZEICEZ Y T A HEENR Y L% Lookup Table 22632 (K 44) 22 Tx &
TR %, ICEH T 5. ZHUEHEEZ KT one-hot X7 M L% Embedding J& DE
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AITHN W, 2 RV TRIP IR S D HEICF LWV !

. — WeEncodeTXi

T, RNN ElX Embedding BEOMNITH 2T bFI X = {X1,%s, ..., X0} BA
e LTI A. 2T, RNN BD&EZiE Gated Recurrent Unit (GRU) [4]
ZHW3. GRU X LSTM t[AfE, RNN OAJBHEAREORRZHIEL -7 —*
TOFvTH5. GRUIZ, H2EALARATY T i IZBII2AN%E %, BIVRES
hy L% UTORMEZITS.

z; = sigmoid (WZ . [ i-1, Xl])
r; = sigmoid (Wr . [ i-1, Xl])
hi = tanh (W [rl © hl 17 )

hi = (l_zi>®h1 1+Z1®h

T, Tva—&®D GRU OHHREE hy 0T "L THB. T, W, W, W
BA[EER XTI X =R THDY, sigmoid(z) 1T 7 EA FEAK XN 2
,00) — (0,1) OIEMALEEELT, U T TERINS.

(v

i35
(=

8 “Hl

v

1+exp®

r XVt y b= bR, HEDXA L 2T v TORDOBEIVIREE by DFHHEOD
BRUIC—DRID XA L AT v TORNIKEE hy , Z ENZUTHET 202D D
THb. —H z BEHFZ—PeMEN, hi-1) & h 2N TOEEGTRELA
LbEZD», OFD, BEDKEZENZITWDALLZRDE720DF7 - L
THERET 5. DL EDBIERITV X, Z W THNERIREE by 2158 2 2 LUT Tt
T 5.

sigmoid(z) =

hi — GRUEHCOder()_(i, hifl)

Z DIEZ S HXORE THIFINCEH L, §oN7TmEIRBE IR L

hory £ 5 5.
REFETIFZNCMZ, AJTENTz MaxPMI(X,Y) 2 ZE -t S bu >

(Multi-layer perceptron; MLP) 12k o T3 2 XAF7I>A—4H %D, horpy
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YRAay7xzrya—XOHI h, ZEFELERY L h, = {hgrp;h} BTV a—X
ohess. 2k, HHITREXOEKREDODHZZTa—-XIT5EZ5ZL
DTES.

FA—=4 FTa—XOROBERESEV L E, HEHEveV ¥ ANX
X COHEHER a7 s, EITTERT 5.

sy = »_ PPMI(z,v)

zeX
TaA—XFET, BTOHRRIINT2HFHLEZR 726K 257 b v, e RV
R, ZhEZE S—+t 7 oY (Multi-layer perceptron; MLP) 12X T
WM LZRZ MLV h, 282, Zhetzrya—&X»s0H R 2Z ML h, 284 L
72bD% 7T a—XOUIAIREE hy = {h.;h,} ¥ T 5. ZHUTED, Fa—XIIER]
WANEHELSLTVWHEDOERZESL Z X TE 5. 732 —XIE Embedding &
¥ GRU & ¥ Projection J& %##>. Embedding BlX i — 1 BFEHD XA LAT v I T
HI U7z HEED one-hot X7 ML yy Z52IFED, ZDOHFEDDEERE v; Zi&RT.

— Decoder
yi=W, i

RNN B3 Z DHFEXRZ ML e EiE DORRAIREE hy_y ZZITED, ROFEIVIREE by
PLUTOFBEICE > TRT

hi — GRUDBCOder(}_’i, hifl)

Projection JEZ h; 252 FHD, £HEEZH W TEEREB N Kot DFEEERZ b
WV §i KEHET S

yi—l—l = thi + bp

722U, W, 3B RE R EAITHIT, b, X FEARERANAL 7 RIHTH S, 22
T, Vi1 DREZRIIN LT softmax BIEY (X 4.1) ZHEAHT 5 Z T, Kit=mO4E

RTERNETRATE 5.
exp(y)

4.1
> yey €XPY (4.1)

softmax(y) =

T/, BRALATy T i IBIFRT7a—FOHITRT bL 1 IR LT vy 2 H
ANETRETZIET, ANIXEDHEBREOSWHEOH NHERZIEIEIE S
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(H7BIEER). "N Ta—Xoth 7 13U ToRTEREINS !
Ti=0=XN) m+ N\ vs
TIT, L&, Ta—XOBEDOHREIREE h; G TUTD XS IERINS !
Ai = sigmoid (Wh, + b?"'*)
272U, Wore Z2EAREREAITAITH D, by INA 7 RIHETH 5.
4.3.3 Distant Supervision

FERHTIEFRFIOE X (X,Y) 12X LT Distant Supervision 21T 95 728D 7 X)L

¥ LT MaxPMI(X,Y) ZFIHEL, TNEETIVICAN TS Z e TERZITS. 72
B, BREABE LTEIRELY tu—BRZHWVWS. £oT, ETLD/T X —
K% 03U, BERBEBEUTTRENS. XL, DII¥E T -2ty b T
H5.

L= > logP(Y|X, MaxPMI(X,Y);¥).
(X,Y)eD
BRI, ZOEREBUCED, FEaie MaxPMI Z25&fFe L Zi, YD &
IBICERLERIREDPZEEHT DI ENTEL XD D.

4.3.4 )

MaxPMI(X,Y) X Y PHEE L TORWHEGRRFICIXERTE RV, ZD70,
0,1 OHFHDOELME s T AN L TXZ2ENT 2 (EEME7TI—F). 22T,
MaxPMI OMEHE I s 2% 1 1S TFIUIEWIZEHEOEWEENER I LT RD,
B EWSH DI 2 LA TE 2. 72720, ERICE TZAIRBIR) &Y
DEMBHEED X 512, BEREOVERVIEE LI H{RVWE S BRHEFESHEEL S
5. ZOZEeMD, HEIFFEIHNLUTID 52 s DEIIGEBREDHZEZ N
3. FZT, AN X2k 3 MaxPMI OHEFE FIRME 5100 BIRRT B, Spas 1F
HAETFE L PPMIIC X > T TFDO LS ITHRET 3

Smaz = max_ PPMI(z,v).

zeX,veEV

48



Spaw FFHVWTTA—R2TS5ZTX I LTHHEZIEEOFTTEEREDLED
KReWwWLEzdERcEs3eE2o6on?3 (EFAMERAETI—R).

4.4 EERRTE

RRFEDFER & OBIHEMNE RS L h 5 IVED BEAREZFIHTE TV a0 5 %
ZRHIS 2 72012, HAGEE & RFEDOMEHONEE 2 — R 2 &2 W TINEE D RE 21T
5. AHITIRZOERBFREITOVWTHIT 5.

441 fERAIZI—/\X

EEICBWTIX, HAGENGEI — %A TH 2 Twitter & HEENGEI — A TH 3
DailyDialog Z W 5. ZHNZNDFFMZ LI TICEHEHT 5.

Twitter SNS D—DT»H % Twitter? 226 HABEONFHEEZ 7 n— L L1zdDTH
5. BRI, 23V A -1 2DV 7534 DONE N ENRGE L ILE
DR e HILTSZ e THGHET— RRAZHEL 2. /6Ll 7 — &2 0
A4 RWEZFNZFR1,383,424/24,123/25,010 HEEILEM & Ko TW0Wd. Zh 2
DD FFEDEIZ transformers? (version = 2.5.1) £ WS 74 75 VIHET
% BertJapaneseTokenizer (bert-base-japanese) % F W\ TH 77 — N HALIZ 77 E
L.

DailyDialog ik [46] IC TR XN HEXNFHFI— A TH 3. HiAk v
T A Mo ANBIRLOHERFGEZ 78— L L THEINTZHDTDH 5.
ZDaA—=RRF 2 NODANBEDBPRBIZHGEZITO VT Z—VIERDXEE
aA—NRALHBoTWVWEN, KMFFICBWTIRERRT 2 2 ODRERT %
FanEN e RMMUCTHER T 5. JIE/REE/FHE T — 2 0% 4 XidEhZ
AL 76,052/7,069/6, 740 FHFEILBEX & Ko TWVWD. ZNZNDHEFEILEMIZ
BertTokenizer (BERT-base-uncased) %z F\WTH 7' — FHEALIZTE| L 7.

¥/, Zhopa—R2zhziucstl, SHED 50 ULV 77— RizonT
Fah - IDERToO PPMI ZHHiRIE L, HEEHLETHZER L 7.

1) https://twitter.com
2) https://github.com/huggingface/transformers/
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4.4.2 LEBFL

FERICBOWTIMERTFHE L BFEFEOLEZITY. $3R—XF/ LT, @
WD seq2seq AT 5. seq2seq DE TG, BEFENLORAA T a—
X HIEIESRE D RV D —HT 5.

¥, BEfEofl#HzEN LEREERFECHROBEST 2 FiEL LT,
SC-Seq2Seq [41] & DELEEDHIT 5. SC-Seq2Seq &, distant supervision % W T H]
T XD EARMDHIE Z ]I L7z FIETH 5. SC-Seq2Seq TlE, XH DHFEDLHE
DRI E XD BAEMEDE 725 LW S RFIHEY, XDOBMAEDTEFEE LTH
FEDOWHHE Z W T WA, X512, SC-Seq2Seq 1F, 7a—XoH @A T, &
T AT — XNVEIED W HE TR 2 M2 2. Z OHFETRIEE, Lo
EOHEZEZERTI2HRADFELIZRELRD, HEORIHEDAZER LD TH
3. fEmiiicid, € (0,1 OBKEZR a7 AS13 2 2 e TIBEDOEFRMEZHIET 5.

4.4.3 BHEFHERE

AT LADRMEEERBNICHMT 272D, TAMNTFT—XTOEI AT LDH
TR L, BEOBEEFHMERE 2 AW TEHMEZ1T S, ABFFE Tl BLEU, NIST,
distinct, ent, DU DFEHl R E % WS, DU TIEZ N2 OFHili R E o2 & 5%
FEHEIzOWTIHRR S,

BLEU BLEU [35] I3MBERICBWTHW SN 5 KD KRN HERRHGR E T
HY, ERLESELD n-gram O—HEZHERELZ->TWS, FEME 2.2 #i
PHIRINV. 22 HITHIBRZ L D1, MEEICBWTIX BLEU 2 A FiHii /M
WIZHREEOHBEN D 2 Z XM 6 TW5S., FD=OARMILICBWTS BLEU
ZHOWIFZITO 2 85 5.

NIST NIST [38] 1%, #HMBERICBVWTHWSR 2 BEFHMERETH 3. FA
121 BLEU & [FIRRICAERR S & B D n-gram O—FBEZ |2 b D05, ZDEf
ARSI T TERIN, BLEU 2IZBERZ2 DR ->TW5.

N Zz (E R ¢ 2B 61 IHfOi(U)l,’wg, 7wn))
)

@5 2 BEE wi, wa, ..., wn
NIST — BP A wn e, _
A nZ=:1 >, BHERSC i D4 n-gram &
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7272 L,
= log, %Tﬁlﬁ:?b—/ﬁ’x&::b’b‘% Wy, Wa, ..., Wp_1 @Z‘&

A 2 — R 2B B wy, wo, ..., w, DEL
TH5. NISTZ O EOFEBEZ D, EAEBVZERWS X T L TH 2% &l
5D, BLEU I35 D, Info(w,ws, ..., w,) IZ &2 TH n-gram IZ[EREITID
C7EAMNITZITS. Info(w,wy,...,w,) 1&, 5 (n—1)-gram {w,ws, ..., w,_1} D
RIZHi  HEEDANY L= a YHFHli 2 — AR TZFUIZWEEEL RS W
ISR RO, ZD7, AU bi-gram TH o T “is the” R “isa” DL 5 RHERE
FB4 X D “the cat” % “the dog” D X D IWCHNEEZ FALZHIEVNO—HDH B LD
m K RS 5. BPist & BPsrpy & [FIER, AN OHEER ¢ SO HEES
r EDBFENGERIRF VT 4 252 BHTH 20, ERIE BPerey LIFRPER
b, AEREILTTREINS.

BPnisT = exp {ﬁlog2 [min (i, 1)} }
72720, B, ¢/r=2/3 DY X BPysr 2 0.5 83 KD ICHRET 5.

Info(wy, wa, ..., wy,)

2

0.5 = exp{ﬂlogfg}
22
log0.5 = [log 3

EoT, IEBRUTDLSIT%.

~ log0.5
B 10g2§

s

NIST (& BLEU &R U & 5 ICERL E SR D n-gram —HE 2l 5155 TDH
%7-%, BLEU & RRICAFFME OMENH2RBEDH 2 EZEZoND. L,
NIST X TEREDE W n-gram FERT 2720, NHANRIGEX LD b EEMEDE
WIEEXDHDFlE N2 e EZ N5, ZTDROARMILICE O TEEAREL S
D OFYBRIEEERDP B INT VWS I 2 HERT 2200 BHFHMERE L LT
NIST Z#RH 7 5.

dist dist &1, Li 5 [39) IZK o TREEINT:, PR T LINEDERO SRR
M3 2720DRETH Y, ERINZIEED n-gram DIELOETEHVERT &
SRR TH 5. IHENXILITTERSINS.

o1



X N7z n-gram DOFEEAEL
AR X L7z n-gram DFREL

distinct—n =

HWwo a2 TD n-gram ODFEEENPZIFEZWVIEY, 78 n-gram DSV
LANTBHEI/PNZTIPEVIEEENRaAT RS,

dist (ISR OB X 23R ETIER L, FREMI NI n-gram 22
THFIZE S 720, Bl ZIEFHFFE T L TR BEBROBRVWHEZAER L HET
b, ZLOMEOHEZHOTVWIUIE Vi L-oTLES. 20k, EHIZ
BLEU %z &Sl e 0 —HE 2 2 el RE e W o N5, AWIZET S IRNE
DFERDZHREZ W 2 72D DRE L LT distinet ZHW 225, BLEU % NIST & O
BREZEZERLARNOERZTO DL T 5.

ent ent [85] I dist & [k, PR T AINEDBREROZSHMEZH 2 RED—DT
Hp. dist IR, ERINT ngram DHEHEEZER T L2O0F M TH 5.
BHEMD ent XA T DO THAETE S !

F(w)
t=— F l .
R o) F( wzy )18 & Flw)

2T, Y IFERXLD n-gram OEE, F(w) 1dH % n-gram w DHETH 5.
%;.:D LE seq2seq ZIIUDHE TEEFBAERETNMIZBVTIELIEILIZFRTCH
R 7 L — X2 REL FICHBDRLAERLTL XS BERPBHAIEINS (93, 94]. #
DIRLUH (93] &iF, ERXHFICBVWTHRUHEEBEIEDBELHVWLA TV EESWN
ERIRETHD, LT THEZINS .
1 X1+ (%)

repetition_rate = N ; T r(Y)

BB, G ZTA T —=2F i HFHOAERSL, Y, 3 i HFHOZHL, NIFT AT —
ZDRIETH Y,
r(X) =len(X) — len(set(X))

THd.
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4.4.4 AFFHHEDERTE

HEFHGCld 22 h il EOME 2 HIC> A7 A M OFHE % & &HIZEE
fissZLidTEL2HDD, AT LAPERLLINEXEDDDDOMEZIEL { FF
is 22 e BREERI=D, ANFTOFHES FRHICIT S DEDD 5. AL TIEFHM
FIZof L, HARGE Twitter 2 — 8222 S L7z 300 O HEFE X 2 DHFEX %
DEWEHBO Y AT ADPERLZIBEXE RYE, ZNZ2NDEKI D 5HE % 3
LTHBS. B, fMEEDHEEEZ I IV Y-V T TI79 b T4 —LThHD
Lancers®? TITW, HAZEFHETH W OV A v Z—FHETH B2 L5746 L %R
FALTW3., £/, ERATLADRERLZINEXEHENCY ¥ v 7L LUIIREETHE
FICREZ 22T, EADREDT AT LDERX PR TIBOnNESITL,
I DN EE R T 5.

AT S HE 1 IS TIZE T H % SC-Seq2Seq [41] ¥ L K, BT AT LIEITH LT
LTFD32DF7RADIBED 1 2%[FE5ELTHEHIHDET 3.

BRE FEHT2I0E L LTHRDIL->TED, HEMIZHIEL L, oA
RISETH 5.

AR FHEECHT2INEL LTED > TED, SHEMIZHIEL WS, Thhb
FHA] BRED LD REKEDRWIEETH 5.

BfE  FERICRT BIE L LTRD Lo TWARWD, H 2 WESHENRIED 2 ¥
BHo TXENHBTERVWIEETDH 5.

BAHY 7L FHEEL, MMOFHEE & O F XL —BEE L KD o 7z 1 AOFHEE
BN LI 580D 7 VDZEPIUT & > TRIET 5.

445 ETILERTE

ETOHBFEDET NMITONWT, Adam [95] + 77 4 A4 2 HWTIHIHE
fiolz. F7z, 2BHRIZ 00002 & Lz, AEBEREN DI, BEZ 5 ICHRE
LTHBLZ ) vy Y 7 %B{To72. £ TDOETNIZOWVWT, GRU ORRIVIKEED KT
% 512, Embedding DXITEE 256 ICRE L7z, Twitter 2 — S 2IZHBWTIE 40

3) https://www.lancers.jp/mypage
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£4.1 BAE Twitter —/NXICH T3 BEEHEER

BLEU-2 NIST dist-1 dist-2 ent-4 | rep length
RBEFIE (5 = Smaz) 422 0.66 0.063 019 847 | 268  6.08
BETFIE (s =0.5) 4.09  0.64 0.057 0.17 826|290  6.51
SC-Seq2Seq (s = 0.8) 400 0.62 0.010 002 565|190 545
seq2seq 3.53 041 0.008 0.02 400|156  4.08
Z M 100.00 16.85 0.110 0.51 11.17 | 1.00  6.11

#+ 4.2 ZEEE DailyDialog O—/NXIZH 1T 5 BENFHMELER

BLEU-2 NIST dist-1 dist-2 ent-4 | rep length
REFIE (5 = Smar) 17.62 2.87 0.083 041 10.77| 146 11.89
RERFIE (s=0.5) 1741 285 0.085 041 10.74| 141 11.63
SC-Seq2Seq (s = 0.5) 818 1.40 0.098 0.36 10.34| 1.29 10.09
seq2seq 9.00 1.54 0.096 0.37 1031|126  9.70
ZI 100.00 16.70 0.127 0.54 10.91 | 1.00 11.67

TRy 7 % T, DailyDialog IZBWTIX 200 =R v 7 FTAIWEITD, 2055

AET —RIZBIF 5 BLEU 28 d & B o 72TV ZFHIICH W=,

SC-Seq2Seq & H T A H — R IVEIZBIUIF 20 ERET 2720 D NAL =87
X —& g2 D, Twitter 23— 2BV TIE 02 % 0.1 1T, DailyDialog IZB W T
F 02 IEE L. 0.1,0.2, 0.5, 1.0 DIEFHEDOH D 5, MGEET — X IZBIF 5 BLEU

DERSELRDKD7% o ZIEAT.

ETFNVIETIREXEE 7L — L7 —2TH 2 PyTorch? [96] (version = 1.0.0) %
FAWTHERE L. R - FliOm A 1BV T, H— GPUY BREICTEREIT - 7.

4.5 REBEFERCEE

4) https://pytorch.org/

5) NVIDIA Tesla V100 SXM2, 32 GB memory

54



4.5.1 BEEHEGE

P 7 — 22 BT 5 BEIFHf O R 2 R 4.1 (Twitter) & & 4.2 (DailyDialog) 2
Y. BB, RITBIT S “length” 1IZIGEDOFEIH 7V — e RS, REFED
BAMREKILTa—F (s = spe) ZHWESH DD BLEU, NIST, dist, ent D $ X
TIBVWTEbEWHEZER L TWE Z2xbnrs. ZALDMEELS, Bk
MR Ta—F2HWE 8T, HEFEHEIH L TREREARER T s ZH#H
ETEBZZedbhrd. %72, DailyDialog ICBWT, HEBTFEIFIKTIEL AR
T BLEU ¢ NIST Z K&\ ELTWAZdbhs. Zhid, BEFIETIEHE
FEOEERE T T OVICIHRNICE Z 2729, HEO/NXWa— 21280\ Tk
seq2seq DFEZMTT DR/ REZVDTIIRVLEEZIOLNS.

SC-Seq2Seq 1& Twitter 2 — R 22 B W TIFIR R T % L A% D BLEU, NIST
R L7223, dist & ent 1 seq2seq A BT WHEER © 72 o 72z, — 75, DailyDialog
O — X Z2ITB W TIE SC-Seq2Seq 1EE W dist, ent fEZ /R L THE D, F 72 BLEU,
NIST 2B L Tld seq2seq & D IRV E WIHKERIZHR -oTW0W3E., 2o DRER
5 SC-Seq2Seq DEMMIZ F A AL VITHKRET 2 e RIS, T,
SC-Seq2Seq TIXHGE L IGE DR EZ BT, HIBEOMHEICHE W T ARG ZHE
FELTWS ZEDb, Fahe OREMEIMERW K 5 REBHEFEZ B LR T W T
H5HEHRNTES.

REFFEOMEYL LT, MADI— RRAZBWTHIEDED R LK (K “rep”)
HEWZ ERETFoNE. BEFEOEDRLENKZIVWERKE LT, 7a—-XD
WRBIZE XA L AT v FICBVWTENLT 2010 L THKHFED PPMI fHIZ—ET
H 27D, PPMI BEWHENFEICERINCT R TLE-oTVE DL HE
Z6N3. Ta—ZFDIREPLEUCAER L ZHFEIE U T PPMIEZEI DS X5
B EBIMNT A L TIORMEERRTE2EIONS.

4.5.2 [EDHHEIRTREME DIREE

JBE DB 2 ¥ O EFBUCHITE T = 2 2% BEFEMR E 2 W OREE L 7.
MREET — 2 D% HWT, SC-Seq2Seq LIRBET LD ZNZNIZONVWT, s DIE%
[0.0,0.2,0.5,0.8,1.0, Sppae] DWT NPITEE L CTEEE LR S E 7.

FERZ 3R 4.3 (Twitter), & 4.4 (DailyDialog) 12773, $#ERFIETIX SC-Seq2Seq 12
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& 4.3 BAFE Twitter J—/\RUTH T 2 EFEDFIEHTTREM O FHEHER

BLEU-2 NIST dist-1 dist-2 ent-4 | rep length

s =0.0 0.03  0.00 0.007 0.03 239|094 1.28

s =0.2 296 036 0.035 0.10 6.39]1.81 4.09

prze s=0.5 426  0.68 0.058 0.17 815293 6.54
s =0.8 345  0.56 0.046 0.15 812 3.97 8.25

s=1.0 3.23 053 0.039 0.13 8.09 | 4.23 8.72

5= Sme| 446 070 0064 019 841|268 606

s =0.0 268 0.13 0.013 0.04 6.06|0.98 2.99

s=0.2 288 0.17 0.013 0.04 6.01|0.99 3.11

SC-Seq2Seq s =0.5 3.66 0.40 0.013 0.03 548 | 1.42 3.89
s=0.8 416 0.66 0.011 0.03 5.71]1.82 5.36

s=1.0 3.86  0.57 0.009 0.02 5.66 | 2.85 6.36

3R 4.4 IZREE DailyDialog J—/\XIZH T 3 EF MO HIEIRTEEM O @GR

BLEU-2 NIST dist-1 dist-2 ent-4 | rep length

5s=20.0 1.83  0.02 0.067 0.25 8.26 | 0.85 3.97

5s=0.2 5.70  0.39 0.073 0.33 9.44 1 0.93 5.97

pr o s=10.5 1566 254 0.078 0.39 10.73 | 140 11.63
5s=0.8 11.97 195 0.068 0.38 11.06 | 1.89  14.56

s=1.0 10.53  1.72 0.065 037 11.16 | 2.13 15.83

S =Smee | 1604 2,60 0076 0.39 10.76 | 145 1177

s=0.0 749 118 0.089 035 10.13 | 1.13 8.58

s =10.2 775 1.28 0.090 035 10.22 | 1.17 9.08

SC-Seq2Seq s =0.5 792 135 0.095 035 10.32|1.25 9.68
5s=0.8 780 1.32 0.102 0.36 10.30 | 1.23 9.48

s=1.0 760 1.26 0.105 037 10.26 | 1.19 9.11

HEART s O T U CEBICEHTEN ZEE L TW5b Z e 3bh 5. KT, s <05
DHIPATIE s DIEINZEDLE TR TOFMEEML TWE. —J7, s> 0.5 O
FHTIEIC s DEINCEHLETETORA 7RI LTWSE., 20 DEA» S,
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£45 BAE Twitter A—/NXICHITBAFHMEER

Models %?”é\ (%) Kappa
BAREY  INAHRY B

FBEFE (5 = Smar) 24.8 19.8 554 | 042

REFE (s =0.5) 26.6 17.9 555 | 0.41
RBREFIE (s=0.0) 0.6 53.8  45.6 | 0.02
Seq2Seq 10.1 59.7  30.3 | 0.42
SC-Seq2Seq (s = 1.0) 115 337 548| 0.56
SC-Seq2Seq (s = 0.8) 9.8 54.7 355 0.50
SC-Seq2Seq (s = 0.0) 10.9 56.5  32.6 0.44
FRLEFIE (hybrid) 22.0 38.2 398 -

SC-Seq2Seq (hybrid) 12.1 50.2  37.7 -

AN ST B 3 7 DB3FEEITH LT D 5 2#HHZEI TV 551, BRF
FRIGEYIBICE AR TERNZ EIRENDG. £z, s B RELTHZETHED
BURBEMLTWSEZebhd. ZHUE, T3 —RIE s BREWVIZEFZEICHE
T IHEBELEIIL TS0, ZOXIRHEIEVIRLEKRINS X512k >TL
FolbDrEIDONS.
RBEFHRICEAREREKIETa—FE2EALEZDD (s = sm.) (&, BLEU, NIST,
dist, ent DETOREIZBVWTRDBEBWEZRLTWS. £/, HDIRLERIZEH
LTH s=05DEXLEDBHELARoTWVE. ZORELS, BAMEMLTa—
FiZkoT, ANBECHNT2RMER s #HETETCWE I N REBINS.
DailyDialog 2 — SR IZBWT b FIEDOMEFIAIHERTE 5.

453 AFFHEER

HARGE Twitter 2 — R A DFHili 7 — X 12 B 2 AFFHHiAG R 2K 4.5 1TRT.
73, FHMEERTD I N —HEEWERT Fleiss’ Kappa [97] OEIZE LTI,
s=00D ZFOREFEZRVT 04 ZHATVE. ZhRBEITHETD S
Zhang 5 [41] IZBWVWTHWE SN TV B3 ANFFHE D Kappa fH L AR DETD 3.
s=0.0 DYt ZOREFHEICB VT Kappa fH23 0.02 & F L BEWHEE LT, &
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+K 4.6 Twitter J—/NADFHET — R ICH T BIEERH

FEah R ZDHAUITEENEBIT 5, WFOHEIHOW R Z S
REFIE (s = Sppae)  MWH 7 = OBEF T 27213 TRIE WL
BEFE (s=1.0) BV TT XA

REFIE (s=10.8) WA 7 = OBE RT3 721 TR W
REFIE (s=0.5) A 7 = OEE FET 2721 TR W
REFE (s=02)  HAEL

REFE (s =0.0) HHDHE S

SC-Seq2Seq (s = 1.0) Z4L7z

SC-Seq2Seq (s = 0.8) FAD Z & KUTTR 2 D?

SC-Seq2Seq (s = 0.5) Z4L7%

SC-Seq2Seq (s =0.2) ZAL7R!

SC-Seq2Seq (s = 0.0)  Z3L7%!

seq2seq AT

FEah THDHLIMELLHRIEZ S
REFIE (5= smae)  PLHRBRAED STV

BEFE (s=1.0) HMHEEGRZRVD2HR

’EZFIE (s =0.8) AR L=< = b DY SY S WAk A RY Y
FBEFE (s =0.5) MEE» BT

REFIE (s=0.2) MAENBAZH

REFIE (s=0.0) HHDE S

SC-Seq2Seq (s = 1.0) ZAUTHEHEZH

SC-Seq2Seq (s = 0.8) MIIZLENAL M2 H
SC-Seq2Seq (s = 0.5) ZAUTIEHEZH

SC-Seq2Seq (s = 0.2) BAHIF L K

SC-Seq2Seq (s =0.0) BlF X!

seq2seq R WA

DFETIE 27 2 93?7 REDIFFHITHOVISEIHBIERSINZ970, Hib

6) s=00 DL ZIRBEFTEIER LGOI XIEIX 146 FETH o 72
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WX BIEE LTHRDIZoTWE2EI0DHMIDBENT LE>7kdl e EZ
Hhb.

REFIEE s =05 DL EL s =5, EFRERAXETI—F) O EBWT
s=0.0 &0 BRI OFEDIEFICRZV. Z0Zern, REFEKI s OH
TG CTINEDEARME R A ETETWE Z bbb, F72, SC-Seq2Seq & bt
B3 2L, s DEICHT 2 “+2” OEIEOZMIIIREFED TN REZF NI LA
5. ZOZehs, RBEFIEZ SC-Seq2Seq & b b Fiuc ERMEZ T = Tw
B ENTRMEINS. LarL, 8RFiEL SC-Seq2Seq DWITHUTEBWTH, s &
BEMEE 22T ‘it DEIGBRESHEMULTLEoTWE I bR D. T
X, FFEDHEDENMEREZMEEX Y2 2 TTFa— X DFiEEMENNCEY
BrHBZTLEW, IWEDORBEPE LT LE oD eEZIONS. FHT,
452 HIC/RS NI HEEDHRE D IR L OB, WEORGHEDOEMIIREIHEL
TVW3HDEEZILNS.

OB T 2720, REFEDOERLYE seq2seq DER L ZEHR L 2 —
VAT 4w ZIZEDSWTYIDEZR S X5 RFEZRET L. BRI, R
FEPERLZIEELCEENI 2 =— 7 RBEOEEGR D Z2MME T (SEN
T=09 23%) ZFalosk5E (0F0, REFEDIGEXD#HEDIRL ZZL
ELGE) 18, FOINEDIRD DIT seq2seq DIEEEXHEHT S, ZDka—VU 2R
T4 v 7 BREBFIE (5= sm) & SC-Seq2Seq (s =1.0) WAL 4ERE, 240
2N 4.5 O “4REFIE (hybrid)” & “SC-Seq2Seq (hybrid)” 127”3 JL& D FHffifH
LR, SBRFIEITBWTH SC-Seq2Seq I2BWTH “ELH) 0E|[EZIFLAY
O X3 “BEkE” OEIEZ 15% U LB S5 Z e TEL.

4.5.4 FEHDR

7 4.6 1C Twitter I — R 2ADFHMI 7 — X I BT 2 IEDLERE% 2 fRT. £
Hat, s>05 OHPIIBWT, IBEFEIIFEGE SN L TEKRNRIGE 2 ERKT
ETWBZLDHERTE S, LrL, s DENIEFEICkKEVWE E Bz, 2FlHIC
BIF5 s=08 DHFAE) IZBVWT, BRFEREIFAL 7L X2 DELARKLTL
FoTWARDOMNRTENS. 451 HiTHENR LB, ZTHIXHGEL OHEN
KEVHEOAERMEREZER L2222k 3BETHIEZONRS. —HT, B
BHERKIET 23— F (s = s54,) Tl&, FEGZT CICHRHER s DEPREZINDZ Z L
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XD, ZOMEPRRINTVE Z b2 5.

SC-Seq2Seq & 2 BHIHIZBWTIX seq2seq WCEHRNTEAKNRIGEZEMRTETW
5. L2»L, 1HIHZR2L, s NI THINEN KD BHERNICZ S K5
FIIHER T E W, B2, 1 HIH® SC-Seq2Seq s = 0.8 IXFEEHITH L TR D VL /=72
WEIRIBBFIZKE>TLE-LTWS. ZHUX, SC-Seq2Seq T EMAM:DEHRE DR
KRG IDEDHEREEB L TOWARWEDTHEeEZ NS, UL, R
FIEE 5, CBUED, bV Ry, FEEICXKEET A HERERTETY
5Zehbhrs.

4.6 HHOIC

it L IDEHOHEEOMOIRIGEHREH NS Z & T, FETFIEL AT X D EK
WINEDEAMEZHIHTE 52 2 e Z2EBRINTR L. $k, BITFETEESRED
EWVINEZEREE 2 & FHE L OREEDMRVEENZ ARSI TLE > TV
D, MEFETEIIAZHRTZL I dbMERLL. LI L, BEFELAITFE
DR FITBWT, HWHED seq2seq & AWV XEEICEERE TV LD SWHE L 72)0E
DEIEDHEMLTLE o, MEHINEERETNVOFERICDHzoTE, ZDLD
IRHHE L 72 I0E 2 L — IR T BRI L, 740 &RV ¥ 7F 5 X5 D
EHEDPVETHDHEEZDNS.
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WEE T )T — R OSHEMIC ARG
SRR

5.1 FL®IC

HIETHHEMLI X DT, MEINEERET MI LR UISNGEZIFEX & 5 X
57, —BEUHOEWIEEZERT 2. ZORRIFC, WEOEKEDR EEN -
TETMIBWTHEETHD, B —EBHIWE ML —FA 70BGRBHZZ
DBHIHATWS [98,99]. ZD7, Mk AT LADFERHITDH o TIE, MaHE> R
T LB Le—BHEORWIEEZ 2 — IR R T 2RNCHINIHRAIL T 7 4 L&
VY735 XM ERE Y 5. MEEIEEME [100) X XA 271X, 2 —3 L XI5E
AT LDWMEET =X OHD S, MEEMHE L ZH I T KO RI AT ANE BT
TERRAITHA.

WEERFERRIE X X 7 DT —21%, T—HF I RTLOMNEDIH, EZ AT LD
JIBEWCEBANDT /) 7 =R X > THHEDAMZ RT FRNADT ) 7 —Yarydh
TW3. Z0LF O (ke L TWiew), T (BHEEDRTREMED H %), X (BHFEL T\ 3)
D=FEE» O 5. NEEBHEL R U 2 HEEIINICI->TER S D, LIFLIEY
)T =R T NN EOHIMEIN 258D 5. FEEE, IEEIKEM H B
FHT—& [100] ITBWT, 7/ 7—KBDO7 77— a2 ry—BE%Z/ T Kappa fH
1 0.14 272 DRV, HFEEREEM DB T — X h S L R0 7 — 2 il %
£ 51117, —HLOAITCEZ—FHFEIN L T2LBERBRN Iy 7O T
LEELoTEBY, 77— aYBIEFLAYENT, ‘X2 ICEFLTWVWS. L
L, D 2HNCONWTIEFHRICT ) T—a B REENTVWBE Zenbrb.
B Z0F 2 BIEEFEGED BRI T o /o S e D2 E I #2RZDBDTH S
DXL, BEIXZDRIWVICIHRINCIEEZ TOWRWY., ZOREZ S - THRIVIZ
AN R? EBEZATWVAEIRAZDEIDICL o THEDEN DD EEZONS.
TDEIIT, MEEHHEEIR LT 2RI NICE - TRR B /2D, 7/ T7—2a YDA
MNIZZRRED D 5 .

61



£5.1 WERRBHZZAIDT—RICEITIRELELEDHESRILOG
7/ T—=av
2 —HEEE SRT LINE O T X
BRI TEFELS FEXUVIARIDN?ZE |0 1 29
ABA =2 —RBhrol
oo

I EYREICIT o 72 b 3 | IKIBEER =43, 7 17 6
BATETH?
H7cth, BATLIEZE W |G CTHREZ HZHTHE | 8 13 9
ADE, o ES K

PERDTFIE [101, 102] TIEBHRZET—ODHEICEN L1270V E D L ICHE
PITROoTEY, 7/ 7= a YEAOZHEEZER L TRV, Yk R7
T—YaYHAERDOT ) T RN —TF I, ZOEAEFEET % X 5 iR
HERZME T2 2T, XD EMERANGEBRERHNETTEZ2EZ 6N 5.

ZITARETIE, 7/ 77— a VMEARDOZREE ZE R U 7 GalsesR H RO
TWEITH. BEFETEET, 7/ 7—Xe2hthor/ 7— a YECED
WT k-means ZFHWT I ZARY V755, RiZ, K7 FRARXRILIZEDT TR
RDT 77— a MARICE D W THEERFER LR 2 RS 5. RIRIC, IXXTO
7 AXDBHERE T VB TNT BT, RN NGEREERERET 5.
WEEGER SR Y LT, 2200 LSTM Y a—XZEHICEIZzAznZ2 AL
TR - AT LB TYA—-FTBHETILE, 2 DDBAAAZ 21—
L% v b (Convolutional Neural Networks; CNN) & AWz > a— X 2ilfiFIc8&x
FNZENZHOCTLI YR - SRATLANE LY a—FIT23ETVERET .
ZLTLSTM €7/, CNN ET V%27 B Y7V LEETLVOAEE 3 EEZH
W3,

WEESEME Z 22 Da v 7 4 2 a > TdH% DBDC3 [103] DHARFEX X712
BWT, BBEFEIXEMAT =2 EHEY; (Conditional Random Field; CRF) % F W7z
R—Z2F74 V% FEIZBWT 5.6%, Accuracy IZBWT 3.5% L3R E2157-.
77— a MERADORD ZERBETICZ AR ) VI LEGES, 7Y TN
EITORDPoGE DB BITY, 7/ 7= a Y HAZERB L AR ¥
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TOREDHER L. £, 5 4 F ITTHEL NSNS ERE 7L 04K
RADHBEHER I To /2. JIHT—R D R XA DR D » 6 2ERIITIHR N
HMREY 72 o 7228, ZOEERICBWTHIRBTIERIR—ZA T 1 v % L2 %R
ZEtsR L 7=,

5.2 PBEEAZE

HEEBAEMR I OF R N T TEZ ARSI N TS, DBDC3 IZBWVWTHRD EW
M PERE & K L 72 Sugiyama 5 [104] OFIETIX, RERICE SIS 7T
YEFEDO—HTH % Extra Trees Regressor [105] ZHWTHHZGRZHEEL TV 5.
COFETIEREREAE AT ICE R HMEREZ ZR L T\ 205, IEHIHEsH &
27 DT — X OMUCFHEEMIEEROBED /2D DN T — X2 TR T 5.

METRREAEZHWEFEDZIREESINATVS. Inaba & [101] & RNN
PHOWTZ—HHIEE AT LINEEZZNZNT Y a— L, ZRUTHEDIWTHHE
TRV ETAETAEMELTWS. Kubo & [102] 1F seq2seq E T /L% W
T, I—VHEFEP O AT LNEZ THIT 2 X X7 LXEEWHE 7 ~Lz FHlT 5 &
AT DRIVFRRAIEB]ZIToTW0W5,

WEFNDOETHZEICBWTD, 7/ 77— a VEBOZHEEZERT 2 X5 T
KL SINTWRWY., Ko TR GEBFER B NWT T/ 7 —> a Y HAD
ZREMICER LD TOMEETHZ 5 X 5.

5.3 REFE

X 5.1 OMERNIRTED, IBEFETREEST Y /7 —XBOINLDT /) T —
¥ a VEENCES WIS — 422 522 35 (531 8. RiZ, K75
2 R EON GRS 2 RS 2 (5.3.2 Hi). #HEERIFICIX, B2 5 AR BOMH
SN U EESEiER 2 7 o Y IV T B 2T, 7 T— a YHEAD SR
M2 E R L NEEGRERI 2175 (5.3.3 #i)
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Training

\ Building detectors \
. A \ A Ty

detector detector detector
Prediction —
detector detector detector
59 ©%9
‘ Ensembling ‘
y
OO0

51 REFEOHER

531 7/T—=3DUVSRARIYT

WEEIRFER ) &2 R 27 DT — R BT 2 WEEIAE 7 NUIEBD 7 /) 7—XIT k-
T7 /7 7—>aya3NTwa, FBITH5E (101, 102] TIERERBLEICM G SNz
BED TNV EZHIRICE > T—DIZH8 L, Z0D T L% BT EEIHEs Hds =
AL T3, BEFETE T/ 7—2BDO7 /77— a YEADEWVICER L,
572 2 ) FEA 2 FEOM AR 2 HEE S 2. KHiTIE, M7/ 77— a VERA
BROT7 )T REIIRRY) VT BHEEDAT .

REFETEM 52 ITRT LI, &7/ T—EBNE L7 7LD 55H 2 R
B LT k-means++ [106) (ECT7 /7 —XR% 7 7 AKX Y755, BENICIE, H



Annotator ID

Data ID
0
1

10
22
28

32

Annotator ID O X
0001 0.6 0.3 0.1
0002 0.6 0.1 0.3
(0]0[0K] 04 0.2 04
0004 05 03 0.2
(0]0[015) 0.5 0.2 0.3

0001.0004. ---
0002. 0005, -
0003, ---

K52 7/T—=2DUVFRAR) VI HEDHEK

277 7T —RERTREEZ, 207/ 7—2BH5 L7 «0”, “T”, “X” LD
WEE, ZO7 )7 —Z07 /) 7—ay LT —XOBRKTH -0 LTH
ENd. JIRARVTIZEoT, 27/ 7 —RELRE—D2ODI I ARIZET S
Zrllhkhb.

T T=REI AR T U, BRMILEMINT S 7NV ERERD
7 7 ARBIZEZBIRICE 5o T—DODEICENT 5. ZOHEICE-T, FUHIL
BENTHoTH I IRARIZE > TERDIWHET NN ERBHEL X5k 5.

5.3.2 XEESERH ETILDERET

I EERKE I 13 RE & R BERIDTEAET % [107). AR TIIHEER 7L — XL RLT
HWralgEZe ke (B 21X, GEEE R T L OB 7L —XBFEE L IDETRWVES G
7E) ARV T ORI RE R BHE (B 21X, FiEicBIF 2 I AT 4
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Convolution Attention Concatinate Dense Dense Softmax

word embedding .y ) ﬂ E

w2

M”M“W“ ff=~;aH, .....

System encoder

word embedding

\ b ﬂ:jjl |

User encoder

ey

5.3 Parallel-CNN EFILDT7—%TIF ¥

ISEWEZBNTVWRWGEERY) OTOIERHL, 2Rzt Lz 2 BED
EFNEMERET S, HERS 7L —XULRLVOBFEICER LB L LT, ONN
Tra—RERWEETARRGT 5. T, XRLRALTOBGFEICER LB
e LT, LSTM ZHWEEF L 2&KET 5.

BRI ARICHBEOMIE r LT, F3&FEH - 0B ZNETNHGEL R Y b2
WKHET2=2—9 0%y VY —2FF L TH5 CBoW [108] & FAWVTHIENRY +
NDHNZZENT 5. MHARIED 2 FEE - IOEXNIIET 5 HEER T L ox 2 A
HE UTZIFED, ZFORCE&WHE T N (O BHE L TWiRW, T: BikE o Al BEME
DH5, X WHELTWDE) G IN2MERZ2TRAILENT 2. MU, &ET LD
AEil 2 3T 5.

Parallel-CNN E7 )L

CNN (X R IEMRTE 72 B AR AMLERIC & - TATIRY D & JR AT 7 Rt & Sai L
TRMERMHT 228 TE 3. CONN BZOREEEL L TCEETE N Yy 2
3% 109, 110] BRI [111, 112) RED XX 7 TIEHI ATV 3.
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Softmax

System encoder

User encoder

5.4 Series-LSTM ETILDT7—FTIF ¥

AL TIE CNN ¥ a— X% ZDiiFIICE W72 Parallel-CNN £ 7L (X 5.3 )
ZERET L, NEEBGEMH AR TR T 5. SBTIISE [110] WiV, WG - X
T LINEZNZICODOWTERAABREERT o721, 77> a YHEICk > TR
7 b EATS. F7, BRZ2BEERO CONN =y a— X2 HBARET 2L
T, BVWIL—XPLRWIL—XETERTEL LT3, IRTOTLYI—
RO NEINTRT L EEE LD DE 3BOZEL A VY—— by
(Multi layer perceptron; MLP) IZA 1§ 5. MLP 2 51% 3 RITDXRZ L)
TN, ZAUIH LT softmax BIEZ A L, &SHEZ NV OMERZEIET 5.

Series-LSTM EF )L

RNN ZRH 7 — & 2 5cilih HEIC, HEO#EDIRE & HICHERFIICUE T 2
3y b= THY, RRINEEZEET SN TE 3. LSTM [21] 1 ZHHi7Z RNN
WHRTEDROWRINZERT LD TES

AL TIE LSTM =¥ a—&X % ZDOEFNZE T Series- LSTM E 7L (X 5.4
) BEGHL, MEEHGEMHARE MR T 5. £3, 2 —VHFEE LSTM =>a—&
(XIH “User encoder”) ICkoTxzrya—F33. Z2ozdH>—o0xTrya—
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& (K “System encoder”) DFIHPRAE L LT, AT 40EdDTYa— KT 3.
AT ARNEELYaA—-RLTELNZRT MLESEEEICATIL, 3 RITDON
7 MV E1§5. ZHISH LT softmax BAEZEH L, BWHE T XV OMERZETH
T 5.

5.3.3 7UYUTILICK B WERBIEESNILDFH

K7 T AR TR L BRI ET VO 2T 7L, BR&KHY
TRNFRRIAE 7 NV D FRHRER 215 5. BAINICIE, FETADHALEE T LD
TR DOV 2 w72 TRIER & UTERA T 2. RN TRIFERD &S &0
Z AL R W ERIERE 7 XL D FRIFER E L THWS.

5.4 EFiEER

EY)7% 27 7 A ZBDREDT=DIC, FHFEBRZITS. Kk, HROT7 32T
R OB ZETY, 7/ 7 - a YMHAAZER L REBTFEOENEZRES 5.

541 RN—X51V

77—y aVEAEERBLET VY Y IAVTFEORENEEREET 572912, L
TD2DODR=RF4 VETILEHRET 5.

Without-Clustering
7 CAlR T — &2 2 H L CHllfR L 2 @O NEEHER e 7 v 2 FHWT, 20
HhZz7oH 7035, SMEETLVOENIPIALRED T X -2 DA
%%, BMHEF X Paralle-CNN E7 L% FIWTHER T 3.

Random-Split
T T—=RETVRLIEBD Y ZRARIZHEL, DY T AR T L IIXTEE
FEMIMET V2R T 2. T —2 %27 VXL 7Y v 7 L TEBDE
TNEHE T B Bagging [113] IZFEL 1R 5. M E 7L Paralle-CNN
EFAEHWTHET 3.
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5.4.2 T—H2twvh

DBDC3 ICBWTREROHBHT— X2ty ¢t tns. zo—&¢
BZ UM ICRT.

EH:I

MEAFEEI—/VR (1,146 WEE)
NTT Docomo 23123 2 Mk xtat API (DCM) Z W THEE L 7za — 2V,
wRAID 100 ¥E6IE 24 ZDT ) T —RICX->T7 /) T—>aryEIhTEDh,
DD 1,046 MFEIZ 2, 3 DT ) T—RICEH>TT7 /) T—aryINTWa.

DBDC1 F¥7—4% (200 XI5E)
DCM ZHWVWTHERERINza— 2. MEERFERHF v L > 22 1281 25%
TR LTRAZINTWVEHD. ZNEEIZ 30 HDT ) T—RIZXoTT/
T—aryINTna.

DBDC1 FHfiT—4 (20 xI5E)
DCM ZHWTHEI Nz a — X, XMEEFERH F ¥ L > 22 BT % 7
T—=RELTRAZATVWSEHD. BEXEEIZ 30 HDT /) T —RIZKoTT/
T—aryINTna.

DBDC2 F¥7—4% (150 XI5E)
DCM ZHWTHE XNz a — R RITHNZ, Denso IT Laboratories (DIT) #t®
WEES 2T LEFWa—,82 ¥ | Ritter [114] & DBRBR—AMNGES 2 T 4
(IRS) ZHW/Za—RALRRINTWS, XEEREREF v L > IIes
FARFE TR LTRABIATWE DY, EXE6E 30 BD7 /) 7 — &I
EoTT7 /7 7—=aryINTWah.

DBDC2 FHfiT— % (150 XI5E)
DCM, DIT, IRS DE T AT L2 HAWTHEINT-a— R, WEEHERH
FrLyIRBIZFT -2 LTRAINTWVWE DD, BXEEIE 30 B
T T—RIZEoTT /) T—ayInTnab.

HATEBRICBWTIX, DBDC2 OFHfiT — X = AW TEHEi 21TV, b7 —X&

1) https://sites.google.com/site/dialoguebreakdowndetection/chat-dialogue-corpus
2) https://sites.google.com/site/dialoguebreakdowndetection/
3) https://sites.google.com/site/dialoguebreakdowndetection2/
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RTZETNLVOFEERHICHW.

HEEDOANZ P BIZHW S CBoW DFEllfRIZIE, HAFE Wikipedia DX ¥ 77—
2V % Wz, Wikipedia 7 — ZIZB 1) 2 XEIZOZEAR TR W=, EEEKER H
BRI DT =D XD REEKFAD T —XANOEHICWEIA T TH2eEZLNS.
FZT, V7 LOEBIBASE RS 70—V LT 76,974 XOEFS T — &1
BIL THW .

5.4.3 FHHIEIE

NFEEIAERR HCld 7 NV —BCR# & A ERER D 2 BE O BRI HE D < G
FBESHV SIS [100, 103]. 7NV —BCRHM T, MEERFERE X X 27 %2 07, ‘T,
X D3I TITANDGEHRRA T LR Z, Accuracy & X 7LD F {H % AW THRE
ZEHfi T 5. BT —RICWEEBDT /) 7 =R Ko TITRAUBfEEIN TV B,
EAD 7 V2 B e U CRWTHEHMEZ1T S .

—J7, TAEREER N GEIAE 2 HIWr T 2 BE F BN TH L e 2ERL
TR ECTH 5. BAERIICIE, MEEFER R L e I XL ORI
E7 T = ayEInk T OVOBEE S OB AW TR 21T 5. FEER
B UClE ¥ —EHER (Mean Squared Error; MSE) % JS X A4 NX—Y = v R
(Jensen-Shannon divergence; JSD) ZHW3. TS IFILITMED/PD X W EMHEME
DRV L 2 EKT 5.

HATFEBRIIBWTIE 7NV —8%Rn e n RO ehzhnr o FEE MSE
2PREWZREE LTHWAS.

5.4.4 EERFRT

BRI E NI HAEREE MM B TH % MeCab ¥ [115] & FIWCHFEHALIZ
DE|U Tz BEEDORZ P AALIZHW S CBoW DI I2X, FlfiT — & - CHEE
50 RGO HFEL Z DFARICE SR 2. BEMIBOFERY £ X3 13,806 T
Hotz. HEEXRZ MLOXRITTEIE 512 £ L.

Parallel-CNN (35&08 3,4,5 @ 3 HEOEAAABEHWTHKRL, T2
K~ v 7 ORICEUE 256 1IZFXE L 7=, Series-LSTM E 7 MIZEIF % LSTM T~

4)  https://dumps.wikimedia.org/jawiki/20170920/jawiki-20170920-pages-articles.xml.bz2
5) http://taku910.github.io/mecab/
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Parallel-CNN

Parallel-CNN
0.7 -
i:oo7 1
% -=- Average 50061 ¢ -=- Average
505 | =+ o ® —+ oir
2 ¥ DCM B o.05 T T S DCM
£ —+— RS ] i i | <+ Rs
=04 % 004
i 20,
‘ 5
03 ‘ = }{\\}%**H
0.03
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

number of clusters number of clusters

X 5.5 Parallel-CNN EFILICEITS, V75X FE (K@), MSE (A) D%

Series-LSTM

Series-LSTM
0.7 .
<0.08
=
06 c ‘
?u-(; N -=- Average §0‘07 ‘ -=- Average
£os5 L | 4= DT T N —+ DIt
2 T T 0067
S +— DCM @ W\ +— DCM
£ 04 IRS ] R =S R i
L e g 0.05 B e S Ll
0.3 5
| BN 3 . .
0.2
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

number of clusters number of clusters

X 5.6 Series-LSTM EFILICEITS, 75 X2 FE (K@), MSE (A1) DR

a— X DREAVIREED X ITENE 512 ¥ L=, EFADFIFICENTIE, HEEEEe L
T MSE ZHW, 77 4= 4% & LTI Adam [95] Z W7

Paralle]-CNN DFEEICBWTIRIREEXEDFEEH A4 77V TH 3 keras® %,
% 7= Series-LSTM DF#2 B W T Chainer” [116] % FW 7.

HRTFEBRTIX, k-means D k R HRIIR—R T A4 VFERICBIT 2 BHE0E 1
510 FTCELEE, ZOMREEZMAES 2. £, ET LD T X —XDOH)HHE
DI VELEDEEEZEERL, FETNMIOE 3ETOEBREZITV, ZOFHEL
95% SEX 2 W CFHMi 21T 5 .

5.4.5 R

Parallel-CNN & Series-LSTM D Z N ZUIBIT 5, 77 AXEEEME B =
DFfEE MSE OZ({LORkF 2K 5.5 £[X 5.6 127”3 . Parallel-CNN & Series-LSTM
DEITIZBWT, 75 AZEE2 2 FICHERS LT Y Y ILTE2Z L TFREL

6) https://keras.io/ja/
7)  https://tutorials.chainer.org/ja/
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WithoutClustering WithoutClustering

0.7 0.7
—~06 < 0.6
% ---- Average ? -—-- Average
2 % DIT g —+ DIT
=1 3
2 05 DCM & 0.5 DCM
£ —+— RS £ —+ RS
& 04 dL 04

S F—F e 1 [Ny \ g T

03 L 1 03 e S — T
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

number of clusters number of clusters

X 5.7 Without-Clustering N—X 54 VIZHEITD, 75X FiE (£, MSE (B
i) o8k

Random-Split

Random-Split
0.7 -
x I
20071 = 2 - e -
£ 06 e 1 ]
s --—- Average §0_06 _____ = -—=—- Average
505 *| 4+ DT ® [t S SV SRR W S N N - DIT
2 S -
3 = DCM 2 0.05 - DCM
€04 ‘ — —+— RS S —F— RS
w | I - [ = g
| gf c 0.04
03 ‘ s
4 = ’_‘\——}—I——.______—x—‘
02 0.03
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

number of clusters number of clusters

5.8 Random-Split N—XSAVICHEITD, V7R FlE (£f), MSE (Hfl) O
E3HER

MSE DRET 2 Z L BHERTE 5. Z DEMANIZFHIC DCM IKBWTHEHETH 3.
Parallel-CNN ¥ Series-LSTM DHERICBWTIXAEEZITRD S0 o 7z,

5.7 12, Without-Clustering X\ — A7 4 Y IZBIF2BHET VO L F 1A,
MSE OBfR%/RT. FEEX MSE OMFIZBWVWT, MHEET LVOMERMXETH
—H LR ERRIEE s R o 7. 5.8 1 Random-Split X— X 7 4 VIZ
B2 EBERTH 5. Random-Split TlE, 7 7 AKX EEMEE2 2 ThT
I FES MSE GET 2 Z e bh b, UL, BEFRCLNS L ZO%E
R,

£ 5212, FET LBV TEHERD FEPEDP 2727 7 AXBIZBIT S, Flir
MSE Oz ~3. Rzx R 5, IBEFHETDH S Parallel-CNN & Series-LSTM 23
RNR=ZXF74 D2 DODOFEDHREZ LFEIZHE LoTWE I edhbrs. IHb
DFGRDP S, 77 7= aYEHAERRICT ) TR 27 I AXT ST, Hilk
7 W Y TAFHECHAR TGS ez M L X g o s 2 e AR T Z 5.
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+£5.2 EBRIRRICPITZENZENOETFILORRD FIEX MSE L ZEDEZTDI S REH

ETIL F & MSE 27 2 Z&%
Parallel-CNN 0.633+0.013 0.047+0.001 9
Series-LSTM 0.620+0.013 0.049+0.001 7
Without-Clustering Baseline 0.535+0.013 0.05740.001 9
Random-Split Baseline 0.55010.008 0.053+0.001 9

7 5.3 DBDC3 [CHITBFHEFER (X SANILD F {E)
Runs S DCM DIT IRS

CRF (Baseline) 0.5796  0.4502  0.6634  0.6252

Runl 0.6316 0.4785 0.7165 0.6998
Run2 0.6230 0.4413 0.7307  0.6968
Run3 0.6364 0.4629 0.7323 0.7140

% 5.4 DBDC3ICH|FZFHERER (Accuracy)
Runs E¥5 DCM DIT IRS

CRF (Baseline) 0.5322 0.4727 0.5563 0.5676

Runl 0.5613 0.4690 0.6072  0.6075
Run2 0.5514  0.4600 0.6145 0.5942
Run3 0.5669 0.4454 0.6200 0.6208

5.5 WEEKEREF VYL I3 T—2t v MK B

WEEHEM T v L > > 3 (DBDC3) DFHlli7 — &1 1,650 M DL —FFih & >
2T LINETHE XN S, NERIE DCM, DIT, IRS D ZRFNDNEES AT L0 5
HERLEDOBZNFN 50 FFo o TW\Wa, X R ZIIHRIFER L FRE, &>
2T AIETH U TREERE S L O, T, X D5 X 3ERE2 Zh 2N TS 3
bDEL-oTWS, FMBREX 5.4.3 HICHALEBD, FIE, Accuracy, MSE,
JSD D 4 FEEHTH 5.

HATEBROMRICE D X, DBDC3 IZIFUATTHAT 2 3 2DET LD THIFEER
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PIRHE L 7-.

Runl HEIEBICBLWTROEVWFHEZERLLLEZDI I XAXBITEIT 5
Paralle]l-CNN &7 /L

Run2 HEIEBRIIBOWTRDEVWFEZERLLEZDIZ I AZHITET S
Series-LSTM E 7 /L

Run3 Runl DEFT/L Y Run2 DETFILDFHEREZ LT 22 TP o370
L7zdD

s
=
=N
R

N
il
Uy

AT, 320D Run DFERIZOWTHML,

5.5.1 §ER

3% 5.3, 5.4, 5.5, 5.6 DFNFRIZ, FAE, Accuracy, MSE, JSD O ZFhZFHICH
V3 EMiAE R 2 TS, DBDC3 TIER—RAF54 2 LT, 2—HRFELI AT L
JIGEDHGEE S T REE Y UM 23 Y (Conditional Random Field; CRF)
[117] N—ZX DX FER AR 2 R L T 2. Z OFHilitG R 8585 5.

FHfifGE R £ D, DCM, DIT, IRS OFEMETIZ TR TOFMREIC B W TIREFIE
» CRF % L0l 2 FEifE 232 L TW3. Fig, 7 —BRM (F {E, Accuracy)
TIE Runl £ Run2 7 ¥ ¥ 7L TH 5 Rund 2 d BVWHREL oTWwW5b. 2
DZehrs, BMHFEDREM S Series-LSTM ¥ Parallel-CNN %7 V3 > 70§ 3
Z THEEAER M MERE DM LICH G T2 Z e by b, omiElER (MSE,
JSD) DFHMIICBWTIX, IBEFIEIFI CRFR—Z2F74 K& ERloTW3. &
i, REFEET 77— a2 YHEADRD 2 KMT 2 X 51202 HEMEL
TWa7d, 7/ 7—>a s 28MEELIEVDIEEEZLNS.

5.5.2 IS—4%9F

DBDC3 B2 IRBEFHEOH MR EHAVWTZ I —0MEITS. 7,
Parallel-CNN & Series-LSTM OMH DK EITS . ZD1%, WHFDETILHN
S FEHANCONWTEHERT 3.

8) DBDC3 IZBM L 722 F — 4 Ol RISk [103] 2218

74



7 5.5 DBDC3ICH|TZHERZHR (MSE)
Runs S DCM DIT IRS

CRF (Baseline) 0.1996 0.2169 0.1870 0.1950

Runl 0.0465 0.0519 0.0352 0.0525
Run2 0.0498 0.0545 0.0407  0.0543
Run3 0.0469 0.0525 0.0365 0.0517

£ 5.6 DBDC3ICHITZHfiiER (JSD)

Runs F¥ o DCM DIT IRS
CRF (Baseline) | 0.3851  0.4100 0.3741  0.3713
Runl 0.0891 0.0994 0.0699 0.0979
Run2 0.0968  0.1048 0.0801  0.1054
Run3 0.0912 0.1011 0.0731  0.0994

Parallel-CNN & Series-LSTM D4 DE W 532 HiTHE K LKL X 5T,
Series-LSTM (3R L LT DA W DS Z 72 BHE DR NS HER & W S REZ BT
MR L 7= EF L TdH D, Parallel -CNN IFHFERE W7 L — X L ~ULT D HWi 5324
BERBHEOBMEICER E WO REEBVWET L THS. KEITIX, 2200FF L
DIBED LDDADFRHE LRI ENZ oL, IREDZLEZHET 5.

Parallel-CNN 721} 23 1Ef## U 7255 511% 88 fiill, Series-LSTM 7213 DS IEME L 7= 51 1%
72 fITT®H - 7z. DBDC3 OFHiiFER» S BHLDLTH o728 D, CNN R—2XDJj
PHHEREEEWI b2 3. K591, IWEXDONE (BEXHNOHER) b
BETFNLNOEBBOEAEOMGRERT LA NI A%ZRT. KX, ParallelCNN
FEWIDE T U TEMH L3 <, 72 Series- LSTM I WIGE 20T L TR
B LTV WS HEHANETERNS. EE, Ebo0DI AT LADAED R L
7205 D HEERUZ Parallel-CNN Tl 15.25, Series-LSTM TlX 11.27 T, Z#H
I t-FEICBT D p ED 0.023 THDZehD 5% BRKETHEAEDNED S
5. LEDOKERD S, Series-LSTM & Parallel-CNN X D & £ SCHR D X 56 il e
WHEEETH 2 Z L DR TE 5.

Parallel-CNN & Series-LSTM O@EADEREH L7=FH Parallel-CNN ¥ Series-
LSTM DM/ 23F8H L 7= #1220V T, Out-of-Vocabulary (OOV) #, Wi, M
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system utterance

Parallel-CNN
10.0 1 Series-LSTM

6.0 1

4.0 1

percentage of errors [%)]

2.0 1
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sentence length (number of words per sentence)

59 EBEXDXREIS—ROER

#&5.7 FRASAI - ERSNILFIOFHIROIER

TS~ | Effgo L TR
¢ X 0 X | IEfg  AIEfE
I—PHEE | 133 102 6.7 97| 7.9 9.6
AT LAE 270 205 153 19.9 | 18.2 19.2
TR S 173 131 11.1 12.4 | 121 12.8

A DR E OBIRD BT L.

3, OOV B E %253 5. 00V i, AT —2icBWTHELZWE
FERHHE N E L BRWHER YD X512, EFTADBRZ ZBRICE TN VHEE
85, EEIVICIE OOV EXEWHHNIIEFEL E LS MHT 2008 L nweEZ 5
N5, ETADIEMLZHAH (778 FHEFHIDER) 2B 5 00V £k 1.83 §E,
AR L7256 (613 1) 1281 27 00V £k 2.01 FETH - 7=, W] ¢t MIEIC
B2 pfEIX 008 THY, AEEND S LIFFARV. XoT, BEFEIX OOV
WXL TRICBIRTH 2 L DIHETH 2 B F AR,

RIIXEDWEZRET 2. 2—FHFL AT LNEDENZFNUIZOWVWT, IE
e U7-H0) 3R U - H0 O P HEER, £-2h 6 0EDMMEZEH L.
£ 5712, THIZNRNVEER I NLDZNZUTOVT, ‘O TLE X TL
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filler 1 Correct prediction
conjunctive 1 Incorrect prediction

adnominal adjective 1
prefix 1

interjection 1

adverb

adjective 1

verb -

symbol 1

auxiliary verb 1
particle 1

noun 1

0.0 0.1 0.2 0.3
XK 5.10 SXTFLERBEXPFORAS D, RERIR CEBRBRDLEER

FNZThOEFOVFHFERERT. F72, THRRIIEMRT - 72356 & R IEMR
RolBEDENETNIIEIT 2 FHERDIER T 5. ‘O DFEEL X OBED
fHIC 5% BEREDPBEDOLNZDDERFTRLE. ERT7 VT 2HMaHEE R
2r, (1) 2—VFOHFEPEVEE, (2) AT LDIEENEVEA, (3) BifL )b
EOWVWTNDLBMETED HEFEL S RWIGEICHFEIKFEDREEZR T VI b r 5.
X, TV OHEFEIRTNIEWIZE ZOHMBNHE LA RE IR, AT A
IEEFRFRFIUERVIEETFERSERT20DPH LV WS EE» S SR LT
W LhL, PRI NMCBES 2#GHEZ B2 &, BRI NL05E O L I3
2, ETFVREWREGERIGEICH LT O (BfETiERw) L EAELRT VT
EDOD 5. FEERINE D XRIINFERFEMR L OHIMERE L LTHERATH 2 E R
SNB7-80, EFLORHMEL LTHWS Z & THRIBMEENSGE X2 alREMED
H5.

RZIZ, WO EERRAET . IWETBT 2 M0 HBERE € T IUHIER
L7258, ERHE LGSO ZEAZTRICOVWTHE L. 20RO R 2T A
2K 510 1IR3, K&D, BEFEIEERE (nterjection) ZFRWT, FFED dhad
WXL THURICRIG T 2 DI TRV Z 2 3b9 5. [Yes) % [NoJ D &5 k%
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TR T ZWR T2 2 TEL2D, ZAODPEENINEEROLETD
BIEDZBVEEZOND. ZD®D, WHEOBHNEZ LD LHRINS.,

5.6 WEEILEENETILNADEHA

AREICUE, 55 4 BBV T L 7 0 EE A 4R 70 O RS S o LTI
RT3 © ORREEHC S RERERE R C % 2 SRR AT 5 .

5.6.1 REEAHE

B4 BB BRETFE (5 = spae; BRMERALT 2— 1) BERLZBED
5%, 4.5.3 filcBVTAFIMF N2 5 L7z 300 HH %2 FHWCREEZ1TS.
ANFFEICH T 2 THHE, F~L% X FRLE LT, 2RBAND DO NT
F 0 e LT, FHEiZITS. 22T, X INRLE O TRV HBHED I
D64 EfRoTWVWETD, 551K D KX IRNLVDT—XeH 7Y 75
5. FERE LT, HHEE 230 ko, FHEfEREE Y LTIk X (BfE) 7LD F
fli¥ Accuracy ZFIV5. 73, HOMDDARVID, TROETENET— & ¥
LTHW3. dl#fid 5.4.2 i CHWT—&Ti75.

WS ETVHDO—E E ZDFHZ L FITRT.

Parallel-CNN B—EFIL 7/ 7 —ZDI7 7 RX V7 %2iTbTIC, H—0D
Parallel-CNN €7 L2 2 TOIlE T — 22 HOTIIM L R—=X 5 1 .

Series-LSTMBE—FTFIL 7/ 757 —ZRD I 7 RARV T hR{THIT I, B—D
Series-LSTM E 722 TCOIlHT — R ZFHWTII L /=R—2F 1 .

Parallel-CNN Random-Split 7/ 7 —X%2 7 VAL TTARV YT L, K77
AR ZEITEELD Parallel-OCNN ZFI#LTTY Y H Y I NZITHIR—RF 4 V.
HATHEBROMR LD, 77 R&2%T9 & LT

Series-LSTM Random-Split 7/ 7 —X %7 VR LIV FTARARYV YT L, &7 7
AR ZEATHERD Series-LSTM ZFIBLCTT Y TN ZRITOIR—=ZAF7 1 V.,
MEET— X T FE 282, 792280310 & L7

Parallel-CNN 2R F{EI1C & o THIFR L 72 Parallel-CNN £ 7 /L. DBDC3 1242 H
L7z Runl 7L & [A UEXE.
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& 5.8 MEEINELEMET ILDOERLENDNERIER HDERER

E7IL F{E Accuracy
Parallel- CNN Hi—% 7)1 0.302 0.557
Series-LSTM H—E 7L 0.291 0.570
Parallel-CNN Random-Split | 0.197 0.539
Series-LSTM Random-Split | 0.114 0.526
Parallel-CNN 0.622 0.587
Series-LSTM 0.573 0.565
7Y YT 0.643 0.594

Series-LSTM 2R FIEIC & o THIW L 72 Series-LSTM 7 /L. DBDC3 IZigH L
72 Run2 €7/ & [F UERE.

ToHrTIL RBEFEICE o T L 7z Parallel-CNN £ 7L & Series-LSTM “E
TDT ¥ 7. DBDC3 IZHRH L7z Rund €7 /L L [ URRE.

5.6.2 RIEER

EEERZR 5.8 IRT. FEH, Accuracy 2, BEFIENR—ZX T4 Y OFIE
% EE25ER L 72 o 72, FHIZ, Paralle-CNN & SeriessLSTM %2 7 > %> 7L L7
b DD D ERED EW (F I 0.643, Accuracy 1% 0.594). MHEHEDOREL 2 2 £
TNEMAAGDE S Z & THREISEERE TP ER L 72 2RI EITHIET &
589K odbDEeEZILNS. Accuracy IXRETD 6 HFEE & WO FERICH
¥ o 72y, ZAUIMNEEBGEMHE T A DI T — & & XEEISE AT 7L O FIRR
T—RZDRAALVDEWCEZ2DDEEZ NS, XMEEHFHERHT v L > P D&
T —XOBEEICHO SN TV B IEES 27 20XV L, WEHENEERET
ND &S BIEEEER—ZDETVIHO LN TV, 5% X D I 2250 a6
FEMH AR MR T 5 72012, MEEIDELERE TNV E B0k A REEONNGES 2 T
LEAWTHEERSERE T — 2ty N MRS IRENRDH L EZ LN,

79



K59 MNERBELERETIAOHERERE TTILOERAH

PIEs 2 —FFHEE YRAT LINE
THZ L =07, IEfiEZ = “O”
O fl1 SbOEILEAZZOREGELE WEROEIA
5D
fl2 HL—=>5YAftEBHty b AL =5 EABNZWV
THIZ L = “O7, IEfRT L= “X”"

B3 LIS HECTEELZ-5ES5F LBEIZLT

BA
Bla V7RK748—LT25D? V7REREBLLTS
TS L = “X7, EfRS N )lb= “X”
s RvwhEsSLLWIMasLE? 0 ] HOBICBEOEICKEHLWTT
Bl6 BGto Tz BIZBEEREX X
Tl Z oL = «X7, BT ~Rl= “0”
T ABOEDEVEAEKLVE I7S54DEBVY
g SHIZDEDHLBIKRA Bl X —URFNI KL R D727

5.6.3 FHHlo

BEbEVWREMEETH o727 v H Y TILETFTMIZONT, FOTFHIFIZFAWTH
B Z TS, R 5912, THIZLEIERT LRIzt 2 fil3 D DFHFEIE
B ER L. Bl 2B 2 3Bl COWRWI R IE LS RHTEHITH 3.
Bl 2icBITE THL—5LA) DEIIT, FHEPTHEEICLTWBHE (FickEH
RIEEF) DIEETHZOEEFHHL TV AHEICTHI N “O” kbt
MEpoiz. 207, HI3Hl4DESIC, IEEET U X" THHIZHEDLS
T O ZTHLTLE o FHNZ BRI, HiFE e IWEOB 4 - TER
Y D—HEEWE Jaccard fREEHWCEHIL7z 25, FHIZ~NLD <07 D
A 0213, “X7 DIFEIX T 0.147 T, Welch D t ME DR 10% BEK
ETHBERENR OGN, £/, BRI AFITOREBICBNTIE “«O” DiFA YL
X" DBFEDZNZFNTIHEY 0198, 0.147 72 b, ZTH563H 10% BRE/KETHEE
MhHoiz. TOZehb, HFPHEHO —BIES VI FERERHOTFL2D &
LTEHTE®23DD, ETNVEZRICHEEBIKFELTLE> TSR EEZD
5.

9) ERFANCOVWTIFETHEBIZE L
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Bl5 DEXIICHFERL 7 L — X MEICEDIBELTLE->TWVWS XS RIBEICHEL
TWFIELL “X? IRV ZTFHTETWRHEAPER SN, T, Hl6DXDITH
Al CAXBIRAR BB L Z DD DD XLENNLR N K S BRANCEL TH “X” 71
FIELLFHTCETCW . Fl7DES1C, i BETZEAZNEEEICL TWSH
FEDBHEIZ TR DDELHOHETH 2 &5 RGEICE, Eo ks d
X" ZHALTLUZSHEAIBHE Nz fls D X5, BiEHIcBEEOEN % £
DI VL—=ADEENTORWZHEDLLTINEFRICBEEN G EN TV S X5 RGAE
b X7 AR TWEAS R SN, U, BRERZESORGECEBREERE
CIBERHEE LR TV WOIHEHAIGEEE L T LE oD THEEEZILNS.

57 HHDHIC

WEERRE R R L 2 HMEINIC K > TRAEZ ZEWEHL, MEEHE T~ Lo 7 /2
T—a VEBIIEDOWT T ) T —RE I TAR) VT, 7T AR LI
TEMMET AV EZMEELTT OV v 703 2 0EEEERH IR T MR L 2. HRi5ER
T, R=ZA7A4 e LTRALZMO 7 >3 > T AFECHR T 2B FIEOEAL
PERLT. WEEBHEsE OIFE X 2 7 Th 2 WMEEHHeHEF v L > Y 3128V T
X, BEFHEEIR-—RFAL4 V2 REL O 2BHEREZR L. £ F4E
TR L 72 BRI B E T VOEBMRADEHER DT 7. ZOFERKICE
WTd, BEFEEIRN-—R T VETILOMHMRER KESWETZ e ZHERL
2. BHOHICBOTE, EEeEOBTHEEIZ—EL TV T HVSLATVS
BAGENEL 5 X 5 RBEHNZBWT, MHEMEBICKEDORMI D 25 2 ZHHLNITL
7. ZHUX, ETADRTDIEBILVEEEOHEEZESE TE TWiaWnZ e FEREE
EZbhb.

SHIE, LD ZL OFEEEME LI EERKE 7 NS & T — X O/ERP, L
LT =R ERAWIRNREEIBL 2175 22T, X DI G
HMETNZHEET IHLELR DD EEZILNS.
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EO6F W

SFEISEERE T MIIERDIGE S R T SR THRGRICE 2 ERTE 5 20
SMRZRFO—ITT, MRNZFEFIIHN L T2 OREKITHEYNIIE X 2 0% & 4K
TELRVWEWSHEDLNDS. 7, LIELE TZ25TTh) 2 TohrbEEAl &
Wo 728D KD BRI LT B LW D BRI TRVISEZER L TL
FOME, SOITHFEEBFRSIETLED KO RIDEEZLEMLTLES &> H#E
BH5. INOOMERABMEOMERII 2 =Fr—2arzliifsdbDLiR5.
R TIIHEFCINEDEMMICET 2 Mo DRELRRT 27-DICUTD 3
DOWFUTH D MHA T

93 FETIE, MRV OEXZHRE LEYRICE 2L T 2 FEOMEI
WOAHATR. XFTHRIRFE & BN ZETE O 2 &8 7 T O 2 —
%A DIRECT (Direct and Indirect REsponses in Conversational Text corpus) % f#§&
L7z, 7, MEEELERRE T AAND AN FE 2 FANZ & D BRI FEFICE Wil
A5FEEZREL, FRIIBWTZOREMMEZHEL 7.

B ABETIE, MENEERET AN LR UIREREORWHEFZER L TL X
S WL, BAMEOEWLE 2 ERATRER B0 RE 2 HiY & LTI
1T o7. NHEHEZEREDESWREZIT S D TR S BEIZISC TLEDEME
2T Twgd 2 eIEH L, BRME 2 Sl a] 8 2o 36 i0E A2 IR oIS
WOMAT. FHEHNS 5 I0%E O BN 2 01 2 R 72 RE MaxPMI Zf8% L, £
DA a7 ZHIHZER e UCEI T — 25 LTl 2 2 2T, BAMtoflEz
AREIC L7z, RHlSEBRTIE, IRBETHEDILATOIFUTLER T & D IGE O Bkt 2 il
TE5 %, HEREMI - AFAHIER 4 280 S IRGEE - fERE L 7.

8 5 BETIERGEE S AT LDEM L 7 BRE D E 2 AT 2 MaRBFeRH & 2 712
WOMAT. NEEMAEZ KT 2 FEMEINIC L o TRERD ZEIWTEHL, WifEo7 N
ND7 )T —=2a MHARESOTHIRT —207 ) 7R 77 ARV Y7L,
A7 7T —>a AN HET 2RBOMREETVEMBELTT Y7 T
DFERZRRE L. ERICBVWTE, o7 v 3 ¥ 7VFHELIER DN FEHHER

83



FIRICHARTIREFEI G ORHMERE L ERTE 2 Z e Rl LTz, £/, B4 E
DX FEIE LT T DERGFER I U TNEERBGHEM £ 7L 28 L 72358 O
B BTV, IBRFEOBMMEZRL 2.

AWFZETIE, HRIVZFETFEO SN RS NI EREZHEE L, WY)72 BNz
DINE AN T 2 MEEIDEEREAN OFFE L, MEESELERE T VDER L 7
FEILE 2 AT 2 M FEIAEMR I T L ORI OBAFICE D fHA 7S, TRk @
LT, ANl OMELRaI 2=y —>a YHPATRERNEE S R 7 A DEFICER L
2. —HT, SHOBEBFERHED IR o, HIZIXE 3 ETIXMRNIZFEL L
BRI FFEDON D 67225 2 — S AZMET 25 2 & THIFEOFHATS VI 25
L7228, MERREE 72 8 DR B X A4 Y ADIIMIBIR TS TE RV, 7z,
5 TR L 2 ke E 7T L 28 4 O 7 — RICHE T 2 EBE1T -
7203, XA VDENDSEEINIFECRHEEETH o 72, 25 OFRE DR
DI=DIZ, EDIEWFAAL YR SIR50E T —RRA 2 ENERD X R 7 ITDOWTH
RIIZRENRDHBZEEZLND.

T2, AMECTRERAMEDMERAI 2 =7 — a U AEER MGG S AT L D
BUCIANT T 3 DD EZEFMOFBICI D AT, ZhsDBEREMZMEL T
FERMNEGES AT LB T I TEXSIHRBFEIEC L EZON
%. FlZIE, WEEHFERH T 7V CHHEISE 2 B U725 & ICHE L TR WIS
BERT 2HMOBFEEITODEND . Bl GEE LT, V-V —FH
YTV T 18] REERAWTD 50 UDEBOIEEREMEER L TE X, WD
B HEINEP 072 DDAEZHWE XS BRAFENREZONS. LrL, IVE
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5. SR FERNLRNGES R T LDBRD D12, FERFMOFHEITHD
fHie.
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